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Abstract

Background: DNA methylation may play a role in progression from normative to problematic 

drinking and underlie adverse health outcomes associated with alcohol misuse. In the current 

study, we examined the association between alcohol consumption and DNA methylation patterns 

using three approaches: a conventional epigenome-wide association study (EWAS); a co-twin 

comparison design, which controls for genetic and environmental influences that twins share; and 

a regression of age acceleration, defined as a discrepancy between chronological age and DNA 

methylation age, on alcohol consumption.

Methods: Participants came from the Finnish Twin Cohorts (FinnTwin12/FinnTwin16; N = 1004; 

55% female; average age = 23 years). Individuals reported the number of alcoholic beverages 

consumed in the past week, and epigenome-wide DNA methylation was assessed in whole-blood 

using the Infinium HumanMethylation450 BeadChip.

Results: In the EWAS, alcohol consumption was significantly related to methylation at 24 CpG 

sites. When evaluating whether differences between twin siblings (185 monozygotic pairs) in 

alcohol consumption predicted differences in DNA methylation, co-twin comparisons replicated 

four CpG sites from the EWAS and identified 23 additional sites. However, when we examined 

qualitative differences in drinking patterns between twins (heavy drinker versus light drinker/
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abstainer or moderate drinker versus abstainer; 44 pairs), methylation patterns did not significantly 

differ within twin pairs. Finally, individuals who reported higher alcohol consumption also 

exhibited greater age acceleration, though results were no longer significant after controlling for 

genetic and environmental influences shared by co-twins.

Conclusions: Our analyses offer insight into the associations between epigenetic variation and 

levels of alcohol consumption in young adulthood.
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Alcohol use and incidence of alcohol use disorder (AUD) increase across adolescence and 

peak during young adulthood (Lee and Sher, 2018). Research has extensively examined the 

interaction of genetic and environmental factors on alcohol consumption (Young-Wolff et 

al., 2011), as well as pathways from alcohol use to problems (Nestler, 2014). Yet, genetic 

variants identified through genome-wide association studies (GWAS) of alcohol use and 

dependence (Kranzler et al., 2019; Liu et al., 2019; Walters et al., 2018) explain only a 

modest proportion of the phenotypic variance (Zhang and Gelernter, 2017). Pre-existing 

epigenetic modifications, such as DNA methylation, may influence the initiation of alcohol 

use or liability to develop problems and dependence. Moreover, alcohol-induced DNA 

methylation changes may underlie functional consequences of alcohol misuse and play a 

significant role in progression from normative to problematic drinking (Nestler, 2014). In the 

current study, we investigated the association between alcohol consumption and epigenome-

wide DNA methylation patterns using three different approaches: a conventional epigenome-

wide association study; a co-twin comparison design, which controls for genetic and 

environmental influences that twins share; and a regression of age acceleration, defined as a 

discrepancy between chronological age and DNA methylation age, on alcohol consumption.

There has been significant interest in characterizing differential methylation patterns 

associated with alcohol use and problems. For instance, candidate gene studies have 

established AUD-associated DNA methylation changes in promoter regions of GDAP1 
(Brückmann et al., 2016), MAOA (Philibert et al., 2008), and OPRM1 (Zhang et al., 2012). 

However, like candidate gene-environment research (Dick et al., 2015), epigenetic studies of 

candidate gene promoters are limited by small effect sizes of individual CpG sites and 

reliance on scientists’ a priori prediction of functionally relevant genes. Therefore, 

epigenome-wide association studies (EWAS) have emerged as a method to better understand 

molecular mechanisms and consequences of complex behavioral outcomes (Rakyan et al., 

2011), such as alcohol dependence (Zhang et al., 2013) and alcohol consumption (Liu et al., 

2018; Lohoff et al., 2017). A recent EWAS of alcohol consumption (measured in grams of 

ethanol per day) identified differential methylation at 361 CpG sites in whole blood among 

6,926 adults of European ancestry. Significant CpG sites were mapped to 257 genes and 

enriched for 95 biological processes. Further, higher methylation levels were associated with 

lower mRNA expression at 78% of identified CpG-gene pairs, providing evidence for 

functional significance of alcohol-related methylation patterns (Liu et al., 2018). Similarly, 

Wilson et al. (2019) found that alcohol consumption was significantly related to methylation 
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at 5,458 CpG sites; 677 of these sites were replicated in an independent set of blood DNA 

samples.

Yet, as with many correlational designs, EWAS are prone to confounding by genetic and 

environmental factors. Single nucleotide polymorphisms (SNPs) may be associated with the 

methylation status of CpG nucleotides, even across extended genomic regions (Zhang et al., 

2014). A recent EWAS of alcohol consumption suggests methylation is influenced by cis-

genetic variants at more than half of alcohol-related CpG sites, and SNPs explain 20-61% of 

interindividual differences in DNA methylation (Liu et al., 2018). Therefore, associations 

between alcohol consumption and CpG methylation may be confounded by differences in 

genetic variation between individuals with low versus high levels of alcohol use. Because 

DNA methylation changes in response to environmental stimuli, confounding environmental 

influences are also important to consider. For example, low socioeconomic status in 

childhood (Needham et al., 2015) and alcohol consumption are both associated with 

methylation of the FKBP5 promoter (Dogan et al., 2016). Similarly, smoking is significantly 

associated with both alcohol intake (Bobo and Husten, 2000) and genome-wide DNA 

methylation patterns (Kaur et al., 2019; Philibert et al., 2012).

Co-twin comparisons address potential confounding and enable stronger inferences by 

evaluating whether differences between co-twins in alcohol consumption predict within-pair 

differences in DNA methylation levels (D’Onofrio et al., 2013). The co-twin comparison 

design cannot fully resolve the direction of causality in cross sectional data: different 

patterns of DNA methylation between twins (presumably from prior exposure to different 

environments) may contribute to differences in their alcohol consumption, or different levels 

of alcohol consumption may produce within-pair epigenetic variation. However, the co-twin 

comparison design can account for heritable aspects of DNA methylation and for epigenetic 

variation induced by shared experiences between co-twins, facilitating stronger inferences 

when compared to an EWAS of unrelated individuals. For instance, Ruggeri et al. (2015) 

compared DNA methylation patterns among twin pairs discordant for AUD; 77 regions were 

differentially methylated within twin pairs, including PPM1G, SLC6A3, and OPRL1 
(Ruggeri et al., 2015). These findings suggest that AUD-associated methylation changes in 

candidate gene studies are not merely attributable to factors that vary between families, 

underscoring the importance of using complementary methods, such as co-twin 

comparisons, to understand the robustness of correlational effects.

Finally, alcohol consumption may affect the biological aging of tissues. DNA methylation 

has been used as a robust estimate of biological age (Horvath, 2013; Horvath and Raj, 2018) 

and outperforms other such estimators, including telomere length and transcriptomic, 

proteomic, and metabolomics-based predictors (Jylhävä et al., 2017). Age acceleration, a 

discrepancy between DNA methylation-based biological age and chronological age (Rosen 

et al., 2018), is commonly observed in cancer and a number of other age-related conditions 

and diseases (Horvath and Raj, 2018). Age acceleration could therefore provide a 

mechanism through which alcohol misuse confers risk for chronic disease (Rehm et al., 

2017). Very low and very high alcohol use are more closely associated with age acceleration 

than moderate use (Beach et al., 2015), and significant age acceleration has been observed 

among individuals with a current diagnosis of alcohol dependence. However, individuals 
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with a lifetime diagnosis do not significantly differ from healthy controls in DNA 

methylation age, suggesting that age acceleration is more closely associated with recent 

alcohol consumption than prior misuse (Rosen et al., 2018).

Currently, we built upon recent EWAS of alcohol consumption (Liu et al., 2018; Wilson et 

al., 2019) by examining alcohol-related DNA methylation patterns among young adults, who 

are at heightened risk for alcohol use and problems (Lee and Sher, 2018). We also used a co-

twin comparison design to investigate whether associations between alcohol consumption 

and CpG methylation remained significant after controlling for genetic and environmental 

influences shared by monozygotic (MZ) twins. As noted above, given the cross-sectional 

nature of the data, we cannot distinguish between DNA methylation as a cause or 

consequence of alcohol consumption. However, by effectively controlling for genetic and 

environmental influences that twins share, a co-twin comparison design can differentiate 

valuable biomarkers of alcohol use from markers of correlated genetic or environmental 

factors.

First, we evaluated whether differences between twins in continuous alcohol consumption 

predicted within-pair differences in DNA methylation. We then contrasted continuous 

differences between twins with more extreme qualitative differences in drinking patterns 

(i.e., heavy drinker versus light drinker/abstainer; moderate drinker versus abstainer), as 

associations between alcohol consumption and adverse health outcomes (e.g., risk of AUD, 

cardiovascular disease, and immune system deficiencies; Rehm et al. 2017) are heightened 

among heavy drinkers. Finally, we examined the association between alcohol consumption 

and age acceleration, an indicator of biological aging. By characterizing methylation 

patterns associated with alcohol use, our analyses inform efforts to develop a DNA 

methylation biomarker of alcohol consumption (Liu et al., 2018; Yousefi et al., 2019).

Materials and Methods

Study Population

The study sample is a subset of the FinnTwin12 and FinnTwin16 cohorts (Kaprio 2013). 

These population-based, longitudinal studies aim to examine genetic and environmental 

determinants of health-related behaviors and include extensive questionnaire and interview 

data on substance use. A total of 1004 individuals (227 monozygotic pairs, 263 dizygotic 

pairs, and 24 twin individuals without a co-twin) were included in the EWAS analysis and in 

the individual-level age acceleration analysis; 185 MZ pairs with within-pair differences in 

alcohol consumption in the within-pair analyses; and 44 discordant MZ pairs in the 

discordant analyses. The average age of the individuals was 23 years (SD = 1.8 years, range 

= 21-29 years), and 55% were females.

Measures

Alcohol consumption phenotype.—The alcohol consumption phenotype was derived 

from the Semi-Structured Assessment for the Genetics of Alcoholism (SSAGA; Bucholz et 

al. 1994) administered as in-person or telephone interviews (Kaprio, 2013). For each 

individual, we calculated the number of drinks (glass of beer, wine, grain alcohol, or other 
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alcoholic beverage) consumed in the past week. Individuals who had not initiated alcohol 

use were coded as missing (n = 34). This measure was used for both the EWAS and within-

pair models. For the discordant model, MZ individuals were assigned a drinking category 

according to the method described by Järvenpää et al. (2005) based on NIAAA guidelines, 

with abstainers consuming no alcohol, light drinkers consuming less than 3 standard drinks 

per week, moderate drinkers consuming between 3 and 7 drinks per week for women and 

between 3 and 14 drinks per week for men, and heavy drinkers including women who 

consumed more than 7 drinks per week and men who consumed more than 14 drinks per 

week. MZ pairs were classified as discordant if co-twins were separated by at least one 

drinking category, such as heavy versus light/abstainer (19 pairs) or moderate versus 

abstainer (25 pairs).

Methylation data.—Epigenome-wide DNA methylation was assessed with the Infinium 

HumanMethylation450 BeadChip in whole blood using standard protocols (Bibikova et al., 

2011). Pre-processing of the resultant methylation data was based on the pipeline by van 

Dongen et al. (2016) using R packages “minfi” (Aryee et al., 2014), “MethylAid” (van 

Iterson et al., 2014), and “wateRmelon” (Pidsley et al., 2013). Quality control involved 

extensive sample and probe filtering. Initially, sample quality control was performed using 

MethylAid’s automatic assessment of quality based on five control probe metrics: bisulfite 

conversion, non-polymorphic sample-dependent control probes, median methylated versus 

unmethylated signal intensity, sample-independent hybridization control probes, and 

detection p-value of negative control probes (P > 0.05). The default thresholds were used for 

each metric. Samples were retained if they passed all five metrics. Following sample quality 

control, probe quality control was performed. We removed the following probes: 

ambiguously mapped and poor quality probes, as defined by Zhou et al. (2017); SNP probes 

located within 5 base pairs of a CpG site; and non-CpG targeting probes. Probes with an 

intensity value of exactly 0, a detection P > 0.01, or a bead count < 3 were set to ‘NA’. Only 

probes with a call rate of 95% or higher across all samples were retained. DNA methylation 

data were initially available for 1020 individuals. Following these sample and probe quality 

control steps, 432,081 probes and 1004 samples remained. Data were then normalized using 

functional normalization (Fortin et al., 2014) in “minfi” (Aryee et al., 2014), which accounts 

for systematic technical variation. Finally, probes within sex chromosomes were removed, 

leaving 421,811 autosomal probes for further analyses.

Covariates.—Participants were asked to report on their age, sex, and smoking status 

(current, former, or never smoker). Body mass index (BMI) was calculated from each 

participant’s measured height and weight. White blood cell composition was estimated using 

Houseman’s method (Houseman et al., 2015).

Statistical Analysis

EWAS.—To analyze the association between DNA methylation (beta values) at individual 

CpG sites and alcohol consumption (drinks per week), a linear mixed effects model was 

implemented through the “lmer” function in the “lme4” R package (Bates et al., 2015). DNA 

methylation was treated as the dependent variable and alcohol consumption as the 

independent variable. Age, sex, BMI, smoking status, and white blood cell composition 
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were included as covariates (fixed effects), and zygosity and twin pair identifier were 

included as random effects to account for relatedness in the sample. Because the sample for 

this study came from Finland, where the genetic ancestry is relatively homogenous due to a 

history of genetic bottlenecks and geographic isolation (Kerminen et al., 2017), and a 

principal component analysis of the sample indicated a single dimension of ancestry 

(Meyers et al., 2012), ancestral principal components were not included as covariates.

Within-pair model.—A linear model was used to analyze the association between DNA 

methylation and alcohol consumption (drinks per week) within MZ twin pairs. Delta values 

for each pair were calculated for methylation at individual CpG sites (dependent variable), 

alcohol consumption (independent variable), and covariates (BMI, smoking status, and white 

blood cell composition). Because the within-pair model accounts for all characteristics 

shared by co-twins, age and sex were not included as covariates in these analyses. The linear 

model function “lm” from the base R package was employed to model within-pair 

differences.

Discordant model.—For MZ twin pairs discordant for alcohol consumption, a moderated 

paired t-test was computed using the “lmFit” function from the “limma” R package (Ritchie 

et al., 2015), allowing co-twin-pair effects to be included in a linear model. DNA 

methylation at individual CpG sites was treated as the dependent variable and alcohol status 

(lighter or heavier drinker) as the independent variable. The model included BMI, smoking 

status, and white blood cell composition as covariates.

In all the above models, p-values were adjusted for multiple testing correction using the 

FDR adjustment, with FDR-adjusted P < 0.05 considered statistically significant. QQ plots 

were generated with a custom R function, and lambda value estimates were calculated using 

the “estlambda” function from the “GenABEL” R package (Aulchenko et al., 2007).

Age acceleration analyses.—GrimAge (Lu et al., 2019) is the latest release of the 

epigenetic clocks and has been shown to outperform existing DNA methylation-based 

clocks. In addition, the GrimAge-derived age acceleration, AgeAccelGrim, shows robust and 

expected relationships with different lifestyle factors (Lu et al., 2019). GrimAge and 

AgeAccelGrim for our samples were obtained from the online calculator at https://

dnamage.genetics.ucla.edu/home. AgeAccelGrim was then treated as the dependent variable 

in a linear mixed effects model using the “lmer” function in the “lme4” R package (Bates et 

al., 2015). Alcohol consumption (drinks per week) was treated as the independent variable, 

age and sex were included as fixed effects, and zygosity and twin pair identifier were 

included as random effects. In addition, within-pair analyses were performed for MZ twin 

pairs who differed in alcohol consumption. Delta values for each pair were calculated for 

AgeAccelGrim (dependent variable) and alcohol consumption (independent variable). BMI, 

smoking status, and white blood cell composition were included as covariates. The “lm” 

function from the base R package was used to fit the model. Discordant pair analyses were 

performed using the “limma” R package (Ritchie et al., 2015), with AgeAccelGrim as the 

dependent variable, alcohol status (lighter or heavier drinker) as the independent variable, 

and BMI, smoking status, and white blood cell composition as covariates.
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Results

EWAS

Associations between alcohol consumption and epigenome-wide DNA methylation patterns 

were examined in a sample of 1004 young adults. A linear mixed effects model was 

implemented with DNA methylation (defined as the proportion of methylation in the sample 

for a given CpG site, or the beta value) as the dependent variable and alcohol consumption 

(drinks per week) as the independent variable. Age, sex, BMI, smoking status, and white 

blood cell composition were included as covariates (fixed effects), and zygosity and twin 

pair identifier were included as random effects. Descriptive statistics for alcohol 

consumption and covariates are shown separately by analysis type in Table 1. After multiple 

testing correction using the FDR adjustment, methylation levels at 24 CpG sites were 

significantly associated with alcohol consumption (Table 2). Most of these CpG sites were in 

open sea while only four were in CpG island core. Sixteen of the CpG sites mapped to 16 

genes; methylation was negatively associated with alcohol consumption at nine of these sites 

and positively associated at the remaining seven CpG sites. Hypermethylation at all 

promoter CpG sites was associated with higher levels of alcohol consumption. The 

relationship between alcohol consumption and methylation at each CpG site is visualized in 

Figure 1. Figure S1a shows the QQ plot used to examine the observed versus expected –

log10(p-values), with a Lambda estimate of 1.01.

Within-Pair Model

To further investigate the association between alcohol consumption and DNA methylation, 

we selected a subset of 185 MZ twin pairs who differed in their alcohol consumption. The 

design of the within-pair model evaluates whether differences between twin siblings in 

continuous alcohol consumption predict differences in DNA methylation, controlling for 

genetic and shared environmental factors. All significant CpGs identified in the EWAS 

showed the same direction of association in the within-pair model, and methylation at four 

of the CpG sites (cg02208313, cg11404486, cg21851395, and cg08859215) remained 

statistically significant. Three of these CpG sites are located in CCDC57, FAM20A, and 

GOLGA8B. Methylation levels at twenty-three additional CpG sites were significantly 

associated with alcohol consumption (Table 3), and the direction of effect for 16 of these 

sites was consistent across the EWAS and within-pair model. In total, of the 27 significant 

CpG sites, hypomethylation at 13 CpG sites and hypermethylation at 14 CpG sites were 

associated with increased alcohol consumption. The relationship between alcohol 

consumption and methylation at each CpG site is shown in Figure 2. Figure S1b 

demonstrates the QQ plot used to examine the observed versus expected –log10(p-values), 

with a Lambda estimate of 0.94.

Discordant Model

Following the within-pair analysis, a subset of 44 MZ twin pairs were classified as 

“discordant drinkers,” with co-twins separated by at least one drinking category (i.e., heavy 

versus light/abstainer or moderate versus abstainer). A moderated paired t-test was then 

computed, with co-twin-pair effects included in a linear model. After multiple testing 

correction using the FDR adjustment, no associations remained significant. Table S1 lists the 

Stephenson et al. Page 7

Alcohol Clin Exp Res. Author manuscript; available in PMC 2022 February 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



top 50 CpG sites associated with alcohol consumption. Notably, none of the 24 significant 

CpG sites in the EWAS or the 27 significant CpG sites in the within-pair model were among 

the top 50 CpG sites associated with alcohol consumption in the discordant model. Figure 

S1c demonstrates the QQ plot used to examine the observed versus expected –log10(p-

values), with a Lambda estimate of 0.86.

Age Acceleration Analyses

Using the latest release of the epigenetic clock (Lu et al., 2019), a measure of age 

acceleration was calculated, indicating biological age relative to chronological age. We then 

constructed a linear mixed effects model, with AgeAccelGrim as the dependent variable, 

alcohol consumption (drinks per week) as the independent variable, age and sex as fixed 

effects, and zygosity and twin pair identifier as random effects. Alcohol consumption was 

significantly associated with age acceleration (β = 0.053, SE = 0.009, P < 0.001), such that, 

if taken to be a causal effect, one additional drink consumed per week aged a person 

biologically by 0.053 years (equivalent to 19 days) more than their chronological age per 

year. However, in within-pair and discordant-pair analyses, within-pair differences in alcohol 

consumption did not predict differences in age acceleration (β = 0.020, SE = 0.017, P = 0.26 

and B = −4.625, SE = 0.248, P = 0.50, respectively).

Discussion

In the current study, we investigated the association between a continuous measure of 

alcohol consumption and epigenome-wide DNA methylation patterns within a population-

based sample of young adults. We then employed a co-twin comparison design to evaluate, 

first, the association between within-pair differences in alcohol consumption and within-pair 

differences in DNA methylation, and, second, differential DNA methylation patterns among 

twin pairs discordant for alcohol consumption. Finally, we assessed whether alcohol 

consumption was related to age acceleration, defined as a discrepancy between DNA 

methylation age and chronological age.

In a conventional EWAS, alcohol consumption (measured in drinks per week) was 

significantly associated with the proportion of methylation at 24 CpG sites (Table 2), of 

which 16 mapped to 16 different genes. Specifically, alcohol consumption was negatively 

associated with methylation in KIAA0319L, FAM20A, SLC24A4, HOXB3, CDH23, 
CCDC57, AHRR, TMEM156, and AVPR1B and positively associated with methylation in 

TRA2A, GPR56, GOLGA8B, SFRS8, HIVEP3, FBRSL1, and BANP. Prenatal alcohol 

exposure has been previously associated with decreased expression of Sfrs8 (Downing et al., 

2012) and differential expression of Fam20a in the brain (Kleiber et al., 2013) among adult 

mice. In addition, we replicated one significant CpG site, cg01940273, from a recent EWAS 

of alcohol consumption among middle and older adults (Liu et al., 2018). Notably, candidate 

gene studies have identified AUD-associated DNA methylation changes in promoter regions 

of GDAP1 (Brückmann et al., 2016), MAOA (Philibert et al., 2008), and OPRM1 (Zhang et 

al., 2012). We did not observe methylation changes at these candidate gene promoters, 

which may reflect differential methylation patterns associated with alcohol use versus 

alcohol problems.
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DNA methylation changes may offer insight into adverse health outcomes associated with 

alcohol misuse. For instance, GPR56 plays an important role in frontal cortex development, 

immune regulation, and tumor progression (Huang and Lin, 2018). Similarly, HIVEP3 binds 

enhancer regions with a κB motif, mediating changes in gene expression during an acute 

immune response or inflammation (Hicar et al., 2001). Therefore, alcohol-related DNA 

methylation changes observed in the EWAS could play a role in previously established 

associations between alcohol misuse, immune function, and cancer risk (Rehm et al., 2017).

Yet, epigenetic modifications can be environmentally-induced and are closely associated 

with cis-genetic variants (Liu et al., 2018). Therefore, associations between alcohol 

consumption and epigenome-wide DNA methylation may be driven by correlated genetic or 

environmental influences, such as socioeconomic status (McDade et al., 2019). Co-twin 

comparisons address potential confounding and complement conventional EWAS by 

evaluating whether differences in alcohol consumption between twins predict differences in 

the proportion of methylation at a given CpG site after controlling for genetic and 

environmental influences that twin siblings share. In the current study, we applied co-twin 

comparisons using two different methods. First, we evaluated whether within-pair 

differences in continuous alcohol consumption predicted within-pair differences in DNA 

methylation. The within-pair model replicated four CpG sites from the EWAS (cg02208313, 

cg11404486, cg21851395, and cg08859215) and identified differential methylation at 23 

additional CpG sites (Table 3). Of the 27 significant CpG sites, four were mapped to 

enhancer regions where they may affect gene expression. Because we did not measure gene 

expression in the current study, future work should evaluate the functional impact of these 

alcohol-related methylation changes.

In light of evidence that alcohol consumption exhibits a curvilinear relationship with a 

variety of adverse health outcomes (e.g., AUD, cardiovascular disease, immune system 

deficiencies; Rehm et al. 2017), we also compared DNA methylation patterns among twins 

discordant for alcohol consumption. Twin pairs were defined as discordant if (1) one twin 

was categorized as a heavy drinker, and one twin was categorized as a light drinker/

abstainer; or (2) one twin was categorized as a moderate drinker, and one twin was 

categorized as an abstainer. The discordant model did not identify any differentially 

methylated CpG sites associated with alcohol consumption (Table S1). Further, none of the 

24 significant CpG sites in the EWAS or the 27 significant CpG sites in the within-pair 

model were among the top 50 CpG sites associated with alcohol consumption in the 

discordant model. This lack of replication within the discordant model should be considered 

in light of the limited number of discordant twin pairs (44 pairs), and replication is 

warranted.

To further investigate associations between alcohol intake, chronic disease, and mortality 

risk (Rehm et al., 2017), we evaluated the effects of alcohol consumption on age 

acceleration. We found that individuals who reported greater alcohol consumption also 

exhibited a greater discrepancy between their chronological age and DNA methylation age. 

These findings are consistent with prior research demonstrating that very high alcohol use 

(Beach et al., 2015) and a current diagnosis of alcohol dependence (Rosen et al., 2018) 

positively predict age acceleration. However, we did not identify alcohol-related differences 
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in epigenetic age acceleration after controlling for genetic and environmental influences 

shared by MZ twins. Non-significant co-twin comparisons suggest that the association 

between alcohol consumption and age acceleration is attributable to family-level influences, 

though results should be considered in view of increased Type II error risk in within-pair and 

discordant analyses (Boardman and Fletcher, 2015).

Our results should be considered in light of several limitations. First, we evaluated cross-

sectional DNA methylation data collected on a sample of young adults. Therefore, we could 

not characterize within-person changes in DNA methylation following alcohol use onset, nor 

could we evaluate whether alcohol-related DNA methylation patterns differ across 

developmental periods. Second, our measure of alcohol consumption referred to the number 

of drinks consumed in the past week, which may not reflect participants’ typical drinking 

patterns. However, it is encouraging that 89.2% of the study participants reported that their 

alcohol consumption within the past week matched their drinking habits over the last six 

months, and a narrow recall timeframe may provide a more accurate estimate of alcohol 

consumption in the week prior to DNA collection. Third, co-twin comparisons control only 

for genetic and environmental influences that twins share and do not account for 

unmeasured individual-level characteristics (e.g., trauma exposure), preventing a strong 

causal interpretation of results. Fourth, because the twin pair is the unit of analysis, co-twin 

comparisons involve an effective reduction in sample size when compared to conventional 

EWAS, increasing risk of Type II error (Boardman and Fletcher, 2015). The sample size in 

the present study was also relatively small (N = 1004), preventing us from evaluating 

whether differentially methylated CpG sites could reliably differentiate heavy drinkers from 

non-drinkers. Finally, effect sizes were quite small in both the EWAS and within-pair model 

and should be interpreted accordingly. Given the relatively small effect of CpG methylation 

on alcohol consumption observed in the present study, replication is warranted to distinguish 

between true-positive and false-positive CpG sites. Moreover, additional studies are needed 

to explore whether the nature and magnitude of associations differ across developmental 

periods and between population-based and clinically-ascertained samples, as well as to 

distinguish between DNA methylation as a cause or consequence of alcohol consumption.

The current study yields novel insights by using multiple approaches, including EWAS, co-

twin comparisons, and age acceleration analyses, to evaluate DNA methylation patterns 

associated with alcohol consumption. Among 24 significant CpG sites in conventional 

EWAS, methylation levels at four CpG sites were also associated with alcohol consumption 

in co-twin comparisons, which control for genetic and environmental influences that twins 

share. Our analyses emphasize the utility of co-twin comparisons as a complementary 

approach to EWAS when developing a robust blood-based biomarker for alcohol 

consumption (Liu et al., 2018; Yousefi et al., 2019), as this type of design enables stronger 

inferences not possible in samples of unrelated individuals and differentiates valuable 

biomarkers from markers of correlated genetic or environmental liability. In addition, our 

results support a positive association between alcohol consumption and age acceleration in 

individual-level analyses, though alcohol consumption did not significantly predict age 

acceleration after controlling for genetic and environmental influences shared by co-twins. 

Although we did not assess the impact of DNA methylation changes on gene expression or 

protein structure and function, our analyses highlight targets for further research on the 
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molecular mechanisms underlying the development of drinking patterns and pathways from 

alcohol use to dependence.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1. Scatter plots of 24 significant CpGs associated with alcohol consumption in an EWAS 
of young adults.
Figure 1 provides a visual representation of CpG sites significantly associated with alcohol 

consumption in the EWAS. Each plot represents a single CpG site with DNA methylation 

shown as beta (proportion of methylation at that site) on the y-axis and alcohol consumption 

shown as drinks per week on the x-axis.
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Figure 2. Scatter plots of 27 significant CpGs associated with alcohol consumption in a within-
pair model.
Figure 2 provides a visual representation of CpG sites significantly associated with alcohol 

consumption when examining differences within MZ twin pairs. Each plot represents a 

single CpG site with DNA methylation shown as beta (proportion of methylation at that site) 

on the y-axis and alcohol consumption shown as drinks per week on the x-axis.
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