1st round
Reviewer 1
In this manuscript, the authors propose a hierarchical Bayesian interaction (HBI) model to identify methylation quantitative trait loci (me-QTL). The proposed method differs from existing ones by modeling cell-specific effects of potential me-QTL via gene-by-cell type interactions. It also leverages Bayesian framework to integrate bulk methylation data and cell-sorted bisulfite sequencing data when available. Through simulation, the authors demonstrated that the proposed method had improved performance. The application study also illustrated the method can improve the identification of cell-type specific meQTLs and their functional annotation. I believe the proposed method can be a timely addition to the existing tools for integrative genomic analyses and is likely to be widely used in many studies. I only have a few minor/moderate comments:

1. Simulation settings. What are the total numbers of CpGs? Each simulation setting was repeated 10 times. Does it mean 500 CpG-SNP pair in each repeat, which seems to be a very small number. How were 500 variants being selected and what are their allele frequencies? It seems to me that variants with lower allele frequencies are most likely to be associated with low power and high false positives. Can you provide some results to evaluate the performance related to allele frequencies?

2. The real data application included ~2.4 million variants and ~850K CpG sites, and ~1.4 billion SNP-CpG pairs were tested. Were these tests to detect cis-QTL, trans-QTL or both? What is the criteria for a pair to be tested? 

3. It seems counter-intuitive that the identified CTS meQTLs colocalize with rare variants since all the rare variants (MAF>0.05) have been removed from the analysis. One example was given in the result, but it is not clear how this conclusion is reached. 

4. Some discussion on the computation time and description of software availability would be needed.

Reviewer 2
Cheng et al presents their work on the development and implementation of a new hierarchical Bayesian interaction (HBI) model to estimate cell-type-specific methylation quantitative trait loci. While several methods have been established for this purpose the authors show convincing data that the HBI model outperforms many of these. However, a major limitation with this method (and others) is the requirement of cell proportions which mostly is available for blood samples which limits the use of the approach. In addition, while blood-based cohort is by far the most commonly used tissue type for mQTL studies, cell proportions are not always available. There are several other concerns outlined below that further dampens the enthusiasm for the paper. 

1. The statistical power of HBI is sufficient only for certain scenarios including 1) when genetic association is seen for only the most abundant cell type and 2) when only a limited number of SNPs control DNA methylation variation in that cell type. While simulations can use these assumptions, biological scenarios are more complex than these computational models and should be outlined. To be specific, how many CpGs identified would fit in these two scenarios and thus HBi would be able to resolve associations? The authors should use real data available in repositories for their model developments and not arbitrary chose assumptions and scenarios without biological explanations. 
2. The authors indicate that their HBI method applied to PBMCs identified ~12K meQTLs specific to granulocytes. Of note is that the PBMC isolation method per se filters out granulocytes and should only include monocytes, B and T cells so the authors need to explain these findings. Does this indicate additional noise in their method?
3. Given the limitation with having cell subset in large blood based mQTL studies, the author should report the replication effort of their HBI method using the WIHS cohort without the 47 samples having CTS separation for comparisons. 
4. The number of shared pairs in replication attempt is very low (~13% across the cell types) which appears puzzling and needs to be explained in further detail, especially as the methylation detection approach is the same (EPIC Array)?! SNPs in high LD should be utilized to increase the pairs. In addition, other methods should be included here for comparisons (i.e. TCA, bMIND).
5. There are larger mQTLs efforts published in blood cell types which the authors need to utilize for replication, i.e. PMID: 27863251
6. The GWAS overlap with T1D example needs some more clarifications - SNPs in the HLA region is the most important inherited risk factors for T1D and with no other GWAS studies than the one used by the authors (UKBB) showing association with the particular SNP may indicate this is driven by the major haplotypes.

Authors’ response

Reviewer #1: 
In this manuscript, the authors propose a hierarchical Bayesian interaction (HBI) model to identify methylation quantitative trait loci (me-QTL). The proposed method differs from existing ones by modeling cell-specific effects of potential me-QTL via gene-by-cell type interactions. It also leverages Bayesian framework to integrate bulk methylation data and cell-sorted bisulfite sequencing data when available. Through simulation, the authors demonstrated that the proposed method had improved performance. The application study also illustrated the method can improve the identification of cell-type specific meQTLs and their functional annotation. I believe the proposed method can be a timely addition to the existing tools for integrative genomic analyses and is likely to be widely used in many studies. I only have a few minor/moderate comments:

Response: We appreciate the reviewer’s encouraging comments.


1.      Simulation settings. What are the total numbers of CpGs? Each simulation setting was repeated 10 times. Does it mean 500 CpG-SNP pair in each repeat, which seems to be a very small number. How were 500 variants being selected and what are their allele frequencies? It seems to me that variants with lower allele frequencies are most likely to be associated with low power and high false positives. Can you provide some results to evaluate the performance related to allele frequencies?

Response: Thank you for your questions and suggestion. Yes, in each repeat we simulated one CpG as the phenotype and assumed that the total number of SNPs near the simulated CpG site was 500 (so 500 SNP-CpG pairs in each repeat). Those 500 variants were randomly selected from chromosome 12 and all have minor allele frequency (MAF) > 0.01 (rare variant with MAF < 0.01 were removed in QC). We agreed that the MAF of variants can affect power and false discovery rate, and it is also important to assess the performance with a larger number of SNP-CpG pairs in each repeat. Therefore, we further extended the simulations to investigate the performance under (a) different allele frequencies, and (b) different number of SNP-CpG pairs.

(a) To investigate the effect of variants with lower frequency, we divided all SNPs into variants with low frequency (0.01≤MAF<0.05) and common variants (MAF≥0.05) and assessed their performance separately. From Supplementary Figure 3, we found that variants with low frequency are more likely to have lower power, especially in scenario 2 (genetic effects only in the least abundant cell type). In scenario 1 (genetic effects only in the most abundant cell type) and scenario 3 (correlated genetic effects in all cell types), variants with low frequency are more likely to have inflated false discovery rate and slightly lower power compared to common variants.

(b) To assess the effect of the number of SNPs near the simulated CpG site (SNP-CpG pairs), we increased the number of pairs from 500, 1000, to 2000. We observed that power decreased with an increasing number of SNP-CpG pairs (Supplementary Figure 4). This is expected: with heritability (proportion of methylation variation that is explained by SNPs) fixed and the number of SNPs increased, the genetic effects change from sparse to polygenic (diluted on a larger number of SNPs), and it became harder to detect signals. 

HBI generally had better performance with improved power across all these settings.

Changes were made in the manuscript lines 223-225, 592-596, 639-642, and Supplementary Figure 3-4 was added.
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Supplementary Figure 3: Performance in estimating cell type specific (CTS)-meQTLs with different minor allele frequencies (MAF) for the variants. From top to bottom: power, and false discovery rate (FDR) versus variants in different groups: low frequency variants (0.01≤MAF<0.05), common variants (MAF≥0.05), and all variants combining the two groups. From left to right: 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. HBI_CTS-prior, bMIND_CTS-prior represent the version of the corresponding methods with CTS DNA methylation data incorporated.
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Supplementary Figure 4: Performance in estimating cell type specific (CTS)-meQTLs with different numbers of total SNPs near one CpG. From top to bottom: power, and false discovery rate (FDR) as a function of the number of total SNP-CpG pairs. From left to right: 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. The proportion of causal SNPs is set to 10%. HBI_CTS-prior, bMIND_CTS-prior represent the version of the corresponding methods with CTS DNA methylation data incorporated.


2.      The real data application included ~2.4 million variants and ~850K CpG sites, and ~1.4 billion SNP-CpG pairs were tested. Were these tests to detect cis-QTL, trans-QTL or both? What is the criteria for a pair to be tested? 

Response: Thank you for your questions. For each CpG site, we tried to identify its cis-meQTLs, with SNPs within 500kb upstream and 500kb downstream of the site included. This window size has been widely used to identify cis-meQTLs [1-4]. We added more references in the manuscript to clarify this.

Changes were made in the manuscript lines 694-695.

3.      It seems counter-intuitive that the identified CTS meQTLs colocalize with rare variants since all the rare variants (MAF>0.05) have been removed from the analysis. One example was given in the result, but it is not clear how this conclusion is reached. 

Response: Sorry for the confusion, we did not intend to conclude that “CTS meQTLs colocalize with rare variants”. Instead, we investigated whether the identified CTS meQTLs colocalized with (common) risk variants for complex traits (as the subtitle in line 285). We have removed rare variants (MAF<0.05) prior to the genome-wide CTS-meQTLs identification.

We further checked the colocalized SNP in the given example (rs2395178, Figure 4), the MAF was 0.39 in our meQTL cohort. In the GWAS summary statistics, the MAF of rs2395178 was reported to be 0.33 [5]. This further demonstrated that no rare variants were included. 

We made it more clear in the manuscript line 285.


4.      Some discussion on the computation time and description of software availability would be needed. 

Response: Thank you for your suggestion. The computation time was added to the Results and Discussion session. Specifically, the computational time increased linearly with the number of SNP-CpG pairs for a specific CpG (Supplementary Figure 6A). The median number of pairs for one CpG was 1624 while the median computational time was 4.05 minutes (Supplementary Figure 6B, C).

The software availability was added to the Availability of data and materials session under Declarations.

Changes were made in the manuscript lines 245-246, 440-443, 822-824, and Supplementary Figure 6 was added.
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Supplementary Figure 6: Computational time of HBI. (A) The line was fitted by regressing the computational time (in minutes) on the number of SNP-CpG pairs in one CpG. HBI was applied on the Women’s Interagency HIV Study (WIHS). (B) The histogram shows the distribution of the number of SNP-CpG pairs for one CpG, and the median is 1624. (C) The histogram shows the distribution of the computational time for one CpG, and the median is 4.05 minutes.


Reviewer #2: 
Cheng et al presents their work on the development and implementation of a new hierarchical Bayesian interaction (HBI) model to estimate cell-type-specific methylation quantitative trait loci. While several methods have been established for this purpose the authors show convincing data that the HBI model outperforms many of these. However, a major limitation with this method (and others) is the requirement of cell proportions which mostly is available for blood samples which limits the use of the approach. In addition, while blood-based cohort is by far the most commonly used tissue type for mQTL studies, cell proportions are not always available. There are several other concerns outlined below that further dampens the enthusiasm for the paper. 

Response: We appreciate the reviewer’s insightful comments. We agreed with the limitation mentioned by the reviewer: the cell type proportions were not always available. To apply HBI (and other methods), we may need to estimate the cell type proportions in the first place. For now, the method described by Houseman et al. [6, 7] was widely applied to estimate cell proportions for DNA methylation studies in blood samples [8, 9]. There are also some efforts to quantify the cell proportion for non-blood samples (i.e., brain samples) [10]. Therefore, with those algorithms to estimate cell proportions, HBI and other methods can then be applied, which allow them to be used on a relatively wide range of datasets. However, those proportions were not truly measured and relying on them may introduce inaccuracy. More details on this were discussed in the response to comment 2. Additional analyses were conducted, and other concerns were discussed in the following point-by-point responses.


1.      The statistical power of HBI is sufficient only for certain scenarios including 1) when genetic association is seen for only the most abundant cell type and 2) when only a limited number of SNPs control DNA methylation variation in that cell type. While simulations can use these assumptions, biological scenarios are more complex than these computational models and should be outlined. To be specific, how many CpGs identified would fit in these two scenarios and thus HBi would be able to resolve associations? The authors should use real data available in repositories for their model developments and not arbitrary chose assumptions and scenarios without biological explanations. 

Response: Thank you for your insightful comments and suggestions. We agree that utilizing some real data in the simulations is very helpful to further investigate and compare different methods. Our original simulation settings were built mainly to compare the power of HBI and other state-of-the-art methods. For example, we varied the proportion of causal SNPs from 10% to 40%. In reality, QTL signals tend to be sparse [11-14]. In the cosmopolitan meQTL results reported by Hawe et al. [15], the median number of significant meQTLs for one CpG was 72. Assuming the total number of SNPs for one CpG within 500kb upstream and 500kb downstream was 1624 (Supplementary Figure 6B), the median proportion of causal SNPs for one CpG would be 4.4% (72/1624), and approximately 71.9% CpGs would have the proportion of causal SNPs below 10% (fit in the scenario that a limited number of SNPs control DNA methylation variation). Although the proportion of causal SNPs will rarely be as high as 40%, we kept this polygenic setting (the effects were diluted to a large number of SNPs and the detection of associations is more challenging) to see whether HBI can still have higher power over other methods in this “difficult” setting. Therefore, we focused more on the comparison of power rather than the absolute power of HBI. 

As the reviewer rightfully pointed out, the biological scenarios are complex than our assumptions, and relying only on the simulations or assumptions might be insufficient. To fill this gap, we searched for potential publicly available real data, which requires matched genotype and CTS DNA methylation data for the same individuals. In this way, we can first use the CTS DNA methylation data to estimate “ground truth” and then combine the CTS profile as pseudo-bulk to test the performance of HBI and other methods. Thus, the results can be compared to the estimated “ground truth”. However, few public data sets on CTS DNA methylations are available in large sample sizes. We also noted that by principle, HBI can also be used to identify CTS expression quantitative trait loci (eQTL). To address the reviewer’s concern, we finally used the ROSMAP gene expression and genotype data [16] (with CTS gene expression data from its single cell RNA seq data) (n=290). The ROSMAP data was used as alternative to validate the HBI performance in the real dataset. 

We first estimated the ground truth (CTS-eQTLs) using the single cell RNA seq data. We then extracted the significant eQTLs (Bonferroni-adjusted p<0.05) fitting into three scenarios: (1) eQTLs only in excitatory neurons (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 cell types. The effect sizes of those eQTLs estimated by single cell RNA seq data were treated as “ground truth”. Pseudo-bulk data was then created as the input for TCA, bMIND, the basic interaction model and HBI. Similarly, to evaluate the power of those methods to correctly identify those eQTLs in each scenario, we calculated the correlation between the estimated and true effect sizes, the MSE between the estimated and true effect sizes, power, and FDR. The results were summarized in Supplementary Figure 5 (attached below), with similar patterns observed: HBI generally achieved higher correlation and lower MSE, and also had higher power across different scenarios.

[bookmark: OLE_LINK114][bookmark: OLE_LINK115]We also note that in this real data simulation part, the ground truth of CTS-eQTLs was estimated using the single cell RNA seq data. This may introduce some inaccuracy, especially for the gene-SNP pairs that were not significant in the single cell RNA seq data. They could be true nulls, or false negatives due to the limited power, and we were not able to differentiate the 2 conditions as the exact ground truth was unknown. Therefore, we focused on the significant eQTLs (Bonferroni-adjusted p<0.05) identified using the single cell RNA seq data, and investigated how many of them could be correctly identified by HBI or other methods. In contrast, the exact ground truth was simulated and known in our original simulations, in which case we did not have the inaccuracy introduced by the estimated “ground truth”. Taken together, the original simulations and the added real data simulation can be complementary to each other and provide a comprehensive evaluation of HBI and other methods.

More details were added to the Methods and Results session in the manuscript lines 226-232, 643-657, 841-853 and Supplementary Figure 5 was added.
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Supplementary Figure 5: Performance in estimating cell type specific (CTS)-eQTLs using the ROSMAP study data. The ground truth of the CTS eQTLs was first estimated using the single cell RNA seq data, and then we created pseudo-bulk data as the input for all the methods. 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 in different scenarios (Scenario 1: genetic effects only in the most abundant cell type, Scenario 2: genetic effects only in the least abundant cell type, Scenario 3: correlated genetic effects in all cell types). HBI_CTS-prior, bMIND_CTS-prior represent the version of the corresponding methods with CTS gene expression data incorporated.



2.      The authors indicate that their HBI method applied to PBMCs identified ~12K meQTLs specific to granulocytes. Of note is that the PBMC isolation method per se filters out granulocytes and should only include monocytes, B and T cells so the authors need to explain these findings. Does this indicate additional noise in their method?

Response: Thank you for your insightful comment. In our data, the granulocytes were indeed rare: the average proportion was 0.01 (sd=0.04) (Supplementary Table 1), indicating there was low amount of granulocytes in the estimated cell type proportions. The potential reasons could be: (1) there is slight granulocyte contamination during PBMC processing [17], so low amount of granulocytes exist in our samples; (2) the cell type proportion was estimated by the method described by Houseman et al. [6, 7] and was not “truly” measured value. The algorithm had some inaccuracies, which overestimated the cell type proportions of granulocytes. Considering that the proportions estimated as “granulocytes” might also represent the unclassified proportions that cannot be classified into other main cell types, we kept the granulocytes together with other 5 cell types in our model (6-cell-type decomposition), while the results identified for granulocytes were not our focus. We agree that it is also helpful to repeat the analyses without granulocytes in the model (5-cell-type decomposition) and investigate the impacts on the results. Therefore, we conducted a sensitivity analysis with 5-cell-type decomposition. Highly consistent results were observed, with the correlations of effect size above 0.98 in the 5 main cell types (Supplementary Figure 10).

Therefore, the identified meQTLs in granulocytes (which should be filtered in PBMC theoretically) can be a result of technical issues (granulocyte contamination during PBMC processing, or the inaccuracy in the estimated cell type proportions), and including or excluding this cell type in the model did not have a big impact on the results. 

We also agreed that truly measured cell proportions were not always available. To apply HBI (and other methods), we need to estimate the cell type proportions in the first place. For now, the method described by Houseman et al. [6, 7] was widely applied to estimate cell proportions for DNA methylation studies in blood samples [8, 9]. There are also some efforts to quantify the cell proportion for non-blood samples (i.e., brain samples) [10]. Therefore, with those algorithms to estimate cell proportions, HBI and other methods can then be applied, which allow them to be used on a relatively wide range of datasets. However, those estimated proportions would be directly used as the biological ground truth, which may introduce additional error (i.e., may overestimate the proportions of granulocytes here). To solve this technical issue, one future direction is to incorporate the uncertainty for the estimated cell type proportion. Specifically, we will extend the statistical model to estimate/refine the cell type proportions and adjust for the uncertainty in the estimated proportions at the same time. We will focus on this direction in the near future. This would help us to have wider applications to non-blood samples as we will not rely on other algorithms to estimate cell proportions, and obtain more accurate results as the uncertainty in the estimated proportions is considered and adjusted.

More discussion and explanations were added to the manuscript.

Changes were made in the manuscript lines 445-457, 709-712, and Supplementary Figure 10 was added.
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Supplementary Figure 10: Comparison of meQTL effect sizes between 6-cell-type decomposition and 5-cell-type decomposition (without granulocytes). A sensitivity analysis was conducted with 5-cell-type decomposition (proportion of granulocytes removed). The effect sizes in CD4+ T-cells, CD8+ T-cells, monocytes, B-cells, and natural killer cells were compared. MeQTLs that are significant in either 6-cell-type decomposition or 5-cell-type decomposition, or both are plotted. The correlations of effect size were 0.99, 0.99, 0.99, 0.98, 0.99 for CD4+ T-cells, CD8+ T-cells, monocytes, B-cells, and natural killer cells, respectively.


3.      Given the limitation with having cell subset in large blood based mQTL studies, the author should report the replication effort of their HBI method using the WIHS cohort without the 47 samples having CTS separation for comparisons.  

Response: Thank you for your advice. We have added the replication results using only the bulk data without priors incorporated from CTS data. The results were updated in Supplementary Table 3A (also attached below). In general, the replication rates did not change much if there was no CTS information. The advantage of incorporating CTS data mainly reflected on the increased number of significant meQTLs. For example, with priors incorporated from CTS data, HBI increased the number of significant meQTLs from 31,086 to 34,310 (10.4%) in CD8+ T-cells and from 34,016 to 36,919 (8.5%) in monocytes, while the improvement in CD4+ T-cells (the most abundant cell type) was relatively small. This was also consistent with the simulation results: HBI with CTS DNAm data incorporated can help to improve the power, especially in less abundant cell types. 

Changes were made in the revised manuscript lines 258-259, 723-725, and Supplementary Table 3A was added.
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Supplementary Table 3A:  Replication results for HBI with and without priors incorporated from CTS data. *Replicated meQTLs were defined as those with p<0.05 and consistent direction of effect in the replication data. Replication rate was calculated as (number of replicated meQTLs)/(number of shared pairs).

4.      The number of shared pairs in replication attempt is very low (~13% across the cell types) which appears puzzling and needs to be explained in further detail, especially as the methylation detection approach is the same (EPIC Array)?! SNPs in high LD should be utilized to increase the pairs.  In addition, other methods should be included here for comparisons (i.e. TCA, bMIND).

Response: Thank you for pointing this out. There are two main reasons for the low number of shared pairs: (1) CpG data in the replication set was generated using the Illumina Human Methylation 450K BeadChip [15] while our results were based on the Illumina Infinium Methylation EPIC BeadChip. (2) The CTS-meQTLs results released by Hawe et al. [15] comprised of 11.2 million SNP-CpG pairs, which was significant results in their previous meQTL analyses in peripheral blood (bulk). Therefore, the released data was based on a subset of the genome-wide SNP-CpG pairs that was preselected in the authors’ previous analyses. As a result, not all our significant results were represented in their database. We acknowledged that this was a limitation and added more explanation in the Discussion session.

We agreed that utilizing high LD SNPs could increase the number of shared pairs, and we conducted parallel analyses after utilizing high LD SNPs. The results were summarized in Supplementary Table 3B (also attached below). For HBI, the inclusion of high LD SNPs increased the number of shared pairs from 16,088 to 23,694 in CD4+ T-cells, from 3,159 to 4,222 in CD8+ T-cells, and from 5,430 to 6,804 in monocytes. Compared with the results using the exactly matched pairs, the replication rates using high LD SNPs showed a slight decrease in CD8+ T-cells and monocytes (Supplementary Table 3B), partially due to the noise introduced by those SNPs in LD.

We also included results from TCA and bMIND. In general, the replication rates were comparable: the three methods had similar replication rates for CD4+ T-cells, while bMIND had the highest rate for CD8+ T-cells and HBI had the highest rate for monocytes (Supplementary Table 3B). The advantage of HBI mainly reflected on the increased number of significant meQTLs. For example, in CD4+ T-cells, the number of significant meQTLs (122,387) in HBI was similar to bMIND (120,846), and higher than TCA (77,084). In CD8+ T-cells and monocytes, HBI identified more significant meQTLs than bMIND and TCA (34,310 and 36,919 for HBI, 30,214 and 21,922 for bMIND, 25,152 and 28,408 for monocytes, respectively). To sum up, HBI helped to identify more significant results especially in less abundant cell types (consistent with simulations) while keeping the replication rates comparable.

Changes were made in the manuscript lines 259-261, 459-464, 725-732, and Supplementary Table 3B was added.
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Supplementary Table 3B: Replication results for different methods before and after utilizing high LD SNPs to increase the number of shared pairs.


5.      There are larger mQTLs efforts published in blood cell types which the authors need to utilize for replication, i.e. PMID: 27863251

Response: Thank you for the advice and the suggested reference data. We added this additional data with larger sample sizes (n=197 individuals) for meQTLs in isolated blood cells (CD4+ T-cells, monocytes) in our replication [18]. Of note, this data was generated using the Illumina Human Methylation 450K BeadChip, and we also used the same way to include SNPs in high LD. The results were summarized in Supplementary Table 3C (attached below).

Compared with the replication results using the original data, the new results generally showed higher replication rate. For example, the replication rates for HBI were 93.93% in CD4+ T-cells and 88.05% in monocytes using the original replication set (Supplementary Table 3B), and increased to 97.31% and 92.40% using the new replication set (Supplementary Table 3C). The other patterns were consistent: utilizing high LD SNPs increased the number of shared pairs; HBI identified more significant results than other methods while keeping the replication rates comparable.

Changes were made in the manuscript lines 261-264, 720-722, and Supplementary Table 3C was added.
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Supplementary Table 3C: Replication results using an additional replication data from Chen et al. 

[bookmark: OLE_LINK109][bookmark: OLE_LINK110]
6.      The GWAS overlap with T1D example needs some more clarifications - SNPs in the HLA region is the most important inherited risk factors for T1D and with no other GWAS studies than the one used by the authors (UKBB) showing association with the particular SNP may indicate this is driven by the major haplotypes.

Response: Thank you for pointing this out. We further checked the meQTL – T1D GWAS colocalizations and found that we identified a total of 5 meQTL – T1D GWAS colocalizations in CD8 T-cells (Supplementary Table 4B) and 4 of them are in the HLA region (Supplementary Table 2B) (the 5 signals were extracted and attached below), indicating that our analyses stress the importance of the HLA region in T1D. The presented one in Figure 4 was a visualization example. 

We also agreed that those colocalized SNPs might be driven by major haplotypes/high LD. As colocalization takes both SNP-T1D association (GWAS) and SNP-CpG association (meQTL) into consideration, SNPs having stronger associations in both GWAS and meQTL are more likely to be identified as colocalized/shared SNP (as our example in Figure 4). However, when examining GWAS data alone, it is possible that these colocalized SNPs are driven by high LD or major haplotypes. For example, one nearby SNP rs9271365 (mapped to HLA-DQA1), which was not among the colocalized list, is identified as the top lead variant associated with T1D in a multi-ancestry GWAS [19]. Similarly, multiple studies identified strong signals for T1D in the HLA region (near the colocalized SNPs identified by us) [20, 21]. These findings suggested that the colocalized signals might be driven by haplotype structures or LD. More clarifications were added to the discussion session.

Changes were made in the manuscript lines 425-426, 435-438.

	Category
	Trait 1 (GWAS)
	Trait2 (CpG)
	Chr
	Colocalized SNP
	BP for SNP
	Nearest gene for SNP

	Immune
	Type_1_Diabetes
	cg23785275
	6
	rs9273367
	32626438
	HLA-DQB1

	Immune
	Type_1_Diabetes
	cg00886432
	6
	rs2395178
	32405362
	HLA-DRA

	Immune
	Type_1_Diabetes
	cg09059466
	6
	rs2395360
	33102536
	HLA-DPB2

	Immune
	Type_1_Diabetes
	cg07187855
	6
	rs3130650
	30818684
	LINC02570

	Immune
	Type_1_Diabetes
	cg22627029
	6
	rs3129867
	32404220
	HLA-DRA
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image7.emf
Before utilizing high LD SNPs:

HBI
Number of significant meQTLs Number of shared pairs Number of replicated Replication rate
CD4+ T-cells 122,387 16,088 15,112 93.93%
CD8+ T-cells 34,310 3,159 2,496 79.01%
Monocytes 36,919 5,430 4,781 88.05%
bMIND
Number of significant meQTLs Number of shared pairs Number of replicated Replication rate
CD4+ T-cells 120,846 15,369 14,476 94.19%
CD8+ T-cells 30,214 2,811 2,410 85.73%
Monocytes 21,922 2,084 1,713 82.19%
TCA
Number of significant meQTLs Number of shared pairs Number of replicated Replication rate
CD4+ T-cells 77,084 9,156 8,723 95.27%
CD8+ T-cells 25,152 1,743 1,444 82.84%

Monocytes 28,408 3,451 2,988 86.58%











image8.emf
After utilizing high LD SNPs:

HBI
Number of significant meQTLs Number of shared pairs Number of replicated Replication rate
CD4+ T-cells 122,387 23,694 22,416 94.61%
CD8+ T-cells 34,310 4,222 3,299 78.14%
Monocytes 36,919 6,804 5,713 83.96%
bMIND
Number of significant meQTLs Number of shared pairs Number of replicated Replication rate
CD4+ T-cells 120,846 22,054 20,949 94.98%
CD8+ T-cells 30,214 3,805 3,197 84.02%
Monocytes 21,922 2,344 1,920 81.91%
TCA
Number of significant meQTLs Number of shared pairs Number of replicated Replication rate
CD4+ T-cells 77,084 14,609 13,938 95.40%
CD8+ T-cells 25,152 2,337 1,932 82.67%

Monocytes 28,408 4,034 3,396 84.18%
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Before utilizing high LD SNPs:

HBI
Number of significant meQTLs Number of shared pairs Number of replicated Replication rate
CD4+ T-cells 122,387 32,302 31,436 97.31%
Monocytes 36,919 8,555 7,905 92.40%
bMIND
Number of significant meQTLs Number of shared pairs Number of replicated Replication rate
CD4+ T-cells 120,846 25,763 25,105 97.44%
Monocytes 21,922 4,415 4,048 91.68%
TCA

Number of significant meQTLs Number of shared pairs Number of replicated Replication rate

CD4+ T-cells 77,084 18,682 18,410 98.54%
Monocytes 28,408 5,374 5,038 93.74%
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After utilizing high LD SNPs:

HBI
Number of significant meQTLs Number of shared pairs Number of replicated Replication rate
CD4+ T-cells 122,387 47,806 46,534 97.34%
Monocytes 36,919 10,350 9,539 92.16%
bMIND
Number of significant meQTLs Number of shared pairs Number of replicated Replication rate
CD4+ T-cells 120,846 36,841 35,905 97.46%
Monocytes 21,922 4,944 4,528 91.59%
TCA

Number of significant meQTLs Number of shared pairs Number of replicated Replication rate
CD4+ T-cells 77,084 28,209 27,808 98.58%
Monocytes 28,408 6,072 5,690 93.71%
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image6.emf
HBI (with priors incorporated from CTS data)

Number of significant meQTLs Number of shared pairs Number of replicated Replication rate*

CD4+ T-cells 122,387 16,088 15,112 93.93%
CD8+ T-cells 34,310 3,159 2,496 79.01%
Monocytes 36,919 5,430 4,781 88.05%

HBI (without priors incorporated from CTS data)

Number of significant meQTLs Number of shared pairs Number of replicated Replication rate*

CD4+ T-cells 119,724 15,489 14,525 93.77%
CD8+ T-cells 31,086 2,703 2,090 77.32%
Monocytes 34,016 5,040 4,416 87.61%
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