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Abstract

Background—Substance use is heritable but few common genetic variants have been associated
with these behaviors. Rare non-synonymous exonic variants can now be efficiently genotyped,
allowing exome-wide association tests. We identified and tested nonsynonymous variants for
association with behavioral disinhibition and the use/misuse of nicotine, alcohol, and illicit drugs.

Methods—Comprehensive genotyping of exonic variation combined with single-variant and
gene-based tests of association in 7181 individuals; 172 candidate addiction genes were evaluated
in greater detail. We also evaluated the aggregate effects of nonsynonymous variants on these
phenotypes using GCTA.

Results—No variant or gene was significantly associated with any phenotype. No association
was found for any of the 172 candidate genes, even at reduced significance thresholds. All
nonsynonymous variants jointly accounted for 35% of the heritability in illicit drug use and, when
combined with common variants from a genome-wide array, accounted for 84% of the heritability.

Conclusions—Rare nonsynonymous variants may be important in etiology of illicit drug use,

but detection of individual variants will require very large samples.
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Genome-wide association studies (GWAS) have served as the standard for identifying
relationships between genotype and phenotype. GWAS is motivated by the common disease
common variant hypothesis, which holds that complex disease can be accounted for by a
large number of common variants with individually small effects. This appears to hold true
for a variety of medical, anthropometric, and behavioral phenotypes, although massively
polygenic effects are the norm(1). However, common variants do not account for all the
heritability in these phenotypes, leaving many to speculate about the nature of this “missing
heritability”(2).

One explanation for missing heritability is that there is substantial genetic variation that is
not captured by common variants. Genome sequencing has recently enabled the discovery of
tens of millions of rare genetic variants(3, 4). Relatively few sequenced individuals are
needed for variant discovery; many more are required to establish genotype-phenotype
associations. While the cost of sequencing is declining, it is still not cost-effective for
obtaining sample sizes powerful enough to detect associations with rare variants(5). Until
inexpensive sequencing is available, an alternative strategy is to use rare variant genotyping
chips(6), that genotype selected rare variants at a small fraction of the cost of sequencing. In
the present study, we used the Illumina HumanExome rare variant chip to genotype rare and
functional exonic variants.

The exome is the protein-coding portion of the genome. The exome chip was designed by a
coalition of investigators who pooled exome sequencing data to identify rare
nonsynonymous SNPs. Such variants are expected to be highly deleterious and therefore
rare, which poses practical problems for phenotype-genotype association studies, as
statistical power is reduced for rare SNPs. However, we expect low power to be mitigated in
part due to larger effects of nonsynonymous SNPs, as they have the potential to disable an
entire gene.

In the present study, we tested for associations between these SNPs and nicotine
dependence, alcohol consumption, alcohol dependence, drug use, and a non-substance use
measure called behavioral disinhibition. These phenotypes have all been described
previously(7) and have been previously analyzed with respect to common SNPs(8, 9).

Behavioral disinhibition connotes the difficulty to consider long-term gains or losses in the
regulation of impulses(10, 11). High behavioral disinhibition is associated with increased
risk for substance use disorders, antisocial behavior, and disinhibitory personality traits (e.g.,
impulsivity) (12-14). Behavioral disinhibition is hypothesized to be a risk factor for
substance use generally, and to account for much of the high comorbidity among substance
use disorders (15). Twin and family studies report that behavioral disinhibition is heritable
(60-80%)(14, 16, 17), suggesting a non-specific genetic risk that contributes to the
expression of substance use disorders (18).

Three GWAS of non-substance-use disinhibition constructs exist. One GWAS, using the
present sample and phenotypes, identified no significant loci(8). Null results were also
reported in a study of adult antisocial personality disorder(19). Finally, Dick et al.(20)
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identified four loci associated with conduct disorder in a case-control sample of 3,963 across
several ancestral groups.

Investigations of substance use phenotypes have identified multiple loci. For cigarette
smoking, GWAS meta-analyses have identified SNPs in cholinergic nicotinic receptor
subunit gene clusters CHRNA5-CHRNA3-CHRNB4(21-23) and CHRNB3-CHRNAG6(24), as
well as nicotine metabolizing enzyme genes CYP2A6-CYP2B6(24). One locus was
associated with alcohol consumption in the AUTS2 gene and subsequently validated in a
mouse model(25).

In the present study we evaluated deleterious exonic variants in an attempt to identify novel
loci and refine known associations within the genes listed above. In addition, although we
do not review the expansive candidate gene literature here, we provide results for
commonly-studied candidate genes in systems ranging from neurotransmitters to alcohol
metabolism to genes involved in stress reaction.

Individuals were participants in studies conducted at the Minnesota Center for Twin and
Family Research(26), which utilized a community-based ascertainment and accelerated
longitudinal cohort designs. The sample included 7181lindividuals nested within 2299
pedigrees designed to include two parents and two offspring. Some pedigrees were
incomplete because a participant failed to contribute a viable DNA sample. Offspring family
members included monozygotic twins, dizygotic twins, non-twin biological offspring and
siblings, or adoptive offspring and siblings. There were 1771 mothers (mean age=42,
SD=5.3), 2055 fathers (45, 5.7), and 3355 offspring (47% male). The study is longitudinal,
with repeated assessments on the offspring. For offspring, we maximized the size of the
sample by selecting assessments as close to age 17 as possible (mean age=18.0, SD=0.8,
range=[16.5, 21.0]). All research reported in this manuscript was approved by the University
of Minnesota Institutional Review Board.

Phenotypes were composite measures derived from factor analysis and factor score
extraction of questionnaire and diagnostic symptom data of substance use, substance use
disorders, and behavioral disinhibition. An extensive description of the composites and
constituent measures has been provided elsewhere(7). Please see Table S1 in Supplement 1
for information on the constituent measures used to create these phenotype composites.
Substance use and symptoms of substance use disorders were assessed, through in-person
clinical interview with trained interviewers, using an expanded version of the Substance
Abuse Module(27)of the Composite International Diagnostic Interview(28). The nicotine
dependence composite included frequency (days per month), quantity (cigarettes per day),
and DSM symptoms of dependence. Alcohol consumption included frequency (never to
multiple times a day), maximum consumption (number of drinks in 24 hours), and lifetime
intoxications. Alcohol dependence included abuse and dependence symptoms from multiple
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diagnostic systems organized into facets of social and occupational problems (e.g., drinking
and driving), withdrawal and tolerance, and compulsive use and impairment in major life
activities (e.g., drinking throughout the day; wanted to stop but couldn’t). lllicit drug use
included frequency of marijuana use, a sum score of the number of different drug classes
used (marijuana, amphetamines, barbiturates, cocaine, gas, hallucinogens, heroin, inhalants,
opiates, PCP, tranquilizers), and symptoms of abuse and dependence for the most frequently
used substance. Behavioral disinhibition included symptoms of antisocial personality
disorder and non-diagnostic dissocial behaviors (being arrested, suspended from school, and
early initiation of sexual intercourse) assessed via structured interviews and questionnaire
measures of delinquency and disinhibited personality traits (impulsivity, aggression, risk
taking).

In addition to the five traits discussed above, we also evaluated the nicotine dependence,
alcohol dependence, and alcohol consumption phenotypes among individuals with adequate
exposure to these substances. Nicotine exposure was defined as having done at least one of
the following: smoked 2+ cigarettes on days they reported smoking or smoked 4+ days per
month in the past year or having 1+ lifetime symptom(s) of dependence. Alcohol exposure
was defined as having done one of the following: drinking at least once a month in the past
year or ever having 6+ drinks in 24 hours or at least 2 lifetime intoxications or having 1+
lifetime symptom(s) of dependence. Minor modifications to these criteria resulted in only
small fluctuations in the selected sample. Using these criteria, 3412 individuals from 1694
families were considered exposed to nicotine, and 5897 individuals from 2211 families were
considered exposed to alcohol. We refer to these phenotypes throughout as nicotine
(exposed), drinking (exposed), and alcohol dependence (exposed). We did not consider
exposed versions of illicit drug use for several reasons, including the complex process of
conditioning measures for each of 11 substances on the use of that substance, then
aggregating those conditioned measures. It was unclear to us the meaning of a factor
produced in this way.

Phenotypes were each separately corrected for covariates and inverse-normalized. Covariate
main effects included age, age?, sex, generational status (parent/child), year of birth, first 10
genetic principal components, as well as interactions of birth year x generation, sex x
generation, and age x generation. Birth year and age were quantitative covariates. With the
exception of principal components, each covariate was highly significantly associated with
most phenotypes (Table S4 in Supplement 1). Phenotypes were highly correlated and
showed significant within-family correlations (Tables S2 and S3 in Supplement 1).
Scatterplot matrices of the phenotypes, before and after inverse normalization are displayed
in Figures S1 and S2 (see Supplement 1). Univariate phenotype histograms, prior to inverse-
normalization, are displayed in Figure S3 (see Supplement 1).

The sample was genotyped on the Illumina HumanExome BeadChip array and the Illumina
660W Quad. Extensive description of the 660W-Quad genome-wide array in this sample
was published previously(26) and is extremely similar to the description of the exome array,
so we omit it for space. The lllumina HumanExome chip included 247,737 SNPs. All
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samples were clustered together in GenomeStudio, and markers showing evidence of poor
quality, such as lower call rates, poor cluster separation, deviation from Hardy-Weinberg
equilibrium, or rare (0MAF<0.0001) and incomplete call rate (<1.0), were manually
reviewed and reclustered or discarded (n~5,000). After removing SNPs identified by
Illumina as having technical defects we had 247,186 SNPs for further QC testing. A total of
1,250 markers were dropped in our QC screen: 503 SNPs had a no-call rate exceeding 1%,
52 had a Hardy-Weinberg test p-value less than the Bonferroni cutoff of 2e~7, 28 autosomal
markers were associated with participant sex (p<2e~’) and 793 SNPs had two or more errors
of any of these kinds: incorrect call in a CEPH sample, discordant calls in a pair of
duplicated samples or an MZ twin pair, Mendelian inconsistency, heterozygosity for an X-
chromosome marker in a male sample, or nonmissing Y-chromosome genotype for a female
sample.

In total 7,350 samples were run through the HumanExome array. After QC screening we
were left with useable genotype data for 7,244 subjects, including only one member of each
MZ twin pair. Samples were dropped for a no-call rate of 0.5% or higher (145 samples), 16
samples were dropped because of sample mix-ups, four because of consent issues, and for
all duplicate samples, only the one with the highest call rate was retained. After creating
records for 1,120 MZ cotwins by copying genotype data of their MZ twins, the sample size
useable for GWAS increased to 8,364 subjects, including all ethnic groups.

Markers from the exome chip and genome-wide chip were combined into an integrated
panel of 629,573 polymorphic SNPs. There were 84,678,352 overlapping genotypes
between the arrays in this sample (11,792 overlapping SNPs times 7181 individuals; we
include the MZ co-twins in these numbers). Of these, 84,654,782 were non-missing on both
chips (99.9722%). Of non-missing variants, 84,654,329 (99.9995%) were concordant. The
453 discordant genotypes were set to missing.

Next, restricting the sample to individuals of European ancestry who have phenotype data
reduced the total sample available for the present study to 7181. We generated 10 principal
components using Eigenstrat, and determined ancestry based on a combination of these
principal components and self-reported ancestry as described previously(26).

In the 7181 subjects there were 629,573 polymorphic autosomal SNPs. Of these, 133,517
had MAF<.05. For nicotine exposed there were 615,184 polymorphic SNPs with 119,226
rare SNPs. For alcohol dependence exposed and alcohol consumption exposed there were
627,472 polymorphic SNPs with 131,386 rare SNPs.

Markers were annotated with ANNO(29) using GENCODE v11 transcripts from the
ENCODE project. In total there were 111,592 polymorphic nonsynonymous variants in
exomic regions, with 2973 start- or stop-changing and 1762 splice-site variants. Descriptive
information for the non-synonymous marker set is displayed in Table 1.

Candidate Genes

In addition to evaluating all SNPs on the integrated array, we also evaluated 172 candidate
addiction genes from two published sources(30, 31), and a shorter list of “high priority”
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genes implicated in smoking and drinking from GWAS meta-analyses of tobacco and
alcohol use(22, 24, 25, 32). Of the 172 genes, 151 contained polymorphic nonsynonymous
variants in our sample. We report burden test results on the full 151, and also report single
variant tests of nonsynonymous variants in the shorter list of high priority genes (i.e.,
CHRNAS5, CHRNA3, CHRNAG, CHRNB4, CYP2A6, CYP2B6, ELGN2, DBH, ALDH2,
ADH1B, and AUTS2). The meta-analyses evaluated smoking and alcohol consumption,
measures readily available in large epidemiological samples, and we restricted our tests to
similar phenotypes in the present study. Specifically, we tested these 11 genes on nicotine
(exposed), alcohol dependence (full sample and exposed individuals), and drinking (full
sample and exposed individuals).

Single Variant Analysis

Single variant analysis was conducted for each SNP and each phenotype. To account for
family structure we used a mixed model(33) where the kinship matrix was fixed according
to the known pedigree structure. The model was estimated with an implementation of FaST-
LMM(34). Mixed models allow an estimate of phenotypic heritability, where the phenotypic
variance-covariance matrix is partitioned into:

Cov(y) = 092K+cre2I :

where Cov(y) is the NxN phenotypic matrix, K is the NxN kinship matrix fixed according to
the known pedigree structure, og is the heritability variance component, o is the error
variance, and | is an NxN identity matrix.

Burden Tests of Nonsynonymous SNPs

Statistical power in association studies is in part a function of minor allele frequency and it
is expected that individual tests of rare variants will lack sufficient statistical power. To
address this, we implemented a series of burden tests that grouped nonsynonymous variants
within a gene and test for an association between the grouping value and the phenotype(35,
36). Different burden tests perform more or less well depending on the true genetic
effect(35). Accordingly, we selected two burden tests with different assumptions: a variable
threshold collapsing and multivariate count method (VTCMC(37, 38)), and the sequence
kernel association test (SKAT(39)).

VTCMC assumes the same direction of effect for all rare variants within a gene. It sums the
number of observed rare alleles within the gene for each person, and tests the association
between the gene-based sumscore and the phenotype. Since the optimal MAF cutoff for
“rare” variants is unknown, the VTCMC uses the cutoff that yields the strongest effect.
Since the SNP effects and the MAF cutoff are chosen in the same data, the resulting p-value
is asymptotically corrected for capitalization on chance.

SKAT is a kernel-based method(39-41) that allows for variants within a gene to have
different directions of effect. We used the linear kernel function reported in Wu et al.(39),
which sums the weighted genetic similarity across markers within a region (here, a gene).
The square root of the weight followed a Beta(MAF; a1, ap) distribution with parameters
a;=1 and a,=25, which weights rarer variants (e.g., MAF< 1%) more heavily than more
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common variants (1% < MAF < 5%). The method tests the null hypothesis that the
distribution of the SNP effects within a gene has zero mean and covariance TK, where K is
the kernel value and < is the variance component attributable to the SNPs. The value of ©
thus depends only on the magnitude of the SNP effects, and not their direction of effect.

The effective sample size was somewhere between the number of independent families
(2299), and the number of individuals (7181). For single variant tests on the primary traits,
this resulted in 80% power to identify a SNP effect with r2 between .005 and .015 assuming
alpha=3.4x10-7, the Bonferroni correction for all variants with MAF<.05. While power
appears reasonable, it is important to note that for a very rare single variant, such as one with
MAF=.1%, an r2 of .005 corresponds to a 0.5 standard deviation increase in the trait for each
rare allele an individual possesses, a very large effect. Power for burden tests depends on,
among other things, assumptions about direction of effect, the number of SNPs within a
region, and the proportion of causal SNPs. We therefore refer the reader to prior
publications on VTCMC and SKAT(38, 39).

Heritability Due to Rare Variants

Results

Genome-wide Complex Trait Analysis (GCTA) is a method to calculate the phenotypic
variance accounted for by all SNPs in aggregate. Genetic relationships among all unrelated
individuals in a sample are used in a mixed model to account for variance in the phenotype
of interest. While GCTA has been applied regularly to common SNPs(1), including reports
for the phenotypes in this sample(9), to our knowledge its application has not been extended
to rare exonic variants. Further, since the sample is also genotyped on a genome-wide array,
we were able to compare multiple marker sets: the set of all rare (MAF<.05)
nonsynonymous variants; the set of all common variants (MAF=.05), regardless of
annotation.

Using GCTA version 1.04(42) we computed a genetic relatedness matrix for each of the two
SNP sets, rare and common. Because the sample is composed of families, and familial
relationships include non-additive and shared environmental effects, we restricted the GCTA
method only to nominally unrelated individuals by using individuals with a genetic
relatedness less than .025 based on common SNPs, a threshold that is standard practice in
these analyses. The genetic relatedness estimate used is a distance metric analogous to the
average SNP correlation between two individuals. To test the effect of this cutoff, we
evaluated selected results at many cutoffs ranging from .01 to 1.0 (Figure S12 in
Supplement 1).

Single Variant Tests

Genomic control values for the eight phenotypes were acceptable at 1.07, 1.02, 1.06, 1.05,
1.05, 1.01, 1.03, and 1.06, for single variant tests of nicotine dependence, alcohol
consumption, alcohol dependence, illicit drugs, behavioral disinhibition, nicotine
dependence (exposed), alcohol consumption (exposed), and alcohol dependence (exposed),
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respectively. The covariate r2 was, .13, .28, .23, .14, .19, .40, .30, and .21. In the single
variant genetic association tests no individual variant was significant after Bonferroni
correction for number of SNPs tested, whether that correction included all SNPs or was
restricted to rare variants. QQ plots are provided in Figures S4-S11 (see Supplement 1).

In further exploratory analysis, we evaluated nonsynonymous variants with minor allele
count (MAC)=4 and MAF<.05. We did this because common variants (MAF>.05) have
been tested elsewhere and there is very limited power to detect effects for variants with
MAC<4, which is why burden tests are used(35). Evaluating this restricted SNP set lowers
the Bonferroni threshold to 8.06x1077, and resulted in one SNP at 5:73207116 in the
GRNEF gene associated with nicotine dependence (reference allele=G; alternate=A;
MAC=12, effect=1.49; p=6.9x107"). The QQ plot is in Figure S14 (see Supplement 1). We
report this SNP only a suggestive finding. Using Snipper(43), we found no evidence in the
literature that this region has previously been linked to relevant phenotypes.

Burden Tests

The number of genes with sufficient variation to enable burden testing ranged from 15,761
to 16,195 depending on the phenotype, resulting in Bonferroni corrections of p<3.2e76. At
this threshold no gene was significantly associated with any of the phenotypes.

Candidate Genes

Detailed results for the 151 candidate genes are presented in Table S5 (see Supplement 2).
Even when the Bonferroni threshold is relaxed to .0003 for 151 tests, no gene was
significant. For each phenotype, the distribution of p-values across all 151 genes was
uniform, with means within a few percent of .50.

We conducted 116 single variant tests of 78 SNPs from a “high priority” list of 11 genes that
harbor a variant identified by GWAS meta-analyses of smoking or drinking. After correcting
for only 116 tests, only one rare (MAC=6) nonsynonymous variant at 9:136521726 in DBH
was significantly associated with the nicotine (exposed) phenotype. The remaining p-values
were uniformly distributed and non-significant. The full table and QQ plot of 116 tests are in
Table S4 and Figure S10 (see Supplement 1).

SNP-based Heritability

Results from GCTA are displayed in Table 2. In aggregate, rare nonsynonymous SNPs
accounted for 19% of the heritability in illicit drugs (p=.01), but did not significantly
account for variance in any other phenotype. Marginal effects were observed for aggregate
nonsynonymous effects on behavioral disinhibition and alcohol dependence. Common
SNPs, on the other hand, accounted for 27% and 26% of the variance in illicit drugs and
behavioral disinhibition, which is less than half of the pedigree-based heritability of those
traits. When considering all variants, the SNPs significantly account for 46% and 40% of the
variance in illicit drugs and behavioral disinhibition. When considering the heritability of
these traits is 55% and 58%, respectively, we find that the combination of rare
nonsynonymous and genome-wide common variants account for 84% of the heritability in
the illicit drug phenotype, and 69% of the behavioral disinhibition phenotype.
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Discussion

We report the results from a genetic association test between nearly 100,000 rare
nonsynonymous exonic SNPs with 5 measures of behavioral disinhibition, as well as three
measures of substance use in individuals exposed to the relevant substance. Tests of genetic
association, whether single variant tests or gene-based burden tests, revealed no significant
associations. Additional inspection of 172 candidate genes, of which 151 contained
polymorphic variation in this sample, also revealed no significant association. One SNP was
statistically significant only after restricting tests to nonsynonymous variants within genes
previously implicated in drinking and smoking by GWAS meta-analysis. This variant was
associated with nicotine dependence among individuals exposed to nicotine. The variant is
located in the dopamine beta-hydroxylase gene (DBH), a long-standing candidate gene for
addiction due to dopamine’s clear involvement in the rewarding effects of drugs of
abuse(44). A variant within this gene was previously found to be associated with smoking
cessation by the TAG consortium(22). Our nicotine phenotype is not cessation per se and
that, along with the nominally-associated p-value, suggests that this is a spurious finding.
This variant will require substantial verification in larger samples.

One limitation of the association tests is in the nicotine phenotype selection. It is known, for
example, that variants within nicotinic receptor genes on chromosome 15 influence
heaviness of smoking in smokers. Our nicotine dependence (exposed) phenotype is a
measure of heaviness of smoking among individuals who have ever smoked, but the lowest
p-value within nicotinic receptor genes was p=.01 for rs16969968, a variant known to be
associated with heaviness of smoking in current smokers(21, 22). One possible explanation
for our nonsignificant finding is that our exposure criteria were insufficient. This study did
not ask, for example, whether an individual had ever smoked 100+ cigarettes, a common
proxy for measures of lifetime regular smoking. An additional complication is that
approximately half of the sample reported here is around 18 years old, and common SNPs in
nicotinic receptor genes such as rs16969968 appear to influence smoking more strongly in
older individuals(45, 46). It is also possible that we may have missed strong associations
with nicotine dependence because we did not evaluate additional nicotine phenotypes due to
our focus on the behavioral disinhibition hypothesis.

The aggregate effect of rare nonsynonymous SNPs was significant for the illicit drug
phenotype, with marginal effects for the other phenotypes. Most applications of GCTA rely
on the relationship between tagged SNPs on a genome-wide array and untyped causal
variants. For rare nonsynonymous variants we anticipate only very weak, or nonexistent,
linkage disequilibrium, which allows the tentative conclusion that nonsynonymous variants
typed on the exome chip are directly associated with illicit drug use in this community-
representative sample, and awaits replication elsewhere.

There are several alternative explanations for the GCTA results. First, for rare variants it
may not always be true that global ancestry measures (such as PCs) can account for
genomically-local population stratification. That is, two individuals may have similar overall
ancestry but possess some haplotypes from diverse ancestries(47, 48), which may artificially
inflate GCTA estimates from local ancestry around some exons. If that confound existed in
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this data we might expect population stratification to inflate all GCTA estimates from rare
variants, which was not observed. Second, the illicit drug phenotype has the strongest
mother-father correlation (.56; Table S2 in Supplement 1), raising the possibility of
confounding due to assortative mating. Note, however, that substantial mother-father
correlations exist for other phenotypes (notably .40 for alcohol consumption) but these
showed no GCTA effect for rare nonsynonymous variants. Third, we speculate that rare
nonsynonymous variation may contribute strongly to more severe phenotypes. It appears, for
example, that the strongest nonsynonymous GCTA results were for illicit drugs, behavioral
disinhibition, and alcohol dependence, and lesser effects observed for nicotine dependence
and alcohol consumption, the latter two considered to be relatively more normative
behaviors. Future work may consider this possibility.

Different sampling approaches, denser genotyping (e.g., sequencing), and larger samples
will be required to identify rare variant associations with the phenotypes investigated here.
Larger (meta-) samples will allow us to draw stronger conclusions about genetic etiology in
addiction and behavioral disinhibition and we are excited to contribute to consortium efforts
to achieve these ends.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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