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Abstract
Background  Trimethylamine N-oxide (TMAO) and its related metabolites have been linked to cardiovascular disease 
(CVD), but their impact on DNA methylation remains unclear. Investigating these relationships may clarify the role of 
epigenetic mechanisms in diseases.

Methods  This study analyzed data from 1,356 adults from the Cardiovascular Health Study (CHS) and the Multi-
Ethnic Study of Atherosclerosis (MESA). Using stable-isotope dilution liquid chromatography with on-line electrospray 
ionization tandem mass spectrometry (LC–MS), we quantified TMAO and five related metabolites. DNA methylation 
levels were measured using Illumina BeadChip arrays. Epigenome-wide association analyses and meta-analyses were 
conducted across approximately 430,000 CpG sites. To explore the functional significance of the identified CpGs, we 
performed gene set enrichment analysis and Mendelian randomization (MR) analyses.

Results  We identified 143 metabolite-CpG pairs at FDR < 0.05, including four CpGs for TMAO (P ≤ 4.03e-7), 12 for 
betaine (P ≤ 1.19e-6), 53 for γ-butyrobetaine (P ≤ 6.11e-6), five for carnitine (P ≤ 5.42e-7), six for choline (P ≤ 2.81e-
7), and 63 for crotonobetaine (P ≤ 7.25e-6). CpGs associated with γ-butyrobetaine showed moderate correlation 
with crotonobetaine-associated CpGs. In total, these metabolite-linked CpGs were mapped to 108 genes. Gene 
set enrichment analysis revealed 145 significantly enriched gene sets, including nine highly relevant to CVD risk. 
Furthermore, CpGs were enriched in 80 immunologic signature gene sets (FDR < 0.05). MR analysis identified three 
CpGs associated with coronary artery disease (CAD), including hypermethylation at cg18705301 (NDUFAF1), which 
was inversely associated with betaine levels and linked to a lower risk of CAD (P = 1.8e-5).
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Introduction
A higher intake of meat, particularly unprocessed red 
meat, was associated with increased incidence of ath-
erosclerotic CVD [1]. Red meat and other animal source 
foods such as egg yolk, pork, and liver are rich in cho-
line, phosphatidylcholine, and L-carnitine. These nutri-
ents are also broadly consumed as dietary supplements. 
Gut microbes can process these nutrients to produce 
trimethylamine (TMA), which is subsequently converted 
to trimethylamine-N-oxide (TMAO) in the liver [2, 3]. 
A higher level of TMAO in circulation has been associ-
ated with a greater risk of cardiovascular disease (CVD). 
Findings from our previous study, coupled with numer-
ous animal model and mechanistic studies [2–6], support 
a potential mechanism by which gut microbiota-derived 
metabolites may link diet to atherosclerotic CVD.

Current evidence suggests that TMAO may influence 
CVD and CVD comorbidity and underlying disease pro-
cesses [7–10]. TMAO has been shown to alter cholesterol 
metabolism, leading to an increased cholesterol deposits 
in the arterial walls [3, 11]. It has also been implicated 
in promoting inflammation, a known risk factor for ath-
erosclerosis [12–14]. Additionally, TMAO can induce 
endothelial cell activation and dysfunction, impairing the 
ability of blood vessels to dilate properly and maintain 
healthy blood flow [14, 15]. TMAO also induces platelet 
activation [4, 16–18], which may lead to the formation of 
clots that obstruct blood flow and cause heart attack or 
stroke. Despite these findings, and the ability to modulate 
CVD-relevant phenotypes in animal models by manipu-
lating TMAO levels in vivo by multiple mechanisms, 
there remain numerous questions as to how TMAO and/
or TMAO-related metabolites modulate CVD risk, and 
translation of therapeutic interventions into human stud-
ies has not yet occurred.

Similar to TMAO and TMAO-related metabolites, 
DNA methylation levels can be affected by lifestyle fac-
tors such as diet. DNA methylation is the most highly 
studied epigenetic modification. Differential DNA meth-
ylation at over one thousand CpGs (i.e., DNA methyla-
tion sites) has been associated with CVD [19–25]. Several 
studies have explored the impact of gut microbial choline 
and TMAO metabolism on DNA methylation profiles. 
For example, early studies by Romano and colleagues 
demonstrated that mice harboring high levels of cho-
line-consuming bacteria showed increased susceptibility 
to metabolic disease in the context of increased TMAO 
generation on a high-fat diet; moreover, alterations in gut 
microbiome capacity to transform choline into TMA, the 

rate-limiting step in metaorganismal TMAO generation, 
were shown to influence global DNA methylation pat-
terns in both adult mice and their offspring, while simul-
taneously also inducing TMAO-dependent changes in 
behavior [26].

In a study of 283 middle-aged to older adults, higher 
plasma TMAO levels were associated with a lower meth-
ylation potential, reflecting reduced levels of S-ade-
nosylhomocysteine and S-adenosylmethionine [27]. 
TMAO-related metabolites such as betaine and cho-
line—both dietary substrates for TMAO generation—are 
key factors in the one-carbon metabolism that can alter 
methyl source and affect DNA methylation status [28]. 
One study examined the relationship between TMAO 
levels, measured using proton nuclear magnetic reso-
nance (NMR) spectroscopy, and DNA methylation in 
CD4 + T-cells in 847 adults [29]. This epigenome-wide 
association study (EWAS) identified a few candidates, but 
no CpGs reached statistical significance after correction 
for multiple testing. In the present study, we increased 
the sample size to boost statistical power for CpG iden-
tification. More importantly, relative to the semiquantita-
tive approach used in the previous TMAO-EWAS study, 
we used a robust approach to quantify metabolite con-
centrations. This approach reduced measurement errors; 
therefore, the present study further improved statistical 
power. In addition, we expanded the previous EWAS by 
including TMAO and five TMAO-related metabolites, 
including (choline, betaine, carnitine, γ-butyrobetaine, 
and crotonobetaine).

Methods
Study design and population
We analyzed data from participants from the CHS and 
the Multi-Ethnic Study of Atherosclerosis (MESA), two 
well-established, multi-center, community-based pro-
spective cohort studies [30, 31]. Additional methodologi-
cal details are provided in the Supplementary Methods. 
Briefly, in CHS, 5,201 noninstitutionalized predomi-
nantly White adults aged ≥ 65 years were recruited from 
random samples of Medicare eligibility lists in four US 
communities from 1989 to 1990. From 1992 to 1993, an 
additional 687 Black participants were recruited, result-
ing in 5,888 total participants. In MESA, 6,814 adults 
aged 45–84  years were recruited from six study sites 
between 2000 and 2002; participants were 38% White, 
28% Black, 22% Hispanic, and 12% Chinese-American 
participants. A total of 5,019 CHS participants and 6,796 
MESA participants had TMAO measures at baseline 

Conclusion  This study identified specific DNA methylation sites associated with TMAO and related metabolites. 
These epigenetic changes may contribute to CVD risk through multiple pathways. Future research should validate 
these findings and explore their clinical implications.
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from an ancillary study on cardiovascular risk, and we 
had epigenetic data from 665 CHS and 937 MESA partic-
ipants, resulting in 430 CHS participants and 926 MESA 
participants with both measures in the final analysis. The 
study was approved by the Tufts Institutional Review 
Board. All participants provided written informed con-
sent, and all research was conducted in accordance with 
the Declaration of Helsinki.

Measurement of TMAO and related metabolites
Plasma samples were analyzed for TMAO and related 
metabolites (choline, betaine, carnitine, γ-butyrobetaine, 
and crotonobetaine) as previously described [32]. Briefly, 
frozen (-80  °C) fasting blood samples collected 1989–
1993 in CHS and 2000–2002 in MESA were used. Each 
metabolite and its deuterium-isotopologue (internal 
standard) were quantified using a stable-isotope dilution 
assay coupled with high-performance liquid chromatog-
raphy, with online electrospray ionization tandem mass 
spectrometry on a Shimadzu 8050 or 8060 mass spec-
trometer, as previously described [1, 33]. All six metabo-
lites had laboratory coefficient of variation < 10%. Natural 
log transformation was applied before formal statistical 
analysis.

DNA methylation assessment
Methylation levels were measured on whole blood 
derived DNA samples collected during the 1994–1995 
visit in CHS and the 2000–2002 exam in MESA [34, 35]. 
Illumina HumanMethylation450 BeadChip array (450  K 
array) was used in CHS, whereas Illumina Methylation-
EPIC BeadChip array (EPIC array) was used in MESA. 
The 450  K array targets 485,512 CpGs and the EPIC 
array targets 866,836 CpGs; ~ 93% of CpGs in the 450 K 
array are covered by the EPIC array [36]. We primarily 
analyzed CpGs that are common to both arrays. Cohort-
specific quality control and normalization had been per-
formed following standard protocols. In CHS, the minfi 
R package was used for DNA methylation quality control 
(QC) [37, 38]. Samples were excluded if median intensi-
ties across the methylated and unmethylated changes 
were < 10.5 (log 2), > 0.5% of probes failed detection, QC 
probes fell > 3 SD from the mean, or sample swaps were 
likely due to sex mismatches or genotype inconsistency 
with prior genotyping. Subset-quantile Within Array 
Normalization (SWAN) was implemented to standard-
ize DNA methylation values [39]. In MESA, participant 
samples were excluded based on poor detection ability 
in more than 5% of CpG measurements, intensity values 
less than three standard deviations below the mean, or 
sex mismatched. Methylation profiles were preprocessed 
using background and dye-bias correction using RELIC 
in the Enmix [40, 41], inter-array (quantile) normaliza-
tion [40], and probetype bias correction using Rcp in the 

Enmix [42] R package. We also excluded probes on the 
X and Y chromosomes to avoid potential sex bias. The 
methylation level at each CpG was quantified as a β value, 
i.e., the proportion of methylated CpGs over the sum of 
methylated and unmethylated CpGs.

Covariates
In both cohorts, sociodemographic factors (e.g., age, 
sex, race/ethnicity, household income, and education), 
anthropometric factors (e.g., body weight and height), 
and medication use (e.g., antibiotics; typically within 
2  weeks) were assessed by trained staff using cohort-
specific questionnaires during participants’ physical 
examinations [30, 31]. BMI was calculated using weight 
in kilograms divided by the square of height in meters. 
Dietary habits over the past year were measured using 
cohort-specific semi-quantitative food frequency ques-
tionnaire (FFQ) [43, 44]. A DASH (dietary approach to 
stop hypertension) diet score was calculated to reflect 
diet quality in CHS [45], whereas the AHEI (Alterna-
tive Healthy Eating Index) score was used in MESA [46]. 
Algorithms for calculating the AHEI and DASH scores 
have been described previously [47–49]. Physical activ-
ity was assessed using validated, cohort-specific semi-
quantitative questionnaires that capture frequency and 
duration of various physical activities [50, 51]. Alcohol 
consumption and smoking status (never, former, and cur-
rent smoker) were also collected during physical exams. 
Estimated glomerular filtration rate (eGFR) was calcu-
lated using the Chronic Kidney Disease Epidemiology 
Collaboration (CKD-EPI) creatinine–cystatin C equation 
[52]. We used the covariates collected from the 1989–
1990/1992–1993 CHS exams and the 2000–2002 MESA 
exam.

Statistical analysis
Our study design was depicted in Fig.  1. We first con-
ducted EWAS using linear regression models with DNA 
methylation levels as dependent variables and TMAO 
and TMAO-related metabolites as independent vari-
ables. Metabolite concentrations were standardized to 
mean of 0 and standard deviation of 1 before EWAS. We 
examined these metabolites in separate models, i.e., each 
model examined association of a single metabolite with 
a single CpG. Three sets of covariates were included: 1) 
sex, age, study site, blood cells composition (estimated 
using the Houseman method [53]), technical variables 
(i.e., to control cohort-specific batch effects), education 
level, household income, and recent antibiotic use, 2) 
smoking status (none, former, current), alcohol intake, 
physical activity, and diet quality scores, and 3) BMI 
and eGFR. The association was analyzed in each race/
ethnicity group, and to account for the racial and eth-
nic differences in DNA methylation patterns, we used 
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random-effects meta-analysis to combine race/ethnic-
ity-specific summary statistics within each cohort (i.e., 
race/ethnicity-specific analysis was performed in CHS 
and MESA separately). To aggregate results generated by 
the two cohorts, fixed-effects model meta-analysis was 
conducted. We defined CpGs with false discovery rate 
(FDR) < 0.05 statistically significant.

For CpGs that were significant in meta-analyses, we 
explored their potential biological functions based on 
information for genes related to these CpGs. Three sets 
of CpG-related genes were analyzed, including 1) anno-
tated genes in the Illumina DNA methylation array sup-
porting document, 2) cis-genes associated with these 
CpGs identified in the Framingham Heart Study [54], 
and 3) both cis- and trans-genes associated with these 
CpGs [54]. We defined cis-genes as nearby genes within 
1 Mb from the CpG site with P < 1e-7 and trans-genes as 
remote genes residing > 1  Mb away from the CpG or at 
different chromosomes with P < 1e-14 [54]. We searched 
these genes in the Functional Mapping and Annotation 
of Genome-Wide Association Studies (FUMA) platform 
[55]. We also performed gene set enrichment analysis 
using the GSEA platform (version 4.3.3) based on the 
most updated Molecular Signature Database (MSigDB 

2024.1.Hs) [56, 57]. Specifically, we analyzed MSigDB 
gene sets H, C2, C3-TFT, C5, C7, and C8. These gene 
sets have been integrated into the FUMA platform but 
were based on the earlier version of MSigDB (2023.1.Hs). 
Enrichment of CpG-related genes in gene sets was deter-
mined using the one-sided Fisher’s exact test, and a test 
with Benjamini–Hochberg FDR < 0.05 was considered 
statistically significant.

To further explore whether metabolite-associated 
CpGs are associated with CVD, we used the TwoSam-
pleMR R package [58] to test the putative causal asso-
ciation of these CpGs with CAD. DNA methylation 
quantitative loci (meQTL) SNPs identified by the Fram-
ingham Heart Study were analyzed [59]. We identified 
independent cis-meQTL SNPs after linkage disequilib-
rium (LD) pruning based on R2 < 0.01 using the full 1000 
Genome reference panel [60]. We extracted effect sizes 
and standard errors from the meQTL database [61], as 
well as from the summary results of a large GWAS for 
CAD [62]. We performed the primary analysis using the 
inverse variance weighted (IVW) method and sensitivity 
analysis using the MR-Egger method when we identified 
three or more independent SNPs. CpGs with FDR < 0.05 
were considered significant.

Fig. 1  Study design
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Results
Participant characteristics
As shown in Table 1, 63% of CHS participants (n = 430) 
were women, compared to 53% in MESA (n = 926). In 
CHS, 53% of participants were European American 
(EA) and 47% were African American (AA). Whereas 
42%, 29%, 20%, and 5% MESA participants were EA, 
AA, Hispanic American, and Chinese American, respec-
tively. The CHS participants were on average 17  years 
older than those from MESA (mean age 77 vs. 60 years). 
Slightly fewer participants (9%) were current smokers in 
CHS than in MESA (14%). The amount of alcohol con-
sumed and the overall dietary quality were modest in 
both cohorts. CHS participants had lower eGFR than 
those in MESA, 64.4 vs. 95.6 ml/min/1.73m2.

EWAS of TMAO and TMAO-related metabolites
After adjusting for sex, age, study sites, blood cell com-
position, technical variables, education level, household 
income, and recent antibiotic use, our meta-analyses 
identified 4 CpGs associated with TMAO at FDR < 0.05 
(P ≤ 4.03e-7; Table  2; Supplemental 1). Using the same 
model and at FDR < 0.05, we also identified 12, 53, 5, 6, 
and 63 CpGs for betaine (P ≤ 1.19e-6), γ-butyrobetaine 
(P ≤ 6.11e-6), carnitine (P ≤ 5.42e-7), choline (P ≤ 2.81e-7), 
and crotonobetaine (P ≤ 7.25e-6), respectively. Overall, 
143 metabolite-CpG pairs were identified. Heterogeneity 
between the two cohorts was generally low to moderate 
for the majority of the 143 CpGs, 81 (57%) and 11 (8%) 
had I2 ≤ 25% and 50%, respectively. Table 2 showed all 
CpGs with I2 of 0. We found that no metabolites shared 
identical CpGs, and the pairwise correlation between 
these 143 CpGs was generally low (88% with Pearson 
r < 0.3 and 69% with Person r < 0.1). We presented 30 CpG 
pairs with r ≥ 0.5 in Supplemental Table 2. For example, 
four TMAO-associated CpGs were moderately associ-
ated with four crotonobetaine-associated CpGs, r = 0.5. 

In addition, we found that many of the γ-butyrobetaine-
associated CpGs were moderately associated with cro-
tonobetaine-associated CpGs (Fig. 2). The highest r was 
-0.66 between cg04059696 (MAPRE3; γ-butyrobetaine, 
P = 9.9e-7) and cg17517296 (crotonobetaine, P = 5.6e-
6). For most CpGs, further adjustment for sets 2 and 3 
covariates (i.e., lifestyle factors, BMI, and eGFR) did not 
substantially alter the associations (Fig. 3; Supplemental 
Table 1).

Gene set enrichment analysis
Using the 108 gene symbols annotated to all metabolite-
associated CpGs by Illumina (Supplemental Table 3), 
we conducted enrichment analysis based on the most 
updated MSigDB gene sets. A total of 145 gene sets 
were significantly enriched (FDR < 0.05; Supplemental 
Table 3). Among 12 significant curated gene sets (CGS), 
three gene sets were particularly relevant to CVD risk: 
genes up-regulated in vascular smooth muscle cells by 
MAPK8 (CGS4; P = 3.7e-6) [63], genes down-regulated 
in the ventricles of the healthy hearts compared to atria 
(CGS5; P = 4.5e-6) [64], and down-regulated cis-reg-
ulated expression quantitative loci (cis-eQTL) in the 
heart that colocalized with previously mapped cardiac 
mass eQTLs (CGS8; P = 4.7e-5) [65]. Furthermore, 57 
significant enrichments (FDR < 0.05) were observed in 
Human Phenotype Ontology gene sets (HPO) [66]. Six 
of those gene sets are associated with CVD, including 
abnormality of cardiovascular system electrophysiology 
(HPO6, P = 1.8e-6), abnormal heart morphology (HPO14, 
P = 7.0e-6; HPO19, P = 1.8e-5), vascular skin abnormality 
(HPO28, P = 6.7e-5), Abnormal myocardium morphol-
ogy (HPO39, P = 1.3e-4), and thoracic aortic aneurysm 
(HPO55, P = 2.5e-4). In addition, there were 26 significant 
enrichments in Gene Ontology analysis (C5) and 17 in 
immunologic signatures (C7), 30 in Transcription Factors 
Targets (C3-TFT), and 4 Cell-type signatures (C8). Three 
TFT gene sets were enriched for genes containing one 
or more binding sites of DNMT1 (P = 2.7e-5), NKX2-5 
(P = 6.2e-4), and KMT2D (P = 9.7e-4; Supplemental Table 
3).

From the previously developed DNA methylation-
associated gene expression database [54], we identified 
74 cis-CpG-gene pairs (33 metabolite-associated CpGs 
and 70 genes) and 69 trans-CpG-gene pairs (5 metab-
olite-associated CpGs and 69 genes). When cis-genes 
were used in FUMA platform search, we found no sig-
nificant enrichment at FDR < 0.05. However, the search 
using both cis- and trans-genes (132 genes with Ensembl 
ID) identified 198 enriched gene largest gene sets were 
from immunologic sets (Supplemental Table 4). The sig-
natures (C7) [57]; the genes for metabolite-associated 
CpGs were enriched in 80 gene sets in this database. For 
example, the most enriched gene set in MsigDB C7 was 

Table 1  Participants' characteristics
CHS MESA

n 430 926

Age, years 77 ± 5 60 ± 10

Women, n (%) 272 (63%) 488 (53%)

BMI, kg/m2 27.7 ± 5.1 28.8 ± 5.2

Race/ethnicity (white; black, Hispanic; 
Chinese)

53%; 47%; 
0%; 0%

42%; 20%; 30%; 
8%

Smoking status (current; former; never) 9%; 46%; 
45%

14%; 38%; 48%

Alcohol intake (drinks/week) 1.7 ± 6.0 2.7 ± 5.3

Physical activity 730 ± 1088 1711 ± 2656 
(MET-min/week)

Dietary quality score 23.6 ± 5.2 
(DASH)

40.9 ± 11.2 
(AHEI)

Antibiotic use, n (%) 20 (5%) 22 (2%)

eGFR, mL/min/1.73m2 64.4 ± 19.1 95.6 ± 16.3
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Metabolite CpG CHR BP Gene CpG 
Island

Feature Beta SE P FDR

Betaine cg01327202 1 17,215,511 Island Enhancer, HMM 
Island, regulatory

-0.0088 0.0018 8.46e-07 0.037

Betaine cg05712748 1 43,472,312 N_Shore Enhancer,HMM 
Island

-0.0051 0.001 1.08e-07 0.007

Betaine cg27032760 5 143,974,763 N_Shelf HMM Island -0.01 0.0019 1.09e-07 0.007

Betaine cg18705301 15 41,695,430 NDUFAF1 S_Shore -0.0263 0.0045 7.16e-09 0.001

Betaine cg08914678 16 334,889 PDIA2 N_Shore HMM Island, 
regulatory

0.0197 0.0026 1.34e-14 5.82e-
09

Betaine cg18593708 18 21,853,454 OSBPL1A S_Shore -0.0089 0.0018 5.55e-07 0.027

Butyrobetaine cg24087235 1 54,665,621 CYB5RL;MRPL37 N_Shore HMM Island, 
regulatory

0.0009 0.0002 3.96e-06 0.041

Butyrobetaine cg17466510 1 116,877,566 Enhancer 0.0055 0.0012 3.24e-06 0.038

Butyrobetaine cg20345923 2 1,983,190 MYT1L HMM island 0.0052 0.001 1.51e-07 0.005

Butyrobetaine cg04059696 2 27,211,953 MAPRE3 Enhancer 0.0051 0.001 9.89e-07 0.019

Butyrobetaine cg05655116 2 37,899,435 CDC42EP3 Island Enhancer, HMM 
Island, regulatory

0.0018 0.0004 2.79e-06 0.038

Butyrobetaine cg03389926 2 42,651,266 Enhancer 0.0081 0.0017 1.55e-06 0.026

Butyrobetaine cg03034070 2 190,044,841 COL5A2 -0.0119 0.0026 3.3e-06 0.038

Butyrobetaine cg23339656 2 234,159,882 ATG16L1 N_Shore Regulatory 0.0099 0.0018 4.35e-08 0.003

Butyrobetaine cg16368147 4 62,111,221 Enhancer 0.0064 0.0014 3.36e-06 0.038

Butyrobetaine cg05606878 5 126,432,189 Enhancer 0.0068 0.0015 4.86e-06 0.046

Butyrobetaine cg02006915 5 175,991,129 PCDH24 0.0068 0.0015 4.49e-06 0.044

Butyrobetaine cg26747317 6 31,829,793 NEU1 N_Shore 0.0093 0.0017 6.91e-08 0.004

Butyrobetaine cg04346459 6 41,068,666 NFYA;LOC221442 Island Enhancer, HMM 
island

0.0177 0.0033 7.36e-08 0.004

Butyrobetaine cg09580153 6 41,068,724 NFYA;LOC221442 Island Enhancer, HMM 
island

0.0101 0.0018 2.32e-08 0.003

Butyrobetaine cg03644281 6 41,068,752 NFYA;LOC221442 Island Enhancer, HMM 
island

0.0121 0.0023 1.11e-07 0.004

Butyrobetaine cg07014126 6 169,717,713 HMM island 0.0042 0.0009 5.16e-06 0.046

Butyrobetaine cg20109393 7 19,748,466 TWISTNB Island HMM Island, 
regulatory

-0.0004 0.0001 3.19e-06 0.038

Butyrobetaine cg08500172 8 127,908,827 Enhancer 0.0043 0.0009 3.3e-06 0.038

Butyrobetaine cg11009695 10 29,358,074 Enhancer 0.006 0.0013 6.11e-06 0.05

Butyrobetaine cg00243281 11 2,597,838 KCNQ1 S_Shore HMM_Island 0.004 0.0009 5.1e-06 0.046

Butyrobetaine cg11527344 11 57,972,167 OR1S2 0.0037 0.0008 5.65e-06 0.048

Butyrobetaine cg06079620 11 58,978,082 MPEG1 0.0058 0.0011 2.2e-07 0.006

Butyrobetaine cg26561797 11 68,437,843 Island HMM_Island 0.0048 0.0009 1.19e-07 0.004

Butyrobetaine cg17306339 12 124,198,578 ATP6V0A2 S_Shore DMR, regulatory 0.0072 0.0014 3.9e-07 0.01

Butyrobetaine cg27481208 13 115,079,979 ZNF828 Island Enhancer, HMM 
Island, regulatory

-0.0003 0.0001 3.32e-06 0.038

Butyrobetaine cg23323891 14 57,200,519 Enhancer 0.0119 0.0026 3.54e-06 0.038

Butyrobetaine cg18548879 15 41,914,454 S_Shore HMM Island, 
Regulatory

0.0042 0.0009 1.24e-06 0.022

Butyrobetaine cg10517312 15 45,027,253 TRIM69 0.0066 0.0012 1.34e-07 0.004

Butyrobetaine cg01090433 16 82,673,506 CDH13 Enhancer, 
regulatory

0.0093 0.0019 1.06e-06 0.019

Butyrobetaine cg10760240 17 35,414,006 AATF HMM island 0.0077 0.0015 2.91e-07 0.008

Butyrobetaine cg09309112 17 53,571,325 Enhancer 0.005 0.001 5.27e-07 0.012

Butyrobetaine cg01885692 22 21,804,711 HIC2 S_Shelf Enhancer 0.004 0.0009 5e-06 0.046

Carnitine cg19408207 3 178,755,197 ZMAT3 Enhancer, 
regulatory

0.0078 0.0015 2.33e-07 0.034

Carnitine cg06487937 16 5,116,160 C16orf89 -0.015 0.003 4.35e-07 0.047

Table 2  Metabolite-CpG pairs with FDR < 0.05 and low heterogeneity in the fixed-effects meta
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Carnitine cg21367586 18 34,327,498 FHOD3 S_Shore 0.0157 0.0022 2.19e-12 9.47e-
07

Choline cg15877769 4 1,062,280 N_Shore 0.0192 0.0037 2.81e-07 0.02

Choline cg18875674 11 73,026,651 ARHGEF17 Enhancer 0.0101 0.0018 2.94e-08 0.003

Crotonobeta-
ine

cg03396604 1 3,193,944 PRDM16 N_Shore -0.0083 0.0018 7.1e-06 0.05

Crotonobeta-
ine

cg13681752 1 120,143,242 0.005 0.0011 3.59e-06 0.035

Crotonobeta-
ine

cg12730323 1 200,004,757 NR5A2 Island DMR, Enhancer, 
HMM island

0.0042 0.0009 3.02e-06 0.035

Crotonobeta-
ine

cg18794891 2 25,261,606 N_Shelf 0.0037 0.0008 7.21e-06 0.05

Crotonobeta-
ine

cg08944893 2 105,461,870 S_Shore Enhancer, DMR, 
HMM island

0.0028 0.0006 4.77e-06 0.04

Crotonobeta-
ine

cg25975856 3 19,930,780 EFHB Enhancer 0.0179 0.0039 5.6e-06 0.043

Crotonobeta-
ine

cg24163658 3 58,182,370 DNASE1L3 Regulatory 0.0052 0.001 8.1e-07 0.025

Crotonobeta-
ine

cg18073906 3 122,641,029 SEMA5B Island Enhancer, HMM 
island

0.0053 0.0011 1.86e-06 0.027

Crotonobeta-
ine

cg17483361 4 54,243,829 FIP1L1 Island Enhancer, HMM 
Island, regulatory

0.0011 0.0002 3.92e-08 0.005

Crotonobeta-
ine

cg26298470 4 86,396,765 ARHGAP24 HMM island 0.0018 0.0004 7.08e-06 0.05

Crotonobeta-
ine

cg13900348 5 76,114,646 F2RL1 Island HMM Island, 
regulatory

0.0018 0.0004 3.84e-06 0.036

Crotonobeta-
ine

cg10812634 5 126,409,211 FLJ44606 Island HMM Island, 
Regulatory

0.0124 0.0026 1.75e-06 0.027

Crotonobeta-
ine

cg27183454 6 28,547,741 SCAND3 0.0038 0.0008 5.4e-06 0.042

Crotonobeta-
ine

cg02718200 6 31,324,269 HLA-B Island HMM Island, 
regulatory,

0.0057 0.0012 1.4e-06 0.027

Crotonobeta-
ine

cg18419694 6 143,832,440 FUCA2 Island Enhancer, HMM 
Island, regulatory

-0.0009 0.0002 5.13e-06 0.041

Crotonobeta-
ine

cg10146442 7 884,056 UNC 84A;UNC 
84A

N_Shelf HMM island -0.0059 0.0006 1.93e-25 8.33e-
20

Crotonobeta-
ine

cg18669823 7 30,725,669 S_Shelf -0.009 0.0017 6.1e-08 0.005

Crotonobeta-
ine

cg14299044 10 19,972,179 Enhancer 0.0025 0.0006 4.21e-06 0.037

Crotonobeta-
ine

cg02979795 10 102,626,509 Enhancer, HMM 
Island, regulatory

0.0093 0.0019 1.68e-06 0.027

Crotonobeta-
ine

cg03900474 12 115,106,786 S_Shore Enhancer 0.0025 0.0006 7.25e-06 0.05

Crotonobeta-
ine

cg20005934 14 100,706,390 YY1 Island Enhancer, HMM 
Island, regulatory

-0.0006 0.0001 2.68e-06 0.032

Crotonobeta-
ine

cg03469805 14 105,330,648 KIAA0284 Island HMM island 0.0049 0.001 1.53e-06 0.027

Crotonobeta-
ine

cg03643241 15 44,487,910 FRMD5 S_Shore Regulatory 0.0042 0.0009 1.39e-06 0.027

Crotonobeta-
ine

cg01283685 16 2,986,893 FLYWCH1 -0.01 0.0021 2.58e-06 0.032

Crotonobeta-
ine

cg20215112 17 43,065,055 Enhancer, 
regulatory

0.0039 0.0008 1.43e-06 0.027

Crotonobeta-
ine

cg01737415 17 72,919,525 OTOP2;USH1G Island Enhancer, HMM 
island, regulatory

0.0035 0.0007 1.21e-06 0.027

Crotonobeta-
ine

cg14884776 19 15,122,181 CCDC105 S_Shore 0.0033 0.0007 2.08e-06 0.028

Table 2  (continued) 
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GSE4984 for immunologic signatures (genes down-reg-
ulated in monocyte-derived dendritic cells control ver-
sus treated with LGALS1) [67], P = 6.4e-32. The enriched 
genes in this gene set included 25 trans-genes associ-
ated with cg06079620 (MPEG1), a CpG associated with 
γ-butyrobetaine (P = 2.2e-7). In addition, 77 CpG-associ-
ated genes were enriched in these 198 gene sets. In these 
77 genes, 37 (48%) were trans-genes for cg06079620. Like 
we observed in analyses using Illumina annotated genes, 
results from searching the most updated GESA platform 
yielded more enriched gene sets (n = 289) at FDR < 0.05 
(Supplemental Table 5); however, the overall pattern was 
similar to the FUMA platform search, e.g., the largest 
gene sets were from immunologic signatures (C7; n = 100 
gene sets).

MR analysis
We extracted cis-meQTL SNPs for 101 CpGs. MR analy-
ses were successfully performed for 90 CpGs for CAD. 
At FDR < 0.05, we found three CpGs were putatively 
causal to CAD (Table  3). CpG cg18705301 (NDUFAF1) 
was inversely associated with betaine concentrations 

(P = 7.2e-9). The MR analysis showed hypermethylation 
at this CpG (cg18705301) was associated with a lower risk 
of CAD (P = 1.8e-5). We also found that cg06073535, a 
CpG positively associated with γ-butyrobetaine (P = 3.6e-
8), was inversely associated with CAD risk in MR analysis 
(P = 3.2e-4). Cg10146442 (SUN1) was inversely associ-
ated with crotonobetaine concentrations (P = 1.8e-6), and 
higher levels of DNA methylation at this CpG were asso-
ciated with an increased CAD risk (P = 7.4e-4). MR Egger 
analysis also showed a similar association at cg10146442 
(P = 0.004; Fig. 4). For all three CpGs, we found no signifi-
cant heterogeneity and horizontal pleiotropy (Table 3).

Discussion
In this study examining a diverse sample of U.S. adults, 
we identified several DNA methylation markers associ-
ated with quantitative measures of circulating TMAO 
and TMAO-related metabolites. Most identified CpGs 
(116 of 143) were associated with two TMAO precursors: 
γ-butyrobetaine and crotonobetaine. Using annotated 
genes for these CpGs, gene set enrichment analysis iden-
tified three corresponding curated gene sets (including 

Fig. 2  Pairwise Pearson correlation between the 143 CpGs associated with TMAO and TMAO-related metabolites. Squares in heatmap and the sidebars 
are for metabolite-specific metabolites. The heatmap was generated using MESA DNA methylation data

 

TMAO cg20768669 1 149,137,508 N_Shore Regulatory 0.0075 0.0015 3.59e-07 0.044

TMAO cg07152869 16 27,741,555 KIAA0556 Enhancer -0.0125 0.0023 1.06e-07 0.039

Table 2  (continued) 
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canonical pathways) and six human disease gene sets 
(human phenotype ontology) that have broad biological 
impacts on cardiovascular health. Further analysis using 
associated genes identified more enriched gene sets such 
as those from immunologic signatures. Our MR analy-
sis using published GWAS databases also suggests that 
γ-butyrobetaine- and crotonobetaine-associated CpGs 
may affect CVD risk. Taken together, the present study 
suggests that epigenetic regulations are involved in the 
pathways linking TMAO and TMAO-related metabolites 
and CVD risk.

TMAO production is dependent on the oxidation of 
dietary substates, including choline and L-carnitine, 
by the gut microbes [68]. During this process, dietary 
L-carnitine is converted to γ-butyrobetaine and crotono-
betaine, important precursors of TMAO; further, some 
evidence suggests γ-butyrobetaine and crotonobetaine 
can be converted to each other [2]. Previous studies have 

suggested that both γ-butyrobetaine and crotonobeta-
ine may have their own potential pathogenic effects on 
cardiometabolic diseases [1, 2]. In the present study, we 
demonstrated that both γ-butyrobetaine and crotono-
betaine were associated with DNA methylation status at 
a large number of CpG sites across several chromosomes. 
In line with the biological connection between TMAO, 
γ-butyrobetaine, and crotonobetaine, we found sev-
eral CpGs associated with these three metabolites were 
moderately correlated (i.e., CpG pairs in Supplemental 
Table2). Interestingly, these CpGs generally reside in dif-
ferent chromosomes, suggesting that TMAO and related 
metabolites are related to both cis- and trans-methylation 
regulations.

Our gene enrichment analysis with genes where CpG 
were associated with TMAO and TMAO-related metab-
olites identified gene sets with dysregulated expressions 
correlated with abnormality of cardiovascular physiology 

Table 3  MR analysis for TMAO and TMAO-related metabolites and CAD ME Egger
Heteroge intercept Number MR CpG-associated

CpG Gene Beta SE P FDR neity P P of SNPs Egger P Metabolites

cg18705301 NDUFAF1 -0.23 0.05 1.8E-05 0.002 0.54 0.96 16 0.12 Betaine

cg06073535 -1.99 0.55 3.2E-04 0.015 0.55 0.57 15 0.05 Butyrobetaine

cg10146442 SUN1 0.15 0.05 7.4E-04 0.022 0.21 0.17 21 0.004 Crotonobetaine

Fig. 3  Meta-analysis P values from models adjusting for three sets of covariates. Grey circles were from models with adjustment for sex, age, race/ethnic-
ity, study sites, blood cells composition, technical variables, education level, household income, and recent antibiotic use. CpGs with P < 1e-4 in this model 
were included. Blue squares were from models with additional adjustment for smoking status, alcohol intake, physical activity, and diet quality scores. 
Green diamonds were from models with additional adjustment for BMI and eGFR. Y axis is the -log10 P values and X axis represents CpGs ordered by P 
value significance from low (left) to high (right). Each bar at x-axis represents one CpG
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or morphology [63, 66]. Among gene sets highly relevant 
to CVD, six shared the gene NDUFAF1 (ubiquinone oxi-
doreductase complex assembly factor 1). Missense muta-
tions in the NDUFAF1 gene cause infantile hypertrophic 
cardiomyopathy [69]. In addition, abnormal expression of 
the NDUFAF1 gene can also lead to mitochondrial oxida-
tive phosphorylation dysfunction, thereby causing CVD 
[70]. Complementing the evidence, our MR analysis fur-
ther indicated that DNA methylation of NDUFAF1 may 
be involved in the pathogenic process associated with the 
two TMAO precursors.

MR analysis also identified another CpG site at the 
SUN1 gene that may be causally involved in CVD [71]. 
Of the 30 transcription factor target (TFT) gene sets 
identified by gene enrichment analysis, three TFT gene 
sets shared SUN1, which contains one or more DNMT1, 

NKX2-5, and KMT2D binding sites. DNMT1 is a DNA 
methyltransferase I and KMT2D is a histone methyltrans-
ferase, which may broadly affect CVD risk. NKX2-5 is a 
transcription factor that plays a role in heart formation 
and development, and population studies have shown 
that genetic variation in NKX2-5 was associated with 
congenital heart disease [72]. Our MR analysis identified 
three CpGs (cg18705301, cg06073535, and cg10146442) 
potentially causal to CAD. We conducted this analysis 
using a single meQTL database derived from the Fram-
ingham Heart Study [59]. We searched the meQTLs for 
the three significant CpGs in the Genetics of DNA Meth-
ylation Consortium (GoDMC) database ​h​t​t​p​:​/​/​m​q​t​l​d​b​.​g​
o​d​m​c​.​o​r​g​.​u​k​)​, but did not find any SNPs for these three 
CpGs. Therefore, our observations may be biased and 
future studies utilizing independent meQTL databases 

Fig. 4  MR analysis for cg10146442 and CAD

 

http://mqtldb.godmc.org.uk
http://mqtldb.godmc.org.uk
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are needed to verify our findings. In the Illumina DNA 
methylation annotation document, the genes NDUFAF1 
and SUN1 were assigned to cg18705301 and cg10146442, 
respectively. In a previously published database of 
CpG-gene transcript pairs [54], we found that the three 
CpGs were also associated with other cis-genes, e.g., 
cg10146442 associated with three nearby genes SUN1, 
DNAAF5, and GET4. Therefore, the biological pathways 
linking these CpGs to CAD need future exploration.

A previous study in 847 participants from the Genet-
ics of Lipid Lowering Drugs and Diet Network (GOLDN) 
found no significant association between TMAO levels 
and DNA methylation after correcting for epigenome-
wide tests (P < 1.1e-7) [29]. We searched the top 10 CpGs 
in the GOLDN study and found none with P < 0.05 in 
our summary statistics. The discrepancy may be due to 
the different approach for TMAO measurement, which 
in the GOLDN study was performed by proton nuclear 
magnetic resonance (NMR) spectroscopy [29], compared 
to our approach using a stable-isotope dilution assay cou-
pled with high-performance liquid chromatography. In 
addition, the GOLDN study measured DNA methylation 
from CD4 + T-cells, whereas we used whole blood DNA 
samples, suggesting tissue-specificity may affect TMAO-
related DNA methylation status. Notably, the GOLDN 
study did not simultaneously evaluate the other TMAO-
related metabolites [29], many of which showed multiple 
DNA methylation signatures. Our new results suggest 
the need for further analyses to understand factors that 
may affect the relationship between TMAO, its related 
metabolites, and DNA methylation in different cells and 
tissues.

Betaine is an essential methyl donor [74] and plays 
an important role in DNA methylation [75]. The Mel-
bourne Collaborative Cohort Study found no significant 
associations between estimated dietary betaine intake 
(based on a self-reported food frequency questionnaire) 
and DNA methylation among 5,186 adults [76]. In addi-
tion, the correlation between estimated dietary beta-
ine and plasma betaine was low (age- and sex-adjusted 
r ~ 0.1) [77], which could relate to errors in estimates of 
self-reported betaine intake, or low responsiveness of 
plasma betaine to dietary intake [78]. Reasons for the 
difference between the previous study [76] and ours are 
unclear. The finding in our MR analysis was consistent 
with a previous study demonstrating a positive associa-
tion of higher plasma betaine levels with increased CVD 
risk [79]. Nonetheless, future studies with large sample 
sizes and diverse background are warranted to validate 
our findings and to explore potential mechanisms.

Our study has several strengths. First, we used a robust 
approach to measure TMAO and TMAO-related metab-
olites. TMAO and TMAO-metabolites are commonly 
included in broad metabolomic panels. However, these 

methods reduce measurement accuracy compared with 
calibrated measurements using isotope labeled internal 
standards and methodology optimized for quantitative 
results, as is used in the present study. CHS and MESA 
have used both measurement approaches to quantify 
plasma metabolites; thus, data from these cohorts will 
provide valuable insights for future analysis. Second, 
we included a diverse sample from two well-established 
community-based cohorts. Both cohorts have collected 
and validated a comprehensive list of data (e.g., lifestyle, 
biomarkers, and clinical factors), which allowed us to 
carefully consider potential impacts of these factors in 
metabolite-CpG association analysis. For most metabo-
lite-CpG pairs, the association remained stable with addi-
tional adjustment for these factors.

Some limitations are noticed in this study. We cannot 
exclude residual confounding due to measurement errors 
or unmeasured factors. A bidirectional MR analysis may 
provide a potential causal relationship between metabo-
lites and CpGs. However, large genetic association anal-
ysis is currently lacking for metabolites measured using 
the same approach we used. Future studies are needed 
to clarify the causal relationships between metabolites 
and DNA methylation. Other limitations should also 
be considered. We found loci in which multiple CpGs 
showed concordant significance, whereas, in several loci, 
a single CpG was statistically significant. Such results 
may represent a technically false positive and valida-
tion in independent study samples is needed. Although 
we meta-analyzed cohort-specific results from CHS and 
MESA, including additional samples and external valida-
tion cohorts will strengthen our analysis. We highlighted 
a few enriched gene sets such as those from immunologic 
signatures. We conducted these enrichment analyses 
using either annotated or associated genes, which may 
not reflect the genes affected by metabolite-associated 
CpGs in our specific study participants. Therefore, these 
findings should be interpreted with caution.

In conclusion, we identified DNA methylation loci that 
were associated with TMAO and its related metabolites 
in a group of middle-aged to older adults. Our bioinfor-
matic analyses further suggest these DNA methylation 
loci may affect cardiovascular health via multiple path-
ways. Future studies with large sample sizes and diverse 
populations are needed to validate our observations and 
investigate the clinical impacts of these DNA methylation 
loci.
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