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Alcohol consumption and DNA methylation: 
an epigenome‑wide association study 
within the French E3N cohort
Dzevka Dragic1,2,3, Fanny Artaud3, Mojgan Karimi3, Thérèse Truong3, Laura Baglietto3,4, Jean‑François Deleuze5, 
Caroline Diorio1,2,6 and Gianluca Severi3,7* 

Abstract 

Background  Alcohol consumption can have harmful effects on health, depending on the quantity and frequency. 
Understanding the underlying molecular mechanisms is essential to grasp its health consequences. The study aimed 
to assess the association between alcohol consumption and blood DNA methylation, an epigenetic mechanism 
that controls gene expression.

Methods  The epigenome-wide association study (EWAS) included 1,538 women from a case-cohort study 
within the French E3N cohort. Weighted linear mixed-effects models were used to assess the associations 
between self-reported alcohol consumption (in g/day in 1993) and DNA methylation at 715,986 CpGs measured 
with the HumanMethylationEPIC Beadchip. Women were cancer-free at blood collection in 1995–1999.

Results  Of the 715,986 sites analyzed, 19,255 were associated with alcohol consumption (FDR < 0.05). Over-represen‑
tation analysis highlighted enrichment of genes involved in cancer, the nervous system and aging. Of these 19,255 
sites, 1,528 were replicated in an independent case–control study, with 85 also identified in other EWAS. Notably, 
at least six studies reported sites in SLC7A11, ANP32B, MCM2, HNRNPA1, SNORD30, and TRA2B genes.

Conclusions  Several potential methylation markers for alcohol consumption, documented prior to blood sam‑
pling, have been identified. The link between these sites and chronic diseases should be investigated to understand 
the molecular mechanisms underlying the harmful effects of alcohol consumption on health.

Keywords  Alcohol consumption, DNA methylation, Epigenetic biomarkers, Case-cohort design, Epigenome-wide 
association study
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Background
Alcohol consumption is a widespread behavior in the 
world, driven by cultural and social influences, as well 
as country-specific policies. Depending on the quantity 
and frequency of consumption, this practice can have 
numerous harmful effects on health. Indeed, epidemio-
logical studies have suggested that alcohol consumption 
is linked to an increased risk of chronic diseases such as 
cancer, cardiovascular disease, and metabolic disorders 
[1]. Yet, the underlying biological mechanisms are not 
completely well-defined. Investigating the link between 
alcohol consumption and chronic diseases at the epi-
genetic level is a promising approach to discovering 
potential targets.

DNA methylation (DNAm) is a potentially reversible 
epigenetic mechanism that plays a role in gene regula-
tion by modifying gene expression without altering the 
DNA sequence [2]. The DNAm reaction is the addition 
of a methyl group to the fifth carbon of a cytosine, mostly 
in Cytosine-phosphate-Guanine (CpG) dinucleotides. 
Apart from its hereditary nature, a large number of stud-
ies have suggested that environmental and lifestyle fac-
tors, including alcohol consumption, may have an impact 
on DNAm [3]. Alterations in DNAm caused by alcohol 
consumption can lead to changes in gene expression and 
thus contribute to the development of chronic diseases. 
Understanding the molecular mechanisms underlying 
this association is essential for gaining insight into the 
health consequences that result from alcohol consump-
tion. To study the association between alcohol con-
sumption and DNAm, the ideal study design would have 
repeated measurements of both variables available. How-
ever, obtaining multiple measurements of alcohol con-
sumption prior to blood collection is not common, and 
measuring DNAm in multiple blood samples is rare and 
often very costly.

We published a systematic literature review in 2022 on 
the association between alcohol consumption and epig-
enome-wide DNAm in blood [4]. Eleven cross-sectional 
studies published between 2015 and 2020 were included 
[5–15], and an additional study was identified after the 
databases were searched [16]. While numerous CpGs 
have been linked to alcohol consumption, only a limited 
fraction has been consistently identified across multiple 
studies. Furthermore, the literature lacks longitudinal 
studies and investigations by alcohol subtype.

The aim of this study was to assess the association 
between alcohol consumption and blood epigenome-
wide DNAm in a case-cohort design, using both total 
alcohol intake and alcohol subtypes. As we do not have 
repeated measurements to conduct longitudinal analy-
sis, we used the prospective aspect of the cohort to take 
into account the temporality of our variables of interest, 

which provides added value compared to cross-sectional 
studies.

Methods
Study population
The French E3N-Generations is a prospective familial 
cohort originating from the E3N cohort of 98,995 women 
affiliated to the MGEN, the health insurance provider for 
the national education system [17]. The present study 
focuses only on the E3N original cohort. E3N women, 
who were aged between 40 and 65 at recruitment in 
1990, are still being followed up after 30 years through 
self-reported questionnaires every 2–3 years. The aver-
age response rate for the 12 questionnaires was over 80%. 
Additionally, blood samples were collected from 23,674 
volunteers between 1995 and 1999 and stored in liquid 
nitrogen as aliquots of buffy coat, plasma, serum, and 
erythrocytes. The study received ethical approval from 
the French National Commission for Data Protection and 
Privacy (Commision Nationale Informatique et Liberté) 
and all participants gave written informed consent. The 
study identifier at ClinicalTrials.gov is NCT03285230.

A subset of participants with an available blood sample 
was selected for a case-cohort study. From the full cohort 
of participants with a blood sample available and no 
prevalent cancer at blood collection (n = 21,653 including 
1,640 incident breast cancer cases diagnosed after blood 
collection), a sub-cohort of 734 women including 33 with 
incident breast cancer was randomly selected, stratified 
on age at blood draw (in 5-years categories: [44—50[; 
[50—55[; [55—60[; [60—74[) and teaching status in 1992 
(teacher/non-teacher/missing). Among the 1,640 inci-
dent breast cancer cases, 1,059 were included (of which 
33 were part of the sub-cohort) after excluding partici-
pants without available buffy coat samples or those who 
already had DNAm data. The case-cohort study included 
1,760 women, 1,059 incident breast cancer cases and 701 
non-cases. The workflow of the case-cohort selection is 
presented in  supplementary material (Additional File 1: 
Fig. S1).

Alcohol consumption
Information on alcohol consumption was collected in 
1993 using a 238-item self-completed food frequency 
questionnaire on daily consumption [18]. Participants 
were asked to indicate the frequency of consumption (by 
ticking ‘never/less than once a month’ or indicating the 
number of times per month or per week) and quantity 
consumed (by indicating the number of glasses and spec-
ifying the type of glass using photos) for several types of 
alcohol such as beer, cider, wine/champagne, muscat/
porto/vermouth, whisky/gin/vodka, aniseed-flavored 
alcohol, cocktail/punch/kir, and digestif. Based on the 
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data collected, the total alcohol consumption was cal-
culated in grams per day [19]. We considered three sub-
types of alcohol in milliliters per day: wine/champagne, 
cider/beer, and spirits.

DNA methylation
DNA was extracted from the buffy coat of 1,760 women 
using Chemagic technology for over 76% of the samples, 
and Puregene Qiagen for the remaining samples. Differ-
ences due to the DNA extraction kit were not expected, 
as blood sample processing and sample storage have 
minimal impact on DNAm [20]. The Infinium Human-
MethylationEPIC Beadchip (Illumina, California, USA) 
was used by the French National Centre for Research on 
Human Genomics (CNRGH) in Evry, France, to measure 
methylation levels of > 850,000 CpGs in enhancer regions, 
gene bodies, promoters, and CpG islands. Samples were 
allocated on chips at random using the OSAT R package 
(version 4.1.2) and ensuring that the distribution was bal-
anced on the following variables: case/non-case status, 
time from blood sampling to breast cancer diagnosis (in 
years: [0–4[; [4–8[; [8–12[; [12–16[; [16–20[), and birth 
generation (< 1935; [1935–1940[; [1940–1945[; ≥ 1945). 
Quality control and data preprocessing were completed 
using R software version 4.2.3. Raw methylation data 
(IDAT files) were imported using the Minfi package. 
Quality control was conducted using Minfi and shiny-
Methyl packages. Samples with more than ten percent 
of failed probes (detection P value > 0.01, n = 8) or a mis-
match between predicted sex and recorded sex (n = 1) 
were excluded. Methylation data were normalized using 
preprocessIllumina from Minfi package and corrected 
for the probe design type bias using regression on corre-
lated probes (RCP) method of the ENmix package [21]. 
Then, we also excluded participants with missing data for 
alcohol consumption (n = 203) or missing data for one 
of the covariates (smoking n = 5 and body mass index 
n = 6). In total, 1,538 women (926 cases and 612 non-
cases) were included in the epigenome-wide associa-
tion study (EWAS). Probes that failed in several samples 
(mean detection P values > 0.01 across the 1,538 sam-
ples, n = 6,373), probes overlapping with single-nucle-
otide polymorphisms (SNP, n = 91,591), cross-reactive 
probes (n = 42,558) [22], and probes located on the X 
(n = 19,090) and Y (n = 537) chromosomes were filtered 
out. Out of 865,859 probes assessed by the EPIC Bead-
chip, 715,986 autosomal CpGs remained for the analyses. 
DNAm levels are frequently expressed using β-values, 
calculated from intensity measurements for unmethyl-
ated (U) or methylated (M) CpGs as β = M/(U + M + 100). 
These values are easily interpreted, with a β-value of 0 
indicating no methylation of the CpG, while a β-value 
of 1 indicates complete methylation of the CpG. In our 

analyses, we used M-values, calculated as M = log2[β/
(1-β)], as better performance in detection rate and true 
positive rate has been shown for highly methylated 
and unmethylated CpGs compared with β-values [23]. 
Before calculating M-values, β-values equal to zero were 
imputed by the minimum β-value (there were no missing 
data and no β-value equal to one).

Statistical analyses
Weighted linear mixed-effects models were used to 
assess the associations between alcohol consumption (in 
grams per day) and each CpG (n = 715,986), with DNAm 
as the dependent variable and alcohol consumption as 
the independent variable. The batch was set as a random 
effect. Models were adjusted for age and parity at recruit-
ment, body mass index in 1992 (< 18.5; [18.5–25[; ≥ 25 
kg/m2), smoking status in 1992 (never smokers; current 
smokers; former smokers), menopausal status in 1992, 
and cellular composition (CD8 + T cells, CD4 + T cells, 
natural killer cells, B cells, monocytes, and neutrophils) 
estimated with the estimateCellCounts2 function from 
FlowSorted.Blood.EPIC package [24]. Additionally, mod-
els were weighted to account for the case-cohort study 
design (specifically, weights of 1.77 [w = 1/(926/1,640)] 
were assigned to cases and 32.70 [w = 1/(612/(21,653–
1,640))] to non-cases), as recommended in a guide to 
reframing case-cohort studies to improve usability and 
flexibility [25]. This guide recommends, when assessing 
research questions not related to the outcome, including 
both cases and non-cases to increase statistical power. 
To ensure that the measured association is “case-inde-
pendent”, weights should be applied. Specifically, selected 
cases would be representative of all cases reported at 
the time the case-cohort was designed, with a weight of 
1/(number of cases included in the study/total number 
of cases in the entire cohort). Non-cases would be rep-
resentative of all individuals who had not yet developed 
breast cancer at the time the case-cohort was designed, 
with a weight of 1/(number of non-cases included in the 
study/total number of non-cases in the entire cohort). P 
values were corrected for multiple testing using the false 
discovery rate (FDR) method from Benjamini-Hochberg 
[26] and the family wise error rate (FWER) with Bonfer-
roni (0.05/715,986) [27]. CpGs with a FDR < 0.05 were 
defined as differentially methylated positions (DMP).

To assess if the education level (< High school diploma; 
High school diploma to 2-y university; > 2-y university 
diploma) was a confounding factor, we compared the 
results from the models with and without adjustment for 
education. After excluding missing data for education 
(n = 52), 1,486 participants (902 cases and 584 non-cases) 
were included in this sensitivity analysis.
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To assess whether the inclusion of cancers influenced 
the findings, we conducted sensitivity analyses on non-
cases only (no weight included in the model) and on all 
participants after removing incident breast cancer cases 
occurring within the first five years after blood collec-
tion (weights of 1.91 [w = 1/(574/1,096)] were assigned to 
cases and 32.7 to non-cases).

We also investigated associations with alcohol in cat-
egories (non-drinkers; moderate drinkers 0.1–19.9 g/day; 
heavy drinkers ≥ 20 g/day) and alcohol type in ml/day 
(wine/champagne, cider/beer or spirits).

To identify differentially methylated regions (DMR), we 
applied dmrff function on the EWAS summary statistics 
(n = 715,986 CpGs) [28]. A candidate region is composed 
of at least two CpGs with EWAS P value < 0.05, estimated 
associations in the same direction, and that are within 
1,000 bp of each other. A region was considered differen-
tially methylated if it contained more than one CpG and 
Bonferroni adjusted P value < 0.05. All analyses were con-
ducted using R version 4.2.3.

Pathway analysis
Pathway analysis was performed using the GOmeth func-
tion from the missMethyl package [29]. IlluminaHuman-
MethylationEPICanno.ilm10b4.hg19 annotation package 
was used to map each CpG to genes. A gene is consid-
ered differentially methylated if there is at least one DMP 
identified by the EWAS on alcohol consumption. The 
GOmeth method performs over-representation analysis 
that takes into account the probe number per gene and 
the CpGs that are annotated to multiple genes [30]. The 
Kyoto Encyclopedia of Genes and Genomes (KEGG) 
collection pathways were used to identify any pathway 
enriched for CpGs that achieved significance at the epi-
genome-wide threshold (FDR < 0.05). FDR was used to 
correct for multiple testing.

Validation of results
Replication analysis
We selected the CpGs with a FDR < 0.05 and conducted a 
replication analysis in an independent case–control study 
nested in the E3N cohort. Details about the case–control 
study have been published previously [31]. A total of 354 
women were included in the analysis, 177 breast cancer 
cases and 177 controls. There was no overlap with par-
ticipants in the case-cohort study. Quality control and 
DNAm data preprocessing were done identically as for 
the case-cohort study. The same statistical analysis was 
applied only on the subset of CpGs that passed epige-
nome-wide significance in the case-cohort study. Models 
were weighted to consider the case–control study design 
(weights calculated for cases as 0.16 and for non-cases as 
1.84), as described previously [32].

Comparison with literature results
In 2022, we conducted a systematic review of observa-
tional studies, published before December 2020, assess-
ing the association between alcohol consumption and 
DNAm in blood [4]. Briefly, eleven cross-sectional 
studies with a genome-wide approach were included. 
The EWAS identified between 0 and 5,458 DMPs, with 
a total of 6,873 unique DMPs. An additional cross-
sectional EWAS study was published in 2021 [16]. We 
combined the results and obtained a list of 8,856 DMPs, 
including 1,268 DMPs identified by at least two studies. 
After the exclusion of CpG specific to Illumina 450K 
Beadchip (n = 445), the reference list contained 8,411 
CpGs, with 1,197 CpGs identified by at least two stud-
ies. Regarding DMR, four studies identified between 
33 and 221 DMRs associated with alcohol consump-
tion. Available information on DMRs was reported in 
our review paper, but for one study they only reported 
the region with the smallest P value out of the 40 DMRs 
identified. We combined the results with the 536 DMRs 
identified by the study published in 2021, resulting in 
869 unique DMRs with 63 overlaps.

We investigated whether cell composition was a con-
founding factor for the overlapping CpG sites between 
our EWAS and the literature review results. For the 
selected CpGs, we compared the results of the EWAS 
on alcohol consumption (in g/day) with and without 
adjustment for cell composition.

Results
Characteristics of the study participants
The characteristics of the 1,538 participants based on 
their alcohol consumption (non-drinkers, moderate 
drinkers 0.1–19.9 g/day, and heavy drinkers ≥ 20 g/day) 
are presented in Table  1. Overall median alcohol con-
sumption was 8.3 g/day, with 157 non-drinkers (10.2%), 
1,030 moderate drinkers (67.0%), and 351 heavy drink-
ers (22.8%). Consumption was self-reported in a ques-
tionnaire completed at a median time of four years 
prior to blood collection. Participants had a median age 
at recruitment (1990) of 48.7 years, and their median 
follow-up duration was 17.8 years. Compared with 
non-drinkers, moderate drinkers, and heavy drinkers 
were less overweight (respectively, 17.7% and 18.2% 
vs 21.0%), more likely to be current smokers (respec-
tively, 12.2% and 19.7% vs 3.2%) or former smokers 
(respectively, 34.0% and 37.9% vs 21.7%), less likely to 
be in postmenopause (respectively, 45.4% and 49.9% 
vs 54.8%), more likely to be nulliparous (respectively, 
13.9% and 14.0% vs 8.3%), and had a lower education 
level (respectively, 57.6% and 54.1% vs 61.2%, ≤ 2-year 
university diploma).
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EWAS of alcohol consumption
Of the 715,986 CpGs analyzed, 453 CpGs were asso-
ciated with alcohol consumption (in g/day) at Bonfer-
roni threshold (p < 0.05/715,986) and 19,255 CpGs at 
FDR < 0.05. The 19,255 CpGs mapped to 9,039 unique 
genes. As alcohol consumption increased, 12,433 CpGs 
were less methylated, and 6,822 CpGs had higher 
methylation levels. The results are presented graphi-
cally using a Volcano plot (Fig.  1) and a Manhattan 
plot (Fig.  2). The top twenty CpGs with the lowest P 
values are listed in Table 2, while the full list of 19,255 
CpGs is reported in supplementary material  (Addi-
tional File 2: Table  S1). For all the top twenty CpGs, 

increased alcohol consumption was associated with 
hypomethylation.  

Using the 1,486 participants with complete data on 
education level (< High school diploma; High school 
diploma to 2-y university; > 2-y university diploma), we 
compared the EWAS results with and without education 
adjustment and similar results were observed (Additional 
File 1: Fig. S2).

The sensitivity analysis on non-cases only (n = 612) 
and on all participants after removing incident cancers 
occurring within the first five years after blood collection 
(n = 1,186) showed similar results to those of the EWAS 
performed on all participants for each CpG (Additional 

Table 1  Characteristics of the case-cohort study by alcohol consumption (n = 1,538)

a Median [interquartile range] for continuous variables, n (%) for categorical variables
b Age and parity were measured at recruitment in 1990

Characteristicsa Overall Alcohol consumption

0 g/day 0.1–19.9 g/day  ≥ 20 g/day

n 1538 157 1030 351

Age in 1990b (years) 48.71 [43.86, 53.75] 49.80 [44.67, 54.91] 48.13 [43.73, 53.26] 49.68 [44.36, 54.20]

Follow-up duration (years) 17.81 [12.60, 24.29] 18.98 [13.78, 24.22] 17.94 [12.47, 24.31] 17.16 [12.39, 24.14]

Time between self-reported alcohol con‑
sumption and blood collection (years)

4.00 [3.18, 4.92] 4.36 [3.60, 5.18] 3.99 [3.17, 4.91] 3.89 [3.16, 4.82]

Alcohol consumption in 1993 (g/day) 8.29 [2.12, 18.56] 0.00 [0.00, 0.00] 6.50 [2.44, 11.29] 29.86 [23.87, 38.78]

Wine/champagne (ml/day) 53.95 [7.39, 148.92] 0.00 [0.00, 0.00] 39.41 [9.85, 86.43] 260.00 [214.29, 353.82]

Cider/beer (ml/day) 0.00 [0.00, 23.57] 0.00 [0.00, 0.00] 0.00 [0.00, 21.35] 8.21 [0.00, 60.34]

Spirits (ml/day) 8.34 [1.31, 20.69] 0.00 [0.00, 0.00] 8.34 [2.63, 18.39] 20.95 [7.95, 46.11]

Body mass index in 1992 (kg/m2) 22.15 [20.70, 24.16] 21.72 [20.31, 24.46] 22.06 [20.81, 24.03] 22.31 [20.68, 24.34]

 < 18.5 51 (3.3) 8 (5.1) 33 (3.2) 10 (2.8)

[18.5–25[ 1208 (78.5) 116 (73.9) 815 (79.1) 277 (78.9)

 ≥ 25 279 (18.1) 33 (21.0) 182 (17.7) 64 (18.2)

Smoking status in 1992

Never 821 (53.4) 118 (75.2) 554 (53.8) 149 (42.5)

Current 200 (13.0) 5 (3.2) 126 (12.2) 69 (19.7)

Former 517 (33.6) 34 (21.7) 350 (34.0) 133 (37.9)

Birth generation

 < 1935 286 (18.6) 38 (24.2) 174 (16.9) 74 (21.1)

[1935–1940[ 329 (21.4) 38 (24.2) 210 (20.4) 81 (23.1)

[1940–1945[ 410 (26.7) 36 (22.9) 284 (27.6) 90 (25.6)

 ≥ 1945 513 (33.4) 45 (28.7) 362 (35.1) 106 (30.2)

Postmenopausal in 1992 729 (47.4) 86 (54.8) 468 (45.4) 175 (49.9)

Nulliparousb 205 (13.3) 13 (8.3) 143 (13.9) 49 (14.0)

Education level

 < High school diploma 155 (10.1) 15 (9.6) 114 (11.1) 26 (7.4)

High school diploma to 2-y university 724 (47.1) 81 (51.6) 479 (46.5) 164 (46.7)

 > 2-y university diploma 607 (39.5) 54 (34.4) 402 (39.0) 151 (43.0)

Missing values 52 (3.4) 7 (4.5) 35 (3.4) 10 (2.8)

Breast cancer cases 926 (60.2) 92 (58.6) 608 (59.0) 226 (64.4)

Non-cases 612 (39.8) 65 (41.4) 422 (41.0) 125 (35.6)
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File 1: Figure S3, S4). This supports that the cancer did 
not impact the findings.

When using alcohol consumption in categories (non-
drinkers; moderate drinkers 0.1–19.9 g/day; heavy drink-
ers ≥ 20 g/day), 13,101 CpGs and 13,172 CpGs were 
associated with heavy drinking and moderate drink-
ing, respectively, at FDR < 0.05. The overlap between 
the EWAS results (Fig.  3), with alcohol consumption as 
a continuous or categorical variable, is relatively small. 
There were 3,512 common CpGs between continuous 
alcohol consumption and heavy drinking, and 438 com-
mon CpGs between continuous alcohol consumption 
and moderate drinking.

When assessing the associations by alcohol subtype, 
19,632 CpGs, 13,131 CpGs, and 13,387 CpGs were asso-
ciated with wine/champagne, cider/beer, and spirits, 
respectively, at FDR < 0.05. The overlaps between the 
DMPs reported in the different EWAS are in Fig. 4. There 
were 12,884 common DMPs between total alcohol con-
sumption and wine/champagne, 1,045 common DMPs 

between total alcohol consumption and cider/beer, and 
2,108 common DMPs between total alcohol consump-
tion and spirits. Thirty CpG sites were identified in the 
four EWAS and are reported in Table 3. Additional infor-
mation (FDR for each EWAS, estimate and p value from 
the replication analysis) is provided in supplementary 
material (Additional File 1: Table S2). 

Among 102,980 candidate regions associated with 
alcohol consumption in our EWAS, 90 were DMRs. 
Table 4 contains the 90 DMRs and supplementary mate-
rial  (Additional File 2: Table  S3) details information on 
the CpGs included in the different DMR.

Pathway analysis
The 9,039 genes identified in the EWAS (from the 19,255 
DMPs) were significantly over-represented in 26 path-
ways (Table 5). These pathways highlight genes involved 
in cancer, the nervous system and aging. Results for path-
way analyses (alcohol in continuous and in categories, 
alcohol subtypes, DMPs replicated in the case–control 

Fig. 1  Volcano plot of the EWAS. The Volcano plot depicts effect estimate (mean change in methylation level, M-values, for each CpG site for one 
gram per day of alcohol consumption increase) on the x-axis and -log10(P value) on the y-axis. Single CpG sites are depicted as dots. The plain line 
corresponds to the Bonferroni threshold (P values < 6.98 × 10–8), and the dashed line corresponds to the False Discovery Rate threshold (FDR < 0.05)
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study) are in supplementary material  (Additional File 2: 
Table S4).

Validation of the results
Replication analysis
The characteristics of the 354 women included in the 
replication case–control study are presented by alcohol 
consumption in supplementary material (Additional File 
1: Table  S5). Among the 19,255 CpGs identified in our 
EWAS, 1,528 CpGs were replicated in the case–control 
study (P value < 0.05 with same direction of association). 
The 1,528 CpGs mapped to 1,163 unique genes. The top 
20 replicated CpGs are listed in Table 6 and the full list 
is in supplementary material (Additional File 2: Table S6).

Comparison with literature results
Of 8,411 DMPs identified in the literature to be associ-
ated with alcohol consumption, 591 CpGs were also 
identified in our EWAS, and 85 were replicated in the 
case–control study. When we restricted to the 1,197 
CpGs identified in at least two studies from the literature 

review, 146 CpGs overlapped with our EWAS, includ-
ing 23 replicated CpGs. Among the 146 CpGs, one was 
identified by eight studies (cg06690548), six by six stud-
ies (cg00422488, cg02578470, cg02583484, cg05512483, 
cg12825509, and cg18917643), 12 by five studies, 35 by 
four studies, and 92 by three studies. The list of CpGs 
(n = 19) identified by at least five studies is presented 
in Table  7, while the full list of the 8,411 DMPs identi-
fied in the literature is reported in supplementary mate-
rial  (Additional File 2: Table  S7) with indication of the 
studies that identified each specific DMP.

To assess if the cellular composition acts as a confound-
ing factor on alcohol-associated CpG sites, we compared 
the results with and without adjustment for cell compo-
sition for the 591 CpGs that overlapped with the previ-
ous findings in the literature and similar results were 
observed (Additional File 1: Fig. S5).

Six of the 90 DMRs identified in our analysis over-
lapped with the literature results. These DMRs are 
shown in Table  8 and are located in CPT1A, UBE2E1, 
DUSP15/TTLL9, FKBP11, CCDC106 and MATR3 genes.

Fig. 2  Manhattan plot of the EWAS on alcohol consumption. The Manhattan plot depicts the position on chromosome on the x-axis 
and -log10(P value) on the y-axis. Single CpG sites are depicted as dots. The plain line corresponds to the Bonferroni threshold (P values < 6.98 × 10–8), 
and the dashed line corresponds to the False Discovery Rate threshold (FDR < 0.05)
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Table 2  Top 20 CpG sites identified in the EWAS on alcohol consumption

Chr chromosome, CpG cytosine-phosphate-guanine
a CpG islands are regions of approximately one thousand base pairs long, enriched in CpG dinucleotides. In humans, 72% of gene promoters contain CpG islands. CpG 
can then be localized toward these islands: Island = inside the island; Shelf = 2–4 kb from the island; Shore = 0–2 kb from the island; N = upstream (5’) from the island; 
S = downstream (3’) from the island; OpenSea ≥ 4 kb from the islands
b Multiple lists of the same gene name indicate splicing variants
c Gene is divided into several regions: TSS200 = 0–200 bases upstream of the transcription start site (TSS); TSS1500 = 200–1500 bases upstream of the TSS; 5’UTR = in 
the 5’ untranslated region, between the TSS and the ATG start site; Body = between the ATG and the stop codon, regardless of the presence of introns, exons, TSS or 
promoters; 3’UTR = between the stop codon and the poly A signal

CpG Chr CpG island regiona Geneb Gene regionc Estimate Standard error P values FDR

cg13560408 14 Island C14orf174; TMED8 TSS1500; Body − 0.02475 0.00222 8.72E−28 6.24E−22

cg17037491 6 S_Shore LRRC16A Body − 0.02444 0.00239 9.50E−24 3.40E−18

cg00483526 12 S_Shore CLIP1 TSS1500 − 0.01575 0.00171 1.01E−19 2.42E−14

cg00813890 19 N_Shore TTYH1 Body − 0.01619 0.00179 3.77E−19 6.76E−14

cg14482569 11 S_Shore ZBTB44 TSS1500 − 0.01866 0.00208 9.25E−19 1.32E−13

cg13964378 13 Island BIVM; KDELC1 TSS1500; 1stExon − 0.01520 0.00171 1.69E−18 1.73E−13

cg26285350 12 OpenSea KDM2B Body − 0.01858 0.00209 1.47E−18 1.73E−13

cg00128195 10 N_Shore TET1 TSS200 − 0.01972 0.00223 2.99E−18 2.67E−13

cg21656520 2 Island RPE TSS200 − 0.01470 0.00169 8.05E−18 6.40E−13

cg01486387 16 Island KCTD13 TSS200 − 0.01398 0.00161 1.12E−17 8.03E−13

cg03431514 2 Island ZNF513 TSS200 − 0.02090 0.00242 1.42E−17 9.24E−13

cg17718679 11 Island KCNE3 TSS200 − 0.01628 0.00190 2.54E−17 1.40E−12

cg11268280 8 N_Shelf − 0.01599 0.00187 2.45E−17 1.40E−12

cg18798289 5 S_Shore − 0.01557 0.00183 3.87E−17 1.85E−12

cg03255221 20 Island SLMO2; SLMO2 5’UTR; 1stExon − 0.01430 0.00168 3.83E−17 1.85E−12

cg15945016 6 Island HIST1H4A; HIST1H3A TSS1500; TSS200 − 0.01583 0.00187 5.06E−17 2.26E−12

cg12412075 19 Island LIN7B Body − 0.01741 0.00207 9.42E−17 3.87E−12

cg08492145 7 S_Shore PTPRN2 Body − 0.01950 0.00232 9.74E−17 3.87E−12

cg03034818 11 S_Shore PEX16 TSS1500 − 0.01472 0.00176 1.61E−16 6.05E−12

cg10957984 3 S_Shore RAB43;RAB43; 
RAB43;RAB43; ISY1-
RAB43

5’UTR;TSS1500; 
TSS200;1stExon; 
Body

− 0.01525 0.00183 1.75E−16 6.25E−12

Fig. 3  Venn diagram of EWAS results, continuous and categorical variables for alcohol consumption. For alcohol in continuous, 19,255 
CpG sites were associated (FDR < 0.05). For alcohol in categories, 13,172 CpG sites were associated with moderate drinking (0.1–19.9 g/day vs 
non-drinkers) and 13,101 CpG sites were associated with heavy drinking (≥ 20 g/day vs non-drinkers)



Page 9 of 18Dragic et al. Clinical Epigenetics          (2025) 17:118 	

Discussion
Our study identified 19,255 CpGs associated with alcohol 
consumption (12,433 hypomethylated and 6,822 hyper-
methylated with increased alcohol consumption) and the 
over-representation analysis of the 9,039 associated genes 
highlighted enrichment of genes involved in cancer, the 
nervous system and aging. The associations were also 
investigated with alcohol in categories (non-drinkers; 
moderate drinkers 0.1–19.9 g/day; heavy drinkers ≥ 20 g/
day) and alcohol type in ml/day (wine/champagne, cider/
beer or spirits). Overlaps in EWAS results were greater 
between the continuous variable and the subset of heavy 
drinkers within the categorical variable, and between 
total alcohol consumption and wine/champagne con-
sumption. Of the 19,255 CpGs, 1,528 were replicated in 
the case–control study (1,260 hypomethylated and 268 
hypermethylated). At the region level, we identified 90 
DMRs (88 hypomethylated and two hypermethylated).

Among the 1,528 replicated CpGs, 85 were also found 
in other studies included in our systematic review of the 
literature. Of the 90 DMRs, six overlapped with DMRs 
reported in the literature.

Several CpGs have been associated with alcohol con-
sumption in the literature, and 19 CpGs were consist-
ently identified in at least five studies (including our 
EWAS). Differences between studies may be explained 
by differences between countries in the types of alco-
hol consumed, the quantity of alcohol consumed (E3N 
women tended to consume less alcohol than in other 
studies), the difference in the women/men proportion, 
and the consideration of temporality between alcohol 
consumption and DNAm measurements (the studies in 
the review were cross-sectional). Although we still lack 
longitudinal analyses, several CpGs have been identi-
fied in multiple EWAS, including ours that has consid-
ered temporality (alcohol consumption was self-reported 

with a median time of four years prior to blood collec-
tion), and have been replicated in a longitudinal analysis 
conducted by Dugué et al. [5]. Higher alcohol consump-
tion was consistently associated with the hypomethyla-
tion of DNAm sites located in the solute carrier family 
7 member 11 SLC7A11 (cg06690548), the heterogeneous 
nuclear ribonucleoprotein A1 HNRNPA1 (cg02583484), 
the acidic nuclear phosphoprotein 32 family member B 
ANP32B (cg00422488), the phosphoglycerate dehydroge-
nase PHGDH (cg16246545), the minichromosome main-
tenance complex component 2 MCM2 (cg02578470), the 
carnitine palmitoyltransferase 1A CPT1A (cg17058475 
and cg09737197), the ETS variant transcription fac-
tor 6 ETV6 (cg18763536), the small nucleolar RNA C/D 
box  30 SNORD30 (cg05512483); the LSM14A mRNA 
processing body assembly factor LSM14A (cg03339609); 
the cell division cycle 7 CDC7 (cg03260624); the LIM 
domain binding 2 LDB2 (cg04460609); the leucine 
rich repeat containing 8 VRAC subunit D LRRC8D 
(cg06983052) genes and another location outside known 
genes (cg14482712). These genes are involved in vari-
ous cellular processes, such as cell growth and/or death 
for SLC7A11 [33], MCM2 [34], and ANP32B [35]; and 
amino acid transport for SLC7A11 (cystine/glutamate 
antiporter [36]). Additionally, they play roles in metabo-
lism, including amino acid metabolism for PHGDH [37] 
and lipid metabolism for CPT1A [38]. These genes are 
also involved in genetic information processing, such 
as transcription and messenger RNA biogenesis for 
ANP32B [39] and HNRNPA1 [40], replication and repair 
for MCM2 [41], and transcription factor for ETV6 [42]. 
Moreover, they have implications in various human dis-
eases, including neurodegenerative disease (SLC7A11 
[43, 44], PHGDH [45], HNRNPA1 [46–48]), endocrine 
and metabolic disease (CPT1A [49, 50]), infectious dis-
eases (SLC7A11 [51], HNRNPA1 [52], ANP32B [53], 

Fig. 4  Venn diagram of EWAS results by alcohol subtype. For alcohol in continuous, 19,255 CpG sites were associated (FDR < 0.05). In total, 
19,632 CpGs, 13,131 CpGs, and 13,387 CpGs were associated with wine/champagne, cider/beer, and spirits, respectively, at FDR < 0.05
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MCM2 [54], CPT1A [55]), and cancer (SLC7A11 [56–
58], HNRNPA1 [59, 60], ANP32B [61], PHGDH [62, 63], 
MCM2 [64], CPT1A [65], ETV6 [66–68]). Overall, altera-
tions in these pathways could contribute to immune sys-
tem dysregulation and alcohol-related diseases. Chronic 
ethanol exposure disrupts multiple metabolic path-
ways, including methionine metabolism and glutathione 

synthesis [69], leading to profound effects on DNAm and 
immune system regulation. Exposure to ethanol disrupts 
methionine metabolism, resulting in reduced produc-
tion of S-adenosylmethionine (SAMe), a methyl group 
donor for DNA and histone methylation processes [70]. 
This dysregulated methylation pattern contributes to 
altered gene expression and cellular processes, such as 

Table 3  Overlap of CpG sites (n = 30) associated with alcohol consumption in EWAS on total alcohol consumption and by alcohol 
subtype

In bold, the three CpGs were also identified in the replication analysis

Chr chromosome, CpG cytosine-phosphate-guanine
a CpG islands are regions of approximately one thousand base pairs long, enriched in CpG dinucleotides. In humans, 72% of gene promoters contain CpG islands. CpG 
can then be localized toward these islands: Island = inside the island; Shelf = 2–4 kb from the island; Shore = 0–2 kb from the island; N = upstream (5’) from the island; 
S = downstream (3’) from the island; OpenSea ≥ 4 kb from the islands
b Multiple lists of the same gene name indicate splicing variants
c Gene is divided into several regions: TSS200 = 0–200 bases upstream of the transcription start site (TSS); TSS1500 = 200–1500 bases upstream of the TSS; 5’UTR = in 
the 5’ untranslated region, between the TSS and the ATG start site; Body = between the ATG and the stop codon, regardless of the presence of introns, exons, TSS or 
promoters; 3’UTR = between the stop codon and the poly A signal

CpG Chr CpG island 
regiona

Geneb Gene regionc Estimate alcohol Estimate 
wine/
champagne

Estimate cider/
beer

Estimate spirits

cg10068417 13 N_Shore − 0.00284 − 0.00034 0.00044 − 0.00162

cg03947478 16 OpenSea DHX38 Body − 0.00311 − 0.00027 − 0.00040 − 0.00142

cg17900884 1 Island ICMT TSS200 − 0.05540 − 0.00442 − 0.00745 − 0.02031

cg21383891 17 Island SLFN5 TSS1500 − 0.02341 − 0.00158 − 0.00572 − 0.00701

cg08096725 12 OpenSea − 0.00402 − 0.00031 − 0.00052 − 0.00227

cg26022608 1 OpenSea SORT1;SORT1 Body;5’UTR​ − 0.00436 − 0.00033 − 0.00067 − 0.00209

cg15193215 6 OpenSea GMDS Body − 0.00475 − 0.00039 − 0.00068 − 0.00217

cg00877958 16 S_Shelf 0.00563 0.00044 0.00062 0.00269

cg18003513 11 OpenSea ME3 Body − 0.00401 − 0.00033 − 0.00050 − 0.00181

cg20477849 12 OpenSea 0.00548 0.00041 0.00077 0.00285

cg17988326 1 OpenSea RIMS3 3’UTR​ 0.00262 0.00019 0.00038 0.00137

cg12072973 1 Island PLEKHO1 TSS1500 − 0.00623 − 0.00048 − 0.00078 − 0.00297

cg12309550 10 N_Shelf ZNF248 Body − 0.02577 − 0.00149 − 0.00617 − 0.01239

cg06690548 4 OpenSea SLC7A11 Body − 0.00558 − 0.00042 − 0.00070 − 0.00249
cg10852320 5 S_Shelf − 0.00353 − 0.00028 − 0.00047 − 0.00162

cg01378578 1 Island PFKFB2 5’UTR​ − 0.00565 − 0.00040 − 0.00078 − 0.00332

cg07366967 14 OpenSea EXD2 TSS1500 − 0.00399 − 0.00031 − 0.00055 − 0.00194

cg15835363 15 OpenSea STARD9 Body − 0.00541 − 0.00043 − 0.00052 − 0.00332
cg22862466 1 S_Shelf IBA57 Body − 0.00319 − 0.00024 − 0.00042 − 0.00159

cg24993742 2 OpenSea NCK2 5’UTR​ − 0.01504 − 0.00114 − 0.00209 − 0.00823

cg03976151 21 OpenSea 0.00710 0.00056 0.00098 0.00363

cg15072822 6 S_Shore − 0.00446 − 0.00034 − 0.00056 − 0.00212

cg02513673 9 Island − 0.00238 − 0.00018 − 0.00029 − 0.00109

cg10564845 10 OpenSea DOCK1 Body − 0.01155 − 0.00085 − 0.00141 − 0.00675

cg19856273 1 N_Shore C1orf190; 
POMGNT1

TSS1500; Body − 0.00584 − 0.00039 − 0.00097 − 0.00418

cg13615100 15 OpenSea TRPM1 5’UTR​ − 0.00668 − 0.00053 − 0.00095 − 0.00294

cg02433086 10 N_Shelf PIK3AP1 Body − 0.00297 − 0.00022 − 0.00041 − 0.00190
cg00099664 12 OpenSea 0.00724 0.00053 0.00080 0.00502

cg17907457 1 OpenSea HS2ST1 Body − 0.00379 − 0.00029 − 0.00053 − 0.00208

cg24532514 14 OpenSea 0.00542 0.00040 0.00076 0.00304
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Table 4  Differentially methylated regions associated with alcohol consumption

Chr Start End n Estimate Standard error P values Bonferroni Gene

2 219,262,936 219,263,149 2 − 0.00953 0.00127 4.98E−14 4.84E−08 CTDSP1

6 32,162,755 32,163,348 4 − 0.00612 0.00084 2.52E−13 2.45E−07 GPSM3;NOTCH4

11 68,607,257 68,608,225 6 − 0.00713 0.00100 1.10E−12 1.07E−06 CPT1A

7 37,472,663 37,473,895 4 − 0.00546 0.00080 6.69E−12 6.50E−06 ELMO1

19 48,673,765 48,673,767 2 − 0.00837 0.00129 8.25E−11 8.02E−05 LIG1;C19orf68

3 172,468,378 172,468,381 2 − 0.00875 0.00136 1.29E−10 1.26E−04 ECT2

14 58,711,098 58,711,122 2 − 0.00803 0.00127 2.60E−10 2.53E−04 PSMA3

9 34,457,129 34,458,458 5 − 0.00609 0.00097 3.12E−10 3.03E−04 C9orf25;DNAI1

1 161,719,820 161,719,982 2 − 0.00777 0.00124 3.44E−10 3.34E−04 DUSP12

1 24,127,177 24,127,242 3 − 0.00702 0.00112 3.71E−10 3.61E−04 GALE

9 139,875,200 139,875,581 2 0.00575 0.00092 4.94E−10 4.80E−04 PTGDS

19 56,159,710 56,159,817 2 − 0.00896 0.00145 6.08E−10 5.91E−04 CCDC106

1 93,300,695 93,302,167 6 − 0.00575 0.00093 6.73E−10 6.54E−04 SNORD21;RPL5;FAM69A

15 91,162,876 91,163,732 2 − 0.00658 0.00107 7.39E−10 7.18E−04 CRTC3;CRTC3-AS1

3 187,685,951 187,686,918 2 − 0.00480 0.00078 7.42E−10 7.21E−04

15 52,860,841 52,861,038 2 − 0.00617 0.00101 9.06E−10 8.80E−04 ARPP19

11 8,008,592 8,008,752 4 − 0.00448 0.00073 1.03E−09 1.00E−03 EIF3F

8 96,084,821 96,085,994 7 − 0.00611 0.00100 1.08E−09 1.05E−03 MIR3150B

2 240,230,892 240,231,055 2 − 0.00920 0.00151 1.09E−09 1.05E−03 HDAC4

12 56,508,205 56,510,114 7 − 0.00481 0.00079 1.18E−09 1.15E−03 RPL41

13 73,355,953 73,355,978 2 − 0.00783 0.00129 1.37E−09 1.33E−03 DIS3;PIBF1

9 130,689,862 130,692,341 8 − 0.00465 0.00077 1.73E−09 1.68E−03 PIP5KL1

1 179,555,658 179,555,999 3 0.00758 0.00127 2.31E−09 2.25E−03

4 25,862,037 25,863,659 6 − 0.00457 0.00077 2.51E−09 2.44E−03 SEL1L3

20 30,458,515 30,459,158 7 − 0.00423 0.00071 2.52E−09 2.45E−03 DUSP15;TTLL9

6 133,563,764 133,564,066 4 − 0.00531 0.00090 3.00E−09 2.92E−03 EYA4

1 11,120,546 11,120,633 2 − 0.00821 0.00139 3.13E−09 3.04E−03 SRM

8 141,520,003 141,520,726 3 − 0.00660 0.00112 3.36E−09 3.27E−03 CHRAC1

1 32,083,460 32,084,329 6 − 0.00432 0.00073 3.73E−09 3.63E−03 HCRTR1

4 122,685,145 122,685,423 3 − 0.00750 0.00127 3.86E−09 3.75E−03 TMEM155;LOC100192379

12 49,318,784 49,319,673 13 − 0.00515 0.00088 4.59E−09 4.46E−03 FKBP11

5 138,634,374 138,634,507 2 − 0.00825 0.00141 4.68E−09 4.55E−03 MATR3

3 23,851,358 23,851,386 2 − 0.00833 0.00142 4.77E−09 4.64E−03 UBE2E1

17 55,938,871 55,938,940 2 − 0.00806 0.00138 4.95E−09 4.81E−03

19 44,124,409 44,124,666 2 − 0.00816 0.00140 5.04E−09 4.90E−03 ZNF428

17 46,507,705 46,507,754 2 − 0.00691 0.00118 5.54E−09 5.39E−03 SKAP1

3 14,990,466 14,991,006 2 − 0.00813 0.00139 5.67E−09 5.51E−03 NR2C2;FGD5-AS1

13 103,426,299 103,427,172 9 − 0.00404 0.00069 5.94E−09 5.77E−03 C13orf27;TEX30

12 127,544,951 127,545,259 3 − 0.00638 0.00110 6.12E−09 5.94E−03

3 180,707,907 180,708,442 2 − 0.00765 0.00132 6.29E−09 6.11E−03 DNAJC19

1 111,747,324 111,748,053 3 − 0.00525 0.00091 6.87E−09 6.68E−03 DENND2D

4 82,393,562 82,394,151 3 − 0.00678 0.00117 7.33E−09 7.12E−03 RASGEF1B

9 37,593,003 37,594,221 5 − 0.00549 0.00095 8.30E−09 8.07E−03 TOMM5

10 33,294,599 33,294,889 4 − 0.00689 0.00120 8.30E−09 8.07E−03

2 205,130,274 205,130,924 2 0.00635 0.00111 9.02E−09 8.77E−03

3 140,770,617 140,770,683 2 − 0.00819 0.00143 9.03E−09 8.78E−03 SPSB4

11 67,980,788 67,980,797 2 − 0.00777 0.00135 9.17E−09 8.91E−03 SUV420H1

21 31,971,808 31,972,257 2 0.00699 0.00122 9.28E−09 9.02E−03 KRTAP6-2

6 36,165,010 36,165,021 2 − 0.00761 0.00133 9.29E−09 9.03E−03 BRPF3
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cell growth, apoptosis, and stress response. Furthermore, 
ethanol-induced reduction in glutathione levels increases 
oxidative stress, resulting in DNA damage and further 
dysregulation of immune function [71]. The interaction 
between ethanol metabolism, DNAm, and immune sys-
tem dysregulation highlights the complex mechanisms 

underlying alcohol-related diseases, including neuro-
degenerative disorders, metabolic diseases, and cancer. 
A growing body of evidence supports the implication of 
these interactions in the pathogenesis and progression of 
alcohol-associated health conditions. It has been reported 
that PHGDH interacts with an RNA-binding protein to 

Table 4  (continued)

Chr Start End n Estimate Standard error P values Bonferroni Gene

8 28,196,926 28,198,639 5 0.00340 0.00059 1.06E−08 1.03E−02 PNOC

17 80,561,982 80,563,734 7 − 0.00453 0.00079 1.07E−08 1.04E−02 FOXK2

10 93,168,950 93,169,801 4 − 0.00530 0.00093 1.08E−08 1.05E−02 HECTD2;HECTD2-AS1; LOC100188947

10 102,447,466 102,447,999 3 − 0.00617 0.00108 1.13E−08 1.10E−02

1 207,226,824 207,227,076 3 − 0.00620 0.00109 1.22E−08 1.18E−02 PFKFB2

19 18,496,953 18,497,143 4 − 0.00726 0.00129 1.65E−08 1.60E−02 GDF15

16 419,975 420,627 7 − 0.00595 0.00105 1.66E−08 1.61E−02 MRPL28

16 80,574,999 80,575,548 3 − 0.00595 0.00105 1.67E−08 1.62E−02 DYNLRB2;LOC102724084

19 55,790,889 55,790,967 2 − 0.00955 0.00170 1.83E−08 1.78E−02 HSPBP1

2 198,061,578 198,063,653 6 − 0.00404 0.00072 1.83E−08 1.78E−02 ANKRD44

2 232,275,105 232,275,714 2 − 0.00719 0.00128 2.06E−08 2.00E−02

1 151,738,470 151,738,555 2 − 0.00760 0.00136 2.19E−08 2.12E−02 OAZ3

10 16,561,605 16,562,470 3 − 0.00735 0.00131 2.22E−08 2.15E−2 C1QL3

12 128,796,292 128,796,424 2 − 0.00762 0.00137 2.36E−08 2.30E−02 TMEM132C

5 132,948,256 132,948,515 3 − 0.00592 0.00106 2.38E−08 2.31E−02 FSTL4

14 75,593,085 75,593,334 2 − 0.00820 0.00147 2.42E−08 2.35E−02 NEK9

8 145,747,659 145,747,739 2 − 0.00738 0.00132 2.47E−08 2.40E−02 LRRC14

1 229,543,254 229,543,603 3 − 0.00663 0.00119 2.54E−08 2.47E−02

16 89,048,369 89,048,433 2 − 0.00780 0.00140 2.56E−08 2.48E−02

2 114,256,394 114,256,406 2 − 0.00795 0.00143 2.78E−08 2.70E−02 FOXD4L1

16 29,674,959 29,674,972 2 0.00788 0.00142 2.82E−08 2.74E−02 SPN

6 33,420,805 33,421,468 3 − 0.00505 0.00091 2.97E−08 2.88E−02 SYNGAP1;ZBTB9

1 154,237,531 154,238,234 2 − 0.00413 0.00075 3.01E−08 2.93E−02 UBAP2L

10 134,663,864 134,664,800 6 − 0.00483 0.00087 3.11E−08 3.02E−02 CFAP46

11 73,471,141 73,471,500 2 − 0.00613 0.00111 3.23E−08 3.14E−02 RAB6A

3 44,689,721 44,690,012 2 − 0.00667 0.00121 3.24E−08 3.15E−02 ZNF197;ZNF35

12 111,619,455 111,620,199 2 − 0.00481 0.00087 3.24E−08 3.15E−02 CUX2

20 62,693,971 62,694,000 3 − 0.00869 0.00157 3.37E−08 3.28E−02 TCEA2

4 38,806,025 38,807,382 8 − 0.00404 0.00073 3.54E−08 3.44E−02 TLR1

4 89,567,955 89,568,662 2 − 0.00439 0.00080 3.62E−08 3.52E−02 HERC3

4 122,744,832 122,744,995 2 − 0.00686 0.00125 3.84E−08 3.74E−02 CCNA2

19 45,901,567 45,901,649 2 − 0.00898 0.00164 4.14E−08 4.02E−02 PPP1R13L

2 220,109,169 220,109,426 2 0.00643 0.00117 4.22E−08 4.10E−02 GLB1L;STK16

5 90,523,511 90,524,312 2 0.00663 0.00121 4.31E−08 4.19E−02

17 29,297,941 29,298,832 5 − 0.00435 0.00079 4.38E−08 4.25E−02 RNF135

13 107,569,698 107,570,209 4 − 0.00533 0.00098 4.59E−08 4.46E−02

7 18,067,533 18,067,535 2 − 0.00811 0.00149 4.86E−08 4.72E−02 PRPS1L1

2 70,781,256 70,781,287 2 − 0.00752 0.00138 4.97E−08 4.83E−02 TGFA

16 733,842 734,426 4 − 0.00570 0.00105 5.02E−08 4.88E−02 JMJD8

7 36,192,835 36,193,115 3 − 0.00597 0.00110 5.02E−08 4.88E−02 EEPD1

6 91,004,430 91,004,452 2 − 0.00803 0.00147 5.04E−08 4.89E−02 BACH2

Chr chromosome, DMR differentially methylated region, n number of CpG sites in the DMR
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upregulate SLC7A11 expression, leading to inhibition 
of ferroptosis and promoting malignant progression of 
bladder cancer [72]. The SLC7A11 protein is a cystine/
glutamate antiporter responsible for importing cystine, 
one of the three essential amino acids for glutathione bio-
synthesis and antioxidant defense. Additionally, a study 
highlighted a positive correlation between SLC7A11 and 
other amino acid transporters and enzymes involved in 
glutamine metabolism, suggesting a collaborative role in 
metabolic regulation [58]. An extensive review reported 
that increased expression of SLC7A11 suppresses ferrop-
tosis and promotes tumor development [56].

There are limitations to this study. The CpG cg02711608 
in the SLC1A5 gene associated with alcohol consump-
tion in multiple studies was not included in our analysis 
because it contained a common SNP (rs76693964). The 
methylation levels of CpGs near SNPs can be the reflec-
tion of underlying genetic polymorphisms; hence, it 
has been suggested that they be removed prior to data 
analysis [22, 73]. There could also be residual confound-
ing resulting from the unavailability of direct measures 

of the cellular composition of the blood samples and 
information bias due to the self-reported nature of alco-
hol consumption (social desirability bias and recall bias). 
Nevertheless, the sensitivity analysis showed similar 
results for models with and without adjustment for cell 
composition. Moreover, the time gap between the assess-
ment of alcohol consumption (1993) and blood sam-
ple collection (1995–1999) could influence the results if 
drinking habits changed significantly during this period. 
However, these temporal differences are also inher-
ent in longitudinal studies and still represent an added 
value compared to cross-sectional studies. We could not 
exclude residual confounding from adjusting for smok-
ing status only, which does not take into account the dose 
and duration of smoking. Additionally, these associations 
were estimated solely in a population of mostly Cauca-
sian origin and may not be generalizable to other ethnic 
groups.

However, this study has four main strengths. First, 
the use of a case-cohort design offers several advan-
tages in cohort studies. For example, it enables multiple 

Table 5  Gene over-representation analysis using KEGG pathways collection

N number of genes in the KEGG term, DE number of genes that are differentially methylated

KEGG pathway id Classification Description N DE P values FDR

hsa05212 Cancer Pancreatic cancer 73 54 1.05E−04 1.57E−02

hsa05221 Cancer Acute myeloid leukemia 63 47 1.85E−04 1.57E−02

hsa04724 Nervous system Glutamatergic synapse 114 80 1.89E−04 1.57E−02

hsa05220 Cancer Chronic myeloid leukemia 74 54 2.29E−04 1.57E−02

hsa04015 Signal transduction Rap1 signaling pathway 207 133 3.55E−04 1.57E−02

hsa05166 Infectious disease: viral Human T-cell leukemia virus 1 infection 214 130 3.66E−04 1.57E−02

hsa05200 Cancer Pathways in cancer 513 293 3.91E−04 1.57E−02

hsa04910 Endocrine system Insulin signaling pathway 131 85 4.12E−04 1.57E−02

hsa04722 Nervous system Neurotrophin signaling pathway 114 77 4.27E−04 1.57E−02

hsa04213 Aging Longevity regulating pathway—multiple species 60 44 4.38E−04 1.57E−02

hsa05203 Cancer Viral carcinogenesis 187 110 7.36E−04 2.23E−02

hsa04010 Signal transduction MAPK signaling pathway 287 175 7.44E−04 2.23E−02

hsa04310 Signal transduction Wnt signaling pathway 168 108 9.46E−04 2.61E−02

hsa04919 Endocrine system Thyroid hormone signaling pathway 117 79 1.03E−03 2.63E−02

hsa05215 Cancer Prostate cancer 94 64 1.11E−03 2.64E−02

hsa04750 Sensory system Inflammatory mediator regulation of TRP channels 97 66 1.18E−03 2.64E−02

hsa04218 Cell growth and death Cellular senescence 153 95 1.51E−03 2.95E−02

hsa04520 Cellular community Adherens junction 92 63 1.56E−03 2.95E−02

hsa04211 Aging Longevity regulating pathway 88 60 1.63E−03 2.95E−02

hsa05031 Substance dependence Amphetamine addiction 66 46 1.64E−03 2.95E−02

hsa04148 Transport and catabolism Efferocytosis 152 95 1.88E−03 3.20E−02

hsa04014 Signal transduction Ras signaling pathway 227 137 1.96E−03 3.20E−02

hsa04726 Nervous system Serotonergic synapse 108 67 2.12E−03 3.31E−02

hsa04510 Cellular community Focal adhesion 194 123 3.29E−03 4.89E−02

hsa04725 Nervous system Cholinergic synapse 113 74 3.49E−03 4.89E−02

hsa04210 Cell growth and death Apoptosis 131 78 3.54E−03 4.89E−02
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outcomes to be studied (unlike the case–control design) 
using the same sub-cohort, which improves the cost-
effectiveness of longitudinal epidemiological investiga-
tions. This design is not frequently used in literature, 
but it could be of great interest, especially for omics 
studies [25]. However, this design is not without limita-
tions. It may be prone to selection bias if the sub-cohort 
is not representative of the entire cohort, and there is 
also a risk of confounding bias if certain variables are 
not adequately controlled for. To mitigate these limita-
tions, participants were randomly selected and stratified 
on key characteristics to ensure that the selection is as 
representative as possible of the entire cohort. Addition-
ally, we constructed a directed acyclic graph to identify 
potential confounding factors. Finally, with this design 
data analysis requires more complex statistical methods 
that are now well established but may be more challeng-
ing in specific situations. The weights used in our study, 
designed to correct the over-representation of cases, may 
influence the results. As the weighting of non-cases was 
considerably greater than that of cases, the influence of 

non-cases is more important on the study results. While 
this was necessary to balance the selection bias inherent 
in the study design, it also means that the estimated asso-
ciation between alcohol consumption and DNAm may be 
more strongly influenced by non-cases. Thus, while the 
case-cohort design presents some challenges, its cost-
effectiveness is a significant advantage, especially in epi-
genetic studies, which are often expensive. This makes 
it a valuable tool in epidemiological research. Second, 
even if we did not have repeated measures for alcohol 
consumption or DNAm, we reduced the possibility of 
inverse causality bias by exploiting the prospective design 
of the cohort and considering the temporality of our 
variables of interest. The alcohol consumption was col-
lected in 1993 and reflected the consumption in the past 
year, DNAm was measured in blood samples collected 
between 1995 and 1999, and covariates were measured 
at baseline (age and parity) or in 1992 (body mass index, 
smoking, and menopausal status). However, it is impor-
tant to note that while this design helps clarify the tem-
poral relationships between variables, the possibility that 

Table 6  Top 20 replicated CpG sites in the case–control study

Chr chromosome, CpG cytosine-phosphate-guanine
a CpG islands are regions of approximately one thousand base pairs long, enriched in CpG dinucleotides. In humans, 72% of gene promoters contain CpG islands. CpG 
can then be localized toward these islands: Island = inside the island; Shelf = 2–4 kb from the island; Shore = 0–2 kb from the island; N = upstream (5’) from the island; 
S = downstream (3’) from the island; OpenSea ≥ 4 kb from the islands
b Multiple lists of the same gene name indicate splicing variants
c Gene is divided into several regions: TSS200 = 0–200 bases upstream of the transcription start site (TSS); TSS1500 = 200–1500 bases upstream of the TSS; 5’UTR = in 
the 5’ untranslated region, between the TSS and the ATG start site; Body = between the ATG and the stop codon, regardless of the presence of introns, exons, TSS or 
promoters; 3’UTR = between the stop codon and the poly A signal

CpG Chr CpG island regiona Geneb Gene regionc Estimate Standard error P values

cg12388309 20 Island PAK7 TSS200 − 0.03532 0.00569 1.60E−09

cg15123817 13 Island PDS5B TSS200 − 0.04230 0.00694 3.04E−09

cg09892390 10 Island ARHGAP21 TSS1500 − 0.03324 0.00553 4.75E−09

cg04477202 2 Island SPAST Body − 0.01331 0.00238 4.74E−08

cg14295187 2 Island MDH1;WDPCP; WDPCP;MDH1 TSS1500;1stExon; 5’UTR;TSS200 − 0.04906 0.00882 5.46E−08

cg02477200 10 Island HECTD2;HECTD2; HECTD2;HECTD2-
AS1

5’UTR;1stExon; Body;Body − 0.02767 0.00523 2.19E−07

cg01738152 17 S_Shore FMNL1 Body − 0.02523 0.00491 4.61E−07

cg16021609 15 OpenSea PARP6 5’UTR​ − 0.00824 0.00165 9.26E−07

cg21912872 12 OpenSea DYRK2 3’UTR​ − 0.00500 0.00101 1.08E−06

cg10403753 19 OpenSea PINLYP;PINLYP Body;TSS200 − 0.04482 0.00906 1.21E−06

cg27302585 20 OpenSea DHX35 Body − 0.00484 0.00100 1.80E−06

cg24705741 12 Island − 0.02292 0.00478 2.45E−06

cg25537033 7 N_Shore SDK1;SDK1 TSS200;Body − 0.02664 0.00557 2.60E−06

cg20090464 16 Island CCDC102A TSS200 − 0.02338 0.00489 2.62E−06

cg17163592 21 N_Shelf U2AF1;U2AF1 5’UTR;Body − 0.00457 0.00096 2.95E−06

cg08755040 1 Island QSOX1 Body − 0.03634 0.00765 3.00E−-06

cg05489160 16 OpenSea KARS Body − 0.00597 0.00126 3.16E−06

cg04111761 3 OpenSea CCR3 TSS1500 − 0.00560 0.00119 3.45E−06

cg00253735 1 OpenSea CTSK 5’UTR​ − 0.01240 0.00267 4.76E−06

cg17575972 22 OpenSea − 0.00981 0.00212 5.22E−06
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Table 7  List of DMPs associated with alcohol consumption in our EWAS and at least four other EWAS

Chr chromosome, CpG cytosine-phosphate-guanine; n: number of studies that identified the CpG site (including our EWAS)
a CpG islands are regions of approximately one thousand base pairs long, enriched in CpG dinucleotides. In humans, 72% of gene promoters contain CpG islands. CpG 
can then be localized toward these islands: Island = inside the island; Shelf = 2–4 kb from the island; Shore = 0–2 kb from the island; N = upstream (5’) from the island; 
S = downstream (3’) from the island; OpenSea ≥ 4 kb from the islands
b Multiple lists of the same gene name indicate splicing variants
c Gene is divided into several regions: TSS200 = 0–200 bases upstream of the transcription start site (TSS); TSS1500 = 200–1500 bases upstream of the TSS; 5’UTR = in 
the 5’ untranslated region, between the TSS and the ATG start site; Body = between the ATG and the stop codon, regardless of the presence of introns, exons, TSS or 
promoters; 3’UTR = between the stop codon and the poly A signal
d Replicated in the case–control study
* CpG sites with the same direction of association as the EWAS but a p value > 0.05

CpG Chr CpG island regiona Geneb Gene regionc Replicatedd n Replicated in longitudinal 
analysis by Dugué et al. [5]

cg06690548 4 OpenSea SLC7A11 Body Yes 8 Yes

cg02583484 12 S_Shelf HNRNPA1; HNRPA1L-2 Body; Body Yes 6 Yes

cg05512483 11 N_Shore SNORD30;SNORD22; 
SNORD29;SNORD31; 
SNHG1

TSS1500;TSS1500; 
TSS1500;TSS1500; 
Body

No 6 Yes

cg00422488 9 Island ANP32B Body No 6 Yes

cg12825509 3 OpenSea TRA2B Body No* 6 No

cg18917643 5 OpenSea No* 6 No

cg02578470 3 N_Shelf MCM2 Body No* 6 Yes

cg17058475 11 N_Shore CPT1A 5’UTR​ No* 5 Yes

cg09737197 11 N_Shore CPT1A 5’UTR​ Yes 5 No

cg16246545 1 S_Shore PHGDH Body No 5 Yes

cg19731612 5 Island NSD1 TSS1500 No 5 No

cg03339609 19 N_Shore LSM14A TSS1500 No* 5 Yes

cg03260624 1 S_Shelf CDC7 Body No* 5 Yes

cg18763536 12 OpenSea ETV6 Body Yes 5 Yes

cg04460609 4 OpenSea LDB2 Body No* 5 Yes

cg05603985 1 Island SKI 1stExon No 5 No

cg06983052 1 S_Shore LRRC8D 5’UTR​ No* 5 Yes

cg14482712 15 OpenSea No* 5 Yes

cg24135793 19 Island NFIX Body No* 5 No

Table 8  Overlap between DMRs identified in the EWAS on alcohol consumption and DMRs reported in the literature

Bp base pair, Chr chromosome, n number of probes in the differentially methylated region

Overlap id Study Chr Start End n Width in bp Direction Gene

1 Lohoff 2021 [16] 3 23,851,358 23,851,961 8 604 Hypomethylated Not reported

1 Dragic 2025 (present study) 3 23,851,358 23,851,386 2 29 Hypomethylated UBE2E1

2 Dugué 2019 [5] 6 30,457,711 30,460,798 44 3088 Hypomethylated HLA-E

2 Dragic 2025 (present study) 20 30,458,515 30,459,158 7 644 Hypomethylated DUSP15;TTLL9

3 Dragic 2025 (present study) 12 49,318,784 49,319,673 13 Hypomethylated FKBP11

3 Perrier 2019 [11] 12 49,319,500 49,319,673 3 Hypermethylated FKBP11

4 Dugué 2019 [5] 19 56,158,209 56,160,065 12 1857 Hypomethylated CCDC106

4 Dragic 2025 (present study) 19 56,159,710 56,159,817 2 108 Hypomethylated CCDC106

5 Dugué 2019 [5] 11 68,606,654 68,608,813 9 2160 Hypomethylated CPT1A

5 Dragic 2025 (present study) 11 68,607,257 68,608,225 6 969 Hypomethylated CPT1A

5 Lohoff 2021 [16] 11 68,607,622 68,607,737 4 116 Hypomethylated Not reported

6 Lohoff 2021[16] 5 138,634,374 138,634,507 2 134 Hypomethylated Not reported

6 Dragic 2025 (present study) 5 138,634,374 138,634,507 2 134 Hypomethylated MATR3
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DNAm could influence alcohol consumption cannot be 
ruled out, as DNAm can be hereditary. Third, we used 
a nested case–control study to validate our findings. 
Fourth, we have compared our results with the literature 
by using our previous systematic review.

Conclusions
In conclusion, this study used a case-cohort study to 
identify blood DNAm changes associated with alcohol 
consumption at individual sites across the genome. The 
widespread DNAm alterations identified seem to differ 
according to the type of alcohol consumed and the quan-
tity consumed. Differences between countries in the type 
and quantity of alcohol consumed may therefore explain 
the heterogeneity of results in the literature. Despite 
such heterogeneity, 19 CpGs have been identified in at 
least five studies. In particular, higher alcohol consump-
tion was consistently associated with the hypomethyla-
tion of sites located in SLC7A11, HNRNPA1, SNORD30, 
ANP32B, and MCM2 genes. The link between these sites 
and chronic diseases should be investigated as they may 
help to understand the molecular mechanisms underly-
ing the harmful effects of alcohol consumption on health. 
Future research should focus on elucidating the biologi-
cal pathways through which these DNAm changes con-
tribute to disease development.
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