PERSPECTIVE

Meta-Analyses of Genome-Wide Association Data Hold New Promise for Addiction Genetics

ABSTRACT. Meta-analyses of genome-wide association study data
have begun to lead to promising new discoveries for behavioral and
psychiatrically relevant phenotypes (e.g., schizophrenia, educational at-
tainment). We outline how this methodology can similarly lead to novel
discoveries in genomic studies of substance use disorders, and discuss

challenges that will need to be overcome to accomplish this goal. We il-
lustrate our approach with the work of the newly established Substance
Use Disorders workgroup of the Psychiatric Genomics Consortium. (J.
Stud. Alcohol Drugs, 77, 676-680, 2016)

UBSTANCE USE DISORDERS (SUDS) ARE common,

complex, and moderately heritable traits with obligate
environmental components—exposure to and ingestion of
the substance. Early candidate gene studies, coupled with
strong biochemical knowledge, identified variants with
protective effects against alcoholism that mapped to genes
encoding alcohol-metabolizing enzymes (ADH1B, ALDH?),
with effect sizes approximately 3.0 for a single protective al-
lele. The functional alleles are common in Asian populations
but uncommon to rare in European populations (Edenberg,
2007)L. It took large meta-analyses of European-ancestry
subjects to confirm the role of rs1229984, a missense single-
nucleotide polymorphism in ADH1B, as similarly protective
against alcohol use disorders in those populations (Bierut et
al., 2012; Gelernter et al., 2014).

For nicotine use, a candidate gene approach (Saccone et
al., 2007)—followed by large genome-wide association study
(GWAS) meta-analyses of cigarette smoking—has confirmed
r$s16969968 and its proxy, rs1051730, as highly replicable
risk loci despite a relatively modest effect size (approxi-
mately one cigarette/day for each copy of the risk allele;
0.5% of the variance) (Liu et al., 2010; Thorgeirsson et al.,
2010; Tobacco and Genetics Consortium, 2010). Other vari-
ants in cholinergic nicotinic receptor genes have also been
identified (e.g., Saccone et al., 2010), and these discoveries
have spurred functional, neuroimaging, and pharmacogenetic
studies (e.g., Fowler et al., 2011; Jensen et al., 2015). Vari-
ants in other genes have been sporadically implicated for
a variety of substance use phenotypes, albeit with smaller
effects sizes and less robustness (Agrawal et al., 2012).

'Here and elsewhere, we only provide exemplar references. The psychiatric
and addiction genetics literature is too vast to provide a comprehensive list
of references. Thus, omission of references reflects convenience and not
relevance.
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GWASs have the advantage of allowing discovery of
loci without a priori hypotheses. Common risk alleles that
are genome-wide significant are anticipated to exert small
effects; odds ratios for most alleles identified by GWASs
are less than 1.2 (Schizophrenia Working Group of the Psy-
chiatric Genomics Consortium, 2014). Individual GWASs
have generally been underpowered to identify such variants;
therefore, it is not surprising that results of such studies
have often not been replicated (Heath et al., 2011; Sullivan,
2012). Meta-analyses are the most economical, and there-
fore the most feasible, approach to aggregating the large
sample sizes needed for complex diseases. Recent increases
in sample size, made possible through meta-analyses, have
produced landmark findings for a variety of complex traits
including height (e.g., Wood et al., 2014), body mass index
(e.g., Locke et al., 2015), type 2 diabetes (e.g., Morris et al.,
2012), educational attainment (e.g., Rietveld et al., 2013),
and, importantly, for psychiatric disorders such as schizo-
phrenia (Schizophrenia Working Group of the Psychiatric
Genomics Consortium, 2014). Despite their modest effect
size, loci from GWASs have altered our etiological under-
standing of complex traits and can potentially suggest targets
for drug repositioning (e.g., Sanseau et al., 2012). SUDs are
likely to follow a similar path.

Pooling data from different GWASs allow large increases
in sample size—to the extent that there are many reasonably
large studies to agglomerate—but there will inevitably be
heterogeneity because of differences in population, ascer-
tainment, and assessment. However, with sufficient numbers
and attention to these sources of heterogeneity, replicable
findings are likely. For SUDs, there are four main sources
of such heterogeneity: (a) definition of cases, (b) definition
of controls, (¢) comorbidity, and (d) genomic sources of
heterogeneity.
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(a) Definition of cases

Individual studies ascertain subjects with SUDs from a
variety of sources. Study design (case-control or family-
based), severity of SUD in affected individuals, whether
diagnoses reflect lifetime or current psychopathology, and
developmental effects on transitions into and out of SUD
during adolescence and young adulthood (e.g., maturing out
of problem drinking; Chassin et al., 2013) are major sources
of heterogeneity. Many can be modeled into the analyses,
and, as subject numbers increase, power to detect loci of
overarching effect on the phenotype, despite the heterogene-
ity, increases. The use of quantitative indices related to SUD
(e.g., maximum drinks in a single 24-hour period, SUD cri-
terion count) can also circumvent some of these concerns—
including those related to diagnostic heterogeneity—and
increase power (Markon et al., 2011), while also providing
descriptive information regarding across-study differences.

(b) Definition of controls

Use of exposed controls (i.e., those who report using the
substance but do not develop problems) can lead to novel
discoveries (e.g., Nelson et al., 2013). First, genetic liabil-
ity to SUD cannot be appropriately assessed in individuals
lacking exposure (Kendler et al., 1999). Second, exposed
controls allow identification of loci whose effects might be
contingent on exposure or loci that protect against progres-
sion from exposure to SUD. Third, unexposed controls can
be a significant source of confounding. For example, indi-
viduals with high genetic liability to alcoholism may not
consume alcohol for cultural or health reasons or personal
choice. If included as controls, these unexposed individuals
can dilute the overall genetic signal. GWASs of alcohol and
nicotine typically use exposed controls. For illicit drugs,
this severely reduces the sample size of the control group,
yet GWASs have primarily focused on exposed controls.
The impact of including unexposed controls varies based
on the extent to which genetic liability to initiation of use
and development of SUDs is correlated (Neale et al., 20006),
opportunities for exposure to the substance, and on the ad-
dictive potential of the substance. Thus, although unexposed/
population controls generate larger sample sizes, exposed
controls yield more interpretable results in the context of the
conditional nature of SUDs.

(c) Comorbidity

The genetic overlap across SUDs is considerable (Hicks
et al., 2011). Going beyond individual SUDs, phenotypic
models that disentangle the effects of loci with substance-
specific influence from those that confer vulnerability to
a broader spectrum of addictive and related externalizing
behaviors (e.g., latent factors) are necessary (e.g., Derringer

et al., 2015). SUDs also commonly co-occur with other psy-
chiatric illnesses. Some of this comorbidity is attributable to
shared genetic effects (e.g., alcohol use disorder and major
depressive disorder; e.g., Prescott et al., 2000). However,
the etiology of such comorbidities can vary: for example,
alcohol use disorder can increase negative affect and result
in major depressive disorder, or alcohol use disorder can
result from “self-medication” for major depressive disor-
der (Schuckit, 1994). Whether this difference translates to
important variations in the underlying genetics and biology
remains to be determined; GWASs large enough to allow
comparisons of subgroups can help address this. Resources
like the Psychiatric Genomics Consortium (PGC), which
have large numbers of comorbid cases, can be used to
augment sample sizes for SUD and also to explore their
inter-relationships (Cross-Disorder Group of the Psychiatric
Genomics Consortium, 2013) and outline this genomic ar-
chitecture (The Network and Pathway Analysis Subgroup of
Psychiatric Genomics Consortium, 2015).

(d) Genomic sources of heterogeneity

Pipelines that can systematically process GWAS data,
either raw genotypes or summary statistics, from diverse
sources reduce technical variability and increase power to
detect real effects. Filters range from person-centered ap-
proaches to ascertaining population substructure, to variant-
centered methods for identifying loci that fail to impute
with confidence. The validated analytic pipeline of the
PGC, which has primarily relied on quality control of raw
genotypic data (but has more recently expanded to include
summary statistics), has led to important discoveries for
schizophrenia when sufficient sample sizes were attained.
When meta-analyses included fewer than 10,000 cases, few
loci reached genome-wide significance, and some oscillated
in and out of significance. At ~18,000 cases, a much larger
number of loci were significant, and, when the number of
cases reached ~37,000, 108 independent loci were identified.
This polygenic liability is now being linked to schizophrenia
chronicity (e.g., Meier et al., 2016) and treatment resistance
(e.g., Frank et al., 2015) as well as a variety of other psychi-
atric and medical conditions (e.g., Lee et al., 2015).

The GWAS meta-analytic finding of the association be-
tween schizophrenia and genes in the Major Histocompat-
ibility Complex has now resulted in the identification of the
role of complement component C4 haplogroups in the etiol-
ogy of schizophrenia using a combination of translational
techniques (Sekar et al., 2016). We are optimistic that GWAS
meta-analyses of SUDs will identify similar actionable vari-
ants for a wide range of substances in the next decade. This
enthusiasm stems not only from comparisons with successes
for other complex traits but also from recent discoveries
for SUDs, including genome-wide significant findings for
alcohol (e.g., Gelernter et al., 2014), opioids (e.g., Nelson et
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al., 2016), cannabis (e.g., Sherva et al., 2016), and nicotine
dependence (e.g., Hancock et al., 2015).

Capitalizing on the PGC model and these recent GWAS
discoveries for SUDs, an international team of addiction
geneticists (currently 26 studies across 9 countries) with
genome-wide association data formed the Substance Use
Disorders Workgroup of the PGC. The Substance Use
Disorders Workgroup is focused on those problematic
aspects of substance involvement in which a majority of
heritable variation appears to be concentrated. The initial
analysis of the Substance Use Disorders Workgroup of the
PGC includes nearly 13,000 alcohol-dependent cases and
30,000 controls of European American, African American,
and Hispanic ancestry. Upcoming analyses will focus on
other major diagnostic phenotypes (including nicotine,
cannabis, cocaine, opioid, and other drug use disorders) as
well as quantitative indices of addiction liability including
measures of heavy use (e.g., maximum drinks per 24-hour
period) and criterion counts. Analyses that disaggregate ge-
netic effects on the shared liability to all SUDs from those
that are substance specific will be undertaken in this large
collection of data sets, which are, for the most part, richly
phenotyped. The vast array of psychiatric data in the other
PGC workgroups (Schizophrenia, Bipolar Disorders, Major
Depressive Disorders, Autism Spectrum Disorders, Attention
Deficit Hyperactivity Disorders, Anorexia Nervosa and Eat-
ing Disorders, Obsessive-Compulsive Disorder and Tourette’s
Syndrome, and Post-Traumatic Stress Disorders) as well as
close collaborations with other consortia will allow us to
estimate bivariate genetic relationships. These cross-cutting
collaborations are further enhanced by the PGC’s policy of
sharing full-summary statistics for all completed GWAS,
even those without genome-wide loci, with the entire com-
munity. Although we expect effect sizes associated with
these loci to be small, common risk alleles that explain less
than 1% of the variance can still lead to important biologi-
cal and pharmacotherapeutic discoveries (Hirschhorn, 2009;
Visscher et al., 2012).

The PGC has already gone well beyond expectations
in identifying genetic risk factors for major psychiatric
disorders, demonstrating pleiotropy between some of those
disorders, and providing the impetus for major biologi-
cal discoveries regarding disease mechanism (Sekar et al.,
2016). Arguably, SUDs, despite their rather well-character-
ized pharmacokinetic and pharmacodynamic aspects, may be
challenging phenotypes because of clinical heterogeneity and
obligate environmental effects. Therefore, careful phenotype
harmonization will need to accompany any gene-finding
efforts. Nonetheless, with these experiences with GWASs
for complex traits as our guide, we predict similar accom-
plishment in the field of SUD research (in both genetics and
basic pathophysiology). Our progress will be commensurate
with our success in adding as many subjects as possible to
our analyses. This will require wide collaboration within the

SUD research community, and most likely further National
Institutes of Health—supported recruitment for those traits
and populations whereby the world’s extant DNA collection
resources still fall short.
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