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Epigenetic aging is accelerated in alcohol use disorder
and regulated by genetic variation in APOL2
Audrey Luo1, Jeesun Jung1, Martha Longley1, Daniel B. Rosoff1, Katrin Charlet1,2, Christine Muench 1, Jisoo Lee1,
Colin A. Hodgkinson3, David Goldman3, Steve Horvath4,5, Zachary A. Kaminsky6 and Falk W. Lohoff1

To investigate the potential role of alcohol use disorder (AUD) in aging processes, we employed Levine’s epigenetic clock (DNAm
PhenoAge) to estimate DNA methylation age in 331 individuals with AUD and 201 healthy controls (HC). We evaluated the effects
of heavy, chronic alcohol consumption on epigenetic age acceleration (EAA) using clinical biomarkers, including liver function test
enzymes (LFTs) and clinical measures. To characterize potential underlying genetic variation contributing to EAA in AUD, we
performed genome-wide association studies (GWAS) on EAA, including pathway analyses. We followed up on relevant top findings
with in silico expression quantitative trait loci (eQTL) analyses for biological function using the BRAINEAC database. There was a
2.22-year age acceleration in AUD compared to controls after adjusting for gender and blood cell composition (p= 1.85 × 10−5).
This association remained significant after adjusting for race, body mass index, and smoking status (1.38 years, p= 0.02). Secondary
analyses showed more pronounced EAA in individuals with more severe AUD-associated phenotypes, including elevated gamma-
glutamyl transferase (GGT) and alanine aminotransferase (ALT), and higher number of heavy drinking days (all ps < 0.05). The
genome-wide meta-analysis of EAA in AUD revealed a significant single nucleotide polymorphism (SNP), rs916264 (p= 5.43 × 10−8),
in apolipoprotein L2 (APOL2) at the genome-wide level. The minor allele A of rs916264 was associated with EAA and with increased
mRNA expression in hippocampus (p= 0.0015). Our data demonstrate EAA in AUD and suggest that disease severity further
accelerates epigenetic aging. EAA was associated with genetic variation in APOL2, suggesting potential novel biological
mechanisms for age acceleration in AUD.
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INTRODUCTION
Excessive alcohol use is a major risk factor for premature death
worldwide and is associated with an increased risk for aging-
related diseases, such as diabetes, myocardial infarction, liver
diseases, and cancer mortality [1–3]. Research studies have shown
that individuals with alcohol use disorder (AUD) die earlier than
healthy individuals, and they are at a significantly increased risk
for all-cause mortality [4, 5]. Furthermore, heavy alcohol con-
sumption in healthy individuals has previously been shown to be
associated with increased rates of aging [6, 7]. Although the
negative impact of alcohol use on lifespan and health-span as well
as the potential influence of AUD on aging processes have been
reported, the relationship between accelerated aging and AUD
severity and the underlying biological process have not been well
investigated.
One way to further characterize biological age in contrast to

chronological age is the use of epigenetic clocks, which are
hypothesized to capture molecular processes involved in declin-
ing tissue function [8]. The weighted average of methylation levels
at specific age-associated cytosine phosphate guanines (CpG) sites

are used to calculate DNA methylation age (DNAm age). DNAm
ages may be more promising markers to predict aging because
they indicate changes in transcriptional programs and can reflect
cumulative effects of exposures, for instance to alcohol, over time.
Given that individuals with AUD have been shown to have
differential methylation levels compared to healthy controls (HC)
[9–11], epigenetic clocks could capture how changes in methyla-
tion patterns in individuals with AUD are associated with changes
of DNAm age, allowing for the investigation into the shared
molecular mechanisms underlying alcoholism and aging.
Different generations of the epigenetic clocks provide different

measures and characteristics of epigenetic aging. Horvath and
Hannum epigenetic clocks (first generation) were designed for the
Illumina 450K methylation array and used chronological age to
select for the CpG sites in their approaches. On the other hand,
Levine clock was recently developed and designed for all three
Illumina array platforms (27K, 450K, and EPIC 850K chips) with
whole blood [12]. Levine’s approach first calculated the pheno-
typic age, a composite representing death and disease risk
and predicting physiological dysfunction. The phenotypic age
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is predicted by a linear combination of chronological age and
select clinical characteristics (e.g., albumin, creatinine, white blood
cell count, and others). Levine’s algorithm then estimated the
epigenetic age using the selected DNA methylation CpG sites that
predicted the phenotypic age. The Levine DNAm PhenoAge clock
has been garnering attention for its ability to predict aging
outcomes and aging-related diseases risks, including all-cause
mortality [12]. Different epigenetic clocks may capture different
aspects of aging, and a growing body of literature suggests that it
may be advantageous to examine multiple clocks with alcohol-
related phenotypes.
A measure of epigenetic age acceleration (EAA), defined

as DNAm age-adjusted for chronological age, is calculated by
taking the residual resulting from regressing DNAm age on
chronological age [8, 12–14]. EAA in blood and brain tissues has
been linked to cognitive functioning, Parkinson’s disease, meno-
pause, Alzheimer’s disease, and Down syndrome. There are only a
few studies available that investigate the effect of alcohol on EAA.
Using Horvath’s 2013 clock, we have previously shown that
excessive alcohol consumption and a diagnosis of alcohol
dependence were associated with EAA across different tissues,
including blood and liver [15]. Furthermore, heritability of EAA in
blood is high (h2 ≈ 0.4–0.5), which is consistent with pedigree- or
twin-based studies and EAA differs across racial groups [8, 16, 17],
but little is known about the genetic architecture underlying EAA
in individuals with AUD.
In this paper, we first aimed to confirm the relationship

between AUD diagnosis and accelerated epigenetic aging in the
largest AUD cohort currently available. In particular, we investi-
gated how AUD severity, characterized by abnormal liver function
and number of heavy drinking days, is associated with age
acceleration using the Levine EAA, as well as the Horvath and
Hannum EAA [12]. The secondary purpose of our study was to
perform a genome-wide association study (GWAS) of DNAm age
in individuals with AUD to identify genetic contributions to EAA.
Furthermore, we aimed to investigate the genetic mechanism
underlying age acceleration and AUD by conducting a cis-
expression quantitative trait loci (eQTL) study using the archived
eQTL dataset in the BRAINEAC database. Subsequently, we
performed a gene set enrichment analysis using Meta-Analysis
Gene-set Enrichment of variant associations (MAGENTA) to
identify biologically relevant pathways that are enriched by genes
harboring significant variants.

MATERIALS AND METHODS
Study participants
The sample consisted of 532 participants (331 AUD and 201 HC).
All participants provided a blood sample which was used for
genome-wide DNA methylation analysis and clinical marker
collection, including the liver function tests for gamma-glutamyl
transferase (GGT), alanine aminotransferase (ALT), aspartate
aminotransferase (AST), and alkaline phosphatase (ALP). Partici-
pants completed the Structured Clinical Interview for Diagnostic
and Statistical Manual of Mental Disorders (DSM)-IV-TR (SCID-IV) to
determine alcohol dependence diagnosis. A diagnosis of alcohol
dependence in the DSM-IV is equivalent to moderate to severe
AUD diagnosis according to the DSM-5 with a concordance of 93%
[18]. Participants also completed self-report questionnaires,
including the Timeline Followback (TLFB), a measure of alcohol
intake over the previous 90 days [19], and the Fagerström test for
nicotine dependence (FTND) [20]. All participants completed
screening assessments where information on their demographics,
recent drinking history, and exposure to early life stress was
collected. Data on family history of alcohol use was not collected.
Study participants were recruited to the National Institute on
Alcohol Abuse and Alcoholism (NIAAA) at the National Institutes of
Health (NIH), USA. All participants provided informed written

consent in accordance with the Declaration of Helsinki and were
compensated for their time. The study was approved by the
Institutional Review Board of the NIAAA.

DNA methylation measurements in peripheral blood
DNA methylation levels from whole blood samples were assessed
using an Infinium MethylationEPIC BeadChip microarray (Illumina
Inc., San Diego, California) according to the manufacturer’s
protocol. The wateRmelon package in R was used to process the
raw data. After cross-reactive probes and probes that failed quality
assessment were removed, a scale-based correction was applied
for Illumina type I relative to type II probes. We used a quantile
normalization approach to make methylated and unmethylated
intensity values identical and then quantified the β-value using
the ratio of intensities between methylated and unmethylated
alleles [21]. The residuals of a linear model of β-values as a
function of sodium bisulfite modification batch were taken to
adjust the values. Measures of blood cells counting for 6 cell types
(granulocytes, monocytes, natural killer cells, B cells, CD4+ T cells,
and CD8+ T cells) were obtained based on the Houseman
estimation method [22]. The dataset consisted of β-values for 835
928 CpG sites in 532 individuals.

Calculating DNAm age and age acceleration
Three epigenetic clocks utilizing different algorithms, and CpG
sites were employed to estimate DNAm age [8, 12–14]. DNAm
age was calculated as the weighted average of selected CpG
sites according to the coefficients reported in each epigenetic
clock. Hannum’s clock used an approach based on 71 CpG sites
and was made for adult blood samples; Horvath’s 2013 clock
was a multi-tissue predictor of age, using 353 CpG sites; and
lastly, Levine’s DNAm PhenoAge clock employed 513 CpG sites
selected based on phenotypic age, which was a measure
representing the expected age that corresponded to a person’s
estimated hazard of mortality as a function of his/her biological
profile. Where Hannum’s and Horvarth’s 2013 clocks were
optimized for Illumina 27k and 450k chips, Levine’s clock used
CpG sites available on all three chips (27k, 450k, EPIC).
Seventeen of the 353 CpGs and 6 of the 71 CpGs necessary to
calculate epigenetic age using the Horvath and Hannum
methods, respectively, were missing. Horvath’s algorithm
imputed the missing CpG sites, whereas the missing probes
were excluded from the epigenetic age calculation in Hannum’s
clock. EAA was then estimated by taking the residual resulting
from regressing DNAm age on chronological age. A positive EAA
represents a positive deviation from chronological age in years
and indicates accelerated aging, whereas a negative EAA
indicates younger biological age compared to chronological
age, or decelerated aging.

Statistical analysis
To examine differences in epigenetic aging in AUD and controls, a
linear regression model was used with EAA, satisfying normality
(by Shapiro-Wilk test, p > 0.05), as a dependent variable and AUD
diagnosis as an independent variable with gender and blood-cell
type composition as covariates (basic model). The fully adjusted
model included additional covariates for race, smoking status,
and body mass index (BMI). Race, as determined by ancestry-
informative markers score (AIMs), was included because race/
ethnicity has previously been shown to be associated with
epigenetic aging [23]. Smoking status was included to account
for potential confounding lifestyle factors affecting aging due to
the disproportionately high concurrence of smoking in the AUD
individuals compared to HCs groups [24]. Furthermore, BMI has
previously been shown to predict accelerated epigenetic aging
[25]. Blood-cell counts were included as covariates to correct for
differences in blood cell-type composition between individuals
[26, 27].
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For exploratory analyses, additional linear regression models
that were adjusted for all covariates were used to examine the
relationship between EAA and the number of heavy drinking days
in a 90-day window (≥4 drinks a day for females; ≥5 drinks a day
for males) within individuals with AUD. To further dissect the AUD
phenotype, we examined EAA in the most and least severe cases
defined by the third (highest) quartile and the first (lowest)
quartile of each respective biomarker level (GGT, ALT, AST, and
ALP level) in the AUD group. Linear regression models were used
to compare the EAA between samples in the highest and lowest
quartiles of each biomarker. Statistical analyses were performed in
R version 3.5.1.

GWAS analysis for epigenetic age acceleration
A genome-wide association study (GWAS) was performed in
European Ancestry (EA) and African Ancestry (AA) participants
separately with the Illumina OmniExpress and Illumina OmniEx-
pressExome BeadChips (Illumina, San Diego, CA). Ethnicity for each
individual was characterized using a panel of 2500 AIMs, which
were then compared to the 51 worldwide populations repre-
sented in the Human Genome Diversity Cell Line Panel of the
Human Genome Diversity Project (HGDP) and Centre d’Etude
du Polymorphisme Humain (CEPH), which includes 1051 indivi-
duals (http://www.cephb.fr/HGDP-CEPH-Panel) [28]. Ancestry
scores were calculated using Structure, version 2.2 (https://web.
stanford.edu/group/pritchardlab/structure.html) where data for
the CEPH diversity panel were run along with our samples using
the AIMs [29]. The ancestry scores for six ethnic factors (Africa,
Europe, Asia, Far East Asia, Oceania, and Americas) were then
estimated for each subject. Based on the 6 ethnic AIM scores, we
identified EA by having a European AIM score of 80% or greater
and AA participants by having an African AIM score of 20% or
greater and AIM scores for other races of 5% or lower.
Based on the genetically identified EA and AA individuals, we

conducted a series of quality control (QC) procedures within
each race group including: sex check by X chromosome,
Hardy–Weinberg equilibrium (HWE) test in a control sample in
EA and AA separately (P > 0.0001), missingness by SNP (missing
rate <0.01) and missingness by subjects (missing rate <0.03), and
minor allele frequency (MAF) over 1%. The final sample size for the
GWAS analyses after QC procedure was 256 in EA and 230 in AA.
The total number of SNPs tested for in the GWAS with EAA was
613 209 for EA and 666 531 for AA.
A linear regression with an additive genetic model was utilized

to test for the association between each SNP and Levine’s EAA in
AUD group after adjusting for gender, smoking status, and blood
cell-type composition as covariates. All analyses were performed
in AUD EA (n= 154) and AUD AA (n= 156) separately. We
then carried out a fixed-effects meta-analysis weighted by
inverse variance using the GWAS results of EA AUD and AA AUD
samples. SNPs that had substantial heterogeneity across the two
GWAS results (Cochran’s Q-test p-value < 0.05 and heterogeneity
index I2 > 75) were removed. The total number of SNPs for the
genome-wide meta-analysis was 494 067. The threshold for the
GWAS significant SNPs was 7.5 × 10−8 (= 0.05/666 531) deter-
mined by a Bonferroni Correction that used the number of SNPs
tested in AA sample. All genetic analyses were conducted using
PLINK 1.90 software.

Pathway analyses using MAGENTA
To illustrate potential biological processes that influence epige-
netic age acceleration in AUD, we explored the data in several
ways. First, using the results of the genome-wide meta-analysis,
we carried out Meta-Analysis Gene-set Enrichment of variant
associations (MAGENTA) analysis to identify biological pathways
that are enriched for genes having significant variants [30].
Twenty pre-specified biological pathways and their associated
gene sets were extracted from the KEGG pathway database [31]

(Supplementary Table S1). After extending gene boundaries to
±50 kb, we assigned SNPs to each gene and corrected for gene
size, variant number, and linkage disequilibrium (LD). We then
performed gene set enrichment analysis (GSEA) in the MAGENTA
with 95th and 75th percentiles, which were the default parameter
values for a highly polygenic trait. The empirical nominal p-values
were estimated based on 10 000 permutations. False discovery
rate (FDR) adjusted p-values were calculated using MAGENTA.

In silico functional analyses
APOL2 is highly expressed in neurons of the human hippocampus
(www.proteinatlas.org) [32]. Given that APOL2 was our top finding
and that it is expressed in several brain regions, we performed cis-
expression quantitative trait loci (eQTL) analysis for APOL2 to
identify a correlation between the genetic variants and expression
level in the brain tissues at both the specific exon level and the
transcript level using the brain expression quantitative trait loci
(eQTL) Almanac (BRAINEAC) database, which includes either exon-
level or gene-level data across 10 brain regions from 134
neurologically normal EA subjects [33].

RESULTS
Epigenetic aging was studied in AUD and HC. Sample character-
istics are described in Supplementary Table S2. The mean age of
the sample was 40.7 years (SD= 12.5) and 44.3% of the sample
was female. AUD and HC differed significantly in chronological
age (p < 0.0001), with AUD being older than the controls. The AUD
group had a higher proportion of smokers (p < 0.0001) and males
(p= 0.04) and greater average BMI than the controls (p= 0.01).

Accelerated epigenetic aging in AUD
EAA derived from Levine's DNAm PhenoAge clock was signifi-
cantly higher in AUD cases compared to healthy controls before
adjusting for covariates (b= 2.7, p= 1.6 × 10−7). After adjusting
for gender and blood cell composition in the basic model (Fig. 1a,
Table 1), age acceleration in AUD cases remained significant (p=
1.85 × 10−5). Individuals with AUD were on average 2.22 years
older than HC, with an overall mean positive EAA (accelerated
aging) in AUD cases (0.84 years) and mean negative EAA
(decelerated aging) in controls (1.38 years). When adjusted for
additional covariates in the full model, age acceleration in
individuals with AUD compared to controls was slightly lower
than in the basic model (b= 1.38, p= 0.02), but still significant.
Levine DNAm age was highly correlated with chronological age in
both AUD and HC (Fig. 1b), as were DNAm ages derived from
other epigenetic clocks. Positive smoking status (b= 1.81, p=
0.001) and blood cell composition (monocytes: b= 60.0, p= 0.04;
granulocytes: b= 62.4, p= 0.03) demonstrated significant associa-
tions with Levine EAA in the fully adjusted model. However, we
did not observe any significant difference in age acceleration
between AUD and HC using the Horvath and Hannum clocks
(Table 1).

Associations of drinking patterns and clinical markers on EAA
In the AUD group, Levine’s EAA was positively associated with the
number of heavy drinking days and more severe AUD phenotypes,
as measured by elevated liver enzymes (ALT, ALP, and GGT) after
adjusting for covariates (Fig. 1, Table 2). In the basic model, AUD
cases in the highest quartile of heavy drinking days (= 90 heavy
drinking days) exhibited on average 2.18 years of age acceleration
(p= 0.01) compared to AUDs in the lowest quartile of heavy
drinking days (≤44 heavy drinking days).
Exploratory analyses revealed an association of elevated

GGT, ALT, and ALP levels with EAA (Table 2). Elevated levels of
these clinical markers, which indicates liver damage and a more
severe AUD phenotype, predicted accelerated epigenetic age.
After outliers defined by ±3 standard deviations from the mean
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were removed for each biomarker, AUDs in the highest quartile
of GGT levels exhibited increased EAA (b= 2.71, p= 0.002), as
did individuals in the highest quartile of ALT levels (b= 2.19,
p= 0.007) and ALP (b= 2.25, p= 0.01) in the basic model.
When adjusted for all covariates in the full model, associations
of age acceleration in elevated GGT, ALT, and ALP remained.
Individuals with AUD who smoked exhibited a 1.77-year increase
in age acceleration (p= 0.007) compared to AUDs who did
not smoke.

GWAS of epigenetic age acceleration
We first performed a GWAS of each AUD EA and AUD AA sample
separately (Manhattan plots shown in Supplementary Figs. S1, S2),
and then removed SNPs that had substantial heterogeneity
between the GWAS results of EA and AA such as the flipping of
the minor allele. The total number of SNPs for meta GWAS analysis
was 494 067. We found no evidence for genomic inflation in each
EA (λGC= 1.007) and AA (λGC= 1.005) studies. Interestingly, at a
genome-wide significant level of P < 7.5 × 10−8, meta-analysis of

Fig. 1 Epigenetic age acceleration in AUD. The bar plots show estimated means of age acceleration adjusted for gender and blood
cell composition (basic model), as calculated from Levine’s DNAm PhenoAge, and standard error (SE). a Age acceleration differed significantly
(p < 0.0001) between AUD cases and healthy controls. b The scatterplot shows the chronological age versus DNA methylation age and the line
in which DNA methylation age was regressed on chronological age. Epigenetic age was highly correlated with chronological age in both
groups (Levine: AUD group [N= 331]: r= 0.86, p < 0.0001; control group [N= 201] r= 0.91, p < 0.0001). Points lying above the regression line
indicate positive age acceleration, and points lying below the regression line indicate negative age acceleration. c–e Age acceleration differed
significantly between AUD cases in the highest and lowest quartiles with ALT (p= 0.007), ALP (p= 0.01), and GGT (p= 0.002). ALT, alanine
aminotransferase; AST, aspartate aminotransferase; ALP, alkaline phosphatase; GGT, gamma-glutamyl transferase
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EAA showed that the SNP rs916264 in APOL2 was significantly
associated with an increase in EAA by 3.09 years (p= 5.4 × 10−8)
with each additional copy of the minor allele A (Fig. 2a, b, Table 3).
None of the SNPs in each EA and AA GWAS was associated with
EAA at the genome-wide significant level (Supplementary Figs. S1,
S2). The top 20 SNPs in each EA and AA GWAS are presented in
Supplementary Tables S3 and S4. Table 3 illustrates the top seven
SNPs whose meta p-values were less than the suggestive
significance level (P < 1 × 10−5). The most significant SNP identi-
fied by the EA GWAS, rs2157250 in APOL2 (p= 4.2 × 10–7), was in
high linkage disequilibrium (LD, R2= 0.6) with rs916264 (Fig. 2b,
Supplementary Table S3) and was also identified by the
meta-analysis (p= 6.6 × 10−7) with a moderate heterogeneity of
72.6%. Furthermore, each copy of major allele A of rs10043634
in CWC27 was associated with a 3.21-year increases in EAA (meta
p= 9.5 × 10−6). Two SNPs, rs1327265 located 308kb away from

PKHD1 and rs1571695 located 18kb away from CLIC6, showed
suggestive association with EAA (p= 5.8 × 10−7, 8.4 × 10−6,
respectively). Two additional SNPs, rs17014720 and rs2059442, in
LINC01317 also showed suggestive association and had high LD
(R2= 1 in CEU, R2= 0.93 in ASW).
Cis-eQTL analysis on the BRAINEAC dataset showed that the

genome-wide significant SNP rs916264 was positively correlated
with brain mRNA expression across several brain regions (Fig. 2c).
The minor allele A driving increased age acceleration had
strongest associations with APOL2 mRNA expression in the
hippocampus (p= 0.0015).
The gene set enrichment analysis by MAGENTA identified

biological pathways among the pre-specified 20 biological
processes targeting addition-, longevity-, or depression-related
pathways from the KEGG pathway database (Supplementary
Table S1). At the significant level of nominal p-values < 0.05 and
FDR-adjusted p-values < 0.2, the long-term depression pathway
was detected to harbor more significant genes than expected
(p= 0.0014, FDR p= 0.015) by thresholding the MAGENTA p-value
at the 95th percentile. In addition, three biological pathways
(dopaminergic synapse, cAMP signaling pathway, mineral absorp-
tion) were nominally significant. None of the pathways were
identified by thresholding the MAGENTA p-value at the 75th
percentile.

DISCUSSION
In this paper, we investigated epigenetic aging in individuals
with AUD using data from the largest study of epigenetic aging
in AUD to date. We also investigated the underlying biological
mechanisms of age acceleration in AUD. Our study confirmed
that epigenetic age acceleration, derived from Levine’s DNAm
PhenoAge algorithm, is increased in the AUD group compared
to HC. However, we did not find significant associations of AUD
status with age acceleration derived from the Horvath and
Hannum epigenetic clocks, possibly due to differences in the
methods capturing the age-related CpG sites. Furthermore, our
exploratory analyses revealed more pronounced age accelera-
tion in individuals with more severe AUD-associated pheno-
types, such as elevated GGT, even when controlling for
confounding factors. This implies that individuals with AUD
with liver and/or tissue damage, as indicated by elevated liver
enzymes, may experience accelerated aging and possibly
shorter lifespans. To further elucidate the underlying molecular
mechanisms and genetic factors contributing to epigenetic

Table 1. Estimated marginal means of Levine’s epigenetic age acceleration in AUD cases vs. controls

AUD Cases (N= 331) Controls (N= 201) β P-value

Mean EAA SE 95% CI Mean EAA SE 95% CI

Levine (EPIC)

Basic model 0.84 0.29 0.27 1.41 −1.38 0.39 −2.14 −0.62 2.22 <0.0001

Full model 0.57 0.31 −0.04 1.18 −0.81 0.43 −1.66 0.04 1.38 0.02

Horvath 2013 (450K)

Basic model 0.08 0.22 −0.34 0.51 −0.14 0.29 −0.71 0.43 0.22 0.56

Full model 0.22 0.23 −0.24 0.68 −0.25 0.33 −0.89 0.39 0.47 0.29

Hannum (450K)

Basic model −0.016 0.19 −0.38 0.35 0.03 0.25 −0.46 0.51 −0.04 0.9

Full model 0.09 0.2 −0.29 0.48 0.016 0.27 −0.52 0.55 0.07 0.83

Basic model adjusted for gender and blood cell-type composition. Full model adjusted for gender, blood cell-type composition, race (based on ancestry-
informative marker score), smoking status, and body mass index. Levine PhenoAge Clock was designed for all three Illumina arrays (27k, 450k, and EPIC).
Horvath and Hannum clocks were designed for 450K chip. Boldface indicates significance
AUD alcohol use disorder

Table 2. Associations between Levine EAA and clinical characteristics
in AUD cases (N= 331)

Predictor Basic model Full model

β P-value β P-value

Heavy drinking days
(highest/lowest quartile)

2.18 0.01 2.04 0.02

Elevated GGT 2.71 0.002 2.74 0.001

Elevated ALT 2.19 0.007 1.88 0.03

Elevated AST 1.06 0.22 1.43 0.11

Elevated ALP 2.25 0.01 1.92 0.04

Smoker 1.77 0.007 1.86 0.005

Adjusted for gender, blood cell-type composition in the basic model, and
additionally adjusted for race, and body mass index in the full model for all
outcome variables. Smoking status was also adjusted when examining
heavy drinking days, GGT, ALT, AST, and ALP. Heavy drinking days are
defined as ≥4 drinks a day for females; ≥5 drinks a day for males. AUD cases
with the highest number of heavy drinking days (highest quartile) were
compared to individuals with the lowest number of heavy drinking days
(lowest quartile). Similarly, AUD cases with GGT, ALT, AST, and ALP levels in
the highest quartile were compared to AUD cases with respective
biomarker levels in the lowest quartile. AUD cases who smoke were
compared to non-smoking cases. Boldface indicates significance
AUD alcohol use disorder, GGT gamma-glutamyl transferase, ALT alanine
aminotransferase, AST aspartate aminotransferase, ALP alkaline phosphatase
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aging in AUD, we conducted GWAS of epigenetic age accelera-
tion in our sample and identified a genome-wide significant
SNP, rs916264, located in an intronic region in APOL2 on
chromosome 22q12.3 which alters mRNA expression levels of
APOL2 in brain.

Our study significantly expands upon a previous study by Rosen
et al., which found epigenetic aging in AUD and reported an
association between epigenetic aging and excessive alcohol
consumption in blood and liver [15]. In the current study, which
employed more comprehensive analyses with well-characterized
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alcohol consumption-related phenotypes and endophenotypes
of liver function test enzymes, we utilized the Levine DNAm
PhenoAge epigenetic clock as well as Hannum and Horvath’s
epigenetic clocks. Interestingly, our findings of EAA in AUD and its
associated endophenotypes were found using only Levine’s
epigenetic clock. The Levine clock was previously shown to better
differentiate morbidity and mortality risk among individuals of the
same chronological age than other epigenetic clocks [12].
Although the present study examined methylation in whole
blood only, we controlled for pertinent factors (e.g., blood cell-
type composition) that the previous study by Rosen et al. did
not. These factors have been shown to significantly impact
variability in DNA methylation and are likely influenced by heavy
alcohol consumption [26, 34]. One possible explanation for the
failure to replicate the finding of Rosen et al.’s (2018) using
Horvath’s epigenetic clock is that first-generation clocks were
designed for Illumina’s 450k DNA methylation array. There have
been mixed findings on whether DNAm-based estimations from
first-generation clocks are accurate when using the EPIC array
[35, 36]. DNAm age estimated by the first-generation approaches
in our cohort could be inaccurate due to missing probes between
the arrays, despite probe imputation procedures [36]. Further-
more, Levine’s second-generation clock has been found to be
more strongly associated with alcohol intake and smoking
compared with first-generation clocks [7], which could indicate
that different clocks capture different aspects of epigenetic aging.
Our finding of age acceleration in individuals with AUD using
Levine’s approach but not Horvath’s or Hannum’s is not
unexpected because Levine’s clock was designed to include CpG
sites associated with biomarkers of physiological dysregulation
and chronic diseases. In contrast, the Horvath and Hannum clocks
include CpGs that predict chronological age only.
We further employed the Levine clock to understand how the

severity of AUD phenotype, characterized by drinking pattern and
clinical biomarkers of alcohol use, is associated with epigenetic
aging. We found that the most severe AUD (i.e., individuals in the

highest quartile for number of drinking days and levels of liver
enzymes) exhibited on average greater age acceleration than the
least severe AUD cases in the lowest quartile for these clinical
characteristics. Our results provide evidence that within AUD
populations, clinical heterogeneity could lead to differences in
future morbidity and point to the possibility of uncovering shared
mechanisms of AUD with aging-related morbidity. We examined
the effects of heavy drinking days and liver enzyme levels using
both the basic, minimally adjusted model, as well as the full model
adjusting for all covariates. Here, we did not observe significant
differences in age acceleration between the two models, which
supports the robustness of our findings.
Epigenetic clocks have been employed to study age acceleration

in other neuropsychiatric disorders in addition to AUD. In major
depressive disorder, patients with depression experience a 0.64-year
increase in EAA after adjusting for sex, education level, body mass
index, cotinine levels, alcohol use, physical activity, and number of
chronic diseases [37]. A study investigating post-traumatic stress
disorder (PTSD) among veterans found a 1.97-year increase in EAA in
individuals exhibiting PTSD symptoms, but the study is limited by a
small sample size of 96 [38]. Both studies used blood to obtain
methylation levels. Mixed results have been seen in schizophrenia.
One study found no accelerated aging in the brain or blood of
schizophrenia patients [39]. Another study reported a decrease in
age acceleration in the blood of schizophrenia patients in one
cohort but no effect in another [40]. To the best of our knowledge,
no studies have been done on epigenetic aging in individuals with
substance use disorders. Our finding of a 1.38-year age acceleration
(full model) in AUD is significant as our effect size is the same as or
greater than EAA in other neuropsychiatric disorders. It is interesting
that a similar range of EAA is observed across psychiatric disorders,
as psychiatric comorbidity is common and cross-disorder genetic
susceptibility has previously been suggested [41]. One possible
speculation could be that shared genetic or epigenetic susceptibility
could also play a role in biological aging in these psychiatric
disorders.

Fig. 2 GWAS of EAA identifies APOL2. a Manhattan plot shows the meta-analysis P-values combining the results of EA and AA AUD GWAS
based on a fixed effect model using weight of inverse variance. EA and AA studies comprised of 154 AUD EA and 156 AUD AA individuals. The
y-axis reports log transformed meta P-values. The horizontal dashed line corresponds to the genome-wide association threshold (p= 7.5 ×
10−8). All SNPs in APOL2 were colored with red. b Regional association plot of APOL2 associated with epigenetic age acceleration. The y-axis
shows the log-transformed meta-analysis P-value. The colors represent linkage disequilibrium (LD) R2. c Association of rs916264 genotype with
APOL2mRNA exon specific expression in the 10 brain tissues (Affymetrix Expression ID= 3959439). The y-axis is a log2 transformed expression
scale. The x-axis describes the genotype group of rs916264 across the 10 brain tissues. HIPP stands for hippocampus, WHMT for intralobular
matter, MEDU for medulla (specifically inferior olivary), FCTX for frontal cortex, CRBL for cerebella cortex, OCTX for occipital cortex (specifically
primary visual cortex), PUTM for putamen, SNIG for substantia nigra, TCTX for temporal cortex, THAL for thalamus

Table 3. GWAS meta-analysis of EAA in EA and AA AUD case (listed by p < 1 × 10−5)

SNP CHR BP Minor/Major allele EA AA META

MAF P-value MAF P-value BETA (EFFECT) P-value I2 (P) Gene or nearest gene

rs916264 22 36633836 Aa/C 0.26 2.07E-06 0.04 0.025 3.09 5.43E-08 0 (0.92) APOL2

rs1327265 6 51171408 G/Aa 0.39 0.0039 0.30 5.18E-05 2.17 5.84E-07 2.01 (0.31) 308kb away from PKHD1

rs2157250 22 36631691 Ga/A 0.25 4.21E-07 0.09 0.60 2.70 6.61E-07 72.6 (0.06) APOL2

rs17014720 2 34328691 C/Ta 0.17 0.00015 0.20 0.0045 2.45 1.34E-06 0 (0.75) LINC01317

rs2059442 2 34324360 C/Ta 0.17 0.00053 0.20 0.0045 2.34 5.00E-06 0 (0.90) LINC01317

rs1571695 21 36023355 C/Aa 0.35 0.00190 0.27 0.0019 1.99 8.37E-06 0 (0.66) 18kb away from CLIC6

rs10043634 5 64118974 G/Aa 0.09 0.00083 0.10 0.0055 3.21 9.51E-06 0 (0.98) CWC27

P-value present refers to association test with EAA
EA European Ancestry participants, AA Africa Ancestry participants, META GWAS meta-analysis, CHR chromosome, BP base pair (physical location) on genome,
MAF minor allele frequency, APOL2 Apolipoprotein L2, PKHD1 PKHD1 ciliary IPT domain containing fibrocystin/polyductin, LINC01317 Long intergenic non-
protein coding RNA 1317, CLIC6 Chloride Intracellular Channel 6, CWC27 Spliceosome Associated Protein Homolog, I2 (P) heterogeneity index with P-value
aIn minor/major allele shows the allele drives the epigenetic age acceleration (i.e., each copy of a minor allele A in rs916264 increases EAA by 3.09)
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Given that DNA methylation is sensitive to both genetic and
environmental factors, our findings do not determine whether
DNA methylation differences and epigenetic age acceleration are
predisposing factors for addiction or if they are consequences of
long-term alcohol use. To address this limitation of our cross-
sectional case-control study, future studies may collect methyla-
tion data from multiple time points to investigate how substance
exposure and epigenetic aging interact. It would be beneficial to
determine whether epigenetic age acceleration can be a
biomarker that tracks changes in drinking patterns over time
and whether the removal of harmful factors like chronic, heavy
alcohol consumption can decelerate aging. Furthermore, although
methylation, and thus epigenetic aging, in peripheral blood and
brain has been shown to be highly correlated [8, 42], future
studies should confirm the association between EAA in the blood
or EAA derived from postmortem brain tissue. Our study was also
limited in the covariates representing environmental factors that
were not available to include in the analyses. While we accounted
for gender, blood-cell composition, BMI, race, and smoking status,
we did not collect data on other environmental factors that can
impact DNA methylation levels and epigenetic aging. Covariates
such as exercise, diet, and environmental toxin exposure, like
air pollution, which have been shown to impact epigenetic
aging should be included in future studies with larger sample
sizes [25, 43].
In order to investigate the genetic contributing factors

underlying EAA in AUD, we conducted GWAS analyses and
identified in our meta-analysis, a genome-wide significant SNP,
rs916264 in the gene encoding apolipoprotein L2 (APOL2). The
apolipoprotein family of proteins facilitate the transport of lipids
and lipophilic substrates [44]. APOL2 is related to cholesterol
biosynthesis and trafficking and has been suggested to
mediate cell death induced by interferon-gamma or viral
infection. However, the role of APOL2 in cell death remains
unclear [45]. Moreover, differential expression of APOL2 has
been observed in individuals with substance use disor-
ders (cocaine, cannabis, and phencyclidine) [46] as well as
schizophrenia and bipolar disorders [47]. APOL2 is highly
expressed in several brain regions. The BRAINEAC dataset
confirmed that the top significant variant, rs916264, is sig-
nificantly associated with expression of APOL2 in the hippo-
campus as well as in intralobular white matter and the medulla.
Among the three brain regions, the hippocampus showed the
strongest correlation with rs916264 genotype. This suggests
rs916264 may influence regulation of APOL2 expression in
human hippocampus. However, the biological function of
APOL2 in the brain remains unclear [44, 46]. Furthermore, three
SNPs in LINC01317 and CWC27 showed suggestive association
with EAA. LINC01317 is a non-protein coding RNA that is
transcribed from DNA but not translated into proteins and
is generally associated with regulation of gene expression. To
date, no study has published on the gene. CWC27 plays a role in
pre-mRNA splicing and codes for a cyclophilin, which is part of
the spliceosome and has been implicated in retinal degenera-
tion, including age-related macular degeneration [48–50].
To the best of our knowledge, our study was the first GWAS

analysis of epigenetic age acceleration in an AUD population.
Previous GWAS on age acceleration have been done in brain and
blood and have implicated genes coding for telomerase reverse
transcriptase as well as loci (17q11.2 and 1p36.12) associated with
the expression levels of multiple genes including EFCAB5,
involved in calcium ion binding, and CRLF3, which regulates cell
cycle progression [51, 52]. Our GWAS analysis identified several
other variants whose effects are mild to moderate but did not
meet a statistically significant genome-wide threshold after
correcting for multiple comparisons. These variants are usually
polygenic, meaning they could be related to functionally relevant
biological pathways.

Using either top 5% or 25% significant genetic variants, our
gene set enrichment analysis compared our results of GWAS
analysis with sets of genes in pre-specified pathways that are
relevant with aging or addiction. Our top 5% findings were
enriched in a set of genes involved in a pathway of cerebellar
long-term depression, a process involving the reduction in
synaptic strength between parallel fiber and Purkinje cell [53].
This finding may be significant as acute alcohol consumption has
been shown to suppress parallel fiber long-term depression in the
cerebellum, which may contribute to alcohol-induced deficits in
motor coordination in rats [54, 55]. Furthermore, in mice, chronic
alcohol consumption has been shown to impair the sensory
stimulation-induced molecular layer interneurons (MLIs) to the
Purkinje cell (PC) synapses through the activation of a nitric oxide
signaling pathway in the cerebellar cortex, which could lead to a
deficit in cerebellar motor learning [56]. Taken together, our
findings suggest that chronic alcohol abuse in AUD individuals
may impact cerebellar long-term depression, which could have
pleiotropic effects leading to accelerated biological aging.
In addition, we found three biological pathways (dopaminergic

synapse, cAMP signaling, and mineral absorption) to be nominally
significant using the KEGG Pathway database. The dopaminergic
synapse pathway includes components of the dopaminergic
signaling, including its five receptors (D1, D2, D3, D4, and D5). The
dopaminergic reward system has been implicated in alcohol
dependence as well as other substance use disorders, such as
cocaine dependence [57]. Specifically, there is evidence for the
association between genetic variation in the D2 dopamine
receptor gene (DRD2) and alcoholism [57, 58]. The Taql A minor
(A1) allele of the DRD2 gene reduces the number of D2 dopamine
receptors in the brain, reducing the efficiency of the dopaminergic
system [57]. It is hypothesized that abuse of substances like
alcohol may increase brain dopamine levels. Furthermore, animal
studies have shown that drugs of abuse increase extracellular
dopamine in the nucleus accumbens [58]. This pathway has also
been implicated in other neuropsychiatric disorders including
obsessive-compulsive disorder, schizophrenia, and attention
deficit hyperactivity disorder [59–61]. The cAMP signaling pathway
includes cAMP, one of the most common second messengers,
adenylyl cyclase (AC), G protein-coupled receptors, protein kinase
A (PKA), and other components. This finding is of interest as
alcohol and other drugs of abuse have been shown to affect
cAMP-PKA signaling in the mesolimbic pathway [62]. Acute
alcohol consumption has been shown to elevate extracellular
adenosine levels, which plays a role in mediating alcohol
preference and its sedative effects [63]. Furthermore, alcohol has
been suggested to stimulate AC activity, with a positive family
history of alcohol dependence being associated with higher levels
of AC activity [64]. Lastly, the mineral absorption pathway consists
of the passive or active transport systems that help absorb
minerals and transport proteins. Alcohol is known to disrupt
osteoblastic activity, which results in decreased bone formation
and impaired mineralization [65]. Heavy alcohol use has been
associated with decreased bone mineral density and impairs bone
remodeling, leading to bone loss and increased risk for
osteoporosis and fracture [66–68]. This pathway plays a role in
bone diseases such as osteoporosis and may suggest the role of
disrupted mineral absorption in AUD that could lead to
accelerated aging [69]. While these pathways did not reach
statistical significance after correction for multiple comparisons,
there is evidence of their potential roles in the relationship
between aging and AUD. Future studies with larger sample sizes
may further explore these biological pathways.
Our study is the largest epigenetic aging study of AUD to date

and was adequately powered to detect EAA with 80% power to
identify an age acceleration difference of 1.5–2 years between
AUD and healthy controls at the 1–5% significance level. Our
GWAS of epigenetic aging in AUD would benefit from a larger
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sample size that would allow the detection of additional variants
with stronger significance due to higher statistical power. Our
GWAS of EAA focused on and analyzed only common variants
with minor allele frequencies greater than 1% that were available
in both of the Illumina OmniExpress BeadChips. Detection of rare
genetic variants requires a larger sample size. We may also miss
rare functional variants with large effects, which could influence
EAA. Finally, future studies of epigenetic aging in AUD might
consider high-throughput interrogation of a genome-wide study.
In conclusion, our study indicates accelerated biological aging

in individuals with AUD and more pronounced acceleration in
individuals with more severe clinical AUD phenotypes. In addition,
we identified an association between APOL2 and EAA in AUD,
suggesting a potential role of apolipoproteins in molecular aging.
Our findings warrant further investigation into the shared
mechanisms underlying AUD and aging, which can lead to the
development of novel methods of detection and treatment for
aging-related morbidities.
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