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Abstract

Background: Alcohol use disorder (AUD) is one of the most common forms of substance use
disorders with a strong contribution of genetic (50-60%) and environmental factors. Genome-wide
association studies (GWAS) have identified a number of AUD-associated variants, including those
in alcohol metabolism genes. These genetic variants may modulate gene expression, making
individuals more susceptible to AUD. A long-term alcohol consumption can also change the
transcriptome patterns of subjects via epigenetic modulations.

Methods: To explore the interactive effect of genetic and epigenetic factors on AUD, we
conducted a secondary analysis by integrating GWAS, copy number variation, brain transcriptome
and DNA methylation data to unravel novel AUD-associated genes/variants. We applied the mega-
analysis of odds ratio (MegaOR) method to prioritize AUD candidate genes (AUDgenes).
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Results: We identified a consensus set of 206 AUDgenes based on the multi-omics data. We
demonstrated that these AUDgenes tend to interact with each other more frequent than chance
expectation. Functional annotation analysis indicated that these AUDgenes were involved in
substance dependence, synaptic transmission, glial cell proliferation, and enriched in neuronal and
liver cells. We obtained a multidimensional evidence that AUD is a polygenic disorder influenced
by both genetic and epigenetic factors as well as the interaction of them.

Conclusion: We characterized multidimensional evidence of genetic, epigenetic, and
transcriptomic data in AUD. We found that 206 AUD associated genes were highly expressed in
liver, brain cerebellum, frontal cortex, hippocampus, and pituitary. Our studies provides important
insights into the molecular mechanism of AUD and potential target genes for AUD treatment.

INTRODUCTION

Substance use disorders (SUDs) cost the United States over $200 billion a year [1]. Alcohol
use disorder (AUD) is one of the most common forms of SUDs with a prevalence of 6.2%
(National Survey on Drug Use and Health, or NIAAA, 2015), imposing a heavy burden to
families and the society. According to the Diagnostic and Statistical Manual of Mental
Disorders (DSM) criteria, AUD is diagnosed as a psychiatric disorder in which an individual
is physically or psychologically dependent on alcohol. Twin studies have reported a genetic
heritability of 50-60% for AUD [2]. In 2013, the American Psychiatric Association issued
the fifth edition of the DSM criteria (DSM-V) and integrated alcohol dependence and
alcohol abuse into one disorder, AUD, with mild, moderate, and severe sub-classifications.
However, some studies published after 2013 still used alcohol abuse or dependence.
Throughout this work, we use AUD but for each individual data set, we use alcohol abuse or
dependence as stated in original studies.

While the etiology of AUD remains elusive, ethanol metabolism and interactions between a
large number of genetic and environmental factors underlie AUD. Ethyl alcohol, or ethanol
(C2H50H),when consumed, is transported from blood to other organs including the brain
[3]. Ethanol has acute molecular effects on excitatory and inhibitory synaptic transmission.
A long-term consumption of alcohol could lead to AUD [4], which is also attributable to
both genes and environmental factors including socio-cultural conditions [5]. Alcohol
metabolism mainly occurs in liver and involves two enzymes, alcohol dehydrogenase (ADH)
and aldehyde dehydrogenase (ALDH), which break ethanol down to acetaldehyde and then
to acetate [2].A recent genome-wide association study (GWAS) highlighted several alcohol
metabolic-related genes that harbor AUD-associated variants [6]. However, the top variants
in alcohol metabolic-related genes with genome-wide significance (p<5 x 1078) can only
account for a small portion of the heritability of AUD [6], implying that other AUD genetic
risks factors are yet to be revealed [7 8]. The recent success in studying other complex
diseases suggests that the integrative analysis of GWAS data and other types of regulatory
annotations [e.g., expression quantitative trait loci (eQTL)] using methods such as the
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transcriptome-wide association study (TWAS) could reveal novel disease susceptibility loci
[9-12]. In addition, copy number variations (CNVs) and rare variants have also been implied
in AUD[13-15]. Several genes, such as the Serine Incorporator 2 (SER/NC2) and alcohol
dehydrogenase genes [15], were reported to carry rare variants that were associated with
AUD in subjects of European descent. Alterations at the epigenetic level were also reported
in AUD patients. For example, long-term alcohol consumption was reported to alter the
transcriptome pattern and methylation levels of subjects, although the alternations in the
brain were relatively small [16] and only nominally significant changes were observed [17
18]. With the accumulation of these insightful yet heterogeneous candidate variants and
genes, integrative studies are needed for prioritizing candidate genes/variants underlying
AUD.

Integrative analysis of high-throughput multi-omics data can prioritize disease-associated
genes through a supervised or unsupervised fashion. The findings from previous studies
have implied that the number of susceptibility genes for each complex disease is limited
[19]. With this assumption, we recently developed an unsupervised machine learning
approach named mega-analysis of odds ratio (MegaOR), aiming at identifying groups of
genes that collectively lead to the maximum load of evidence across multi-omics data [20].
We have successfully implemented the method in studying the genetics of schizophrenia
[20] and Crohn’s Disease [21]. In this study, we attempted to use MegaOR to identify AUD-
associated genes. We collected six types of genome-wide omics data, each representing a
type of molecular evidence associated with AUD. We also identified tissues that were most
likely related to AUD and conducted TWAS for AUD in these tissues. Through the
integrative analysis using MegaOR, we identified a set of candidate genes for AUD and
characterized their roles through functional enrichment and drug-target crosstalk analyses.

METHODS

GWAS summary statistics

We downloaded the GWAS summary statistics from the latest and also the largest AUD
study from the Million Veteran Program (MVP) [22 23]. The original GWA study collected
genotype data from a total of 242,317 individuals (34,658 cases and 167,346 controls) with
European ancestry. Alcohol dependence was diagnosed following the Diagnostic and
Statistical Manual of Mental Disorders (DSM-IV) criteria, 4! edition. Before the meta-
analysis, the consortium had imputed the genotype data using EAGLE?2 [24] and Minimac3
[25] based on the 1000 Genomes Project Phase 3 European reference panel [26]. In total, the
GWAS data included association results for 5,833,029 SNPs either genotyped or imputed
(imputation INFO scores > 0.7 and minor allele frequency > 0.0005).

Gene expression data

We obtained the transcriptome data (by RNA-sequencing) of postmortem prefrontal cortex
(PFC) tissues of 65 AUD patients and 73 healthy controls from a previous study [27]. All
samples were European Australian males. Cases and controls were matched by age, sex,
brain weight, brain pH, disease classification, and postmortem interval (PMI). Cases were
diagnosed as AUD according to the DSM-IV criteria [27]. Quality control was conducted
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and differentially expressed genes were identified by fitting multiple linear regression
models with covariates such as age, PMI, and RNA integrity number (RIN). Multiple testing
correction was controlled at a false discovery rate (FDR) < 0.05.

Methylation data

DNA methylation data were generated with Illumina HumanMethylation450 using the
postmortem prefrontal cortex (PFC) region in brains collected from 16 AUD patients and 16
healthy controls [18]. All samples were European Australian males. Cases and controls were
matched by age, brain weight, brain pH, and postmortem interval (PMI). Cases were
diagnosed as AUD according to the DSM-IV criteria. The methylation matrix was
normalized by a beta-mixture quantile normalization method (BMIQ) using the R package
limma. Probes with a detection p value > 0.05 in any subject were excluded. Batch effect
that was likely caused by the use of multiple chips in the assays was detected and excluded
using the ComBat function implemented by the R package sva. After quality control,
434,015 CpGs probes were retained for the following analysis. The residuals from the batch
effect correction step was used to detect differentially methylated probes as well as
differentially methylated genes (DMGs) based on the annotations of probes. To this end, the
authors fitted empirical Bayesian linear models (implemented by the R package /imma) for
each probe by including age and PMI as the covariates. A FDR threshold of g < 0.05 was
applied.

Gene-based association test

Gene-based p-values were calculated using Magma [28]. Specifically, for each gene, we
considered all SNPs in the gene body and 50kb upstream and 35 kb downstream of the gene.
Magma utilizes the mean of the XZ statistic to obtain gene-based p-values and takes account
of the gene length, SNP density, and local linkage disequilibrium (LD) structure. We used
the 1000 Genome Project European panel as the reference panel for LD [26].

AUD related tissues

To identify the tissues that are most likely related with AUD, we applied two methods to
determine the AUD-associated tissues, the decoding Tissue Specificity (deTS) package
developed in our previous work [29] and the Functional Mapping and Annotation (FUMA)
[30]. deTS is an R package that provides a panel with 47 tissues from the GTEX (v7)
expression data and implements Fisher’s exact test to examine whether genes in a query list
are enriched in a tissue. FUMA is a web service (https://fuma.ctglab.nl/), which contains two
major functions: SNP2GENE and GENE2FUNC. We used the tissue specificity subfunction
under the GENE2FUNC to discover whether our candidate gene lists were enriched in up-
regulated differentially expressed genes (DEG) across 53 tissues from the GTEX (v7)
expression data. We utilized the deTS and the FUMA tissue specificity function to identify
disease-related tissues based on genes defined by the GWAS Magma results using different
thresholds (i.e., pmagma< 0.05, Pmagma< 0.01, Pmagma < 5 X 10-3, Pmagma < 0.001, Ppagma <
5 x 104, PMagma < 104, Pmagma < 5 X 10-5, Pmagma < 10-5, PMagma < 5 X 1076, and
Pmagma < genome-wide significance with Bonferroni corrections).
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Fisher’s method

We used the Fisher’s method to combine p-values from AUD-associated tissues generated
by Sherlock and MetaXcan [9 10], respectively into one Chi-squared distribution statistic (X
2), using the formula

n
2
X3y~=2 37 In(pg)
k=0

where n is the number of AUD-associated tissues and py is the p-value for the kN tissues.
The sum of n independent chi-squared values, each with two degrees of freedom, follows a
chi-squared distribution with 2n degrees of freedom.

Transcriptome wide association studies (TWAS)

TWAS detects gene-disease association based on imputed gene expression from genotype
data or GWAS summary statistics. We applied the TWAS method, MetaXcan [9], which
could take GWAS summary statistics as the input, to the AUD GWAS data using the tissues
identified by deTS (see the Result section “Decode AUD related tissues™).

Combinatory results of eQTL and GWAS data (Sherlock)

Many GWAS signals were located in non-coding or genetic regulatory regions. We utilized
the method Sherlock to combine tissue eQTL data and GWAS signals at the gene level [10].
Specifically, we selected the GTEx eQTL data from the AUD-related tissues identified by
deTS (see the Result section “Decode AUD related tissues™).

Copy number variation (CNV)

We collected AD associated CNVs from a GWAS that was conducted using African
American and European American populations [13]. Diagnosis of AD was followed DSM-
IV (or DSM-1II-R) criteria. The original study collected the genotypeing data of 6,045
subjects (3,243 cases and 2,802 controls) from three datasets: the Study of Addiction:
Genetics and Environment (SAGE), the Collaborative Study on the Genetics of Alcoholism
(COGA), the Center for Inherited Disease Research (CIDR), and the Genome- wide
Association Study of Alcohol Use and Alcohol Use Disorder in Australian Twin-Families
(OZALC). Overall, nine CNV regions were identified to be associated with AD. We mapped
genes to these regions and denoted them as the CNV associated genes.

Mega-analysis of odds ratio (MegaOR)

We recently developed a method called MegaOR [20] with the aim of identifying groups of
genes whose combinatory load of disease association was optimized across multiple
dimension of evidence. Specifically, MegaOR takes as the input a multidimensional matrix
of evidence, each column representing the association results with the investigated trait. To
enable integration of different types of omics data, we requested the input matrix to be a
binary matrix. Specifically, in each column of the evidence matrix, genes were labeled as 1
if they were determined as significantly associated with the trait or O otherwise. For instance,
in the category of GWAS results, genes whose Magma p-values were < 0.05 were labeled 1
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and other genes 0. In this way, categorical data such as CNVs and continuous data such as
gene-based p-values could be integrated into one matrix for the following analyses. In
addition, the dimension-specific thresholds were defined for each individual omics data to
fully address the particular data features and were independent of other dimensions. For
example, Odds Ratio (OR) in one dimension is represented by (the count of a given group of
genes N genes in one dimension labelled with 1) divided by (the count of a given group of
genes N genes in one dimension labelled with 0). MegaOR takes the binary matrix as input

2
and defines a combined OR (cOR): cOR = u — Z(ORT_”),, where OR represents the odds
ratio in each dimension, dis the number of evidence, and x represents the average OR across

2
dimensions. The part Z(ORT_”) is introduced as the penalty term to control deviation of

individual dimensional ORs and balance them across multiple lines of evidence. An iterative
optimization procedure was implemented to find the best set of genes (denoted by S) with
the pre-defined size . At the stable status, genes in S tended to have the optimized cOR.
Further details can be found in our previous works [20 21].

Determine the threshold of the significant occurrence

RESULTS

For N iterative runs, we performed an exact test of a null hypothesis about the probability of
occurrence in a Bernoulli experiment (binomial test). For each gene from the evidence
matrix with d genes, the expected occurrence of one gene is S/d (S is the gene set size). If
the observed occurrence of one gene is significantly greater than the expected occurrence
(S/d), we could determine the threshold K for each N runs (the significant p value is defined
as 0.05 adjusted by multiple testing corrections). For example, at the permutation of N = 100
times and the gene size of S=200, each gene in the dataset (d = 1000 genes) is expected to
occur 20 times. If the null hypothesis is that the true probability of occurrence is no greater
than 0.2 and observed number of one gene is 50 times, we could use R platform (3.5.2)
command binom.test (50, 100, 0.2, alternative = “greater”) and obtain the p = 2.14 x 10711,
Thus, we would reject the null hypothesis at this observed occurrence. Finally, we iteratively
search and find the smallest number (defined as threshold K) that would reject the null
hypothesis.

Multi-dimensional evidence for AUD

We collected and processed six major categories of evidence: genes defined by GWAS
results (Magma), genes defined by integrative analysis of GWAS and eQTL (Sherlock),
TWAS (MetaXcan), differentially expressed genes (DEGS), differentially methylated genes
(DMGs), and CNV genes. Among these data, Sherlock and MetaXcan results were
calculated for different tissues and thus, each of them had multiple sets of results. Each of
these multidimensional data sets were conducted using case-control design and each set of
the nominated genes represented one kind of disease association with AUD.

Previous studies have suggested that interpretation of disease-associated genetic variants are
context specific, as genetic regulatory effects have a strong tissue specificity [9 31]. To
identify the disease-related tissues of AUD, we first applied tissue-specific enrichment
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analysis (TSEA) of the AUD GWAS data and determined three tissues for AUD: pituitary
(the most significant raw p = 3.2 x 10™4), brain cerebellum (raw p = 8.9 x 1074), and liver (p
=1.5 x 1073) (see below). We further applied a widely used online tool, Functional Mapping
and annotation (FUMA), to validate the tissue-specific enrichment analysis by deTS [29 30].
As a result, FUMA identified four frequently occurred AUD-associated tissues: brain
cerebellum (raw p = 0.02), brain frontal cortex (BA9) (raw p = 0.02), brain hippocampus
(raw p = 0.02), and pituitary (raw p = 0.03). Although the AUD-associated tissues identified
by FUMA only has nominal significance, the results from deTS and FUMA have relatively
consistent signals (Figure 1A, 1B). Thus, we combined the tissues from two approaches and
used five AUD-associated tissues in this study: brain cerebellum, frontal cortex (BA9),
hippocampus, and pituitary as well as liver as the five AUD-associated tissues in this study.
Therefore, we had candidate AUD-associated genes from a total of 14 types of evidence,
including five result sets for Sherlock and MetaXcan, respectively, plus GWAS, DEGs,
DMGs, and CNV genes. Considering the alternation in the brain are relatively small (20—
50% changes from previous studies [16]), and only a few genomic-wide significant loci in
GWAS. We thus applied the following threshold to balance the number of genes in each
evidence and control the false discovery rate. Specifically, there were 270 Magma genes
(FDR < 0.05), 243 Sherlock genes in brain cerebellum (raw p < 0.05), 104 Sherlock genes in
brain frontal cortex (raw p < 0.05), 77 Sherlock gene in brain hippocampus (raw p < 0.05),
111 Sherlock genes in liver (raw p < 0.05), 159 Sherlock genes from pituitary (raw p <
0.05), 94 MetaXcan genes in brain cerebellum (raw p < 0.05), 57 MetaXcan genes in brain
frontal cortex (BA9) (raw p < 0.05), 57 MetaXcan genes in brain hippocampus (raw p <
0.05), 82 MetaXcan gene in liver (raw p < 0.05), 88 MetaXcan gene in pituitary (raw p <
0.05), 116 DEGs (FDR < 0.05), 536 DMGs (FDR < 0.05), and 9 CNV regions (hominal p <
0.05) with 27 genes overlapped within these regions (Table S1). These data formed a matrix
with 998 genes, each containing at least one source of association evidence. Among them,
898 (90.0%) genes contained only one type of evidence and no gene had more than 14 lines
of evidence. To summarize the information from multi-tissues, we further used Fisher’s
methods to merge the genes of Sherlock and MetaXcan from multiple disease-related
tissues, resulting in 67 Sherlock genes and 30 MetaXcan genes with nominal peombined<
0.05, respectively.

Decode AUD related tissues

To identify AUD related tissues, unbiased data analyses without a priori assumptions are
needed. We used Magma genes to determine AUD related tissues, as these genes were
defined without tissue information. We performed tissue-specific enrichment analysis using
Magma genes defined at different thresholds (p < 0.05, p < 0.01, p<5x 1073, p< 1 x 1074,
pP<5x104 p<1x107° p<5x107° p<1x105 p<5x1076 andp<2.7x1076
genome-wide significance with Bonferroni corrections for 18,376 genes from Magma). As
shown in Figure 1A and FigurelB, we identified five AUD-associated tissues from two
computational approaches [30 31]. deTS identified three significant tissues: pituitary (raw p
=3.2x 10 at p < 1 x 10™* Magma threshold), brain cerebellum (raw p = 8.9 x 10™% at p <
0.05 Magma threshold), and liver (p = 1.5 x 1073 at p < 5 x 1076 Magma threshold). FUMA
identified four AUD-associated tissues with multiple occurrence: brain cerebellum (raw p =
0.02), brain frontal cortex (BA9) (raw p = 0.02), brain hippocampus (raw p = 0.02), and

J Med Genet. Author manuscript; available in PMC 2020 November 03.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Dai et al.

Page 8

pituitary (raw p = 0.03). These findings were consistent with previous reports that liver is the
tissue where alcohol is metabolized. Both molecular biology studies and GWAS reported the
involvement of ADH and ALDH family genes in alcohol consumption. In addition, ethanol
has the acute molecular effects on excitatory and inhibitory synaptic transmission and a
long-term exposure to ethanol impacts the ability of adapting alcohol as neurotransmitter,
whichcould lead to AUD liability [4]. Thus, liver and brain cerebellum, frontal cortex (BA9),
hippocampus, and pituitary were most likely related to AUD, and thus we used these tissues
for the following analyses (Sherlock and MetaXcan).

Pair-wise comparison of the multidimensional association data

As shown in Figure 1C, for the six types of data, we only observed a nominally significant
correlation between Sherlock and MetaXcan genes (p = 4.45 x 1072). This is not surprising
because both methods measured the integrative signal of genetic variance and transcriptome
changes. We failed to detect any correlation between Magma genes and Sherlock or between
Magma and MetaXcan genes, even though all three used the GWAS summary statistics.
These results implied that there was an independent information that could be obtained by
integrating eQTL and genetically regulated expression (GReX) than using GWAS data only,
proving the necessity to integrate these diverse evidence data. Surprisingly, although DEGs
and DMGs were conducted on the same type of tissue in different studies, they showed
limited associations with each other.

AUD associated genes (AUDgenes) identified by MegaOR

To prioritize candidate genesthat contain optimal evidence, we conducted the analyses using
MegaOR for the 998 genes (evidence-only matrix with 6 dimension). Due to the intrinsic
configuration, MegaOR requires to predefine the set size as one of the inputs. Thus, we
tested multiple set sizes assuming that the number of authentic AUD-associated genes were
at the scale of hundreds, as with most complex diseases [19]. Specifically, we tested nine
setsfor each matrix, which contains 20% - 50% of the whole size of the evidence-only
matrix (S = 190, 230, 270, 310, 350, 390, 430, 470, and 510 for the evidence-only matrix)
(Figure 2). To test the robustness of our MegaOR algorithm, we initiated different numbers
(100 and 1000) of runs and obtained sets of candidate genes with the same size because the
sets of genes with the maximum load of evidence were not unique at a fixed set size. To
obtain the significantly occurred genes from the iterative runs, we used a binomial test to
dynamically select genes that occurred in more than N runs in 9 set sizes and defined these
genes as the consensus genes (i.e., AUDgenes). For example in 100 runs, we named the
genes at each set size as S1 (n = 190, AUDgenes: 87), S2 (n = 230, AUDgenes: 111), S3 (n =
270, AUDgenes: 141), S4 (n = 310, AUDgenes: 131), S5 (n = 350, AUDgenes: 165), S6 (h =
390, AUDgenes: 203), S7 (n = 430, AUDgenes: 206), S8 (n = 470, AUDgenes: 200), and S9
(n =510, AUDgenes: 201). For a 1000 runs set, the number of AUDgenes in the consensus
sets ranged from 76 (S1, n = 190) to 202 (S6, n = 390) (Figure 2B). In both matrices, a
converged stable status of AUDgenes were found from S6 to S10 in both 100 and 1000 run
sets (Figure 2C and 2D). Interestingly, we observed a peak at S7 in 100 run set. These 206
genes of AUDgenes reached the local maximum load of evidence among the tested geneset
size under controlled false discovery rate (see Methods). These 206 AUDgenes came from
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six types of evidence, including 73 GWAS genes, 31 Sherlock genes, 22 MetaXcan genes,
84 DEGs, 19 DMGs, and 25 CNV (Table S2).

AUDgenes tended to interact with each other more often than expected

Following the theories and observations in network medicine [32], disease genes tended to
have more co-expression than observed among random genes in the human interactome,
mainly because genes underlying the same diseases are often involved in related biological
pathways in disease-relevant tissues. We tested whether AUDgenes had significantly more
interactions than the random expectation using two curated human PPI networks: influence
graph [33], and a combined dataset of HPRD and STRING (MAGI) [34]. These reference
networks were described in previous study [21]. As shown in Figure 3, for each set of
AUDgenes from evidence-only matrix, we resampled 10,000 random gene sets in the same
set sizes. The proportion of the random gene sets that had interactions exceeding the
interactions among AUDgenes was used to calculate an empirical p value. We performed
this analysis in each of the two curated PPI network respectively. Due to the consensus
AUDgenes obtained from multiple discrete sources and tissues, the AUDgenes only showed
slight significantly more PPIs than those from random gene sets in most cases.

Functional enrichment analysis of AUDgenes

To identify the biological roles of the AUDgenes, we conducted gene set enrichment
analysis using ToppFun (https://toppgene.cchmc.org/, accessed 11/23/2019). We focused on
Gene Ontology (GO) terms and gene sets from the DisGeNET [35]. As shown in Figure 4A,
206 AUDgenes were significantly enriched in cellular components for extracellular matrix
(GO: 0031012, FDR < 0.095) and collagen- containing extracellular matrix (GO: 0062023,
FDR < 0.095). DisGeNET is a database integrating data from expert curated repositories,
GWAS catalogue, animal models, and scientific literature [35]. AUDgenes were found to be
significantly enriched in Substance Dependence (Unified Medical Language System
(UMLS) ID: C0038580, FDR <0.092) and Drug abuse (Unified Medical Language System
(UMLS) ID: C0013146, FDR <0.092). We further used the Cytoscape plug-in ClueGO to
illustrate the relationship between genes and GO terms [36 37]. GO terms with at least three
AUDgenes were demonstrated for GO Biological Process (BP, Figure 4B), and biological
process for synaptic transmission GABAergic (GO: 0051932, Bonferroni corrected p = 1.90
x 1072), glia cell proliferation (GO: 0014009, Bonferroni corrected p = 3.6 x 1072), and
positive regulation of intrinsic apoptotic signaling pathway (GO: 2001244, Bonferroni
corrected p = 2.7 x 1072) (Figure 4B). Synapse is a critical location involving activities of
several neuro-transmitters such as glutamatergic, GABA, and dopamine [38], chronic
drinking could alter the neural communication and synaptic plasticity [39], and the
dysregulation of synapse transmission is the key mechanism of substance dependence.
Previous studies have shown that the chronic exposure of ethanol would trigger the cellular
apoptosis in immune system and central nervous system [40]. It is interesting to find glia cell
proliferation might be involved in AUD. Glad cells (astrocytes, oligodendrocytes, and
microglia) are non-neuronal cells, representing the most abundant cell groups in human
central nervous system. They maintain homeostasis and provide support and protection for
neurons [41]. Previous studies have shown that ethanol could influence the astrocytes
density, induce ethanol-seeking behavior, and induce inflammation in glia cells [42-44].
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Collectively, these results indicated that our AUDgenes were likely to play multiple diverse
roles in AUD.

DISCUSSION

In this work, we characterized multidimensional evidence of genetic, epigenetic, and
transcriptomic data in AUD. We found that AUD associated genes mainly expressed in liver
and several brain regions including the hippocampus, the cerebellum, the brain frontal cortex
(BA9), and the pituitary. Our study identified 206 candidate genes that were associated with
AUD from multidimensional data analysis. These AUDgenes were enriched in Substance
Dependence, synapse transmission, and glial cell proliferation, providing insights for the
understanding the function of AUD related tissues and genes.

We found that AUDgenes were mostly expressed in liver and brain regions such as the
cerebellum, the brain frontal cortex, the brain hippocampus, and the pituitary. Liver is
known to be the alcohol-metabolizing factory. The ability of metabolizing alcohol is highly
related with the amount of alcohol consumption and thus, it was expected that liver was
found where GWAS signals were enriched. Ethanol has an ubiquity of distribution of
molecular targets in neurons (such as GABergic, glutamatergic, and dopaminergic neurons)
and synapses (including GABA, NMDA, AMPA, and D1 receptors ) throughout the brain
[4]. We found four brain regions that were particularly enriched with GWAS signals utilizing
two tissue-specificity enrichment methods. Brain cerebellum plays an important role in
motor control by contributing to coordination, precision, and accurate timing. Recently,
brain cerebellum was highlighted as an important neuroanatomical region in alcohol
consumption model mice [45]. Some drugs targeting this region have been successfully
reduced the alcohol consumption in model mice [46]. The function of brain frontal cortex is
featured by complex cognitive behavior, personality expression, decision making, and
moderating social behavior. This brain region is in the brain reward pathway and has been
widely used for understanding the neurobiological mechanisms of AUD [18 27]. The
hippocampus is an important part of the brain reward system and is critical for declarative
memory, i.e., memory of facts (persons, places, or things) [47]. Along with the amygdala,
the hippocampusestablishes memories of drug experiences and such kinds of memories help
to create a conditioned response (intense craving) and subsequently increase the risk of
relapse [48]. Previous study did not observe a significant change of the hippocampal volume
between groups with high-genetic risk for addiction versus group with low-risk [49],
although hippocampal volume alterations were proved to be correlated with alcohol
consumption [50]. Thus, the mediated effects of alcohol x gene interaction might affect
hippocampus volume. The pituitary gland is an endocrine gland at the bottom part of the
hypothalamus brain region. A previous study revealed that alcohol affected hormonal
pathways that can influence alcohol-seeking behavior by dysregulating the Hypothalamic
Pituitary Adrenal (HPA) axis using an animal model [51-53]. Collectively, these tissues
were all biologically related to AUD and might provide as candidate tissues for treatment in
future studies.

Considering that the five tissues were identified using GWAS genes, we looked back the
tissue- specific expression of these 206 AUDgenes. We found that AUDgenes tended to be
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highly expressed in liver and all brain regions (Figure 5A). Because AUDgenes were
prioritized based on multidimensional data, we particularly extracted these 206 AUDgenes
and only 34 genes were from Magma. Exploration of the expression preference of these
genes in GTEXx V7 showed two clearly distinctive clusters: a 15-gene cluster (ADRAIA,
DECR2Z, SERINCZ2, LIPC, DHODH, KMO, AZGP1, CES1, ADHIA, HF, EHHADH, F12,
DPYS, CCDC125, and ACP2) highly expressed in liver and a 19-gene cluster highly
expressed in brain regions (Figure 5B).

We explored whether our AUDgenes were also candidate drug targets. To this end, we
queried the Therapeutic Target Database (TTD) (http://bidd.nus.edu.sg/group/cjttd/, access
date: 2/5/2019) and DrugBank (https://www.drugbank.ca/, access date: 2/5/2019) to identify
Food and Drug Administration (FDA) approved drugs that were used for AUD [54 55]. For
TTD, we used “alcohol use disorder”, “alcohol dependence”, or “alcohol abuse” as the
keywords; for DrugBank, we used “drugs used in alcohol dependence” as the keyword to
search for medication target genes for AUD from TTD and DrugBank, respectively. We
found eight drugs from TTD and four drugs from DrugBank, with four FDA approved
medication for AUD: Acamprosate, Calcium carbimide, Disulfiram, and Naltrexone. These
drugs had 31 target genes (Table S3). Although we failed to find an overlapping between our
AUDgenes and current known AUD drug targets, we found 45 out of 206 AUDgenes were
labelled as “DRUGGABLE GENOME” from the drug gene interaction database (http://
www.dgidb.org/, access date: 11/25/2019) (Table S4) [56].

We applied a relatively stringent threshold to define significant genes in each omics data,
and thus obtained rigorous but a limited number of genes from each analysis. First, for
genetics related evidence such as Magma, Sherlock, and TWAS, we found that only a few
genes reached genome-wide significance. For example, with the original GWAS summary
statistics, there were less than 10 significant loci with genome-wide significance and 40
genes with nominal ppagma < 5 % 1076, Notably, this data set was by far the largest GWAS
for AUD, with 34,658 cases and 167,346 controls. The secondary analyses of the GWAS
summary statistics also had a limited number of significant genes (adjusted psheriock OF
PMetaxcan< 5 X 1072). We only identified less than 100 genes from Sherlock and MetaXcan
analysis. These results were not surprising, considering the long reported issues of missing
heritability between observed heritability and heritability explained by the genome-wide
significant variants [7 57 58]. It was likely that a large number of small-effect common
variants were underling the disease susceptibility [7 8 59] and hence, we chose less stringent
thresholds. Second, the changes of gene expression and DNA methylation level were
relatively small (20-50% changes) as reported in previous studies [16—18]. This was likely
due to the small size of brain tissues samples. Considering these facts, we employed less
stringent thresholds when defining omics-specific genes to control the potential false
negatives at the expense of increased false positives. Future studies with large sample sizes
and cell-type level data are warranted.

CONCLUSIONS

In summary, we characterized multidimensional evidence of genetic, epigenetic, and
transcriptomic data in AUD. We found that AUD associated genes tend to be specifically and
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highly expressed in liver and brain cerebellum, frontal cortex, hippocampus, and pituitary.
Our research revealed and prioritized 206 AUDgenes or AUD susceptibility genes that
interact with environments factors. The functions of these AUDgenes were enriched in
substance dependence, synaptic transmission, cellular apoptosis, and glial cell proliferation.
Our research characterized the AUD related tissues and major affected genes.
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Figure 1. Overview of the multidimensional data for Alcohol use disorder (AUD) study.
(A) Tissue-Specific Enrichment Analysis (TSEA) of Magma genes. X-axis: groups of genes

defined at different thresholds based on Magma p-value. Y-axis: 47 GTEX tissues used as the
reference panel. Cells were highlighted in red proportional to the corresponding p-values.
Cells with Bonferroni correction significance were further annotated with the numbers in
each cell represented the number of shared genes between the Magma genes and the tissue-
specific genes, followed by the odds ratio in braces. (B) FUMA tissue-specific enrichment
analysis of Magma genes. X-axis: groups of genes defined at different thresholds based on
Magma p-value. Y-axis: 53 GTEX tissues used as the reference panel. Cells were highlighted
in red proportional to the corresponding p-values. Cells with nominal p value < 0.05 were
further annotated with the numbers in each cell represented the number of shared genes
between the Magma genes and the tissue-specific genes, followed by the raw p value in
braces (C) Pair-wise comparison of the six types of omics data. The -logg (p-value) from
Fisher’s exact test was labeled for each cell. The shade of the cell was proportional to the p-
value.
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Figure 2. Summary of AUD candidate genesidentified by MegaOR.
(A) Odds Ratio (OR) distribution for each type of evidence in each set size for the evidence

matrix with 998 genes in 100 runs. Each dot indicates the average OR in the corresponding
evidence type from 100 sets resulted from MegaOR (see main text). (B) OR distribution in
1000 runs. (C) Distribution of AUDgenes at the stable stage for each set size in 100 runs.
(D) Distribution of AUDgenes at each set size in 1000 runs.
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Figure 3. Distribution of protein-protein interactions (PPIs) among AUDgenes.

The analysis was conducted using the MAGI (A) and influence graph reference panel (B). In
each panel, the distribution of the intersections was displayed for 10,000 randomly selected
gene sets, each with the same set sizes as the query set. X-axis is the number of interactions.
Y-axis is the frequency of the interactions. In the title of each panel, V denoted the number
of AUDgenes that were annotated in the corresponding PPI network; E denoted the number
of interactions among these AUDgenes; and the p-value was the empirical rank p- value. The

vertical red line indicates the number of interactions observed for the actual AUDgenes.
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(A) Bubble plot of the functional enrichment results using 206 AUDgenes obtained. X-axis
was the —logg (raw p-value). Y-axis indicated the enriched gene sets with FDR < 0.10.
Circle size was proportional to the shared AUDgenes with genes from the corresponding
gene set. Circle color was proportional to the raw p-value. (B) Enrichment analysis results
using the ClueGO method in Cytoscape for GO Biological Process [37]. Each dot
represented a gene (name in red) or a GO term (name in other colors). Dots in the same
color were considered from the same functional group by ClueGO annotation. Each edge
indicated the gene was a component gene of the linked GO term.
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Figure 5. AUDgenes tissue enrichment analysis.
(A) Line chart for the average t-scores of tissue- specificity for 206 AUDgenes. The t-score

was pre-calculated by the deTS package to measure tissue specificity for each gene. X-axis
was the 47 tissues; y-axis was the average t-scores for the AUDgenes in each tissue. Green
triangles represented AUDgenes and grey triangle for the other genes in the corresponding
tissue. Tissues were ordered by the mean t-scores of the AUDgenes. P-values along the
green triangle were from the tissue-specific enrichment analysis for each tissue, with
significant ones in bold (Benjamini-Hochberg adjusted p < 0.05). *: the five AUD-related
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tissues. (B) Heatmap of the shared genes between 206 AUDgenes and tissue-specific genes
from five tissues (liver and brain cerebellum, frontal cortex BA9, hippocampus, and
pituitary). RPKM values of genes were normalized across the five tissues. The number in the
bracket after each gene symbol indicated the number of lines of evidence that the gene had
in the evidence matrix.
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