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Abstract

Alcohol problems are influenced by both genetic and environmental factors. Evidence from twin
models and measured gene-environment interaction studies has demonstrated that the importance
of genetic influences changes as a function of the environment. Research has also shown that
family-centered interventions may protect genetically susceptible youth from developing
substance use problems. In this study, we brought large-scale gene identification findings into an
intervention study to examine gene-by-intervention effects. Using genome-wide polygenic scores
derived from an independent genome-wide association study of adult alcohol dependence, we
examined whether an adolescent family-centered intervention would moderate the effect of genetic
risk for alcohol dependence on lifetime alcohol dependence in young adulthood, approximately 15
years after the start of intervention, among European American (N = 271; 48.3% in the
intervention condition) and African American individuals (N = 192; 51.6% in the intervention
condition). We found that among European American individuals, the intervention moderated the
association between alcohol dependence polygenic scores and lifetime alcohol dependence
diagnosis in young adulthood. Among participants in the control condition, higher alcohol
dependence polygenic scores were associated with a greater likelihood of receiving an alcohol
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dependence diagnosis; in contrast, among participants in the intervention condition, there was no
association between alcohol dependence polygenic scores and alcohol dependence diagnosis. No
moderation effect was found among African Americans. These results demonstrate that modifying
environments of genetically vulnerable youth could reduce the likelihood of developing alcohol
dependence and underscore the significance of environmentally focused prevention and
intervention efforts.
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alcohol problems; gene-by-intervention; gene-by-environment; polygenic; family-centered
intervention

Alcohol use disorder is a serious and common psychiatric condition that affects 15 million
individuals in the United States (SAMSHA, 2017). It is associated with a significant public
health, social, and economic burden in terms of health care expenses, lost productivity,
crime, and accidents (Sacks, Gonzales, Bouchery, Tomedi, & Brewer, 2015). The heritability
estimate for alcohol use disorders is about 50% (Verhulst, Neale, & Kendler, 2015),
indicating that genetic influences account for a large portion of the observed variation
between individuals in alcohol use disorders. However, genetic predispositions for complex
behavioral outcomes like alcohol dependence are not deterministic. Research has shown that
the importance of genetic influences changes as a function of the environment (Dick &
Kendler, 2012; Young-Wolff, Enoch, & Prescott, 2011). Twin studies and measured gene-
environment interaction (GXE) studies indicate that environmental factors (e.g., parental
monitoring, peer deviance) moderate genetic influences on alcohol problems. This line of
work is rooted in the theoretical literature on mechanisms of GXE by demonstrating that
protective environments (greater social control/protective contexts) may attenuate genetic
predispositions (Shanahan & Hofer, 2005), which shows that environments that exert more
social controls (e.g., greater parental knowledge of one’s whereabouts; greater parental
involvement) reduce the opportunity to express a genetic predisposition toward substance
use. In contrast, environments that provide greater opportunities via increased access to
substances or acceptance of substance use (e.g., affiliation with deviant peers) allow for
enhanced expression of genetic predispositions (Dick & Kendler, 2012). Recent research
also provided some evidence that family-centered interventions—a protective context where
the environment has been directly modified and presumably exerts more social control—
may be moderators of genetic influences (Brody, Chen, Beach, Philibert, & Kogan, 2009;
Brody et al., 2014).

With widespread recognition that both genetic and environmental influences shape complex
behaviors, a growing number of prevention and intervention studies are incorporating
genetic components. Gene by intervention (GxI) research examines whether intervention
changes the association between genetic predispositions and deleterious outcomes, or
alternatively, can be framed as whether the effectiveness of the intervention varies as a
function of genotype (these are statistically equivalent). Initial evidence from the GxI
literature indicate that interventions may protect genetically susceptible youth from
developing substance use problems and related behaviors. For example, data from the Strong
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African American Families preventive intervention study showed that youth with genetic
risk for risky behavior (as indexed by carrying the 5H7TLPR short allele) who were
assigned to the control condition showed greater rates of risky substance behaviors in
adolescence than those with genetic risk in the intervention condition (Brody et al., 2009). A
similar pattern of results for externalizing psychopathology in young adulthood was found
from the school-based Fast Track intervention project (Albert et al., 2015). Children who
were more biologically sensitive to stress (as indexed by genetic variation in NR3C1, a
glucocorticoid receptor gene) had higher rates of externalizing behaviors at age 25 in the
control condition and lower rates of externalizing behavior when they were enrolled in the
Fast Track intervention.

Despite a growing interest in integrating genetics into prevention/intervention studies, most
of the previous studies have focused on candidate genes. Although these are useful as a
proof of principle, using candidate genes in association and GxE analyses has generated a
great deal of inconsistent results (Dick et al., 2015; Duncan & Keller, 2011). Candidate gene
research does not represent the current state of the science in genetics. Very few well-
replicated associations have emerged from studying pre-specified genes of interest (Bosker
etal., 2011; Collins, Kim, Sklar, O’Donovan, & Sullivan, 2012). Large genome-wide
association studies (GWAS) that systematically scan genetic variants across the genome
without any a priori evidence have largely failed to find support for the candidate genes that
were previously believed to be involved in psychiatric and substance use outcomes (Bosker
etal., 2011; Collins et al., 2012; Hart & Kranzler, 2015). It has become clear that complex
behavioral outcomes have a polygenic architecture, influenced by many genes of small
effect (Plomin, Haworth, & Davis, 2009). Because of the technological advances in
genotyping and the relatively inexpensive methods now available for genotyping hundreds of
thousands of genetic variants across the genome (Levinson et al., 2014), candidate gene
approaches are no longer considered state of the science.

The present study addressed a critical gap in the area of gene-by-intervention research by
integrating best practices in genetics with intervention science. We moved beyond the
traditional candidate gene approach in studying GxI effects and instead incorporated
polygenic risk scores. In recent years, polygenic scoring has developed as a way to
characterize aggregate genetic risk for complex behavioral outcomes like alcohol
dependence. This approach considers the contributions of many common genetic variants of
small effects across the genome (Wray et al., 2014). Polygenic scores are typically
calculated for each individual by summing the number of alleles for each single nucleotide
polymorphism (SNP) weighted by the effect size (e.g., odds ratios for case-control) drawn
from results of an independent discovery GWAS study. The scores then represent aggregate
additive effects of the many variants that showed varying levels of association with the
outcome. As a hypothetical example, consider two SNPs with the following alleles: SNP 1
(A/G) and SNP 2 (C/T). If a GWAS indicates that G and T alleles are associated with more
alcohol dependence symptoms (beta weights = 0.03 and 0.05), an individual who carries one
copy for the G and T alleles will have a polygenic score equivalent to 1*(0.03) + 1*(0.05) =
0.08. An individual who carries two copies for the G and T alleles will have a polygenic
score equivalent to 2*(0.03) + 2*(0.05) = 0.16.
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We capitalized on a randomized, early adolescent intervention study, the Family Check-Up
(FCU; Dishion & Kavanagh, 2003), to examine the interactive effects between a genetic
predisposition for alcohol dependence and the intervention on long-term alcohol outcome in
young adulthood (approximately 15 years after the start of the intervention). The FCU is a
family-centered intervention delivered in public middle school settings and to families. The
FCU is designed to promote family management practices by supporting parents’ accurate
appraisal of the child’s adjustment and their own parenting, and then helping them identify
appropriate resources and change strategies (Dishion, Stormshak, & Siler, 2010).
Evaluations of the randomized experimental study have documented the effectiveness of the
FCU in reducing levels of involvement with deviant peers (van Ryzin, Stormshak, &
Dishion, 2012) and levels of youth substance use (e.g., Dishion, Nelson, & Kavanagh, 2003;
Véronneau, Connell, Dishion, Kavanagh, 2016), with changes associated with improvements
in parent monitoring practices (Dishion et al., 2003). Previous results also indicated that the
FCU was associated with less growth in alcohol use and related problem behaviors across
adolescence, as well as a decreased likelihood of alcohol dependence/abuse diagnoses by
age 18 (Connell, Dishion, Yasui, & Kavanagh, 2007). In this study, we examined whether
the FCU would alter associations between genotypic risk scores and alcohol dependence.

We used results from one of the largest published large-scale GWAS studies on adult alcohol
dependence (Gelernter et al., 2014), where independent, significant effects of different
genetic variants were identified in European American and African American populations,
to calculate genome-wide polygenic scores (GPS), which capture aggregate genetic risk, in
our sample. This allowed us to test whether the FCU adolescent family-centered intervention
moderated the association between alcohol dependence polygenic scores and alcohol
dependence in young adulthood. We focused on the follow-up assessment in young
adulthood because it represents an important period for the development of alcohol use
patterns and problems (SAMHSA, 2017), and a large proportions of alcohol use disorders
begin in young adulthood (Hasin, Stinson, Ogburn, & Grant, 2007). We examined alcohol
outcomes as measured by lifetime alcohol dependence diagnosis. Given that rates of alcohol
consumption and alcohol dependence vary across racial/ethnic groups (Grant et al., 2015)
and there are important differences in genetic diversity, allele frequencies, and linkage
disequilibrium patterns between European Americans and African Americans (Campbell &
Tishkoff, 2008; Gabriel et al., 2002), we stratified the sample by analyzing separately within
European American and African American groups in our sample. Accordingly, the purpose
of the present study was to examine the extent to which the association between alcohol
dependence genome-wide polygenic scores (AD-GPS) and the likelihood of alcohol
dependence in young adulthood was moderated by intervention. We hypothesized that the
association between AD-GPS and alcohol dependence would be reduced among the
individuals in the intervention group within European Americans and African Americans.

This project was part of the larger Project Alliance 1 (PAL1) study that implemented a
randomized experimental trial of the Family Check-Up (FCU), a family-centered
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intervention starting in middle school (Dishion & Kavanagh, 2003). The goal of the
intervention was to reduce adolescent problem behavior and improve mental health by
promoting family management skills and improving parenting practices in the areas of
supervision, involvement, and monitoring of the child’s behavior (Dishion & Stormshak,
2007). Participating youth (N = 998) were followed from Grade 6 to young adulthood
(Dishion & Kavanagh, 2003). Participants and their families were recruited in sixth grade
from three public middle schools in an ethnically diverse metropolitan area in the Pacific
Northwest region of the United States. All youth and families who were enrolled in the three
participating schools were recruited to participate in the experimental prevention study. Fifty
percent of the PAL1 youth and their families were randomized at the individual level to the
intervention condition in Grade 6 (the first year of middle school) and to specific home room
teachers in Grade 7 (=500 in the intervention group and = 498 in the control group).
Family resource centers were established in each of the three participating public middle
schools as part of the intervention. The entire intervention group had access to parent-
centered services of the family resource center. These services included brief consultations
with parents, such as telephone consultations, in person contact, and access to videotapes
and books relevant to parents’ concerns. In addition, all families in the intervention group
could request a brief three-session intervention, based on motivational interviewing, that
consists of an initial interview, an assessment session, and a feedback session by a trained
parent consultant. 115 families (23%) in the intervention group elected to receive this. At
baseline (Wave 1), participants averaged 12.22 years old (SD = 0.48), and 52.7% of youth
were male, 42.4% self-identified as European American, 29.2% as African American, and
28.4% as other ethic/racial groups or mixed race. The University of Oregon’s Institutional
Review Board approved this study. All parents (or guardians) provided written consent, and
adolescents provided assent for participation in the study.

The current analyses focused on a subset of target participants who completed the Wave 10
assessment, approximately 15 years after baseline, and for whom genomic data were also
available (Mage = 27.59 years, SD = 0.49; 48.6% male). One critical factor for deriving non-
biased polygenic scores is matching ancestry between the discovery GWAS and the
independent target sample (Martin et al., 2017). In order to create AD-GPS that were
matched between the discovery GWAS (Gelernter et al., 2014) and PAL1 samples, we
limited analyses to the European American (EA; n= 140 intervention; 7= 131 control) and
African American (AA; n= 93 intervention; 7= 99 control) individuals, two of the largest
racial/ethnic groups in PAL1 (See Figure 1 for a participant flow diagram). Another reason
that we limited analyses to EA and AA participants is because the structure of the human
genome differs across ancestral background such that there are differences in genetic
diversity, linkage disequilibrium, and allele frequencies across groups (Campbell &
Tishkoff, 2008; Gabriel et al., 2002). In the context of genetic associations studies,
population stratification (systematic differences in allele frequencies between populations of
different ancestry) can lead to spurious genetic associations, and effects detected will not
necessarily have the same impact across different ancestry groups (see Cardon & Palmer,
2003 for a review). Accordingly, in order to minimize the issue of population stratification,
we analyzed data separately within European American (EA) and African American (AA)
groups in our sample.
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Lifetime Alcohol Dependence Diagnosis.—At Wave 10 (age 26-27), participants
completed the comprehensive and standardized Composite International Diagnostic
Interview (CIDI; Kessler & Ustiin, 2004; World Health Organization, 1997) modules.
Lifetime alcohol dependence (AD) diagnoses were assessed using CIDI. AD diagnoses were
made based on DSM-IV criteria—that is, meeting 3 or more AD criteria in a single year
(American Psychiatric Association, 1994). It is important to note that at Wave 10,
participants had passed through the period of highest risk for onset of alcohol dependence.
According to the National Epidemiologic Survey on Alcohol and Related Conditions, the
average age at onset for DSM-1V alcohol dependence is 21.9 years (Hasin, Stinson, Ogburn,
& Grant, 2007). Lifetime AD diagnosis was coded as 1 = affected and 0 = not affected.

Intervention Status.—Random assignment was coded as 0 = control condition and 1 =
intervention group.

Genotyping.—DNA was collected via saliva sample using the Oragene data collection Kits
in young adulthood (Wave 10) and extracted according to Oragene’s recommended
procedures. Genotyping was performed at Rutgers University Cell and DNA Repository
(RUCDR) using the Affymetrix BioBank Array. Imputation was conducted to 1000
Genomes (Phase 3 reference panel; 1000 Genomes Project Consortium, 2015) using
SHAPEIT2 (Delaneau, Zagury, & Marchini, 2013) and then IMPUTE2 (Howie, Donnelly, &
Marchini, 2009). Single nucleotide polymorphisms (SNPs) that are palindromic with
ambiguous effect directions (A/T or C/G), SNPs with a genotyping rate of < 0.95, SNPs that
did not pass Hardy-Weinberg equilibrium (HWE; p < 1076), or SNPs with a minor allele
frequency (MAF) < 0.01 were excluded. In total, 2,067,148 SNPs passed quality control and
data cleaning thresholds and were available for analysis.

Alcohol Dependence Genome-Wide Polygenic Scores (AD-GPS).—A typical
approach to construct polygenic scores uses genome-wide association analysis (GWAS)
summary statistics from a discovery sample to calculate polygenic scores in an independent
target sample (Wray et al., 2014). In this study, we used genome-wide association estimates
from the largest published GWAS of DSM-IV alcohol dependence to date (Gelernter et al.,
2014) as the discovery GWAS to construct alcohol dependence polygenic scores in the PAL1
sample using the --score procedure in PLINK (Purcell et al., 2007). The Gelernter et al.
discovery sample included 5,131 European American and 4,629 African American
participants. The --score procedure calculates a linear function of the number of alleles an
individual possessed from the score SNPs, with each SNP weighted by the negative log of
the GWAS association p value and sign of the association (odds ratio — 1) statistic. Polygenic
scores represent weighted sum of the number of risk alleles. We used separate estimates for
European American and African American from the discovery GWAS to calculate polygenic
scores in European American and African American in PAL1, respectively. Matching SNPs
were clumped for linkage disequilibrium (LD) based on 1000 Genome phase 3 reference
panel genotype data of individuals with the same ancestry as individuals from the discovery
GWAS using discovery GWAS p-values for clumping. Given that there are no set criteria for
establishing a threshold to create maximally informative scores (Evans, Visscher, & Wray,
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2009), we calculated a series of polygenic scores in PAL1 that included SNPs meeting
increasingly stringent p-value thresholds (p<0.50, p<0.40, p<0.30, p<0.20, p<0.10, p<0.05,
p<0.01, p<0.001, p<0.0001) in the discovery GWAS (Gelernter et al., 2014).

Covariates and Measures for Sensitivity Analyses.—We included sex (male = 1,
female = 0), age at Wave 10 (assessment of long-term outcome measures), and first three
principal components for genetic ancestry in all analyses to make further adjustment for
population stratification.

In sensitivity analyses, we used baseline (Wave 1) alcohol consumption and teacher-report of
target participants’ risk behavior in Grade 6 at baseline (Wave 1) to evaluate whether the
pattern of effects changed when the analyses included these variables as covariates in
association and moderation analyses. Wave 1 alcohol consumption was a self-report measure
of frequency of alcohol use during the past month. Teachers were asked to rate their full
roster of Grade 6 students using a revised version of the TRISK measure developed by
Soberman (1994). The measure included 16 items that assess the frequency of youth
engagement in various risk behaviors (e.g., aggression, disliking school). All items were
rated on a 5-point scale from 1 (never almost never) to 5 (always almost always). ltems were
averaged, and the scores were then standardized within classroom.

Analytic Strategy

We conducted preliminary analyses to determine which p-value threshold polygenic scores
maximized the variance accounted for (R9) in alcohol dependence symptoms in the PAL1
sample. The percent variance accounted for (above and beyond participants’ age and sex)
ranged between <0.01% to 2.40% for European American and <0.01% to 0.70% for African
American participants. We carried forward polygenic scores constructed with p < 0.0001
(189 SNPs) and p < 0.001(2572 SNPs) for European American and African American,
respectively, for subsequent association and moderation analyses, as they maximized /2.

To test whether intervention moderated the effects of AD-GPS on long term alcohol related
outcomes (at Wave 10), we conducted a series of regression models predicting lifetime
alcohol dependence diagnosis as a function of AD-GPS, intervention status, a product term
(AD-GPS x Intervention status) measuring the interactive effect between mean-centered
AD-GPS and intervention, controlling for participants’ age, sex, and first three principal
components of genetic ancestry (PC1-PC3). We interpreted a statistically significant product
term (p < .05) as indicative of moderation. We conducted follow-up analyses, as outlined by
Aiken and West (1991), to interpret significant moderation by testing for significant simple
slopes by groups.

In sensitivity analyses, we included baseline alcohol consumption and baseline severity of
risk behavior as perceived by teachers as additional covariates in all models to test whether
the pattern of observed effects changed. We included these additional covariates to examine
whether Gx| effects were robust controlling for behavioral risk and drinking in adolescence
given prior evidence that externalizing problems and drinking in adolescence are predictors
of subsequent alcohol problems, including alcohol dependence, in young adulthood (e.g.,
Englund, Egeland, Oliva, & Collins, 2008; Guo, Hawkins, Hill, & Abbott, 2001).
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Results

Sample Representativeness Analyses

To determine whether this subsample of EAs and AAs (those completed Wave 10
assessment, approximately 15 years after baseline, and for whom genomic data were also
available) was different from the EAs and AAs excluded in current analyses (lost to attrition
or without genotypic data), a series of comparison tests were run on demographic and other
relevant variables. Among European Americans, no differences between this analytic subset
and those EAs excluded were detected on age and baseline alcohol consumption. However,
this analytic subset had lower teacher-rated behavioral risk at baseline ((421) = -2.16, p=.
03) and was more likely to be female than was the group without Wave 10 outcome
measures and genotypic data (;(2 =5.40, df= 1, p=.02). Similarly, among African
Americans, no differences between this analytic subset and those AAs excluded were
detected on age and baseline alcohol consumption. However, this analytic subset had lower
teacher-rated behavioral risk at baseline (£289) = -2.01, p=.04) and was more likely to be
female than was the group without Wave 10 outcome measures and genotypic data (;(2 =
9.76, d= 1, p< .01).

Descriptive Statistics

Descriptive statistics for study’s variables for the European American and African American
samples are summarized in Table 1.

Polygenic Association and Gx| Effect

European American.—The AD-GPS was not associated with alcohol dependence
diagnoses among European American participants. However, there was a significant AD-
GPS by intervention status effect (6= -4.29, SE=1.95, p=.03; Table 2). Follow-up
analyses revealed that among participants randomized to the control condition, those with a
higher AD-GPS were more likely to receive an alcohol dependence diagnosis (6= 2.58, SE
=1.32, p=.05). In contrast, among participants in the intervention condition, there was no
association between the AD-GPS and alcohol dependence diagnosis (b= -1.71, SE=1.44, p
=.24). In other words, the previously observed association between genetic risk and adult
alcohol dependence (Gelernter et al., 2014) was present only among individuals in the
control condition; genotype was not associated with alcohol dependence among individuals
who received the intervention. For illustrative purpose, we created a low AD-GPS versus
high AD-GPS based on a median split. Among the control group participants, prevalence of
lifetime alcohol dependence was 18% in the low AD-GPS groups as compared to 31% in the
high AD-GPS group. In contrast, among the intervention group participants, prevalence of
lifetime alcohol dependence was 26% in the low AD-GPS group as compared to 21% in the
high AD-GPS group, a nonsignificant difference.

African American.—There was no association between AD-GPS and the likelihood of
alcohol dependence among African American participants. Further, there was no evidence of
a moderation effect between AD-GPS and intervention status in predicting lifetime alcohol
dependence (Table 3).
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Sensitivity Analyses

We conducted additional analyses to evaluate whether the pattern of observed effects among
European American individuals were robust when we included two additional covariates
from baseline (Grade 6; Wave 1): alcohol consumption and teacher-report of target
participants’ risk behavior. At Wave 1, 83% of the youth reported no alcohol consumption in
the past month. For predicting lifetime alcohol dependence, the pattern of effects was
consistent after controlling for these additional covariates from baseline. The interaction
between AD-GPS and intervention remained statistically significant (6= -4.07, SE=1.99, p
=.04). Follow-up analysis showed that higher AD-GPS was associated at trend level with a
greater likelihood of alcohol dependence for those in the control condition (b= 2.47, SE=
1.33, p=.06), but not those in the intervention condition (6= -1.60, SE=1.51, p=.29).

Discussion

In this study, we took a polygenic approach to examine the interactive effect between genetic
risk for alcohol dependence and a randomized family-centered intervention, delivered in
public school setting and to families, on long-term alcohol outcomes in young adulthood,
approximately 15 years after the start of intervention. We found that among European
American individuals, the intervention moderated the association between alcohol
dependence polygenic scores and lifetime alcohol dependence diagnosis in young adulthood.
Specifically, among participants in the control condition, higher AD-GPS was associated
with a greater likelihood of receiving an alcohol dependence diagnosis. In contrast, among
participants in the intervention condition, there was no association between AD-GPS and
alcohol dependence diagnosis. Among African American participants, there was no evidence
of AD-GPS by intervention status on alcohol dependence diagnosis.

Almost all of the GxI studies to date have focused on classic “usual suspect” candidate
genes. However, the landscape of molecular genetics has evolved, and the use of a polygenic
approach to index aggregate genetic risk better reflects our understanding of the polygenic
architecture of complex behaviors, such as alcohol dependence (Plomin et al., 2009;
Salvatore et al., 2014). In this study, we expanded upon previous evidence of candidate
gene-by-intervention studies (Albert et al., 2015; Brody et al., 2009) to test for a moderating
role of intervention in altering the association between genome-wide polygenic scores and
long term alcohol outcomes. Our findings indicated a significant GxI effect among European
American participants such that the association between alcohol dependence polygenic
scores and clinical alcohol dependence diagnosis in young adulthood was only evident in the
control group. In contrast, there was no association between polygenic scores and alcohol
dependence diagnosis in the intervention group, indicating that intervention may protect
genetically susceptible youth from developing alcohol related problems.

Consistent with the broader twin studies and measured GxE literature (Dick & Kendler,
2012, Shanahan & Hofer, 2005; Young-Wolff et al., 2011), our results demonstrate that a
protective environment (as characterized by the intervention condition with emphasis on
family and parenting processes) could attenuate the influence of genetic predispositions.
Individuals with higher genetic vulnerability toward alcohol dependence may particularly
benefit from preventive interventions.
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Contrary to the GxI effect observed among European American individuals, there was no
statistically significant interactive effect in predicting the likelihood of alcohol dependence
among African American individuals. Notably, the confidence intervals around the estimate
for Gx| effect is large, indicative of a potential problem of low power. Although we used
weights from the largest published GWAS to date on alcohol dependence for AA individuals
(Gelernter et al., 2014), we note that the sample size for this discovery sample was still
relatively small, and the predictive power polygenic scores is a function of the power of the
GWAS in the discovery sample (Dudbridge, 2013; Martin et al., 2017). The sample size in
the discovery GWAS for AAs was smaller in comparison to the sample of EAs included in
the discovery, and also far from the large sample sizes that are typically required for a better-
powered GWAS of complex behaviors (e.g., UK Biobank; Clarke et al., 2017). Thus, it is
possible that our null finding is a reflection of a low predictive power of the alcohol
dependence polygenic scores constructed and used in the current study. Populations of non-
European descent, particularly those of African ancestry, have been historically
underrepresented in gene identification efforts as a whole across fields (Dick, Barr, Guy,
Nasim, & Scott, 2017; Popejoy & Fullerton, 2016). Large-scale consortium efforts, such as
the Psychiatric Genomics Consortium, are slowly making attempts to increase the inclusion
of individuals of African descent (Agrawal, Edenberg, & Gelernter, 2016) to conduct well-
powered GWAS. Extremely large meta-analyses are needed to detect robust genetic main
effects in complex behavioral outcomes such as alcohol dependence (Clarke et al., 2017;
Hart & Kranzier, 2015; Walters et al., 2018). Predictive power of polygenic scores in non-
European ancestry groups will improve as GWAS of larger sample sizes with diverse
populations becomes available.

Our results should be interpreted within the context of the following limitations. First, we
focused only on European American and African American individuals in order to minimize
concerns regarding population stratification and the availability of ancestry-specific GWAS
results from the Gelernter et al. (2014) alcohol dependence GWAS. Thus, findings may not
be generalizable to samples of other ancestral background. In addition, there is more genetic
diversity in African ancestry samples. Although most genotyping arrays enable a
comprehensive capture of genetic diversity across diverse populations, more SNPs are
needed to capture the variation across the genome in African ancestry samples (Campbell &
Tishkoff, 2008; Johnston et al., 2017). Thus, caution should be taken regarding the
interpretation of the our results among African American participants.

Second, randomized intervention studies represent a unique opportunity to examine gene-
environment interaction because the environment in this case is randomly assigned and
directly manipulated, with less room for error in measurement of the environmental
condition under consideration. In order to preserve the randomization of intervention
assignment, we followed the intent-to-treat strategy where all individuals who were
randomly assigned to the intervention group were included in the analyses regardless of the
level of engagement and participation in various components of the intervention. Although
the intervention status in this study was randomly assigned, the issue of gene-environment
correlation could still be at play because of varying levels of engagement and participation
in different aspects of intervention.
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Third, a polygenic approach is a useful way to bring large-scale gene identification findings
forward to smaller developmental and prevention intervention studies. Although we found
evidence for our hypothesized GxI effects, polygenic scores only account for a small amount
of the variance. This is consistent with the literature that shows polygenic scores generally
only account for a small amount of variance in alcohol-related phenotypes (e.g., Clarke et
al., 2017). Our results caution against using polygenic scores in a clinical setting for
complex behavioral outcomes such as alcohol dependence to identify for whom intervention
is likely to be effective. However, polygenic scores can be carried forward into prevention
studies to characterize a more global index of genetic risk, allowing us to better characterize
mechanisms of risk and resilience. In addition, genome-wide polygenic scores, by design,
are not necessarily biologically meaningful on their own. These scores represent an
weighted linear combination of disease-associated alleles without any explicit insights into
biological processes. Finally, we found evidence for the hypothesized interactive effect
between polygenic scores and intervention status. However, understanding the mechanisms
of gene-by-intervention effects at multiple levels (e.g., behavioral, neurobiological) is an
important next step.

In conclusion, the present study adds to the literature by bringing large-scale gene
identification efforts into a randomized adolescent intervention study with long-term
longitudinal data that followed youth through the peak period for alcohol use and the
development of alcohol problems in young adulthood to understand gene-by-intervention
effects. Using GWAS results for alcohol dependence in a discovery sample to calculate
polygenic scores in an independent preventive intervention sample represents a coordinated
approach that capitalizes the current state of the art in genetics research to address important
questions that are of great interest to prevention scientists. Our results illustrate that
modifying environments of genetically vulnerable youth could reduce the likelihood of
developing alcohol dependence. This highlights that the importance of genetic influences
changes as a function of the environment and underscores the significance of
environmentally focused prevention and intervention efforts. Future research on
incorporating genetics into prevention studies will benefit from a close interdisciplinary
collaboration between the fields of prevention science and genetics and identification of
mechanisms underlying the interactive effect between genetic predispositions and
intervention on outcomes, with important implications for strategic targets for prevention
and intervention.
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Table 1.

Descriptive Statistics for Control and Intervention Group Participants

European American

African American

Control Intervention Control Intervention
Variable (n =140) (n=131) (n=93) (n=99)

M (SD) M (SD) M (SD) M (SD)
Age 2756 (0.51)  27.55(0.51) 27.62(0.52)  27.64 (0.40)
W1 Alcohol Consumption ~ 0.42 (1.39)  0.40 (1.15)  0.35(0.85)  0.84 (2.47)
W1 TRISK -0.30(0.85) -0.25(0.81) 0.31(0.99)  0.45(1.02)
AD-GPS 0.80(0.16)  0.80(0.15)  0.34(0.02)  0.34(0.02)

n (%) n (%) n (%) n (%)

Male? 66 (50.4) 68 (48.6) 43 (43.4) 48 (51.6)

32 (24.4) 33 (23.7) 12 (12.1) 19 (20.4)

Alcohol Dependence x4

Note. Age is calculated in years at Wave 10 outcome assessment. Sex coded as: 0 = females, 1 = males. Alcohol dependence diagnosis: 0 =

Page 16

unaffected, 1 = affected. W1 = Wave 1 baseline (Grade 6). Alcohol consumption = frequency of past-month alcohol consumption. TRISK =
teacher-rated risk behavior (standardized within classroom) at baseline. AD-GPS = alcohol dependence genome-wide polygenic scores. Alcohol
Dependence Dx = lifetime alcohol dependence diagnosis assessed at Wave 10 (~Age 27).

a . . .
For binary variables, n and proportion for response category = 1 were reported.
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Logistic Regression Models Predicting Lifetime Alcohol Dependence Diagnosis from Alcohol Dependence
Polygenic Scores, Intervention Status, and their Interaction among European Americans

Main Effect Model G x |1 Model
Parameter b SE P 95% ClI b SE P 95% ClI
Intercept -14.81 7.89 0.06 [-30.27,0.65] -14.52 798 0.07 [-30.17,1.13]
PC1 80.09 81.48 0.33 [-79.62,239.79] 64.61 82.42 043 [-96.93, 226.15]
PC2 24339 165.88 0.14 [-568.52,81.74] 230.88 162.02 0.15 [-548.45, 86.68]
PC3 -60.96 6270 0.33 [-183.85,61.94] -53.94 6239 039 [-176.22,68.33]
Age 0.04 0.02 0.12 [-0.01,0.08] 004 002 012 [-0.01,0.08]
Sex -0.16 0.29 0.59 [-0.73,0.42] -0.14 0.30 0.63 [-0.73,0.44]
Intervention ~ —0.04 029 0.88 [-0.61,0.53] 0.01 0.30 0.98 [-0.58,0.59]
AD-GPS 0.65 095 050 [-1.22,2.52] 2.58 132 0.05 [0.00,5.16]
AD-GPS x | -- - -- - -4.29 1.95 0.03 [-8.11,-047]

Note. Boldface indicates estimates £< 0.05. PC = principal component for genetic ancestry. Age at Wave 10 assessment. Sex coded as 1 = male,
and 0 = female. AD-GPS = alcohol dependence genome-wide polygenic scores. Intervention coded as 1 = intervention, and 0 = control. | =
intervention. V= 271.
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Logistic Regression Models Predicting Lifetime Alcohol Dependence Diagnosis from Alcohol Dependence

Polygenic Scores, Intervention Status, and their Interaction among African Americans

Main Effect Model G x | Model
Parameter b SE P 95% ClI b SE P 95% ClI
Intercept -8.23 1232 050 [-32.38,15.92] -5.02 12.09 0.68 [-28.72,18.69]
PC1 40.39 48.92 041 [-55.50, 136.27] 41.71 4933 040 [-54.98,138.41]
PC2 207.19 261.62 0.43 [-719.96,305.58] 209.91 262.89 042 [-725.16,305.35]
PC3 115.96 110.28 0.29 [-332.09,100.18] 116.36 111.16 0.30 [-334.22,101.50]
Age 0.00 0.04 092 [-0.07,0.08] 0.00 0.04 092 [-0.07,0.08]
Sex 0.40 0.41 0.33 [-0.41,1.21] 0.41 0.41 0.32 [-0.40,1.22]
Intervention 059 041 015 [-0.21,1.38] 0.60 041 014 [-0.20,1.41]
AD-GPS 9.47 957 0.32 [-9.29, 28.23] 13.12 1419 036 [-14.69, 40.92]
AD-GPS x | - -- -- - -6.45 1850 0.73 [-42.71,29.82]

Note. PC = principal component for genetic ancestry. Age at Wave 10 assessment. Sex coded as 1 = male, and 0 = female. AD-GPS = alcohol

dependence genome-wide polygenic scores. Intervention coded as 1 = intervention, and 0 = control. | = intervention. /=192,
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