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ABSTRACT. Objective: Evidence suggests that the nature and magni-
tude of some genetic effects on alcohol use vary by age. We tested for
moderation in the effect of an alcohol metabolizing polygenic score by
time across the college years. Method: Participants (total n = 2,214)
were drawn from three cohorts of undergraduate college students, who
were assessed annually for up to 4 years starting in their freshman year.
Polygenic risk scores (PRSs) were calculated from genes involved in the
metabolism of alcohol, as many of these markers are among the best rep-
licated in association studies examining alcohol use phenotypes. Linear
mixed effects models were fit by maximum likelihood to test the main
effects of time and the PRS on alcohol consumption, as well as modera-
tion of the PRS effect on alcohol consumption by time. Results: In the

main effects model, the fixed effects for time and the PRS were posi-
tively associated with alcohol consumption. The interaction term testing
moderation of the PRS effect by time reached statistical significance and
remained statistically significant after other relevant interaction effects
were controlled for. The main effect of the PRS accounted for 0.2% of
the variance in alcohol consumption, whereas the interaction of PRS
effect and time accounted for 0.05%. Conclusions: Alcohol metaboliz-
ing genetic effects on alcohol use appear to be more influential in later
years of college than in earlier years. Shifting environmental contexts,
such as increased access to alcohol as individuals approach the legal age
to purchase alcohol, may account for this association. (J. Stud. Alcohol
Drugs, 79, 627-634, 2018)

MERGING ADULTHOOD REPRESENTS a critical pe-

riod in the acquisition of maladaptive patterns of alcohol
use. Rates of alcohol use typically peak in this developmen-
tal period, converging with a variety of social and biological
factors to elevate the risk of alcohol-related problems (Go-
dette et al., 2006). As a subset of emerging adults, college
students experience further elevated risk of alcohol-related
problems, drinking more frequently and reporting a greater
prevalence of alcohol abuse, according to criteria from the
Diagnostic and Statistical Manual of Mental Disorders,
Fourth Edition (American Psychiatric Association, 1994),
than their non—college-attending peers (Slutske, 2005). A
range of novel developmental tasks demarcates emerging
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adulthood as a period with unique salience to individuals’
progression into adulthood—for example, establishing finan-
cial independence, reducing high-risk behaviors common in
adolescence, and developing close social bonds (Schulenberg
et al., 2004). Elevated alcohol use within this developmental
stage may stall progress on these tasks and, subsequently,
produce difficulty with adjustment into adult life.
Furthermore, there is considerable heterogeneity in rates
of drinking over time, including by demographic and social
characteristics. Most research indicates that alcohol use
increases steadily over the course of students’ enrollment in
college and declines after graduation (Auerbach & Collins,
2006; Lanza & Collins, 2006; White et al., 2005), although
these broader trends may vary by gender (Klein, 1994)
and ethnicity (Godette et al., 2006). Genetic influences on
alcohol use may also offer some insight into heterogeneity
in alcohol use and problems among emerging adult col-
lege students. Although meta-analytic results suggest that
alcohol use disorder is approximately 50% heritable in adult
samples (Verhulst et al., 2015), the nature and magnitude of
genetic influences on drinking vary across development. For
example, Dick et al. (2014a) found that a variant in GABRA2
is more strongly associated with the frequency of drunken-
ness in individuals age 19 or older, compared with younger
individuals. Elsewhere, evidence suggests that the magnitude
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of the effect of the ALDH2*2 allele on drinking in East
Asian populations is moderated by age, with its protective
effect absent in adolescence and emerging in early adulthood
(Irons et al., 2012). Changing developmental conditions
could provide the context for genetic variation to become
more influential, shaping both the phenotypes that manifest
and the magnitude of association. Potential mechanisms for
this process include increasing the availability of alcohol
and declining social control over alcohol use as individuals
reach the legal drinking age, allowing more opportunity for
predispositions toward alcohol use to present.

The influence of alcohol metabolizing genes on drink-
ing behaviors is well substantiated in the literature, with
select markers reaching genome-wide significance in as-
sociation with alcohol dependence (Gelernter et al., 2014).
Functionally, the ADH and ALDH gene cluster influences
drinking behaviors through interference with the metabolism
of ethanol into acetaldehyde or acetaldehyde into acetate,
respectively (Hurley & Edenberg, 2012). Both faster con-
version of ethanol to acetaldehyde and slower conversion
of acetaldehyde to acetate result in more unpleasant side
effects associated with drinking and, subsequently, dimin-
ish chances of developing alcohol dependence (Hurley
& Edenberg, 2012). Alcohol dehydrogenase (ALDHIBI,
ALDHIAI, ALDH?) and aldehyde dehydrogenase (ADHIB,
ADHIC) genes are among the best replicated for their asso-
ciation with alcohol use behaviors, with ethnic variation in
allele frequency playing a crucial role in which genes exert
measureable influence. Past work has identified an associa-
tion between the ADHIB*2 (rs1229984) allele and alcohol
dependence in European American populations (Bierut et
al., 2012; Gelernter et al., 2014; Sherva et al., 2009). Other
genes involved in alcohol metabolism also show association
with alcohol use phenotypes in individuals of European an-
cestry, including ADH4 (Edenberg et al., 2006; Guindalini
et al., 2005; Luo et al., 2005), AHDS5 (Luo et al., 2006) and
CYP2E1 (Webb et al., 2011). Wall et al. (2016) indicate that
the alcohol dehydrogenase and aldehyde dehydrogenase sys-
tems act in tandem with one another to influence the risk of
alcohol dependence. A more comprehensive assessment of
the polygenic influence of the alcohol metabolizing cluster
in this population may describe its relationship with alcohol
use more completely.

The current analyses examined the effect of a polygenic
risk score (PRS), generated using single nucleotide polymor-
phisms (SNPs) that map to gene clusters associated with the
process of alcohol metabolism, on alcohol consumption in a
population of emerging adult college students and also tested
for differences in the effect of this score over time. Although
there is no direct evidence that all SNPs in the score are
involved in this process, for the purpose of this article we
refer to this score as an alcohol metabolizing PRS. Risk-
enhancing SNPs contribute to a higher PRS, whereas protec-
tive SNPs contribute to a lower PRS. We hypothesized that

this alcohol metabolizing score would demonstrate a posi-
tive association with alcohol consumption. In concordance
with previous research, we also hypothesized that the PRS
would demonstrate a stronger effect in later years, relative
to students’ earlier years in college. Supplementary analyses
include an assessment of the singular effect of ADHIB*2 on
drinking, as a means to distinguish the well-replicated effect
of this marker in European Americans from the polygenic
effect of the broader alcohol metabolizing cluster.

Method
Data source and sample

Data are from a longitudinal survey of behavioral and
emotional health in a sample of undergraduate college
students attending an urban university in the mid-Atlantic
United States (Dick et al., 2014b). The project was launched
in 2011 and currently includes four cohorts of undergradu-
ate students. One cohort of freshman subjects was enrolled
each year from 2011 to 2014. Initial self-report data were
collected in the fall semester of freshman year, with follow-
up assessments at every subsequent spring semester. All
participants were age 18 or older at induction. The sample is
representative of the university’s student population in terms
of gender and ethnicity. Self-report data were collected using
an electronic survey programmed in the Research Electronic
Data Capture (REDcap) software (Harris et al., 2009). This
study was approved by the university’s Institutional Review
Board. Participants were presented with consent documen-
tation and indicated that they understood the potential risks
and benefits of participating.

Genetic data were collected from consenting participants.
Details regarding DNA collection and extraction (Dick et
al., 2014b) and genotyping, quality control, and imputation
(Webb et al., 2017) are available elsewhere. In brief, saliva
samples were collected from each participant in Oragene
collection tubes, and DNA was isolated according to the
manufacturer’s instructions. Samples with DNA concen-
trations of at least 20 ng/ul in 1000 ml were retained for
analysis. Genotyping was performed at Rutgers University
Cell and DNA Repository (RUCDR) using the Affymetrix
BioBank array. Pre-imputation quality control removed Off
Target Variants identified in SNPolisher, SNPs missing more
than 5% of genotypes, samples missing more than 2% of
genotypes, and SNPs missing more than 2% of genotypes
after sample filtering. Imputation was conducted using the
1000 Genomes phase 3 reference panel (Sudmant et al.,
2015; The 1000 Genomes Project Consortium, 2015).

The current analyses focus on a subset (n = 2,214) of
the broader, multiethnic study sample (N = 9,892). This
smaller subset was selected based on age, availability of
phenotypic and genotypic data, endorsement of lifetime
alcohol use, and European American ancestry. These par-
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TaBLE 1. Study sample composition and assessment time point

Year 1 fall Year 1 spring Year 2 spring Year 3 spring Year 4 spring
Variable n=1,676 n=1,4495 n=1,055 n=>570 n=290
Female 59.9% 62.6% 62.9% 63.5% 62.4%
Age, in years 18.49 (0.33) 19.00 (0.35) 19.96 (0.34) 20.95 (0.34) 21.98 (0.34)
Grams of ethanol/month? 300.66 (524.62) 300.13 (557.50) 327.47 (534.63) 388.93 (657.21) 399.63 (574.75)
PRS 0.44 (2.34) 0.41 (2.39) 0.45 (2.33) 0.44 (2.33) 0.22 (2.37)

Notes: Statistics are percentage or mean (standard deviation). PRS =

untransformed for easier interpretation.

ticipants started the study in the fall of their freshman year
when they were 18 to 20.48 years of age. Ancestry was
determined by a genetic ancestry analysis detailed in Webb
et al. (2017), which involved using SmartPCA (Eigenstrat)
to match each DNA sample to the best fitting 1000 Ge-
nomes reference population (The 1000 Genomes Project
Consortium, 2015) using Mahalanobis distance. The cur-
rent analyses focus exclusively on subjects of European
ancestry for compatibility with an independent European
ancestry sample that was used to derive weights for PRS
calculation (Edwards et al., 2015). For full explication of
the current sample composition, see Table 1. Women ac-
counted for more than half of the sample at all five time
points. Participants also tended to consume more alcohol
in later time points than in earlier time points. Because of
the broader study’s cohort and longitudinal structure, data
were available for three cohorts at Times 1, 2 and 3, two
cohorts at Time 4, and one cohort at Time 5, reflected by
varying sample size across time points. Subjects enrolled
in Cohort 4 have not been genotyped and were excluded
from analyses. Participation rates across time points are
described here to supplement the table. First, participation
was higher in Cohort 1 at each time point. Of the 1,676
participants present at Time 1, 73.7%—61.1% were present
at Time 2, 46.2%43.0% at Time 3, 40.3%-33.3% at Time
4, and 34.0% (Cohort 1 only) at Time 5.

Measures

Gender was measured with a single item, with response
options 1 (male) and 0 (female).

Time was measured as a discrete variable, corresponding
to the five study assessment time points. We adopted the
following coding scheme: Year 1 Fall = 0; Year 1 Spring = 1;
Year 2 Spring = 2; Year 3 Spring = 3; and Year 4 Spring = 4.

The polygenic risk score (PRS) included SNPs from
11 genes in the alcohol metabolizing systems identified in
Hodgkinson et al. (2008) as a cohesive alcohol-metabolizing
cluster: ALDHI, ALDH2, ADHIA, ADHIB, ADHIC, ADH4,
ADHS5, ADH6, ADH7, CAT, and CYP2EIl. The PRS was
calculated using dosage data for the current sample. Only
markers with INFO > 0.5 were included. Gene base-pair
boundaries were drawn from the UCSC Genome Browser,
February 2009, GRCh37/hgl9 assembly (The Genome

polygenic risk score. “Grams of ethanol/month is reported here

Sequencing Consortium, 2001). Base pairs 50kb upstream
and downstream of the transcriptional unit identified in the
UCSC Genome Browser were selected, to include a potential
1,110,803 non-overlapping base pairs. Past work examining
candidate gene polygenic scores have typically used base-
pair boundaries that stretch upstream and downstream of the
transcriptional unit to capture effect markers that may lie in
regulatory regions of the genes of interest (Cosgrove et al.,
2017; Walter et al., 2013).

SNP weights were derived from a genome-wide as-
sociation study (GWAS) of alcohol problems conducted
in 4,304 participants from the Avon Longitudinal Study
of Parents and Children (ALSPAC; Edwards et al., 2015).
Initially, 3,093 SNPs were found in common between
the current study and ALSPAC GWAS after indels and
complementary SNPs were removed. Application of an
inclusion threshold of p < .50 and pruning for linkage
disequilibrium at #> > 0.20 with a sliding 500kb window
identified 171 independent SNPs. PLINK’s clump proce-
dure was used to preferentially select SNPs with a stronger
association in the ALSPAC GWAS. Wray et al. (2014)
recommend using a higher p-value threshold (e.g., p <.50)
when weights are derived from a small GWAS (i.e., those
that identify relatively few genome-wide significant mark-
ers) in order to maximize the scores’ predictive ability.
See Supplemental Table A for a full explication of SNPs
retained by these criteria. Using these remaining SNPs,
the PRS was calculated in PLINK as a linear function of
the number of effect alleles that an individual possessed,
weighted by the product of the sign of the SNP effect and
the negative logarithm (base 10) of the associated GWAS
p-value—that is, -1 or 1*((-1)*LOG(p-value)). The distri-
bution of the resulting PRS was approximately normal.

Grams of ethanol consumed per month is our outcome
variable. It was calculated from separate measures of fre-
quency and quantity of alcohol consumption. Frequency was
measured with one item, “[During the past 30 days] how of-
ten do you have a drink containing alcohol?”, with response
options never, monthly or less, 2 to 4 times a month, 2 to
3 times a week, and 4 or more times a week. Quantity was
measured with one item, “[During the past 30 days] how
many drinks containing alcohol do you have on a typical day
when you are drinking?” with response options / or 2; 3 or
4, 50r6; 7,8, or9; and 10 or more. Together, these ranges
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were converted to a measure of grams of ethanol consumed
per month using a procedure described in past works (Daw-
son, 2000; Salvatore et al., 2016). Briefly here, frequency
categories were converted to the median of the described
range to reflect drinking occasions per month—that is, never
=0, monthly or less = 0.5, 2—4 times a month = 3, 2-3 times
a week = 10.7. The 4 or more times a week was set equal to
23.54, based on the average count of 4.28 weeks per month
in all months of the year, for a range of 17.12-29.96 drink-
ing days per month. Drinking quantity was quantified using
a similar procedure—that is, / or 2=1.5,3 or 4=3.5, 5 or
6=15.5,and 7, 8, or 9 =8. The 10 or more category was set
equal to 15 based on specification of 21 as the upper limit
of drinks per drinking occasion. The product of recoded
frequency and quantity was then multiplied by 14, which
represents the grams of ethanol contained in a single, stan-
dard drink.

Data analysis

All data were structured in a one-row-per-measurement
(“long”) format, and analyses were conducted in R (R De-
velopment Core Team, 2008). The “Ime” function from the
“nlme” package (Pinheiro et al., 2017) was used for linear
mixed-effects modeling. All models were fit by maximum
likelihood estimation and controlled for gender and cohort.
Mixed-effects modeling allowed for the use of subjects with
incomplete longitudinal data, provided that data were avail-
able for all relevant measures within a given time point.
The total analytic sample size is n = 2,214, which includes
subjects who had phenotypic data at later time points after
endorsing lifetime alcohol use or who were missing relevant
measures at some points. Three principal component mea-
sures (PCs) were used to control for within-ancestry group
population stratification. We retained the first PC because
it accounted for the largest proportion of within-ancestry
genetic variability. We also regressed our outcome variable
onto the set of 10 PCs, and those demonstrated to be sig-
nificant (p < .05) were retained for the analyses. To allow
the five time points to be modeled simultaneously, random
intercepts were calculated for individuals, and random slopes
were calculated for the effect of time within individuals.
Grams of ethanol consumed per month was natural log trans-
formed, In (grams of ethanol + 1), to better satisfy model
assumptions.

To test our hypotheses about the relationships between
time, the PRS, and alcohol consumption, we tested three
iterations of our model. We first estimated the relationship
between our main effects (time and PRS) and alcohol con-
sumption. Next, an interaction between time and the PRS
was added to the model. Finally, a series of control interac-
tions were added to the model (Gender x PRS and Gender x
Time), in line with principles discussed in previous reviews
(Dick et al., 2015; Keller, 2014). Interactions were tested, as

TaBLE 2.  Time and PRS main effects and interaction effect models

Variable B SE p
Main effects?
Time 0.256 0.021 <.001
PRS 0.040 0.016 .012
Uncontrolled interaction effect®
Time 0.249 0.021 <.001
PRS 0.015 0.020 435
Time x PRS 0.019 0.009 .031
Controlled interaction effect?
Time 0.240 0.027 <.001
PRS 0.027 0.024 259
Time x PRS 0.019 0.009 .035

Notes: PRS = polygenic risk score. “Controls for gender and cohort; “con-
trols for gender, cohort, Gender x PRS, and Gender x Time.

products of the two included variables, for departure from
additivity. Coefficients are presented as unstandardized esti-
mates and can be interpreted approximately as the percent-
age change in grams of ethanol consumed per month, per
unit increase in the corresponding predictor measure. A plot
of the Time x PRS interaction was constructed using the “ef-
fects” (Fox, 2003) and “ggplot2” (Wickham, 2009) packages
in R. Pseudo-R? values defined in Nakagawa and Schielzeth
(2013) were calculated using the piecewiseSEM (Lefcheck,
2016) package in R. As a means to differentiate the well-
replicated effect of ADHIB*2 in European Americans from
the polygenic effect of the broader alcohol metabolizing
cluster, supplemental analyses with this single variant as a
predictor—coded as (0) no minor alleles, (1) 1 or 2 minor
alleles—were conducted to mirror the above three models.
Last, additional analyses were conducted to test whether
our findings were robust to the removal of the last two time
points of data (i.e., Year 3 Spring and Year 4 Spring), which
had relatively small sample sizes.

Results
Main effects of time and polygenic risk scores

Table 2 presents coefficient estimates for fixed effects
from each model. The fixed effect for time demonstrated a
positive association with alcohol consumption, B = 0.256, SE
=0.021, #(2871) = 12.088, p < .001, showing that students
drank more at later time points than at earlier time points.
The fixed effect for the PRS was also positively associated
with alcohol consumption, B = 0.040, SE = 0.016, #(2206) =
2.515, p = .012. Students with higher scores (i.e., a greater
number of effect alleles, weighted by past GWAS p value)
consumed more alcohol each month. The PRS accounted
for a small proportion of the variance in monthly alcohol
consumption (pseudo-R? = .002), which conforms to past
findings that suggest PRSs account for limited variability in
complex phenotypes (Wray et al., 2014), particularly when
in this analysis the PRS focused on a smaller subset of mark-
ers involved in alcohol metabolism.
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FiGure 1. Plot of time moderating the effect of an alcohol metabolizing polygenic risk score (PRS) on monthly alcohol consumption

Interaction effect between time and polygenic risk scores

The interaction term testing moderation of the effect of
the PRS by time reached statistical significance in both the
uncontrolled, B = 0.019, SE = 0.009, #2870) = 2.162, p =
.031, and controlled, B =0.019, SE = 0.009, #2869) = 2.110,
p = .035, interaction models. Further investigation of the
interaction showed that the PRS exerted greater influence
on drinking behaviors in later time points than in earlier
time points (Figure 1). Similar to the PRS main effect, this
interaction term accounted for only a small proportion of the
variance in alcohol consumption in both the uncontrolled
interaction (pseudo-R% = .0006) and the controlled interac-
tion models (pseudo-R? = .0005). The Gender x PRS, B =
-0.028, SE = 0.033, #2205) = -0.865, p = .387, and Gender
x Time, B = 0.023, SE = 0.043, #2869) = 0.548, p = .584,
control interactions were not statistically significant.

Supplemental analyses

The fixed effect for ADH1B*2 was not significantly asso-
ciated with alcohol consumption in the main effects model,
B=0.097, SE=0.133, #(2206) = 0.731, p = .465. The Time
x ADH1B*2 interaction term similarly did not reach statisti-
cal significance in either the uncontrolled, B = -0.044, SE =

0.072, #(2870) = -0.608, p = .543, or the controlled interac-
tion models, B = -0.044, SE = 0.072, #2869) = -0.610, p =
.542. This finding may relate to relatively low minor allele
frequency for ADH1B*2 in the current sample (minor allele
frequency = 0.1196), which may reduce power to detect
these effects (Hong & Park, 2012).

Results from models with the last two time points re-
moved from analysis mirrored results from previous models
using all available times. The fixed effect for time, B =
0.206, SE = 0.031, #2059) = 6.702, p < .001, and for the
PRS, B = 0.036, SE = 0.017, #(2158) = 2.154, p = .031,
demonstrated positive associations with alcohol consumption
in the main effects model. The interaction term for PRS x
Time reached statistical significance in both the uncontrolled,
B =10.030, SE = 0.013, #(2058) = 2.295, p = .022, and the
controlled, B = 0.030, SE = 0.013, #2057) = 2.274, p = .023,
interaction models.

Discussion

In this study we created a PRS encompassing genetic
variation across genes involved in alcohol metabolism, and
we tested for the effect of this score on alcohol consumption
among college students and whether it varied across time.
In support of our hypotheses, we found that the alcohol
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metabolizing PRS demonstrated a positive association with
alcohol consumption, and the association of the PRS with
drinking was stronger in later years relative to students’ ear-
lier college years. Consistent with past work (Auerbach &
Collins, 2006; Lanza & Collins, 2006; White et al., 2005),
we also observed increased alcohol use in later years of col-
lege. Our findings were similar to those of previous studies
showing that the nature and magnitude of genetic influences
vary across development (Dick et al., 2014a; Irons et al.,
2012).

Changing environmental contexts during students’ 4 years
of college may help to explain the increased association of
the alcohol metabolizing system on alcohol consumption
over time. Access to alcohol is a prerequisite for genetic
predispositions toward alcohol consumption related to al-
cohol metabolism to manifest. Therefore, declining social
controls over alcohol use during college may enable genetic
effects to become more salient in predicting alcohol use. For
example, as individuals reach the legal drinking age in the
later years of college and are able to obtain alcohol without
legal restriction, it may allow greater opportunity to express
genetic predispositions. Evidence suggests that trends in
emerging adult drinking have varied historically by the legal
drinking age; in times when emerging adults had legal ac-
cess to alcohol before age 21, alcohol use was more common
among these individuals (Gruenewald, 2011). It may stand to
reason that the effectiveness of the minimum legal drinking
age in controlling emerging adult alcohol use is parallel to
its potential capacity to limit the influence of genetic effects
on alcohol use.

Although legal access to alcohol is a clear and intuitive
benchmark in the loosening of formal social control, other
environmental factors may also influence the availability of
alcohol. Access to alcohol through informal channels may
begin to explain this stable increase in alcohol use. As indi-
viduals age, the age of their typical peer groups is likely to
increase as well. It may follow that, when individuals reach
the legal drinking age, their own formal access to alcohol
translates to increased informal access to alcohol within their
peer group, exposing more underage students to consistent
sources of alcohol. Similar effects have been observed in
sibling pairs, where older siblings of legal drinking age may
often facilitate alcohol use in younger siblings (Samek et
al., 2015). A range of other environmental factors may play
a complementary role in expanding access to alcohol as
emerging adults age, including greater independence and
increasingly limited parental influence (Bountress et al.,
2017).

The current analysis has several methodological strengths.
The first is this study’s focus on the alcohol metabolizing
system of genes. The well-substantiated role of the alcohol
metabolizing system in alcohol use outcomes marks these
genes as a reasonable candidate for an exploration of vari-
ability in effect over time. Supplemental analyses suggest

that the effect of alcohol metabolizing genes on alcohol use
is not solely driven by the ADHIB*2 variant. Second, the
Spit for Science project, which enrolls cohorts of incoming
freshmen and follows them across the entirety of their col-
lege years, provides an opportunity to test for longitudinal
gene—environment interaction effects among college stu-
dents. This may be crucial to accurately assessing the nature
of genetic effects on alcohol use during the college years.

Results should be interpreted with respect to a number
of methodological limitations. Foremost is that the avail-
able sample size declines at later time points because of the
cohort structure and longitudinal study design. However,
the association between the PRS and alcohol consumption
and the increase in the PRS effect on drinking over time was
replicated in models that excluded the last two time points,
suggesting that our findings are robust to this potential sam-
ple size issue. In addition, we acknowledge that our grams
of ethanol consumed variable, which was calculated from
two ordinal measures of monthly quantity and frequency,
represents an approximation of subjects’ monthly alcohol
consumption.

Further examination of the polygenic nature of the al-
cohol metabolizing system by time in ancestry population
groups other than individuals of European ancestry is war-
ranted. Known population stratification in allele frequencies
of alcohol metabolizing genes may produce substantially
different results for scores calculated for other population
groups. For example, the most pronounced effects of alcohol
metabolizing genes on alcohol consumption are typically
observed in association with ALDH2* and in East Asian
populations (Goedde et al., 1992). Evidence also suggests
that European American college students tend to drink more
alcohol overall (Cacciola & Nevid, 2014) and demonstrate
starker increases in drinking during this developmental pe-
riod (Chen & Jacobson, 2013), suggesting that variability in
drinking patterns over time by ethnicity may be an important
consideration in generalizing these findings.

Despite reaching statistical significance, the main effect
for the PRS and the PRS by time interaction term accounted
for only a limited proportion of the variability in alcohol
consumption (0.2% and 0.05%, respectively). Twin studies
suggest that genetic effects specific to alcohol risk account
for only a small portion of the heritability of alcohol depen-
dence (Kendler et al., 2007), with much of the predisposi-
tion to alcohol consumption and problems coming through
a broader predisposition to externalizing behavior. It should
also be noted that this PRS was calculated to tag regions
upstream and downstream of the transcriptional unit of the
targeted genes and also used a relatively high p value thresh-
old (p <.5) for inclusion. Some SNPs included in the PRS
may not be directly involved in the metabolism of alcohol
and may not contribute substantially to alcohol use.

In conclusion, we find that a PRS indexing risk for al-
cohol problems and generated from variants within genes
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involved in alcohol metabolism is associated with alcohol
consumption in a large sample of college students of Euro-
pean American ancestry. The association of the PRS with
alcohol use becomes stronger across time. This finding paral-
lels previous studies (Dick et al., 2014a; Irons et al., 2012),
indicating that genetic effects on consumption, across a
variety of biological systems, become more strongly associ-
ated with consumption and problems across emerging adult-
hood. We hypothesize that this increase in the importance of
genetic factors is attributable to released social control and
increased access to alcohol, which allows greater opportunity
for genetic predispositions to affect patterns of use. Future
analyses could examine other environmental conditions that
may moderate the effect of polygenic risk on consumption in
emerging adulthood and whether these vary among popula-
tion groups.
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