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Abstract

Alcohol use disorder (AUD) is a heritable complex behavior. Due to the highly polygenic nature of
AUD, identifying genetic variants that comprise this heritable variation has proved to be
challenging. With the exception of functional variants in alcohol metabolizing genes (e.g., ADH1B
and ALDH?2), few other candidate loci have been confidently linked to AUD. Genome-wide
association studies (GWAS) of AUD and other alcohol-related phenotypes have either produced
few hits with genome-wide significance or have failed to replicate on further study. These issues
reinforce the complex nature of the genetic underpinnings for AUD and suggest that both GWAS
studies with larger samples and additional analysis approaches that better harness the nominally
significant loci in existing GWAS are needed. Here, we review approaches of interest in the post-
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GWAS era, including /n sifico functional analyses; functional partitioning of SNP heritability;
aggregation of signal into genes and gene networks; and validation of identified loci, genes, and
gene networks in postmortem brain tissue and across species. These integrative approaches hold
promise to illuminate our understanding of the biological basis of AUD; however, we recognize
that the main challenge continues to be the extremely polygenic nature of AUD, which
necessitates large samples to identify multiple loci associated with AUD liability.
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alcohol use disorder; cross-species validation; functional genomics; translational genomics

Introduction

Alcohol use disorder (AUD) is a heritable (/2 = 50 — 60%) and highly polygenic behavior
(Hart et al. 2015; Verhulst et al. 2015). The associations between AUD and single nucleotide
polymorphisms (SNPs) in ADH1B (across populations) and ALDHZ (only in certain Asian
populations) represent some of the largest effect sizes in psychiatry (Edenberg et al. 2014).
Despite this, only the largest gene discovery efforts have identified associations with
ADHIB (Bierut et al. 2012; Gelernter et al. 2014). Further, it is expected that other loci
contributing to heritable variation in AUD are of far more modest effect size. In fact, of the
extant AUD GWAS (for a review see Hart et al. 2015; see also Mbarek et al. 2015), only
three have identified any genome-wide significant (p < 5x1078) loci, in ADH1B (Gelernter
etal. 2014), ADHIC (Frank et al. 2012), and an intergenic region on chromosome 235
(Treutlein et al. 2009). The largest currently published AUD GWAS includes 7,677 cases
(4,938 of European ancestry) and 6,123 controls, therefore, it is not surprising that
individual studies have produced no more than single genome-wide significant loci
(Gelernter et al. 2014). For instance, in the case of schizophrenia, there was only one
genome-wide significant locus with a similar 8,008 cases (Shi et al. 2009). However, an
expansion of the sample size to nearly 37,000 cases identified more than 100 independent
loci (Schizophrenia Working Group of the Psychiatric Genomics Consortium 2014). It is
projected that AUD will be more polygenic than schizophrenia, thus requiring an even
greater sample size to identify novel genome-wide significant loci.

The GWAS approach examines individual SNPs across the genome, agnostic to any
functional relevance. Although this increases our confidence in unbiased true positive
findings, GWAS could miss the contributions of biologically relevant genetic signals that do
not survive the stringent correction for multiple testing. Separating the “true” genetic signal
from the noise is therefore important for identifying likely causal variants, understanding
their functional roles in disease pathogenesis, and better characterizing aggregate genetic
risk (Nature Genetics Editorial Board 2010). Recent critiques of GWAS have also
questioned the utility of widespread genome-wide polygenic signal that generally comprises
total SNP-derived heritable variation. Investigators, for instance, have proposed a model that
implies that in addition to “top” loci that pinpoint disease-specific etiologic pathways (e.g.,
major histocompatibility complex for schizophrenia), the remaining loci of smaller effect
may be related to genes with no direct relevance to the disease but instead, of broader
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relevance from a cell-specific regulatory perspective (Boyle et al. 2017). Overall, there is
growing interest in the “next steps” that might follow a traditional GWAS. In this review, we
aim to cover three broad areas of interest in the post-GWAS era:

a.

If a genome-wide significant locus is identified, there are several computational
biology approaches that can provide /n silico support for its functional
significance. We briefly outline these approaches.

Even when genome-wide significance is not achieved, discoveries can be made
by aggregating across the effects of SNPs to assess heritability or to identify
genes and networks of biological importance.

Ultimately, the importance of single loci, gene, or networks identified using /n
silico approaches lies in validating their role on regulating expression
differences. We discuss two approaches for validating and extending findings -
postmortem expression studies of brain tissue, and cross-species validation.

As this review covers many tools and types of genomic information that may not be familiar
to all readers, we include a glossary in Table 1.

Functional annotation of GWAS results

Association results can be used as a starting point to understand the biology underlying a
disease, either at the level of single locus or across the genome.

Single locus approaches

Many GWAS identify loci that do not have a straightforward functional relevance (i.e., not
nonsynonymous; Maurano et al. 2012). In such instances, several steps may be undertaken
to annotate the locus:

a.

Annotation information about genic location (e.g., whether a SNP is located in
the 5" or 3" untranslated regions; an exon; an intron; or is intergenic)
demonstrates that SNPs that tag regulatory and coding regions are likely to be
enriched for association in GWAS (Schork et al. 2013). Further, databases such
as RegulomeDB (Boyle et al. 2012) and HaploReg (Ward et al. 2012) offer
preliminary evidence of functional relevance. For instance, a score of 1(a—f)
represents supporting data that the SNP is an expression quantitative trait locus
(eQTL), modifies transcription factor binding or motifs, and is potentially in a
region of enhanced DNase activity (i.e., a region of epigenetic regulation).

A simple follow-up of a potential eQTL for AUD might also involve queries in
datasets, such as the Genotype Tissue Expression (GTeX), BRAINEAC, or other
curated databases that match GWAS data to mRNA expression changes in a
variety of brain regions (popular databases are summarized in Table 2 and
detailed below). Similar databases are becoming available for comparable
methylation, or meQTL, analyses (Hernandez et al. 2012). Two potential
drawbacks of these repositories include the relatively small numbers of brain
samples from select brain regions (and including a mixture of cell-types) derived
from participants with diverse causes of death, and limited ability to examine
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whether a SNP is an eQTL in AUD individuals. Databases that examine eQTL
effects in blood are larger (e.g., Westra et al. 2013) and may also be of interest
when exploring the peripheral effects of AUD; such databases can also begin to
provide evidence for trans-eQTL effects. In fact, at least one recent study
suggests that cross-tissue correlation for local, but not distal, regulation of gene
expression might be correlated (Liu et al. 2017).

C. Studies of epigenomic elements (i.e., regulatory marks) offer additional insights
into the regulatory landscape of GWAS results for complex traits. For example,
genome-wide significant SNPs for complex traits tend to be located in DNA
regulatory regions such as DNase | hypersensitive sites (DHSs) (Maurano et al.
2012). The Human Epigenome Browser (Zhou et al. 2011) allows comprehensive
annotation of histone methylation and acetylation marks in a diversity of tissue
types as well as characterization of standard conservation (e.g., PhyloP scores)
metrics. There are a number of publically available resources along these lines,
including the UCSC genome browser (Speir et al. 2016), ENCODE (ENCODE
Project Consortium 2012), and RoadMap Epigenomics (Roadmap Epigenomics
Consortium et al. 2015).

d. If a SNP is an eQTL for a gene, causality (i.e., whether the effect of the locus on
AUD is due to its effect on the gene) can be inferred by tests of Mendelian
Randomization (e.g., Zhu et al. 2016).

Genome-wide approaches

When a GWAS does not produce genome-wide significant loci, the power of the analysis
may be questionable; still, aggregating information across the genome may produce
interesting insights. For instance, methods such as Genomewide Complex Traits Analysis
(GCTA) and Linkage Disequilibrium Score Regression (LDScR) allow for the computation
of SNP-heritability in single ancestry samples (Yang et al. 2011; Bulik-Sullivan et al. 2015).
LDScR has some advantage in that it uses summary statistics, whereas GCTA requires the
raw genotypes. One study suggests that common SNPs explain 30% of the variance in AUD
(Palmer et al. 2015).

Genome partitioning and enrichment methods can be used to determine which locations in
the genome account for heritable variation and are enriched for disease-associated variants
(Gusev et al. 2014). For example, in analyses of 11 common diseases, DHSs accounted for
79% of the heritability (Gusev et al. 2014), while coding SNPs explained only 10% of the
heritability. More recently, SNP-based heritability partitioning methods for GWAS summary
statistics based on LDScR in 9 complex traits and diseases demonstrated that a number of
genomic categories are enriched for heritability, including regions conserved in mammals
(Finucane et al. 2015). With respect to alcohol-related phenotypes, enrichment analyses
indicated that SNPs associated with alcohol problems tended to be localized in genomic
regions of potential regulatory significance (as indicated by DNase | Hypersensitive sites or
H3K4me3 histone marks) (Edwards et al. 2015).
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Aggregating GWAS data into biological units

GWAS data can be further combined into biological units using gene and network-based
approaches.

Gene-based approaches

There is a high multiple testing burden in the context of a GWAS. Gene-based approaches,
which aggregate across summary statistics derived from association analyses of multiple loci
to derive p-values for association at the level of the gene, developed as one way to reduce
multiple testing. The statistical genetics program PLINK (Purcell et al. 2007; Chang et al.
2015) combines single locus association data using a permutation procedure to calculate
gene-based p-values. The versatile gene-based association study (VEGAS; Liu et al. 2010;
Mishra et al. 2015) was developed in response to limitations related to PLINK’s
computational demands and dependence on local the local linkage disequilibrium (LD)
structure. VEGAS uses a more flexible and efficient Monte Carlo-based approach based on
GWAS summary statistics. However, like PLINK, VEGAS relies on single-locus association
results to calculate gene-based p-values, which reduces power (Moskvina et al. 2012). More
recently, Multi-marker Analysis of GenoMic Annotation (MAGMA; de Leeuw et al. 2015)
was introduced as a multiple regression based method that takes into account LD.
Simulations showed that MAGMA produced highly similar results to PLINK and VEGAS,
but with greater power and efficiency (de Leeuw et al. 2015). It is worth noting that although
the multiple testing burden is lower for gene-based tests than for single-locus tests, these
aggregation techniques still rely on association statistics for single loci, or the SNP matrix
for a gene (in the case of MAGMA) to calculate p-values. Thus, the power of the GWAS
remains an issue for gene-based tests.

Gene-based tests can also be expanded to incorporate other types of genomic information,
such as tissue-specific gene expression. Table 2, for instance, outlines a series of databases
that can be queried in a tissue-specific manner regarding the effects of SNPs and genes on
variations in mRNA expression and methylation change. For example, newer statistical
methods such as PrediXcan (Gamazon et al. 2015) and Transcriptome-wide association
studies (TWAS) (Gusev et al. 2016) allow for common variation from GWAS arrays to be
linked to gene expression profiles in smaller training samples where both SNP and mRNA
expression data are available. The training sample is used to link gene expression to SNP-
level variation, and these “imputed” gene expression profiles are then examined for
association with disease status (at the level of the gene) in a larger test GWAS sample that
itself does not include expression data. A strength of this approach is that it uses information
about the potential tissue-specific molecular mechanisms through which a gene has its effect
(e.g., through global up- or down-regulation of gene expression) to identify associated
genes. For instance, a recent TWAS of 30 complex traits (e.g., height) and diseases (e.g.,
Type 2 Diabetes), identified 1,789 gene-trait associations, of which 9% were more than
0.5Mb from the transcription start site of genes containing a genome-wide significant SNP.
The study also identified 43 expression-based trait correlations, of which only 22 had been
previously noted (Mancuso et al. 2017). However, as mentioned previously, brain expression
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data are drawn from select regions from few subjects with heterogeneous psychiatric
histories.

Gene set-based analysis leveraging functional relationships of genes

Gene set-based analysis examines a group of functionally related genes whose effects may
be too small to detect individually, but that may be detected when examined jointly (Wang et
al. 2010; Wang et al. 2011). This approach is premised on the idea that although many genes
may be involved in complex, polygenic diseases, they should converge on underlying
biological pathways and molecular networks. Gene set-based analysis has several
advantages (Fridley et al. 2011), including increased power through reduced multiple testing
and aggregating weak signals distributed across a gene set.

Pathway-based analysis—Pathway-based analysis aims to detect significantly enriched
gene sets from predefined canonical pathways or functional annotations. Over the past
decade, numerous pathway-based analytical approaches have been developed for GWAS (Jin
et al. 2014). These include SETSCREEN (Moskvina et al. 2011), MAGENTA (Segre et al.
2010), INRICH (Lee et al. 2012), FORGE (Pedroso et al. 2012), and ALIGATOR (Holmans
et al. 2009). However, it is not clear which one is optimal, and the power of existing methods
is often dependent on the underlying genetic architecture (de Leeuw et al. 2016). Of note,
the Psychiatric Genomics Consortium found that the results were highly correlated between
methods in a comparison of methods applied across several psychiatric disorders (Network
Pathway Analysis Subgroup of Psychiatric Genomics Consortium 2015). A second
limitation of pathway-based analysis is that it is still biased by our incomplete prior
knowledge of gene function in the etiology of psychiatric illness.

Despite these challenges, pathway-based analyses have identified biological pathways
underlying various complex diseases (Wang et al. 2010), including AUD. Table 3
summarizes pathway-based GWAS of alcohol-related traits. For example, Juraeva et al.
(2015) combined pathway-based analysis with functional follow-up studies in Drosophila
and humans and found convergent evidence for the role of XRCC5. Although pathway-
based analysis gives additional biological insights, it is important to note that these results
are not consistent across studies, which may be attributable to different analytical methods,
databases, and definitions of alcohol-related behaviors.

Network-based analysis—Network-based analysis searches for a group of interacting
genes in a functional gene network that contribute to disease risk. Compared with pathway-
based analysis, the network-based approach has the advantages of more flexibly defining
gene sets, detecting genes that work across pathways, and being less biased by prior
knowledge (Torkamani et al. 2009; Leiserson et al. 2013). Network analysis can also
identify “hub genes” that may have critical functions as network organizing foci that may be
potential therapeutic targets for AUD (Farris et al. 2012; Wolen et al. 2012). Network-based
analysis of GWAS has identified novel pathways and candidate genes across diverse diseases
including cancer (AlQuraishi et al. 2014), coronary artery disease (Zhao et al. 2016),
Alzheimer’s disease (Song et al. 2016), and Autism spectrum disorder (Ben-David et al.
2012; Hillenmeyer et al. 2016). In an effort to apply a network-based approach to AUD, Han
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et al. (2013) integrated GWAS of alcohol dependence with a PPI network (which assesses
functional relationships between genes based on protein-protein interaction) and identified a
network enriched for genes involved in biologically relevant processes for AUD, including
cation transport, synaptic transmission, and transmission of nerve impulses.

Tissue-specific network-based analysis—Although the human PPI network is useful
in identifying gene subnetworks underlying diseases, PPl networks are not tissue-specific.
Since gene expression and interaction patterns may vary across tissue types, a generalized
PPI network may not closely reflect the complex interactions among risk genes in tissues
specific to that disease.

To overcome this limitation, tools like GLITTER (Liu et al. 2016) examine the tissue-
specific functional connections among risk genes from GWAS. In an application to
schizophrenia, Liu et al. (2016) found that schizophrenia risk genes tend to be more
functionally connected than expected by chance in a number of brain regions (e.g., amygdala
and hippocampus), but not in non-brain tissues (e.g., whole blood). Incorporating tissue-
specific gene networks into GWAS analysis has benefitted gene discovery for other complex
diseases. For example, using a data-driven Bayesian methodology, Greene et al. (2015)
developed a comprehensive resource of 144 cell type- and tissue-specific gene networks for
humans and an approach called the network-wide association study (NetWAS). NetWAS
uses a machine-learning algorithm to identify potential susceptibility genes based on their
network connectivity patterns. Further re-prioritization of hypertension GWAS by tissue-
specific NetWAS better identified genes associated with hypertension than GWAS alone.

We are not aware of any tissue-specific network-based applications to alcohol GWAS data.
One potential reason for this is limited availability of brain-specific tissue that can contrast
expression-level variation between individuals with AUD and healthy controls. Peripheral
tissue (e.g., liver) and cell-types involved in neuroimmune signaling, other targets for the
action of alcohol, are also likely to provide interesting contrasts. However, considering the
brain-centric origins of AUD, we reason that gene relationships in the brain regions related
to reward, motivation and cognition may more closely reflect the functional relationships
that exist among AUD risk genes than does the general PPI network. Therefore,
transcriptome data specific to AUD is critical.

in postmortem tissue

Genetically-informed neuroimaging studies in humans have identified associations between
candidate genes and intricate neurobehavioral phenotypes (Hariri et al. 2002; Dreher et al.
2009; Whelan et al. 2012). Although neuroimaging techniques unveil certain facets of CNS
structure and function, the human brain’s molecular profile is only attainable through
examination of postmortem tissue. Many of the characteristics of the human brain may not
be conserved across species, emphasizing the inherent value of postmortem human tissue for
interrogating neuropsychiatric disorders (Hynd et al. 2003; Sutherland et al. 2016). Further,
high-resolution maps for gene expression of the human brain across developmental periods,
combined with separate genetic and proteomic datasets, can reveal potential neurobiological
pathways and circuits underlying disease (Parikshak et al. 2013; Willsey et al. 2013).
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Neuroimaging and neuropathology studies show that significant brain atrophy can occur
from chronic and excessive alcohol abuse (Harper et al. 1985). The generalized reduction in
brain volume is attributed to the loss of central nervous system (CNS) white-matter (Harper
et al. 1990). Early genome-based microarray studies of the frontal cortex from postmortem
alcoholic brain tissue demonstrated a coordinated decrease in multiple myelin-related genes
responsible for the formation and maintenance of CNS white-matter (Lewohl et al. 2000).
Microarray studies of postmortem alcoholic brain tissue also revealed dynamic changes in
gene expression involving the neuroimmune system (Liu et al. 2004), which may correspond
to a proliferation of the CNS immune cells’ microglia that occurs in chronic alcoholics
(Dennis et al. 2014). This underscores the value of human brain tissue for distinguishing
systematic biological alterations involved in neuropsychiatric and neurodegenerative
disorders.

Technologies for the study of gene expression in the brain

Advancement of sequencing technologies and bioinformatics provides a global view of
disease architecture. Reciprocal interactions of genetic predisposition, epigenetic modifiers,
and direct effects of drugs of abuse regulate widespread patterns of CNS gene expression.
RNA sequencing (RNA-Seq) along with the combination of chromatin immunoprecipitation
with sequencing (ChlP-Seq) of postmortem hippocampus for chronic cocaine and alcohol
abuse shows that these substances of abuse affect the expression of several unique and
overlapping candidate genes (Zhou et al. 2011). Transcriptional regulation of gene
expression conferred by histone H3 lysine 4 trimethylation (H3K4me3) for either cocaine or
alcohol abuse is unrelated between the two biological platforms overall; however, particular
networks involving H3K4me3 variation and the transcriptome may be jointly linked to each
substance of abuse (Farris et al. 2015). Gene network-based analysis of the transcriptome
from adult postmortem brain regions has determined discrete networks associated with CNS
disease (including alcohol abuse and dependence), delineating gene sets with convergent
GWAS signals (Moineagu et al. 2011; Farris et al. 2015). Occupancy of H3K4me3 overlaps
disease or trait-associated SNPs within select cell types (Trynka et al. 2013), suggesting
coinciding histone marks and risk SNPs may functionally regulate gene expression within
specific cellular populations. These examples illustrate how integrating human genetic
variation and epigenomic and transcriptomic adaptations across multiple brain regions and
CNS cell-types may delineate disease-related mechanisms.

Alternative splicing

Genetic and epigenetic factors participate in the regulation of alternative splicing of human
genes to increase diversity of the human proteome (Luco et al. 2010; Pickrell et al. 2010).
Approximately 95% of human genes undergo alternative splicing (Pan et al. 2008), with a
greater degree of splicing variation occurring between human tissues than individuals (Wang
et al. 2008; Mele et al. 2015). The human brain contains the largest number of alternative
splicing events (Yeo et al. 2004). Alternative splicing of the human transcriptome is
evolutionarily distinct from other species (Barbosa-Morais et al. 2012), capable of affecting
signaling networks through modification of phosphorylation sites (Merkin et al. 2012).
Acute and chronic alcohol abuse influence diverse signaling cascades responsible for
modulating receptor function, transcriptional regulation, and long-term behavior (Ron et al.
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2013), suggesting addiction is manifested by a broad spectrum of human-specific molecular
interaction networks involving multiple genetic and non-genetic alternative splicing events.
The production of alternatively spliced transcripts, and subsequent proteins, may vary
among individual cells of the same cell type (Shalek et al. 2013), affecting drug-response of
single cells (Cohen et al. 2008). Given the extensive circuitry and cellular heterogeneity of
the mammalian brain, regulation of alternative splicing within single cells may be a
prominent component in CNS plasticity and habitual human behavior.

Single cell sequencing

Although still emerging, single-cell sequencing is starting to classify major mammalian
CNS cell-subtypes according to their unique transcriptional landscape (Zeisel et al. 2015).
The underlying transcriptome determines the electrochemical properties and responsiveness
of neuronal subclasses (Usoskin et al. 2015; Fuzik et al. 2016; Tasic et al. 2016).
Experience-dependent plasticity transpires within individual neuronal nuclei of mice,
demonstrating the large repertoire of genes associated with neuronal activation (Lacar et al.
2016). Enrichment of gene expression signatures of mouse CNS cellular populations have
assisted in the unbiased classification of cell-types from healthy adult human brain tissue
(Darmanis et al. 2015). Single-cell sequencing of human neuronal nuclei from postmortem
human brain tissue has shown active transcription may introduce somatic mutations that are
associated with individual neuronal lineage (Lodato et al. 2015). The effect of nucleotide
variation on alternative splicing of transcribed RNAs and their relationship to phenotypes
has yet to be established; however, such information may improve with sequencing-based
methodologies (Dey et al. 2015; Macaulay et al. 2015). Assembling a complete sequencing-
based denomination of individual cells spanning differing anatomical regions will provide a
well-characterized molecular map of the brain. The information from these sequencing
experiments will provide a foundation for articulating polygenic effects related to
evolutionary divergence in brain function and human disorders. GWAS of psychiatric
disease are only beginning to draw upon these neuroinformatics resources (Network
Pathway Analysis Subgroup of Psychiatric Genomics Consortium 2015).

Cross-species validation of genes and gene networks

Studies of gene expression in brain tissue from AUD-affected individuals (Mayfield et al.
2002; Liu et al. 2004; Farris et al. 2015; Mamdani et al. 2015) are limited due to small
sample sizes and the inability to: control alcohol access; discretely measure alcohol
consumption; control the time between last drink and tissue collection; manipulate gene
expression; and collect tissue from living subjects. To circumvent some of these problems,
studies in model organisms have successfully identified ethanol regulated gene expression
and ethanol-responsive gene networks (Kerns et al. 2005; Farris et al. 2012; Wolen et al.
2012; Farris et al. 2013; Smith et al. 2016). Integrated analyses of genomic data across
human and animal model studies have also identified candidate genes involved in alcohol
dependence (Zhao et al. 2012). Additionally, animal models allow experimental
manipulation of gene expression or function that is not possible in humans, permitting direct
interrogation of a gene’s role in ethanol-related behavior. In this section, we discuss several
approaches for integrating human GWAS data with gene expression and genetic studies
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across species, including set-based enrichment, co-analysis, and direct testing of signals
emerging from GWAS. Such analyses provide tests of the functional relevance of GWAS
loci and related genes and networks under the specific influence of alcohol exposure.

Set-based over-representation analysis

Derivation of gene expression modules or networks from basal expression patterns or after
acute or chronic ethanol exposure has been done predominantly with brain tissue from
rodent models. Tools such as traditional cluster analysis or weighted gene correlation
network analysis (WGCNA) have derived correlated expression patterns responding to
ethanol or correlated with ethanol behaviors (Kerns et al. 2005; Wolen et al. 2012; Farris et
al. 2013; Smith et al. 2016). However, ranking the overall importance of such networks is
oftentimes difficult even following bioinformatics analysis for over-represented biological
functions. The superimposition of human GWAS signals (derived from the pathway or
network methods discussed above) onto such model organism expression networks is thus an
attractive approach for leveraging nominal GWAS signals and prioritizing derived
expression networks.

Co-analysis of model organism expression networks and human GWAS

A second integrative method, co-analysis, is exemplified by dense module searching for
GWAS (dmGWAS). This algorithm utilizes information from GWAS p-values to query PPI
databases for modules of genes with smaller GWAS p-values (Jia et al. 2011). This method
can be used for cross-species integration by incorporating model organism gene expression
data and human GWAS and PPI data. Unlike validation methods like overrepresentation,
Edge-Weighted dmGWAS (EW-dmGWAS) incorporates both expression values and GWAS
signals into the module-building process, and weights their respective contributions. The
resulting PPI modules consist of genes with smaller GWAS p-values and correlated
expression level differences. Alternatively, the background network scaffold could be
derived from additional expression correlation network studies, thus avoiding the limitations
of employing PPI data that might underrepresent gene-gene interactions from brain.

Direct interrogation of GWAS candidates via model organism studies

Validation studies on candidates for Mendelian disorders, such as cystic fibrosis, have made
extensive use of gene targeting approaches in rodents or other model organisms. However,
for AUD, very few loci are genome-wide significant, and thus gene targeting model
organism studies can be risky. Bioinformatics approaches (Bubier et al. 2016) or integration
of GWAS and model organism gene expression data (Zhao et al. 2012), such as those
outlined above, can sometimes provide a limited gene list or network more amenable for
gene-targeting studies. This approach can be aided through use of high throughput genetic
models for ethanol behaviors, such as the invertebrate species Drosophilaand C. elegans.
Follow-up gene-targeting studies on a more limited list of promising loci can then be done,
for example, in mouse models. The latter approach is increasingly possible over a relatively
short timeframe given the availability of several resources: large repositories of viral vectors
for over-expression, knock-down or deletion of target genes in select brain regions; large
repositories of targeted mouse models (or their embryonic stem cells) encompassing nearly
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all protein coding genes across the mouse genome; and new methods for rapid generation of
targeted genes, such as CRISPR/Cas9.

Cross-species integrated analysis recently validated the Clic/Clic4 gene in ethanol behaviors
though viral vector or gene targeting studies across mouse, Drosophilaand C. elegans
models (Bhandari et al. 2012). In all three models, modulation of Clic4 or the invertebrate
homologs produced significant changes in sensitivity to ethanol. A recent striking example
of direct cross-species validation of GWAS data demonstrated that multiple members of the
SWI/SNF chromatin remodeling complex altered behavioral responses to ethanol in C.
elegans and SMARCAZ, a human SWI/SNF member, which showed suggestive association
(P = 7.29 x10796) with alcohol dependence in a human GWAS study (Mathies et al. 2015).

Discussion

The methods highlighted in this review show that a GWAS is but the first step towards
understanding the biological basis of AUD. We show that integrating GWAS summary
statistics with other sources of information have yielded novel insights into the etiology of
AUD. Gene networks and disease-related modules have been identified using the interface of
GWAS and curated brain expression and PPI data (Han et al. 2013), as well as in
transcriptome and epigenomic signatures in postmortem brain tissue from individuals with
AUD (e.g., Farris et al. 2013). Animal models have allowed for the identification of new
genes that are responsive to ethanol and have also shown the value in the identification of
novel genetic pathways when combining GWAS and model organism expression data (e.g.,
Zhao et al. 2012). Furthermore, model organisms that can be genetically manipulated in their
ethanol responsiveness have begun to provide excellent validation of genetic signals from
GWAS (Mathies et al. 2015; Schumann et al. 2016).

These are, by no means, the only post-GWAS approaches that exist. In fact, the landscape of
methodology is continuously evolving as computationally burdensome approaches are
optimized (e.g., several newer approaches that rely on Bayesian inference are now readily
accessible) and more resources, such as those listed in Table 2, become available. Our
review documents the importance of additional alcohol-specific resources, such as further
studies that integrate well-powered GWAS with expression data from postmortem brains of
individuals with rich characterization of AUD history, as is being done with schizophrenia
(e.g., Birnbaum et al. 2017). With AUD research, we are also uniquely poised to harness
resources from studies of model organisms.

The principal challenge that we are confronted with is the lack of a well- or even adequately
powered GWAS of AUD. Even though the approaches outlined here more efficiently harness
all existing GWAS data, reliability of the results from these GWAS hinge on their sample
size. One of the largest efforts that is currently under way is being led by the Psychiatric
Genomics Consortium’s Substance Use Disorders group and includes ~15,000 cases with
DSM-1V alcohol dependence and >37, 000 controls that are largely alcohol exposed
(Agrawal et al. 2016). A GWAS of Alcohol Use Disorder Identification Test (AUDIT) scores
was completed on >20,000 subjects from 23andMe, but failed to identify genomewide
significant loci (Sanchez-Roige et al. bioRxiv preprint). There are likely to be other large-
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scale studies that focus on related aspects of normative and heavy drinking. For instance, the
UKBIioBank effort identified 12 genome-wide significant loci for alcohol consumption
(Clarke et al. 2017), and similar efforts in the US GERA cohort found corroborating
evidence for genes involved in alcohol metabolism (ALDHZ2in East Asians and ADHIBin
non-Hispanic Whites and Hispanic/Latinos (Jorgenson et al. 2017)). The SNP-based genetic
correlation between alcohol intake measures and AUD is likely significant but not perfect
(Dick et al. 2011). However, gene- and network-based analyses, such as those outlined in
this review, may allow for systems-based approaches to integrate across alcohol phenotypes
and even other substance use disorders to identify commonality and specificity in biological
pathways.

Conclusion

We propose a shift from cataloging statistical genetic associations to using post-GWAS tools
to make biological sense of them. Incorporating the strategies outlined here should help
prioritize individual gene targets amenable to functional and mechanistic validation across
species, which can create opportunities to better characterize polygenic risk for AUD, test
the prognostic utility of these loci and scores, and identify therapeutic starting points.
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Table 1

Glossary of terms

Term Definition/description

AUD Alcohol Use Disorder

ChIP-Seq  Chromatin immunoprecipitation with sequencing

CNS Central nervous system

DHSs DNase | hypersensitive sites

DNase Deoxyribonuclease

eQTL Expression quantitative trait locus

GCTA Genomewide Complex Trait Analysis (Yang et al. 2011)

GWAS Genome-wide association study

H3K4me3  Trimethylation of lysine 4 on the histone H3 protein subunit regulatory mark
LD Linkage disequilibrium

LDScR Linkage Disequilibrium Score Regression (Bulik-Sullivan et al., 2015)
MAGMA  Multi-marker Analysis of GenoMic Annotation (de Leeuw et al. 2015)
meQTL Methylation quantitative trait locus

MRNA Messenger RNA

NetWAS Network-wide association study

PLINK Statistical genetics software program (Purcell et al. 2007; Chang et al. 2015)
PPI Protein-protein interaction

RNA-Seq  RNA sequencing

SNP Single-nucleotide polymorphism

TWAS Transcriptome-wide association studies (Gusev et al. 2016)

VEGAS Versatile gene-based association study (Liu et al. 2010; Mishra et al. 2015)
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