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Abstract

Epigenetic age acceleration is considered a measure of biological aging based on genome-wide patterns of DNA methylation. Although age acceleration 
has been associated with the incidence of diseases and death, less is known about how it is related to lifestyle behaviors. Among 2316 women, 
we evaluate associations between self-reported alcohol consumption and various metrics of epigenetic age acceleration. Recent average alcohol 
consumption was defined as the mean number of drinks consumed per week within the past year; lifetime average consumption was estimated as 
the mean number of drinks per year drinking. Whole-blood genome-wide DNA methylation was measured with HumanMethylation450 BeadChips 
and used to assess 4 epigenetic clocks (Hannum, Horvath, PhenoAge, and GrimAge) and their corresponding metrics of epigenetic age acceleration 
(Hannum AgeAccel, Horvath AgeAccel, PhenoAgeAccel, and GrimAgeAccel). Although alcohol consumption showed little association with most age 
acceleration metrics, both lifetime and recent average consumption measures were positively associated with GrimAgeAccel (lifetime, per additional 
135 drinks/year: β = 0.30 years, 95% confidence interval [CI]: 0.11, 0.48, p = .002; recent, per additional 5 drinks/week: β = 0.19 years, 95% CI: 
0.01, 0.37, p = .04). In a mutually adjusted model, only average lifetime alcohol consumption remained associated with GrimAgeAccel (lifetime, per 
additional 135 drinks/year: β = 0.27 years, 95% CI: 0.04, 0.50, p = .02; recent, per 5 additional drinks/week: β = 0.05 years, 95% CI: −0.16, 0.26, 
p = .64). Although alcohol use does not appear to be strongly associated with biological age measured by most epigenetic clocks, lifetime average 
consumption is associated with higher biological age assessed by the GrimAge epigenetic clock.
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Alcohol consumption has a broad range of health effects with evi-
dence of both beneficial and deleterious consequences. For instance, 
although light to moderate alcohol use has been associated with 
lower risks of hypertension and frailty (1,2), alcohol consumption 
may also increase risks of breast cancer, comorbidity, and death 
(3,4). Molecular markers that track physiological changes and mor-
tality risk, otherwise known as markers of “biological age,” may 
provide a unique perspective into the relationship between alcohol 
consumption and age-related health outcomes.

A variety of molecular markers are proposed to assess biological 
age (5,6); those based on genome-wide patterns of DNA methylation, 

or epigenetic clocks, are among the most studied (7). Epigenetic 
clocks use DNA methylation measured at different sets of cytosine-
phosphate-guanine (CpG) dinucleotides located throughout the 
genome to estimate a person’s biological age (8). The difference be-
tween these biological age estimates and chronological age is termed 
“epigenetic age acceleration” and can have either positive or negative 
values (9). Age acceleration metrics based on the Hannum, Horvath, 
PhenoAge, and GrimAge epigenetic clocks have a varying association 
with physiological fitness, onset of disease, and death (10–14).

Associations between alcohol consumption and age acceleration 
metrics from earlier studies have been inconsistent and appear to be 
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influenced by the interval for which alcohol use was assessed. For ex-
ample, near-term measurements of alcohol intake, such as within the 
prior month, have demonstrated inverse associations with some metrics 
of age acceleration (13–15), whereas measures representing lifetime use 
have tended to show positive associations (16,17). Here, among a popu-
lation of mostly low to moderate alcohol users, we use various metrics 
of epigenetic age acceleration to examine the collective health effects of 
both near-term and long-term measures of alcohol consumption.

Method

Study Population
The Sister Study is an ongoing, prospective cohort of 50 884 women 
recruited between 2003 and 2009 from the United States and Puerto 
Rico (18). Enrolled women completed a computer-assisted telephone 
interview that included information on demographics and lifestyle 
factors and a home visit where anthropomorphic measurements and 
whole-blood samples were collected. In July 2014, a case-cohort sub-
sample of 2878 women was selected for genome-wide DNA methy-
lation analysis; to limit confounding by ancestry, only non-Hispanic 
White women were eligible for selection. In total, 1336 women were 
randomly selected from the full Sister Study cohort. An additional 
1542 women were selected because they developed incident breast 
cancer in the years after enrollment. Information about obtaining 
Sister Study data can be found at https://sisterstudy.niehs.nih.gov/
English/coll-data.htm. Written informed consent was obtained at the 
time of the home visit. The study was approved by the Institutional 
Review Boards of the National Institute of Environmental Health 
Sciences and the Copernicus Group.

Alcohol Consumption Measurements
A woman’s history of alcohol consumption was obtained within 
1  year of blood draw as part of the computer-assisted telephone 
interview. Women reported information including the age at which 
they started and stopped drinking alcohol. The frequency of alcohol 
consumption was reported as days per week, month, or year by 
decade of life. To assess the intensity of alcohol use, women were 
also asked about how many drinks they tended to consume on 
days in which they drank and separately about episodes of binge 
drinking. We focus our main analyses on recent average use, defined 
as the mean number of drinks consumed per week within the past 
12 months, and lifetime average use, defined as the mean number of 
drinks consumed each year the woman reported drinking. Former 
drinkers were assigned zero values for average recent alcohol use 
and never drinkers were assigned zero values for both average recent 
and average lifetime alcohol use.

Methylation Processing and Age Acceleration 
Calculation
Details on the DNA methylation assessment have been reported (19). 
Methylation data preprocessing was completed using the ENmix R 
software package (20). Of the 2878 methylation samples, 102 were 
excluded due to poor quality (19). For the remaining 2776 samples, 
4 epigenetic clocks (Hannum, Horvath, PhenoAge, and GrimAge) 
were calculated using an online calculator (https://dnamage.genetics.
ucla.edu/home).

Age acceleration represents the difference between epigenetic 
age and chronological age (9). It is calculated by regressing epi-
genetic age on chronological age using normal linear regression 

models and calculating the residuals. The age acceleration residuals 
derived using the 4 epigenetic clocks are referred to as Hannum 
AgeAccel, Horvath AgeAccel, PhenoAgeAccel, and GrimAgeAccel. 
Two additional metrics were calculated by the online calculator 
which account for blood cell composition, whereby the underlying 
cell types were derived from the methylome of the sample and were 
not measured independently in peripheral blood mononuclear cells 
(9): Extrinsic epigenetic age acceleration (EEAA) is the Hannum 
AgeAccel metric upweighted by estimated naïve and exhausted CD 
8+ T-cell and plasmablast abundances; intrinsic epigenetic age accel-
eration (IEAA) is constructed by regressing epigenetic age estimated 
by the Horvath epigenetic clock on chronological age and 6 white 
blood cell proportion estimates (CD8+ and CD4+ T cells, B cells, 
monocytes, natural killers, and granulocytes). Thus, IEAA represents 
a version of the Horvath AgeAccel metric that is adjusted for blood 
cell composition.

Statistical Analysis
In both descriptive and regression analyses, we accounted for the 
case-cohort sampling scheme by applying inverse probability of se-
lection weights to the noncases (noncase weight assigned = 32.9; case 
weight assigned  =  1), thereby standardizing the methylation sub-
sample to approximate the full population of non-Hispanic White 
women enrolled in the Sister Study (Supplementary Table 1). We de-
scribed the sample population characteristics using survey-weighted 
means and standard deviations (SDs) or survey-weighted propor-
tions overall and stratified by median recent and lifetime alcohol use. 
We examined the weighted correlation of the average lifetime and 
recent alcohol consumption measures using Pearson’s correlation co-
efficient. In analyses of alcohol consumption and age acceleration, 
we used linear regression models to estimate β-coefficients and 95% 
confidence intervals (CIs) treating the alcohol measure (lifetime or 
recent average intakes, scaled per 1-SD increase in the unweighted 
population) as the independent variable and the age acceleration 
metric as the dependent variable.

We first tested associations with the age acceleration metrics 
using separate weighted linear regression models for recent and 
lifetime average alcohol consumption variables. Then, to determine 
whether the age acceleration associations were more sensitive to 
recent or lifetime alcohol use, we used a single, mutually adjusted 
model that included both alcohol consumption measurements to-
gether. We focused analyses on the 4 main measures of age acceler-
ation (Hannum AgeAccel, Horvath AgeAccel, PhenoAgeAccel, and 
GrimAgeAccel). As a supplemental analysis, we examined average 
recent and lifetime alcohol consumption associations with the 8 
components of the GrimAge epigenetic clock (ie, DNAm estimators 
of adrenomedullin, beta-2-microglobulin, cystatin C, growth differ-
entiation factor 15, leptin, plasminogen activator inhibitor 1 [PAI-1], 
tissue inhibitor metalloproteinase 1, and smoking pack-years). We 
further explored age acceleration associations with current drinking 
status (never, former, and current), intensity of recent use (drinks per 
day on days drinking in the prior 12 months), and lifetime number 
of binges.

In our main analyses, we used model adjustment to account for 
potential confounding by education attainment (less than college, 
some college, advanced degree), body mass index (continuous, kg/
m2), waist-to-hip ratio (continuous), smoking status (current, former, 
and never), and physical activity (continuous, metabolic equiva-
lent tasks/week). To avoid the disproportional effect of outliers, we 
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excluded participants if their age acceleration or alcohol intakes 
were greater than 4 standard deviations from the mean (age accel-
eration: n  =  3; alcohol intake, n  =  1) (21). To determine whether 
associations were driven by women with the highest alcohol use, 
we explored associations with the alcohol consumption measures as 
quintiles. We excluded women if they were missing information on 
alcohol consumption measures (n = 433) or confounders (n = 23). 
Our final analytic set included 2316 women. All analyses were con-
ducted using Stata version 16 (College Station, TX).

Results

Of the women in the weighted sample, 97% reported ever drinking al-
cohol and 88% reported consuming alcohol within the past year (Table 
1). In the last 12 months, the women reported a mean of 3.4 drinks per 
week (recent average consumption) and, for each year they reported 
drinking, a mean of 108 drinks per year (lifetime average consumption 
over a mean of 35 drinking-years). All women were cancer-free at blood 
draw and a majority of the women had more than high school edu-
cation, were never smokers, and were postmenopausal at enrollment. 
Average recent and lifetime alcohol consumption were positively cor-
related (weighted ρ = 0.52, p < .001; Figure 1). Chronological age was 
positively correlated with all 4 epigenetic clocks (all weighted ρ > 0.85, 
all p < .001; Supplementary Figure 1) but, as expected by design, was 
not correlated with any of the age acceleration metrics (all weighted ρ 
< 0.05, all p > .05; Supplementary Figure 2). Hannum AgeAccel was 
highly correlated with its cell type-modified derivative, EEAA (ρ = 0.96, 
p < .001); similarly, Horvath AgeAccel was highly correlated with its 
cell type-modified derivative, IEAA (ρ = 0.96, p < .001). The age accel-
eration metrics were otherwise moderately to weakly correlated (ρ < 
0.5; Supplementary Figure 3).

In separate models accounting for confounders, both lifetime 
and recent alcohol consumption were positively associated with 

GrimAgeAccel (lifetime, per additional 135 drinks/year: β = 0.30 years, 
95% CI: 0.11, 0.48, p = .002; recent, per additional 5 drinks/week: 
β = 0.19 years, 95% CI: 0.01, 0.37, p = .04; Table 2). However, in a mu-
tually adjusted model that included both lifetime and recent measures 
of alcohol consumption, only lifetime alcohol consumption remained 
associated (lifetime, per additional 135 drinks/year: β  = 0.27 years, 
95% CI: 0.04, 0.50, p  =  .02; recent, per additional 5 drinks/week: 
β = 0.05 years, 95% CI: −0.16, 0.26, p =  .64). Without adjustment 
for confounders, GrimAgeAccel showed stronger associations with 
alcohol use (Supplementary Table 2). Associations also appeared 
stronger among premenopausal women (Supplementary Table 3) and 
may be predominately driven by those reporting the highest alcohol 

Table 1.  Weighted Participant Characteristics of the Sister Study Methylation Subsample (N = 2316)

Average Recent Alcohol Use Average Lifetime Alcohol Use

 Overall < Median > Median < Median > Median

Age, years (SD) 55.3 (9) 55.4 (9) 55.2 (9) 55.6 (9) 55.0 (9)
Body mass index, kg/m2 (SD) 27.1 (6) 27.9 (6) 25.9 (5) 27.7 (6) 26.4 (5)
Waist-to-hip ratio (SD) 0.80 (0.1) 0.81 (0.1) 0.80 (0.1) 0.80 (0.1) 0.81 (0.1)
Current physical activity, METs/week (SD) 52.9 (32) 52.4 (32) 53.7 (33) 53.8 (32) 52.0 (33)
Education, %      
  High school degree/GED 15 17 13 15 16
  Attended college 60 59 60 61 58
  Advanced degree 25 24 26 24 26
Smoking status, %      
  Never 50 55 43 59 40
  Former 42 37 49 34 51
  Current 8 8 7 7 9
Menopause status, %      
  Premenopausal 36 35 37 34 38
  Postmenopausal 64 65 63 66 62
Ever drinkers, % 97 94 100 93 100
Current drinkers, % 88 80 100 83 93
Duration of alcohol use, years (SE)* 35 (11) 33 (11) 37 (9) 33 (11) 36 (9)
Recent alcohol use, drinks/week (SD) 3.4 (4.5) 0.7 (0.7) 7.3 (4.7) 1.2 (1.6) 5.7 (5.3)
Lifetime alcohol use, drinks/year drinking (SD) 108 (124) 68 (111) 164 (121) 29 (21) 190 (134)

Notes: METs = metabolic equivalent tasks; GED = general education development; SD = standard deviation. Characteristic proportions and means are weighted 
to correct for the case-cohort sampling of the methylation subsample.

*Among ever drinkers.

Figure 1.  Weighted correlation between lifetime and recent alcohol 
consumption. Scatterplot and linear fit line for self-reported lifetime and 
recent alcohol consumption. Although women who reported higher recent 
alcohol consumption were more likely to have higher lifetime estimates, the 
Pearson correlation coefficient was modest (ρ = 0.52).
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use (Supplementary Table 4). The cell-type-modified age acceleration 
metrics (EEAA, IEAA) showed similar associations as the unmodified 
metrics (Hannum AgeAccel, Horvath AgeAccel; Supplementary Table 
5). When the separate GrimAgeAccel components were tested with 
recent and lifetime consumption, in the mutually adjusted model, as-
sociations were strongest for lifetime use and the estimator for PAI-1 
(β = 192, 95% CI: 51, 333, p = .008; Supplementary Table 6).

Analyses of age acceleration with additional alcohol measures 
are reported in Supplementary Table 7. After accounting for average 
lifetime use, current drinking status was associated with greater 
Hannum AgeAccel (β = 1.25 years, 95% CI: 0.00, 2.49, p = .05) and 
former drinking status was associated with elevated GrimAgeAccel 
(compared to never drinkers, GrimAgeAccel: β = 1.05 years, 95% 
CI: 0.14, 1.7, p  =  .02; Supplementary Table 7). Associations with 
the intensity of recent alcohol use were similar to associations with 
average recent use, with one exception: greater intensity of recent 
use was associated with Hannum AgeAccel (per additional drink/
day on days drinking: β = 0.26 years, 95% CI: 0.00, 0.51, p = .05). 
None of the age acceleration metrics was related to the number of 
lifetime binges.

Discussion

We find that alcohol consumption is most consistently associated 
with epigenetic age acceleration measured by the GrimAge epigen-
etic clock, especially among those reporting the highest alcohol use, 
and confirm the earlier finding by Zhao et al. (22) between alcohol 
consumption and the GrimAge component PAI-1. Although both re-
cent and lifetime alcohol use measures showed positive associations 
with GrimAgeAccel, in a mutually adjusted model, only associations 
with lifetime use remained. We did not find that average alcohol use 
measures, either recent or lifetime, were meaningfully related to age 
acceleration based on the Hannum, Horvath, or PhenoAge epigen-
etic clocks. However, the Hannum clock showed associations with 
current drinking status and intensity of recent alcohol use. Although 
the possibility of residual confounding cannot be excluded, al-
cohol consumption appears to have modest associations with some 
methylation-based metrics of biological age.

Associations between alcohol consumption and metrics of age 
acceleration have been inconsistent across studies and may be re-
lated to the interval for which alcohol exposures were assessed 
(13–17,22,23). Specifically, self-reported drinks per week have been 

shown to have mixed associations with Hannum AgeAccel, Horvath 
AgeAccel, and PhenoAgeAccel, before and after accounting for 
confounders (13,15,23). Associations for recent alcohol use with 
GrimAgeAccel have also been inconsistent with reports of both in-
verse (14) and positive associations (22). While associations with 
self-reported lifetime alcohol use measures have not been examined 
in prior studies, clinical alcohol dependence was positively associ-
ated with Horvath AgeAccel and PhenoAgeAccel (16,17). Although 
GrimAgeAccel has not previously been examined with self-reported 
measures of long-term alcohol consumption, it was associated with 
average lifetime alcohol use in this study and has previously been 
reported to be a marker of fatty liver disease, a condition primarily 
caused by heavy, chronic alcohol consumption (14).

Methodological differences in the design of the epigenetic clocks 
may explain the varying associations with the history of alcohol 
consumption (13,14,24,25). The Hannum and Horvath epigenetic 
clocks were designed by selecting sets of CpGs where methylation is 
associated with chronological age (24,25). Prior studies suggest that 
these clocks have little association with lifestyle behaviors that are 
linked with mortality, such as smoking or physical inactivity (15,26). 
Conversely, the PhenoAge and GrimAge clocks use CpG site methy-
lation to predict phenotypes associated with higher mortality risk 
(13,14). The PhenoAge epigenetic clock uses methylation to predict 
a mortality risk score based on nine clinical biomarkers and chrono-
logical age, whereas the GrimAge clock estimates mortality risk using 
a combination of chronological age, sex, and 8 separate DNA methy-
lation estimators (7 estimators of plasma proteins and 1 for smoking 
pack-years). Thus, the 4 epigenetic clocks may be capturing different 
aspects of aging and mortality risk, with only the GrimAge epigenetic 
clock and the PAI-1 DNAm estimator, reflecting molecular processes 
affected by long-term measures of alcohol consumption.

Supplementary Material

Supplementary data are available at The Journals of Gerontology, 
Series A: Biological Sciences and Medical Sciences online.
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Table 2.  Survey-Weighted Alcohol Consumption Associations with the 4 Epigenetic Age Acceleration Metrics (N = 2316)

Hannum AgeAccel Horvath AgeAccel PhenoAgeAccel GrimAgeAccel

 β (95% CI) p β (95% CI) p β (95% CI) p β (95% CI) p

Separate alcohol consumption models
Lifetime use         
Per additional 135 drinks/year 0.24 (−0.07, 0.55) .12 −0.20 (−0.49, 0.08) .16 0.13 (−0.25, 0.52) .50 0.30 (0.11, 0.48) .002
Recent use         
Per additional 5 drinks/week 0.23 (−0.08, 0.54) .14 −0.19 (−0.46, 0.08) .16 0.02 (−0.34, 0.38) .91 0.19 (0.01, 0.37) .04
Mutually adjusted alcohol consumption models
Lifetime use         
Per additional 135 drinks/year 0.17 (−0.18, 0.52) .35 −0.14 (−0.49, 0.20) .41 0.17 (−0.30, 0.63) .49 0.27 (0.04, 0.50) .02
Recent use         
Per additional 5 drinks/week 0.15 (−0.21, 0.51) .42 −0.12 (−0.44, 0.21) .48 −0.06 (−0.50, 0.37) .77 0.05 (−0.16, 0.26) .64

Notes: METs = metabolic equivalent tasks; GED = general education development. All models adjust for education level (high school/GED, attended college, and 
advanced degree), body mass index (continuous, kg/m2), waist-to-hip ratio (continuous, ratio), smoking status (never, former, and current), and physical activity 
(continuous, METs/week).
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