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Genetics and environment distinctively 
shape the human immune cell epigenome
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The epigenome of human immune cells is shaped by both genetics and 
environmental factors, yet the relative contributions of these influences 
remain incompletely characterized. Here we use single-nucleus methylation 
sequencing and assay for transposase-accessible chromatin using sequencing 
(ATAC–seq) to systematically explore how pathogen and chemical exposures, 
along with genetic variation, are associated with changes in the immune cell 
epigenome. Distinct exposure-associated differentially methylated regions 
(eDMRs) and differentially accessible regions were identified, and a significant 
correlation between these two modalities was observed. Additionally, 
genotype-associated DMRs (gDMRs) were detected, indicating that eDMRs 
are enriched in regulatory regions, whereas gDMRs are preferentially 
located within gene body marks. Disease-associated single-nucleotide 
polymorphisms were frequently colocalized with methylation quantitative 
trait loci, providing cell-type-specific insights into the genetic basis of 
diseases. These findings highlight the complex interplay between genetic and 
environmental factors in shaping the immune cell epigenome and advance 
understanding of immune cell regulation in health and disease.

The debate between nature and nurture is a long-standing discussion 
in both biology and society. It centers around the relative impact 
of genetic inheritance (nature) versus environmental factors (nur-
ture) on human development. While inherited epigenetic marks 
are passed down through generations, acquired features arise from 
environmental influences and can alter gene expression without 
changing the underlying DNA sequence. Understanding the con-
tributions of these two sources of epigenetic variation is crucial 

for comprehending how genes and environments together shape 
biological outcomes.

The interplay between genetic predispositions and environmental 
factors shapes biological outcomes1. Previous twin studies based on 
bulk tissues have estimated that the average heritability of methylation 
levels at cytosine–guanine dinucleotides (CpGs) across the genome 
ranges from 5% to 19% in different tissues2–5. Methylation quantitative 
trait locus (meQTL) studies have shown associations between genetic 
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type were sorted to ensure adequate coverage. To control for potential 
batch effects, all cell types were sorted onto the same 384-well plate 
(Extended Data Fig. 1). Single-nucleus methylation data were analyzed 
using in-house pipelines, as previously described14. After filtering out 
low-quality cells, individual cells exhibited 5–10% genome coverage 
(Extended Data Fig. 2a). A total of 104,000 cells were then clustered 
using the average CG methylation score in 5-kb bins across the auto-
somes. Pseudobulk profiles demonstrated high genome coverage and 
sufficient depth at single-CpG resolution (Extended Data Fig. 2b–e). 
snATAC–seq data from our companion study were integrated with the 
methylation data and cell-type labels were transferred.

Heterogeneity in methylation profiles reveals 
exposure-specific immune cell clusters
To assess whether exposures are associated with the methylome of 
each immune cell type, we performed within-cell-type clustering for 
the major sorted immune cell types. The t-distributed stochastic neigh-
bor embedding (t-SNE), with or without harmony integration, showed 
similar embedding (Extended Data Fig. 3a). This analysis revealed het-
erogeneity in methylation profiles, resulting in more than ten distinct 
clusters for each cell type (Fig. 2a). We observed significant bias of 
cells from each exposure in each cell type. Of note, HIV-1, SARS-CoV-2 
and MRSA/MSSA exposures were associated with distinct monocyte, 
CD4 and CD8 naive T cell profiles (Fig. 2a and Extended Data Fig. 3b). 
The proportion of immune cells from each exposure in these clusters 
varied substantially (Fig. 2b). For example, we observed a cluster of 
monocytes enriched in both severe and nonsevere COVID samples. 
Considering that the biased distribution among clusters of different 
exposures might also be caused by heterogeneity between individuals 
rather than the specific exposures, we focused on proportional changes 
in HIV-1 and IAV samples collected from the same donors before and 
after infections. While IAV samples have comparable proportions in 
each cluster across the cell types, HIV-1 infection markedly changed 
the cell proportions among clusters, indicating that HIV-1 remodeled 
the global methylome and functional states of these immune cells, 
particularly NK cells, CD8 memory and naive T cells (Fig. 2c).

To further validate the changes in functional states of dif-
ferent immune cell types associated with HIV-1 infection, we per-
formed within-cell-type clustering of HIV-1 samples. The clustering 
revealed that cells from the three stages of HIV-1 infection (pre, acu 
and cro) were unevenly distributed among the clusters, with biased 
clusters exhibiting different global methylation levels (Fig. 2d and 
Extended Data Fig. 4a). To further characterize the identity of each 
subtype that is significantly differentially distributed among the three 
stages (false discovery rate (FDR) < 0.05, Fisher’s exact test), we identi-
fied differentially methylated genes (DMGs) in each cluster compared 
to all other clusters and performed functional enrichment analysis of 
these genes. Immune cell activation and differentiation-related func-
tions are enriched among these clusters (Fig. 2e). The CD8 memory 
T cell cluster, specifically enriched in ‘acu’ stage cells, is enriched in 
positive regulation of immune response.

The monocyte cluster uniquely enriched with COVID samples 
and depleted in controls and other exposures is likely associated with 
this specific exposure (Fig. 2f). Almost half of the monocytes from 
both severe and nonsevere COVID-19 samples are separated in these 
two clusters (Fig. 2f), significantly more than the control samples 
(P = 2.05 × 10−237, Fisher’s exact test). Gene body methylation levels are 
highly similar between classical and nonclassical monocyte markers 
(Fig. 2g). We identified 321 DMGs between ‘monocyte1’ and ‘monocyte2’ 
(Extended Data Fig. 4b). Functional enrichment of these genes showed 
that genes hypomethylated in both monocyte clusters are enriched in 
pro-inflammation functions like ‘IL-18 signaling pathway’ and ‘regula-
tion of interleukin-1 (IL-1) production’ (Fig. 2h). Both IL-18 and IL-1 have 
been reported to have protective roles during mouse coronavirus 
infection15, whereas IL-1 has a pivotal role in the induction of cytokine 

variation and methylation at individual CpG sites6–11. However, these 
studies rely on bulk tissues and often use arrays to profile the methyl-
ome. The genome-wide, cell-type-specific relationship between genetic 
variation and methylation has yet to be fully elucidated.

To investigate the cell-type-specific contributions of genetic and 
environmental factors on the human immune cell epigenome, we 
analyzed 171 peripheral blood mononuclear cell (PBMC) samples from 
110 individuals with defined exposures to pathogens (human immuno-
deficiency virus 1 (HIV-1), influenza A virus (IAV), methicillin-resistant 
Staphylococcus aureus (MRSA), methicillin-susceptible Staphylo-
coccus aureus (MSSA), anthrax vaccine and severe acute respiratory 
syndrome coronavirus 2 (SARS-CoV-2)) and chemicals (organophos-
phates (OPs)). Seven major immune cell types were isolated using 
fluorescence-activated cell sorting (FACS), followed by snmC-seq2 
and single-nucleus ATAC–seq (snATAC–seq) profiling. We identified 
exposure-associated differentially methylated regions (eDMRs) and 
genotype-associated DMRs (gDMRs), which showed distinct genomic 
enrichments—eDMRs were enriched at enhancers, whereas gDMRs 
were predominantly found in gene bodies, highlighting divergent 
regulatory mechanisms. Exposure-specific DMRs exhibited unique 
epigenomic signatures, with several implicating master transcription 
factor (TF) binding sites. HIV-1-induced changes in DNA methylation 
and chromatin accessibility were significantly correlated. Moreover, we 
observed substantial colocalization between meQTLs and GWAS vari-
ants, providing cell-type-resolved insights into disease-associated loci. 
This comprehensive atlas of exposure- and genetics-associated epig-
enomic features in human immune cells provides a valuable resource 
for mechanistic studies of infectious and genetic disease.

Results
An exposures-driven single-cell epigenomic atlas of human 
immune cells
We collected 171 PBMC samples from 110 individuals who were 
exposed or not exposed to seven major exposures (Fig. 1 and 
Supplementary Table 1). HIV-1-exposed samples were collected from 
the iPrEx cohort, a phase 3 clinical trial12, which was designed to evalu-
ate the efficacy of pre-exposure prophylaxis (PrEP) for HIV-1 preven-
tion. We analyzed PBMC samples from nine donors at three distinct 
time points—approximately 200 days before HIV-1 positivity (pre), the 
day of HIV-1 diagnosis (acu) and approximately 200 days after initiat-
ing treatment (cro). For IAV exposure, the BARDA-Vaccitech FLU010 
study13 evaluated the VTP-100 vaccine against the H3N2 influenza virus 
strain. We studied prechallenge and 28 days postchallenge (with live 
H3N2 influenza virus) PBMC samples from 18 donors who received the 
placebo vaccine. Additionally, we also analyzed PBMC samples from 
donors who were exposed to SARS-CoV-2 and had severe or nonsevere 
coronavirus disease 2019 (COVID-19) symptoms.

For bacterial exposure, PBMCs from 19 patients who tested positive 
for MRSA or MSSA were analyzed, yielding a total of 27 samples. We also 
obtained PBMC samples from 27 vaccinated participants who handled 
Bacillus anthracis in a controlled Biosafety Level 3 (BSL3) facility while 
wearing appropriate personal protective equipment. These individuals 
were trained scientists working in a BSL3 laboratory who had received 
either BioThrax, an inactivated acellular vaccine primarily composed of 
the nonpathogenic protective antigen (PA) protein or the anthrax vac-
cine adsorbed, in accordance with the facility’s safety protocols. OPs are 
a class of pesticides known to have a severe impact on the dopaminergic 
and serotonergic systems. A common form of this pesticide, that is, 
chlorpyrifos, has been widely used in the United States. As part of this 
study, samples were collected from farm workers and nearby residents. 
By tracking the levels of TCPY over four months, samples from 27 donors 
were classified as exposed to high, moderate or low levels of OP.

PBMCs from these samples were FAC-sorted into major immune 
cell types (Extended Data Fig. 1) and processed through the snmC-seq2 
pipeline as previously described14. A total of 96 cells per sample and cell 
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storm as a result of uncontrolled immune responses in SARS-CoV-2 
infection16. Moreover, in addition to IL-1 and IL-18 production-related 
functions, DMGs in ‘monocyte2’ are also enriched for ‘phagocytosis’ 
and ‘endocytosis’ (Fig. 2h), indicating the antigen presentation function 
of this cluster, which is specifically enriched in COVID-19 monocytes.

Cell-type-specific epigenomic responses to exposures
We refined our cell types by integrating methylation information with 
FACS. B cells and NK cells can be separated into two clusters by global CG 
methylation level (Fig. 3a). The higher methylated clusters were anno-
tated as a naive state (B-naive and NK-naive), while the cluster with lower 
methylation level of B cells is annotated as memory B cells (B-mem) 
and a lower methylated cluster of NK cells is defined as the active state 
(NK-active)17. We observed some inconsistency between FACS and meth-
ylation profile clustering, with some naive T cells clustered together 
with memory T cells, indicating a transition of cell states in some naive 
T cells (Fig. 3a). These cells were still labeled as naive T cells based on 
cell-surface marker CCR7+ and CD45RA+. Some sorted NK cells (CD56+ 
or CD16+ and CD14−) exhibited methylation profiles similar to mono-
cytes, suggesting that they may represent CD16+ monocytes. These cells 
were excluded from the downstream analysis. We also observed bias 
among different exposures in the Uniform Manifold Approximation and 
Projection (UMAP) representation (Extended Data Fig. 5a), which may 
reflect exposure-specific effects. Nevertheless, our clustering results 

remained highly consistent following integration-based correction 
for donor and batch effects (Extended Data Fig. 5b,c). In the following 
analysis, we dissected the contributions of exposures and genetics to 
the epigenome in these nine immune cell types.

We aimed to dissect the impact of different exposures on the epig-
enome in these cell types by identifying the eDMRs. Given the difficulty 
of controlling other exposures each individual may have experienced and 
the donors’ diverse genomes, we used internal controls for HIV-1 and IAV 
exposures, for which we have cells before and after exposure. We used a 
stringent pipeline to identify the eDMRs of other exposures (Methods), in 
which the external controls are used. These eDMRs were not significantly 
different between any two sets of controls, minimizing the contribution 
of individual genetic variation and baseline exposures to these eDMRs.

We identified 756,575 eDMRs across all exposures and cell types, 
including 517,698 hypomethylated and 238,877 hypermethylated 
eDMRs (Fig. 3c and Supplementary Table 2). On average, each expo-
sure and cell type exhibited approximately 10,000 eDMRs. SARS-CoV-2, 
OP and MRSA/MSSA showed the most abundant eDMRs across the 
majority of the cell types, highlighting their pronounced impact on the 
epigenetic profiles (Fig. 3c). To control for the false positive rate, we 
performed sample label shuffling and found that our identified eDMRs 
were substantially more significant than DMRs detected in shuffled 
samples (Extended Data Fig. 5d). Of note, the majority of eDMRs in each 
exposure and cell type consist of single CpG sites (Extended Data Fig. 5e).
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BA, B. anthracis. The figure is created with BioRender.com.
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We examined the effect-size distributions of exposure-associated 
eDMRs to assess the magnitude of methylation change 
(Extended Data Fig. 5f–k). HIV-1 induced broad, multimodal shifts, 
particularly during early infection. MRSA/MSSA and anthrax vaccine 
exposures had distinct peaks, while OP caused highly variable changes. 
COVID responses were skewed by severity and IAV showed a symmet-
ric, trimodal pattern. These distributions illustrate the magnitude of 
methylation changes associated with each exposure.

Although the externally controlled exposures involved sizable 
cohorts, donor variability in genetic background, sex and age could 
still confound the results. To address this, methylation levels were 
adjusted for these covariates and eDMRs significantly associated with 
them were excluded, resulting in 271,592 hypomethylated and 138,551 
hypermethylated eDMRs that more likely reflect exposure-specific 
effects. To examine genetic-ancestry-related responses, we identi-
fied genetic-ancestry-related eDMRs after regressing out sex and age. 
Notably, in both MRSA/MSSA and SARS-CoV-2 exposures, individu-
als of African genetic ancestry showed stronger methylation effects 
(Fig. 3d,e), with most eDMRs unique to each group (Fig. 3f,g), consistent 
with reports of greater disease severity in individuals of African genetic 
ancestry Americans18–20.

We further examined the association between eDMRs and histone 
modification peaks from ENCODE21 in each cell type. We found that both 
hypomethylated and hypermethylated eDMRs across all exposures are 
slightly enriched in heterochromatin regions marked by H3K9me3 
(Fig. 3h and Extended Data Fig. 6a). Notably, COVID-19-associated 
hypermethylated eDMRs in monocytes, naive T cells and NK-naive cells 
showed significant enrichment in enhancer marks like H3K27ac and 
H3K4me1, as well as the promoter mark H3K4me3, across all immune 
cell types (Fig. 3h). Similar patterns were observed for HIV-1, with 
hypomethylated eDMRs in CD8 memory T cells and hypermethyl-
ated eDMRs in CD8 naive T cells showing enrichment in these active 
histone marks (Fig. 3h). Furthermore, MSSA monocyte hypermethyl-
ated eDMRs were enriched in H3K27ac. In contrast, NK-active cells 
from MSSA-infected individuals (but not MRSA-infected ones) showed 
enrichment in enhancer regions. Interestingly, naive T cells from severe 
COVID-19 patients had hypomethylated eDMRs with greater enrich-
ment in active histone marks than those from nonsevere patients 
(Fig. 3h). These eDMRs are generally depleted at CG islands, promoters 
and short interspersed nuclear elements but slightly enriched in DNA, 
long interspersed nuclear elements and long terminal repeat transpos-
able elements (Extended Data Fig. 6b).

DNA methylation influences TF binding to DNA22,23, potentially 
altering gene expression. We observed that master TF motifs were 
enriched in COVID-19 monocytes and CD4 naive T cells. For exam-
ple, PRDM1 (encoding BLIMP-1) in monocytes24 and TCF family TFs 
(including TCF7) motifs in CD4 naive T cells are uniquely enriched 
in COVID-19 samples24,25. Similarly, CEBP family TF motifs are spe-
cifically enriched in MRSA/MSSA monocytes26 (Fig. 3i). These results 

suggest that methylomes associated with exposures might be able 
to inhibit the binding of master TFs. On the other hand, hypometh-
ylated eDMRs across the exposures share many similarly enriched 
motifs (Extended Data Fig. 6c). Although further validation is needed, 
ChIP-seq profiles from previous studies27 showed significant enrich-
ment of eDMRs within relevant TF binding sites (Extended Data Fig. 6d). 
To assess functional relevance, we examined their overlap with differ-
entially expressed genes from prior HIV-1 and SARS-CoV-2 studies28,29 
and found significant enrichment, especially in monocytes and T cells, 
compared to random genes or CpGs (Extended Data Fig. 6e–h).

Linking DNA methylation and chromatin accessibility  
in exposures
We integrated snATAC–seq data from paired and unpaired donors 
across all exposure groups, except for MRSA and MSSA. For the HIV-1 
exposure, in which samples were collected at different time points 
from the same donors, we integrated snDNA methylation data with 
snATAC–seq data using 5-kb bins on autosomes. UMAP plots gener-
ated before integration showed clear batch effects between the two 
modalities, which were partially mitigated following integration 
(Extended Data Fig. 7a,b). We mapped cells from single-cell ATAC–seq 
to methylation clusters and transferred cell-type labels via canonical 
correlation analysis30 (Fig. 4a,b). We observed a strong genome-wide 
correlation between the two modalities across all cell types, with the 
highest correlation observed in monocytes (Extended Data Fig. 7c). 
Interestingly, we detected a loss of methylation and an increase in 
accessibility after HIV-1 infection in memory CD8 T cells at the intron 
of DGKH (Fig. 4c), a gene previously reported to exhibit differential 
methylation between elite controllers and individuals receiving antiret-
roviral therapy31. Although this region experienced a loss of chromatin 
accessibility, the methylation level remained unchanged between the 
‘acute’ and ‘chronic’ stages (Fig. 4c). We found a considerable fraction of 
eDMRs are consistent with changes in chromatin accessibility (Fig. 4d). 
The highest overlap (25.6%) between these two modalities was observed 
in ‘pre’ stage hypo-eDMRs in CD8 naive T cells.

We extended our analysis to additional exposures and found that 
exposure-associated differentially accessible regions overlapped with 
corresponding exposure-associated eDMRs by approximately 1–6% 
(Extended Data Fig. 7d–g). The lower concordance between the two 
modalities—compared to what we observed for HIV-1—may be attri
buted to the use of internal controls in both assays for the HIV-1 sam-
ples. These findings underscore the importance of longitudinal data 
for robust identification of exposure-associated epigenomic changes.

Genotype-associated DMRs reveal the influence of genetics on 
immune cell epigenomes
We also used this single-cell epigenomic atlas to identify gDMRs. We 
identified the SNPs of each individual using the DNA methylation data 
with biscuit32, followed by imputation and filtering (Methods). To 

Fig. 2 | Within-cell-type changes are associated with each exposure. a, UMAP 
of cells in each cell type from FACS using snmC-seq2 data. The cells are colored 
according to exposure (HIV, exposure to HIV; HIV_pre, before HIV infection from 
the same donors; Flu_pos, after IAV infection; Flu_pre, before IAV infection from 
the same donors; COVID_S, severe COVID patient samples; COVID_nS, nonsevere 
COVID patient samples; MRSA, samples exposed to MRSA; MSSA, samples 
exposed to MSSA; BA, samples from the donors that have taken anthrax vaccine 
and work frequently or infrequently in a controlled BSL3 facility handling  
B. anthracis; OP, samples from the donors that are exposed to OP). b, Bar plots 
show the proportions of cells from each group and cell type in the Leiden 
clusters, colored by the FACS cell types. The x axis is the Leiden clusters and the y 
axis shows the proportions of cells in each Leiden cluster in each group. c, Scatter 
plot shows the cell proportional changes before and after infection with HIV 
and IAV in each Leiden cluster. Dots represent clusters with IAV exposures and 
crosses indicate HIV exposures. Color shows the FACS cell types. d, UMAP of cells 

from HIV exposure donors in the cell types that have the most cell proportion 
changes. The three rows are UMAP of cells from NK cell, Tc-mem and Tc-naive, and 
the columns are the cells from ‘pre’, ‘acu’ and ‘cro’ stages. Cells from the stage are 
shown in red and cells from other stages are shown in gray. e, The dot plot shows 
the odds ratio using two-sided Fisher’s exact test on cells from the three HIV 
infection stages (‘pre’, ‘acu’, ‘cro’) in the Leiden clusters. The heatmap shows the 
GO enrichment of DMGs of the corresponding Leiden cluster. The dot plot and 
heatmap have the same x axis. f, Two clusters of monocytes were identified. The 
bar plot depicts the cell proportions of the two monocyte clusters in controls, 
severe and nonsevere COVID-19 samples. Statistical tests were done using the 
two-sided chi-square test. (Asterisk indicates that P = 1.32 × 10−278). g, Gene body 
methylation levels at classical and nonclassical monocyte markers in the two 
clusters of monocytes. h, GO enrichment using the hypergeometric test with 
Benjamini–Hochberg FDR correction (implemented in Metascape) for DMGs 
between the two clusters of monocytes.
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confirm the accuracy of the SNP calls obtained using this strategy, we 
compared the SNPs from whole-genome sequencing (WGS) and meth-
ylation data from a previous study33. The results showed a strong agree-
ment with WGS SNPs in a 10-Mb region, with low rates of false positives 
and false negatives (Extended Data Fig. 8a) and high correlation in alter-
nate allele frequency at the overlapped SNPs (Extended Data Fig. 8b). 
Running SNP calls on methylation on GM12878 also show high accuracy 
compared to the true set (Extended Data Fig. 8c).

We first identified differentially methylated regions (DMRs) at 
CpG sites within each cell type and quantified methylation levels for 
each individual. DMRs and SNPs were filtered, followed by performing 
meQTL analysis as described (Methods). Principal component analysis 
(PCA) of the genotypes further confirmed the high quality of the SNPs 
derived from bisulfite reads (Extended Data Fig. 8d).

After stringent filtering of the meQTL–DMR pairs (Supplementary  
Tables 3–11), we identified 275,283 gDMRs across all nine cell types, 
of which 214,933 were cis-correlated with SNP and 60,350 were 
trans-correlated (Supplementary Table 12). The number of cis-gDMRs 
is comparable across different cell types except CD8 memory T cells, 
which have more gDMRs compared to other cell types (Fig. 5a). The 
trans-gDMRs are mostly identified in various T cell types (Fig. 5a). 
The cis-gDMRs and trans-gDMRs in T cells are mostly single-CpG sites 
(Extended Data Fig. 8e). The number of gDMRs is correlated with the 
number of cells sequenced in each cell type (Extended Data Fig. 8f). 
We did an enrichment analysis between these two sets of DMRs on 
different histone marks. In contrast to eDMRs at enhancer marks, 
gDMRs are predominantly enriched at gene body mark H3K36me3 
peaks, especially in memory state lymphocytes (B cell, CD4 and CD8 
T cells; Fig. 5b), while eDMRs are enriched at enhancer and promoter 
regions in naive lymphocytes. We also did enrichment analysis of them 
at the loop anchors in different immune cells from ENCODE, which 
showed that gDMRs are more enriched at loop anchors in memory 
state lymphocytes and eDMRs are more associated with naive lympho-
cytes (Fig. 5c). This indicates that eDMRs and gDMRs might regulate 
gene expression in different cell types through distinct mechanisms. 
This differential enrichment underscores the complexity of epige-
netic control, with eDMRs and gDMRs contributing uniquely to the 
gene-expression landscape depending on the cell type and the nature 
of the environmental or genetic input. Both eDMRs and gDMRs exhibit 
similar genomic feature enrichment regarding genes and transposable 
elements (Extended Data Fig. 8g).

We performed a functional enrichment analysis on genes with 
DMRs that overlap H3K36me3 peaks. Both eDMRs and gDMRs were 
significantly enriched in housekeeping and immune-related functions, 
with immune functions more significant in eDMRs (Fig. 5d). This distinc-
tion highlights the specific impact of environmental and genetic factors 
on immune-related gene regulation through epigenetic modifications.

Besides chromatin states, the enriched motifs also differ between 
eDMRs and gDMRs. While both hypomethylated and hypermethylated 
eDMRs are enriched mainly in immune-related TF motifs, gDMRs do not 
exhibit enrichment of immune TF motifs (Extended Data Fig. 8h). Using 
gDMRs as the background in Homer analysis, we identified significant 
enrichment of RUNX and ETS family TF motifs—including PU.1, ETS1 and 

Fli1—within eDMRs. In contrast, no significant motif enrichment, except 
for ETS motifs, was observed in the gDMRs using eDMRs as background 
in CD8 memory T cells. These results suggest that eDMRs are primarily 
enriched with key TF binding sites in immune cells, potentially having 
a role in regulating gene expression through TF binding.

Cell-type-specific colocalization of gDMRs and GWAS SNPs 
links to immune diseases
To investigate the association of gDMRs with human diseases and 
immune-related traits, we performed colocalization analysis between 
our meQTLs and GWAS SNPs (Methods) linked to various traits 
(Supplementary Table 13). We identified many colocalized GWAS SNPs 
and meQTLs within these immune cell types, suggesting potential 
cell-type-specific regulatory connections between methylation changes 
and genetic variants associated with immune functions. Enrichment 
analysis of GWAS SNPs within the meQTLs of each cell type revealed a 
predominant enrichment in CD8 naive T cells, as well as in CD4 memory 
and naive T cells (Extended Data Fig. 9a). This suggests that these spe-
cific immune cell types are particularly influenced by genetic variants 
associated with immune-related traits and diseases. For example, GWAS 
SNPs associated with Gallstone disease and Eczema are enriched in CD8 
naive T cells and CD4 memory T cells meQTLs that colocalize with the 
GWAS SNPs (Extended Data Fig. 9a). We further linked the gDMRs to 
specific diseases and phenotypes (Extended Data Fig. 9b) through colo-
calization analysis between meQTLs and phenotype-associated GWAS 
SNPs. The analysis revealed that most gDMRs are associated with only a 
single phenotype (Extended Data Fig. 9b). Gallstone disease and Eczema 
showed the highest number of associated gDMRs, particularly in T cells, 
highlighting the potential role of T cell–specific epigenetic regula-
tion in mediating genetic risk for these immune-related diseases. We 
further linked the gDMRs with gene expression (Methods) by perform-
ing summary-based Mendelian randomization (SMR)34 analysis and 
identified 252,598 substantial associations (Supplementary Table 14).

This analysis enabled us to uncover cell-type-specific regulatory 
connections between gDMRs and various diseases and phenotypes. 
For instance, SNPs associated with eczema disease showed colocali-
zation with multiple meQTLs across various immune cell types in a 
cell-type-specific manner. Most of the GWAS SNPs only colocalize with 
meQTL in one cell type (Fig. 6a), indicating a high degree of cell-type 
specificity in the regulatory effects of these GWAS SNPs on the epi-
genome. This suggests that the impact of genetic variants on DNA 
methylation, and consequently on gene regulation, can be highly 
specialized and confined to particular immune cell types. Notably, 
the top eczema-associated SNP, rs10791824, colocalizes with both a 
meQTL and an expression QTL (eQTL; Fig. 6b). SMR analysis further 
reveals that the SNP-associated DMR is significantly correlated with the 
expression of the EFEMP2 gene, which has been implicated in eczema 
pathogenesis. This cell-type-specific colocalization information will 
greatly facilitate the mechanistic studies on the diseases.

Discussion
Our study provides a comprehensive, exposure-driven atlas of human 
immune cells, revealing how genetic and environmental factors shape 

Fig. 3 | Identification of eDMRs and their features. a, UMAP of all cells from 
all exposures using single-nucleus methylation profiles. Cells are colored by 
the global methylation level of each cell. b, UMAP of all cells from all exposures 
using single-nucleus methylation profiles. Cells are colored by the FACS cell 
types. c, The bar plots show the hypomethylated (top plot) and hypermethylated 
(bottom plot) eDMR counts. ‘Hypo’ indicates the eDMRs are hypomethylated 
in exposures compared to controls. ‘Hyper’ is the other way around. The colors 
represent the exposures and the x axis denotes cell type, which is colored and 
sorted in the same order for all exposures. d, Scatter plot shows the two top PCs 
of ethnicity-dependent MRSA/MSSA eDmRs. e, Venn diagram shows the overlap 
of ethnicity-dependent MRSA/MSSA eDMRs between individuals of African and 

European genetic ancestry. f, Scatter plot shows the two top PCs of ethnicity-
dependent COVID-19-associated eDmRs. g, Venn diagram shows the overlap of 
ethnicity-dependent COVID-19-associated eDMRs between individuals of African 
and European genetic ancestry. h, Dot plot shows the enrichment of eDMRs from 
COVID, HIV and MSSA in histone modification peaks. Each column shows the 
hypo-eDMRs in that condition. The color of the dots shows the enrichment or 
depletion in the corresponding histone modification. i, Dot plot shows the motif 
enrichment from HOMER, which uses the one-sided cumulative hypergeometric 
test on eDMRs from each exposure and cell type. The dot size indicates the  
P values of enrichment and the color shows the cell type from which  
the eDMRs are.
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the epigenomes. We constructed an intricate epigenomic atlas using 
snmC-seq2 and ATAC–seq, revealing the epigenomic features associ-
ated with different exposures. This comprehensive approach enabled 
us to identify eDMRs and gDMRs, dissecting the roles of these two fac-
tors in shaping the epigenome of human immune cells. We also identi-
fied significant colocalization between meQTLs and GWAS-associated 
disease SNPs, uncovering potential cell-type-specific epigenetic mecha-
nisms underlying these SNPs.

Genetic factors and exposome have long been recognized to shape 
epigenomes1. While previous studies have identified DNA methylation 
changes associated with genetic1,6–8 or environmental exposures1,35,36, 
our study uniquely examines both eDMRs and gDMRs within the same 
group of donors. This approach allows for a more reliable comparison 
of changes driven by these two factors. The differential enrichment 
of eDMRs and gDMRs on the chromatin indicates that genetics and 
environments may regulate gene expression differently. Although we 
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cannot fully disentangle the effects of genetics from different expo-
sure histories in our donors, genetic factors exert a stronger regula-
tory influence on the gene body in memory lymphocytes. In contrast, 
exposome regulation has a more pronounced effect on enhancers/
promoters in naive lymphocytes.

Our study highlights the intricate contributions of both genetic 
and environmental factors in shaping the immune cell epigenome. We 
identified distinct, exposure-specific eDMRs that reflect how immune 
cells respond to various pathogens and chemicals, while accounting 
for genetic background. These findings improve our understanding of 
immune regulation and provide a valuable resource for investigating 

the molecular mechanisms of environmental exposures. The eDMRs 
may also serve as biomarkers for specific exposures, with potential 
diagnostic and therapeutic applications. However, the mechanisms 
by which genetics and environment interact to influence the epig-
enome remain incompletely understood. Addressing this gap will be 
essential for fully elucidating how gene–environment interactions 
shape immune function and contribute to disease, fully addressing 
the ‘nature and nurture’ question in human disease.

Our study has several limitations. Some exposure groups had 
relatively small sample sizes, which may limit statistical power and 
generalizability. In addition, the absence of information on other 
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environmental exposures or longitudinal data for certain exposures 
restricts our ability to assess temporal dynamics and causality. Future 
studies with larger, more balanced cohorts and longitudinal designs 
will be essential to validate and extend our findings.

Online content
Any methods, additional references, Nature Portfolio reporting sum-
maries, source data, extended data, supplementary information, 
acknowledgements, peer review information, details of author contri-
butions and competing interests; and statements of data and code avail-
ability are available at https://doi.org/10.1038/s41588-025-02479-6.
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Methods
Data generation
FACS of immune cell types. Cells were sorted into 384-well plates 
using FACS based on their specific antibody labeling. The FACS anti-
body cocktail allowed for the identification of seven different immune 
cell types in blood (Extended Data Fig. 1). The sorted cell types included 
naive helper T cells (CD3+, CD4+, CCR7+, CD45RA+), memory helper 
T cells (CD3+, CD4+, CD45RA−), naive cytotoxic T cells (CD3+, CD8+, 
CCR7+, CD45RA+), memory cytotoxic T cells (CD3+, CD8+, CD45RA−),  
B cells (CD3−, CD19+), monocytes (CD3−, CD19−, CD14+), NK cells (CD3−, 
CD19−, CD14−, CD16+, CD56+) and other cells (CD3−, CD19−, CD14−, CD16−, 
CD56−). The SONY Multi-Application Cell Sorter LE-MA900 Series was 
used to isolate single cells in 384-well PCR plates containing protein 
kinase. After cell sorting, the plates were centrifuged to collect the 
cells at the bottom of the wells, and the wells were then subjected to 
thermocycling at 50 °C for 20 min. The plates containing the DNA 
from the cells were subsequently stored at −20 °C or moved directly 
to library preparation.

snmC-seq2 library preparation and Illumina sequencing. For 
library preparation, we followed the previously described meth-
ods for bisulfite conversion and library preparation in snmC-seq2  
(refs. 14,37). The snmC-seq2 libraries generated from isolated immune 
cells were sequenced on an Illumina Novaseq 6000 using S4 flow cells 
in 150-bp paired-end mode. Freedom EVOware (v2.7) was used for 
library preparation, while Illumina MiSeq control software (v3.1.0.13) 
and NovaSeq 6000 control software (v1.6.0) and Real-Time Analysis 
(RTA; v3.4.4) were used for sequencing.

snATAC–seq. snATAC–seq was performed as previously described38, 
using either the Chromium Next GEM Single Cell ATAC Library & 
Gel Bead Kit v1.1 (10x Genomics, 1000175) with the Chromium Next 
GEM Chip H (10x Genomics, 1000161) or the Chromium Single Cell 
ATAC Library & Gel Bead Kit (10x Genomics, 1000110). Libraries were 
sequenced on an Illumina NovaSeq 6000 system (1.4 pM loading con-
centration) using a 50 × 8 × 16 × 49 bp read configuration, targeting an 
average of 25,000 reads per nucleus.

Quantification and statistical analysis
Single-cell methylation data processing (alignment, quality control  
(QC)). For alignment and QC of the single-cell methylation data, we 
used the same mapping strategy used in our previous single-cell 
methylation projects in our lab39. Specifically, we used our in-house 
mapping pipeline, YAP (https://hq-1.gitbook.io/mc/), for all the 
mapping-related analysis. The pipeline includes the following main 
steps: (1) demultiplexing FASTQ files into single cells with Trim Galore 
(v4.4), (2) reads-level QC, (3) mapping with bismark (v0.20.0), (4) BAM 
file processing and QC with samtools (1.17) and Picard MarkDuplicates 
(v3.0.0), and (5) generation of the final molecular profile. Detailed 
descriptions of these steps for snmC-seq2 can be found in ref. 14. All 
the reads were mapped to the human hg38 genome, and we calculated 
the methylcytosine counts and total cytosine counts for two sets of 
genomic regions in each cell after mapping.

We filtered out low-quality cells based on three metrics gener-
ated during mapping—mapping rate >50%, final mC reads >500,000 
and global mCG >0.5. Chromosomes X, Y and M were excluded from 
the analysis and the remaining genome was divided into 5-kb bins 
to create a cell-by-bin matrix. In this matrix, each bin was assigned a 
hypomethylation score (hyposcore) calculated from the P values of 
a binomial test, which indicates the probability of hypomethylation 
of that bin. The matrix was further binarized for downstream analysis 
using a hyposcore cutoff ≥0.95.

Hyposcore measures the likelihood of observing greater than m 
methylated reads under the assumption that methylation follows the 
binomial distribution with parameters c and p.

p =
n
∑
i=1

mici

where m is the observed number of methylated count for region i, c is 
the coverage (total count) covering region i, n is the total number of 5-kb 
bin regions and p is the expected probability of methylation for this cell.

Let’s assume

P(X = x) = (
c

x
)px(1 − p)c−x

then for each 5-kb bin,

Hyposcore = 1 −
m
∑
k=0

(
c

k
)pk(1 − p)c−k

The calculation of hyposcore was implemented in ALLCools (v1.1.1, 
https://lhqing.github.io/ALLCools/intro.html) using SciPy40

.

Bins covered by fewer than five cells and those with any abso-
lute z score (the number of cells with nonzero values) >2 were filtered 
out. Additionally, we excluded bins that overlapped with the ENCODE 
blacklist using ‘bedtools intersect’ (Dale, Pedersen and Quinlan 2011; 
Quinlan and Hall 2010).

Unsupervised clustering. To perform unsupervised clustering, we 
used ALLCools39, which first conducted PCA on the 5-kb bin matrix. 
For each exposure, we selected the top 32 principal components (PCs) 
for clustering using the modules in scanpy. In the HIV-1 and influenza 
cohorts, we observed a donor effect in the clustering results with these 
PCs. Therefore, we applied harmony41 to correct the donor effect on 
these PCs. We performed clustering separately for control samples 
(‘HIV_pre’, ‘Flu_pre’ and ‘Ctrl’) and samples from the ‘MRSA/MSSA’, ‘BA’, 
‘COVID-19’ and ‘OP’ groups, allowing for better comparison between 
the exposures and control samples.

To annotate the cells, we used both the single-cell methylation 
clustering results and cell-surface markers. In almost every cohort, we 
observed two clusters of B cells and NK cells, which were distinguished 
by their global mCG levels. Therefore, we assigned these clusters as 
naive and memory B cells, naive and active NK cells. We also merged 
clusters with cell-surface markers indicating memory CD4 and CD8 
T cells, even if they exhibited multiple clusters in the t-SNE embedding.

eDMRs identification. To identify DMRs associated with each immune 
cell type, we analyzed PBMCs from healthy donors. Based on single-cell 
methylation and FACS, we identified nine cell types through clustering. 
These cell types were grouped based on their global mCG levels, and 
DMRs were called separately within high-mCG and low-mCG cell types. 
We used methylpy (v1.4.6, https://github.com/yupenghe/methylpy) 
for DMR calling and the resulting DMRs were further annotated with 
genes and promoters.

To identify DMRs associated with each exposure, we merged the 
control samples and samples from each exposure group. We used 
methylpy (https://github.com/yupenghe/methylpy) to identify 
DMRs between the control and exposure groups and between differ-
ent exposure groups. Once we obtained the primary set of DMRs, we 
calculated the methylation levels of all samples at these DMRs using 
‘methylpy add-methylation-level’.

Additional filtering of the DMRs was performed by compar-
ing methylation levels across sample groups using Student’s t test. 
Only DMRs with a minimum P value <0.05 between any two groups 
were retained. For DMRs associated with MRSA/MSSA, BA, OP and 
SARS-CoV-2, where external controls were used for DMR calling, we 
compared the methylation levels of exposure samples and control 
samples, as well as different cohorts of controls (HIV, Flu and com-
mercial controls). DMRs that showed significant differences (P < 0.05) 
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between the exposure group and all three control cohorts, but no 
significant differences (P > 0.05) between any two control cohorts, 
were retained.

To visualize complex heatmaps, we used PyComplexHeatmap 
(https://github.com/DingWB/PyComplexHeatmap)38,42. Hypometh-
ylated DMRs in the corresponding sample groups and cell types were 
labeled for better visualization. The heatmap rows were split according 
to sample groups and the columns were split based on DMR groups and 
cell types. Within each subgroup, rows and columns were clustered 
using Ward linkage and the Jaccard metric.

Validation of DMRs by shuffling the samples. To validate that the 
identified DMRs for each exposure were not confounded by batch 
effects or other factors, we shuffled the group labels of the samples 
within each exposure and identified DMRs among the randomly 
assigned groups. We quantified the methylation levels of all samples 
at the DMRs from the random groups and performed t tests on the 
methylation levels between each pair of groups.

Effect-size calculation. To quantify the magnitude of methylation dif-
ferences across exposure groups, we calculated Cohen’s d effect sizes 
for each DMR using pairwise comparisons. For each DMR, methylation 
values were extracted across the three defined groups. Cohen’s d was 
computed using the pooled standard deviation formula:

d = (mean1 −mean2)/s_pooled

where mean1 and mean2 are the group means and s_pooled is the 
square root of the weighted average of group variances. The pooled 
variance was calculated with Bessel’s correction to account for sam-
ple size differences. For each DMR, three pairwise d values were 
computed—Group1 versus Group2, Group1 versus Group3 and 
Group2 versus Group3. These effect sizes provide an interpretable 
measure of methylation divergence independent of sample size or 
statistical significance.

SNP calling. We merged the BAM files from the same donors and 
SNP calling was performed using Biscuit’s32 variant calling function. 
This process identifies SNPs in both CpG and nonCpG contexts by 
analyzing the bisulfite-treated reads. Biscuit distinguishes between 
methylated cytosines and actual C/T polymorphisms, reducing the 
risk of false positives. To increase variant density and coverage, we 
imputed SNPs using Minimac4, referencing the 1,000 Genomes 
Phase 3 panel. Postimputation, only high-confidence SNPs present 
in dbSNP were retained to ensure reliability and compatibility with 
downstream analyses.

Standard variant filtering was applied to remove low-confidence 
SNPs. We excluded SNPs with a minor allele frequency (MAF) below 
0.05. Additionally, SNPs overlapping with regions in the blacklist were 
filtered out.

Genetic PCA analysis. We performed PCA of genotypes following 
standard best practices to control for population structure as follows:

1.	 Linkage disequilibrium (LD) pruning—we used PLINK 2 to filter 
variants to high-quality, common biallelic SNPs (--snps–only 
just-a–t, --max-alleles 2, --geno 0.02 and --maf 0.05) and  
excluded regions of extended LD (high-LD-regions-hg38.bed). 
We then applied LD pruning with a 200-SNP window,  
step size of 50 SNPs and an r2 threshold of 0.1 (--indep-pairwise 
200 50 0.1).

2.	 Preparation of input genotypes—the pruned SNP set was 
extracted to generate a reduced variant call format (VCF) for 
PCA, ensuring that only informative and independent variants 
were retained.

3.	 PCA computation:

(a)	The primary analysis was conducted using QTLtool with the 
options --center, --scale, --maf 0.05 and --distance 0, which 
ensures mean centering, scaling and consistent handling of 
pruned SNPs.

(b)	For cross-validation, we also performed PCA with PLINK 2 (--pca 
20 approx var-wts), which produced highly concordant results.

This approach ensured robust inference of genetic PCs, minimizing the 
impact of LD and technical artifacts and provided reliable covariates 
for downstream QTL and association analyses.

Identification of gDMR–meQTL pairs. To identify meQTLs associated 
with DMRs, we used QTLtools (v2.0-7-g61a04d2c5e)43. The analysis was 
conducted using two approaches—nominal and permutation-based 
methods—both designed to account for the statistical significance of 
the association between SNPs and methylation levels. DMRs for each 
cell type were identified across the 110 donors using methylpy.

meQTL mapping. Nominal analysis. We used QTLtools in nominal 
mode to calculate the association between genotype (SNP) and meth-
ylation levels within DMRs. This method tests all SNP–DMR pairs within 
a specified genomic window (1 Mb) around the DMRs, reporting nomi-
nal P values for each pair. Associations were considered significant at 
an FDR threshold <0.01.

Permutation-based analysis. To assess the bias in the proportion of 
COVID-19 samples across different monocyte clusters, a chi-square 
test was applied. This test helped determine whether the distribution 
of samples from severe and nonsevere COVID-19 patients differed sig-
nificantly from that of control samples, with results indicating a strong 
statistical difference (P = 2.05 × 10−237, Fisher’s exact test).

Trans-meQTL mapping. We used TensorQTL in trans mode to efficiently 
test large-scale genotype–methylation associations. By default, Ten-
sorQTL computes parametric P values using linear regression and 
applies Benjamini–Hochberg FDR correction.

Covariates and adjustment. In both analyses, we included covariates 
such as age, sex, the first five PCs of genotypes and exposures. Covari-
ate adjustment was performed using the QTLtools built-in method for 
linear model regression.

Motif enrichment. We obtained the hypo- and hyper-DMRs reported by 
methylpy from the columns ‘hypermethylated_samples’ and ‘hypometh-
ylated_samples’. HOMER (v5.1) was used to identify enriched motifs within 
these different sets of DMRs for each exposure. The results from HOMER’s 
‘knownResults.txt’ output files were used for downstream analysis. Only 
motif enrichments with a P value <0.01 were retained. Motif enrichment 
results were visualized using scatter plots generated with Seaborn.

DMG identification. Pairwise DMG analysis for each exposure was 
performed using ALLCools, following the tutorial (https://lhqing.
github.io/ALLCools/cell_level/dmg/04-PairwiseDMG.html). Signifi-
cantly DMGs were selected based on an FDR < 0.01 and a delta mCG > 
0.05. The functional enrichment analysis of the DMGs was conducted 
using Metascape44 (v3.5, https://metascape.org/). We also used linear 
regression (mCG ~ annotation + age + sex + ethnicity) to identify the 
genes associated with the two clusters of monocytes, regressing out 
age, sex and ethnicity of the donors.

Integration with single-cell ATAC. We integrated our single-cell meth-
ylation data with single-cell ATAC–seq data from HIV-1. This integration 
was performed using canonical correlation analysis based on 5-kb bins, 
where we transferred our methylation cell annotations to the cells from 
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the other modality. To generate the peaks and BigWig files for each cell 
type, we used SnapATAC2 (refs. 45,46).

Correlation of single-cell methylation and single-cell ATAC. To 
assess the correlation between single-cell methylation and single-cell 
ATAC, we calculated the correlation between the hyposcore of each 5-kb 
bin and Tn5 insertions in each bin. This correlation was performed both 
across different cell types and within matched cell types.

Colocalization of meQTL with GWAS traits. Summary statistics of 
GWAS were downloaded from the NHGRI-EBI GWAS Catalog (https://
www.ebi.ac.uk/gwas/)47, including 29,401 studies and 25,111 traits. We 
performed colocalization analysis with coloc48 (v5.2.3) using default 
priors to calculate the probability that both the meQTL and GWAS 
traits share a common causal variant. The posterior probability (PP4) 
of a single causal variant associated with both DMR and GWAS traits 
was used to identify significant colocalizations (PP4 > 0.50). A high 
PP4 value indicates strong evidence for shared causality. R packages 
locuscomparer (v1.0.0)49 and locuszoomr (v0.3.1)50 were used to visua
lize the colocalization results. To assess whether meQTL and GWAS 
SNPs were significantly overlapping for each DMR–trait pair, we per-
formed chi-squared tests using the ‘stats.chi2_contingency’ function 
from the Python package SciPy40. Resulting P values were adjusted for 
multiple testing using the Benjamini–Hochberg method.

SMR analysis. To investigate the relationship of eDMRs and gDMRs 
on gene expression, we performed SMR (v1.0) analysis34 by integrat-
ing our unfiltered meQTLs with the eQTLs derived from whole-blood 
gene-expression levels generated from the eQTLGen consortium34,51.

By setting the exposure as DMR and outcome as gene expression 
in the SMR analysis, we tested whether genetic variants associated 
with DMRs are also associated with expression levels of nearby genes, 
providing evidence for associations between the two. We did not con-
duct HEIDI analysis due to the differences between the two sample 
populations. This does not rule out the possibility that some of the 
DMR–gene associations identified in our SMR analysis are due to link-
age rather than pleiotropy or causality. SMR associations with a P value 
below the Bonferroni-adjusted alpha level (α = 0.05/n) were considered 
significant. Default parameters were used to run SMR. We further fil-
tered out associations in the HLA region (chr6: 28,477,797–33,448,354).

Statistics. Enrichment tests. Enrichment tests were conducted using 
Fisher’s exact test to evaluate the distribution of DMRs across expo-
sures and cell types. This statistical approach was selected due to the 
small sample sizes in some groups and the need for exact calculations 
without relying on large-sample approximations.

Bias analysis of COVID samples in monocyte clusters. To assess the 
bias in the proportion of COVID-19 samples across different mono-
cyte clusters, a chi-square test was applied. This test helped deter-
mine whether the distribution of samples from severe and nonsevere 
COVID-19 patients differed significantly from that of control samples, 
with results indicating a strong statistical difference (P = 2.05 × 10−237, 
Fisher’s exact test).

Effect-size calculation. For each DMR, effect sizes were calculated using 
Cohen’s d to quantify the magnitude of methylation differences among 
exposure groups. This measure allows for an understanding of the 
biological relevance of the observed methylation changes, independ-
ent of sample size. Cohen’s d was computed for pairwise comparisons 
across groups (for example, exposure versus control), using the pooled 
standard deviation formula.

Differential methylation analysis. We performed pairwise differential 
methylation analysis between exposure groups using the methylpy 

package. Statistical significance was determined by calculating P values 
for each comparison, with a threshold of 0.05. Further, we applied FDR 
correction to adjust for multiple comparisons.
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Further information on research design is available in the Nature 
Portfolio Reporting Summary linked to this article.

Data availability
De-identified molecular data and associated sample metadata gen-
erated in this study are available through controlled access via the 
Database of Genotypes and Phenotypes (dbGaP) under accession 
phs003204.v1.p1 (https://dbgap.ncbi.nlm.nih.gov/beta/study/
phs003204.v1.p1/). Access to these data is subject to approval by the 
dbGaP Data Access Committee in accordance with NIH policies on the 
sharing of human genomic data. The single-cell ATAC–seq data were 
generated in our companion study52 and the processed data used in 
this study have been deposited in the NCBI Gene Expression Omnibus 
(GEO) under accession GSE306525 (https://www.ncbi.nlm.nih.gov/geo/
query/acc.cgi?acc=GSE306525). All other data supporting the findings 
of this study are available within the article and its Supplementary 
Information files. Source data are provided with this paper.

Code availability
Codes of all the analyses are available on GitHub (https://github.com/
wangwl/ECHO) and Zenodo (https://doi.org/10.5281/zenodo.17307293) 
(ref. 53).
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Extended Data Fig. 1 | FACS gating process and plate pooling strategy. a, An example gating process for one sample. b, An example of gating statistics of one sample. 
c, We sorted different cell types in the same plate for each sample.
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Extended Data Fig. 2 | See next page for caption.
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Extended Data Fig. 2 | Quality control of the single-nucleus methylation 
sequencing data and merged pseudobulk for each sample and condition.  
a, The genome coverage distribution of all single cells sequenced in this study.  
b, The CpG sites coverage distribution of each merged sample. c, Heatmap shows 
the distribution of sequencing depth at all CpG sites of all merged samples, each 
row is a sample, x-axis shows the covered depth at CpG site, color shows the 

number of CpG sites at that depth. d, The CpG sites coverage distribution of all 
cells merged in each exposure condition. e, Heatmap shows the distribution of 
sequencing depth at all CpG sites of all merged exposure conditions, each row is a 
condition, x-axis shows the covered depth at CpG site, color shows the number of 
CpG sites at that depth.
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Extended Data Fig. 3 | Distribution of cells from each exposure within-cell-type t-SNE. a, t-SNE after harmony integration of each sorted cell type, colored by 
exposures. b, The cells from the corresponding exposure are colored in red, while other cells and control cells are colored in dark gray and gray.
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Extended Data Fig. 4 | Within-cell-type methylation difference between sub-clusters. a, The UMAP of cells from HIV exposure in each FACS cell type. The color 
shows the global methylation level of each cell. b, Methylation level of DMGs between the two clusters of monocytes in COVID samples.
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Extended Data Fig. 5 | Quality control of eDMR calling. a, UMAP without 
harmony integration, colored by exposures. b, UMAP after harmony integration 
by donors, colors show the cell types by FACS sorting. c, UMAP after harmony 
integration by donors, colors show the exposures. d, Histplot shows the 

distribution of p values when calling exposure conditions eDMRs and DMRs from 
label shuffled samples. e, Heatmap shows the ratio of single CpG eDMRs in each 
exposure and cell type. f–k, Plots show the effect size distributions of eDMRs 
from each exposure.
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Extended Data Fig. 6 | See next page for caption.
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Extended Data Fig. 6 | Features of eDMRs. a, Dot plot shows the enrichment 
of eDMRs from BA, influenza virus and OP in histone modification peaks. Each 
column shows the hypo-eDMRs in that condition. Color of the dots shows the 
enrichment or depletion in the corresponding histone modification.  
b, Genomic features enrichment of eDMRs in each cell type and exposure.  
c, Motif enrichment of hypo-eDMRs in each cell type and exposure.  

d, Dot plots show the enrichment of eDMRs from each cell type in COVID-19 and 
MRSA/MSSA with the transcription factor ChIP-seq peaks in the corresponding 
cell types. e,f, Dot plots show the HIV-1-associated eDMRs near DEGs, compared 
with random genes (e) or with random CpG sites (f). g,h, Dot plots show the 
COVID-19-associated eDMRs near DEGs, compared with random genes (g) or with 
random CpG sites (h).
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Extended Data Fig. 7 | See next page for caption.
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Extended Data Fig. 7 | Integration of snATAC-seq and snmC-seq2. a, UMAP 
shows the joint embedding of snATAC-seq and snmC-seq2 data from one sample 
before harmony integration. b, UMAP shows the joint embedding after harmony 
integration. c, Global correlation of DNA methylation and chromatin accessibility 
using 5 kb bins across the genome. d, Heatmap shows the corresponding 
changes in both DNA methylation and chromatin accessibility in anthrax 

vaccine exposure. e, Heatmap shows the corresponding changes in both DNA 
methylation and chromatin accessibility in OP exposure. f, Heatmap shows the 
corresponding changes in both DNA methylation and chromatin accessibility 
in SARS-CoV-2 exposure. g, Heatmap shows the corresponding changes in both 
DNA methylation and chromatin accessibility in IAV exposure.
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Extended Data Fig. 8 | See next page for caption.
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Extended Data Fig. 8 | Features of gDMRs. a, Venn diagram shows the overlap 
of SNPs called from methylation reads and WGS in a 10 Mb region. The SNPs are 
intersected with dbsnp. b, kdeplot shows the correlation of alternative allele 
frequency of the SNPs from WGS and biscuit c, Venn diagram shows the overlap 
of SNPs called from methylation reads and ground truth SNPs for NA12878. The 
SNPs are intersected with dbsnp. d, Scatter plot shows the PCA result of SNPs, the 

first two PCs were shown, color shows the ethnicity of the donors. e, Heatmap 
shows the ratio of single CpG gDMRs in each cell type in trans and cis. f, Scatter 
plot shows the correlation between gDMR (cis and trans) counts with the number 
of cells sequenced in each cell type. g, Genomic features enrichment of eDMRs 
and gDMRs. h, Motif enrichment of gDMRs and eDMRs using each other as 
background.
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Extended Data Fig. 9 | Colocalization of meQTL and phenotype-associated GWAS SNPs. a, Enrichment of colocalized GWAS SNPs from each phenotype with the 
meQTLs from each cell type. b, Heatmap shows the distribution of colocalized meQTLs with different phenotypes in each cell type.
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