Behav Genet (2012) 42:626–635
DOI 10.1007/s10519-012-9531-4

ORIGINAL RESEARCH

The Aggregate Effect of Dopamine Genes on Dependence
Symptoms Among Cocaine Users: Cross-Validation
of a Candidate System Scoring Approach
Jaime Derringer • Robert F. Krueger • Danielle M. Dick • Fazil Aliev •
Richard A. Grucza • Scott Saccone • Arpana Agrawal • Howard J. Edenberg •
Alison M. Goate • Victor M. Hesselbrock • John R. Kramer • Peng Lin •
Rosalind J. Neuman • John I. Nurnberger Jr. • John P. Rice • Jay A. Tischfield
GENEVA consortium • Laura J. Bierut

•

Received: 14 April 2011 / Accepted: 6 February 2012 / Published online: 23 February 2012
Ó Springer Science+Business Media, LLC 2012

Abstract Genome-wide studies of psychiatric conditions
frequently fail to explain a substantial proportion of variance, and replication of individual SNP effects is rare. We
demonstrate a selective scoring approach, in which variants
from several genes known to directly affect the dopamine
system are considered concurrently to explain individual
differences in cocaine dependence symptoms. 273 SNPs
from eight dopamine-related genes were tested for association with cocaine dependence symptoms in an initial
training sample. We identified a four-SNP score that
accounted for 0.55% of the variance in a separate testing
sample (p = 0.037). These findings suggest that (1) limiting investigated SNPs to those located in genes of theoretical importance improves the chances of identifying
replicable effects by reducing statistical penalties for
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multiple testing, and (2) considering top-associated SNPs
in the aggregate can reveal replicable effects that are too
small to be identified at the level of individual SNPs.
Keywords
Dopamine

Candidate gene  Cocaine dependence 

Introduction
Cocaine use is not uncommon, with 14.7% of adult participants in a large, US-representative sample reporting
lifetime use (SAMHSA 2009). Cocaine is one of the most
addictive recreationally used substances (Nutt et al. 2007).
Even occasional users are likely to develop symptoms of
problematic use (Gillespie et al. 2007), with tolerance or
withdrawal being especially highly associated with the
development of cocaine dependence (Shaffer and Eber
2002). The medical consequences of cocaine use are severe
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and widespread, and include such conditions as arrhythmia,
cerebral hemorrhage, and pulmonary edema (Gray 1993).
Cocaine dependence is also highly co-morbid with psychiatric and other substance use disorders, with severity of
cocaine dependence being associated with increased
comorbidity of other substance use disorders (Ford et al.
2009). Approximately 40–80% of the variance in cocaine
dependence is attributable to additive genetic factors
(Kendler et al. 2000; Kendler and Prescott 1998; van den
Bree et al. 1998).
Dopamine and cocaine
Substantial evidence implicates dopamine as the primary
neurotransmitter system involved in the rewarding effects
of cocaine exposure (Dackis and Gold 1985; Haile et al.
2007; Kuhar et al. 1991). Cocaine competitively inhibits
dopamine internalization by binding to the dopamine
transporter (Beuming et al. 2008). Administration of a
typical dose (i.e., what a user might be expected to take) in
humans blocks a majority of dopamine transporter sites
(Volkow et al. 1997). The blocking of these sites results in
increased synaptic dopamine, which contributes to the
reinforcing and addictive properties of cocaine (Haile et al.
2007). Cocaine exposure induces long-term potentiation of
dopamine neurons (Liu et al. 2005; Ungless et al. 2001).
Extended use results in persisting effects on nuclear
accumbens D1 receptors (Henry and White 1991) and
prefrontal dopamine D2 receptors (Briand et al. 2008).
Candidate gene studies further support the association
between dopamine and response to cocaine, by demonstrating specific variants located in dopaminergic genes that
affect risk for cocaine dependence. The dopamine transporter gene solute carrier family 6 (neurotransmitter transporter, dopamine), member 3 (SLC6A3, previously known
as DAT or DAT1) has been the most frequently examined
gene with respect to cocaine response. SLC6A3 knockout
mice show reduced alteration of behavioral response (Giros
et al. 1996) and brain glucose metabolism (Thanos et al.
2008) when exposed to cocaine. However, SLC6A3 knockout mice still self-administer cocaine (Rocha et al. 1998) and
can still develop conditioned place preference in response to
cocaine (Sora et al. 1998), demonstrating that SLC6A3 is not
solely responsible for cocaine’s reinforcing effects.
Substantial candidate gene research has also examined
the dopamine receptor D1 gene (DRD1) for association
with cocaine response. DRD1 knockout mice do not selfadminister cocaine (Caine et al. 2007). DRD1-/- mice
show decreased locomotion with cocaine exposure, compared to the increase in locomotion observed when DRD1
wild-type mice are exposed to cocaine (Xu et al. 1994).
The relationship between dopamine receptors and cocaine
response has also been demonstrated experimentally in
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humans. Evidence from agonist trials suggests that activation of D1-like (i.e., DRD1 and DRD5) receptors has
opposite effects to those from activating D2-like (i.e.,
DRD2, DRD3 and DRD4) receptors, with D1-like agonists
reducing cocaine-seeking behavior and D2-like agonists
increasing this behavior (Self et al. 1996).
While individual differences in the dopamine system are
not sufficient to solely account for individual differences in
cocaine dependence (e.g., Hnasko et al. 2007), dopamine
has been repeatedly shown in both human and animal
models to strongly influence the propensity to develop such
dependence (see Haile et al. 2007 for a review). Further
molecular genetic investigation may be a promising
research direction to more fully elucidate the relationship
between dopamine and cocaine dependence.
The genetic scoring method
Given the wide range in severity of observed phenotypes in
substance use and dependence, it is likely that genetic
influences on substance problems are highly polygenic, that
is, comprised of numerous small effects (e.g., Goldman
et al., 2005). This is similar to other complex psychiatric
and behavioral phenotypes (e.g., Plomin et al. 2009). A
recent genome-wide study of schizophrenia identified a
genetic score consisting of tens of thousands of SNPs that,
in the aggregate, explained *3% of the variance in
schizophrenia case–control status (International Schizophrenia Consortium 2009). While such genome-wide scores
have the potential to explain significant variance, they do
not necessarily provide greater information or discriminative ability than do established variants of known effect, in
cases where such ‘‘known’’ variants exist (Evans et al.
2009). This may be in part due to the expected inclusion of
‘‘noise’’ variants (e.g., false-positive SNPs meeting selected
significance cut-offs due to chance alone) when casting
such a (genome) wide net as part of the scoring approach.
One method for reducing the inclusion of the noise variants would be to increase the size of the score ‘‘discovery’’
sample, similar to the rapidly increasing sample sizes utilized in genome-wide association studies (GWAS; Amin
et al. 2009). However, increasing sample size may not be
practical for certain phenotypes that are rare, or for those that
require thorough assessment or selected samples. In such
cases, alternatives to atheoretical genome-wide approaches
are needed, in order to take into account the reduced statistical power inherent in genetic analyses of smaller samples.
With this in mind, we suggest one possible approach to
improving the accuracy of the genetic risk score: reducing
the ‘‘noise’’ variants available for inclusion by only examining genes located within a candidate system (i.e., genomic
regions specifically theorized to be involved with one or
more processes that influence the phenotype of interest).
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The current study
Similar to prior scoring endeavors (e.g., International
Schizophrenia Consortium 2009; Evans et al. 2009), we
made use of a large sample enriched for our phenotypes of
interest to conduct intra-sample cross-validation. Because
of the amount of evidence implicating the dopamine system in substance use generally, and cocaine dependence
specifically, we focused our analyses on this system. The
intention behind focusing on a specific neurotransmitter
system was to reduce the likelihood of including ‘‘noise’’
SNPs, increasing our ability to identify a valid scoring set
of SNPs. Similarly, the construction of a poly-SNP genetic
‘‘risk’’ score is well-aligned with current theories of genetic
contributions to complex phenotypes, such as substance
dependence, in which numerous genetic variants are likely
to each have a relatively small effect on the observed
phenotype (e.g., Plomin et al. 2009).
The current study sought to identify SNP variation that
was associated with individual differences in cocaine
dependence symptoms. It was hypothesized that in studies
with modest sample sizes, or small effect sizes, these
effects could be most reliably detected and replicated in the
aggregate. Given that there is strong evidence implicating
the dopamine system in cocaine dependence, we sought to
improve our power to detect what were expected to be
small effects of individual SNPs on cocaine dependence by
limiting our analyses to SNPs in a selected, core set of
autosomal genes that are definitely and directly involved in
the dopamine system and by examining the joint effect of
these SNPs. We therefore constructed a genetic risk score
from a subset of a genome-wide data set, including only
SNPs from selected dopaminergic genes. The specific
SNPs most strongly associated with cocaine dependence
symptoms were first identified in an initial discovery
sample. The replication of these top SNPs’ aggregate effect
on cocaine dependence was then examined in an independent testing sample. Because substantial heritable variance is common across multiple substances of dependence,
we then examined the potential specificity of this cocainederived genetic risk score by testing its correlation with the
frequently comorbid phenotypes of alcohol, tobacco, and
marijuana dependence symptoms.
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the inclusion of non-users would make results unclear in
terms of whether they identify influences on propensity to
use, or influences on problem use severity, or both
(Buckland 2008). One consideration in measuring cocaine
dependence is phenotypic noise due to environmental
constraints on access to cocaine. The current sample was
drawn from project centers in densely populated US cities
(such as Saint Louis and Detroit) and was specifically
designed to over-sample individuals with substance-related
problems. This suggests that availability of cocaine is a
reasonable assumption for individuals included in the
current sample.
The present sample included 1,591 unrelated individuals
from the Study of Addiction: Genetics and Environment
(SAGE; Bierut et al. 2010) who reported having ever used
cocaine; the mean age of these cocaine users was
38.25 years (SD = 7.6, range = 18–63), 42.6% were
female, and 37.5 and 4.05% self-reported African or Hispanic ancestry (vs. European or non-Hispanic ancestry),
respectively. SAGE was designed to examine the genetic
underpinnings of alcohol dependence, with participants
drawn from three primary studies: FSCD, the Family Study
of Cocaine Dependence (Bierut et al. 2008); COGA,
the Collaborative Study on the Genetics of Alcoholism
(Begleiter et al. 1995); and COGEND, the Collaborative
Genetic Study of Nicotine Dependence (Bierut 2007). All
data used in the present study are available via the database
of Genotypes and Phenotypes (dbGaP; phs000092.v1.p1).
Measure
The current study utilized DSM-IV-TR cocaine, alcohol,
nicotine, and marijuana dependence symptom counts as
measures of substance use severity. These counts were
derived from the Semi-Structured Assessment for the
Genetics of Alcoholism interview (SSAGA-II), which has
demonstrated validity and reliability (Bucholz et al. 1994;
Hesselbrock et al. 1999). To obtain approximately normally distributed regression residuals, the symptom counts
for marijuana dependence were log-transformed [i.e.,
ln(symptoms ? 1)]. Symptom counts for all other substances (i.e., cocaine, alcohol, and nicotine) remained
untransformed.
Genotyping

Methods
Participants
In order to examine the genetic contribution to problems
among cocaine users, only individuals who reported having
tried cocaine were included in this study, because experimentation is a necessary precursor to problem use. That is,
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DNA was obtained from blood or lymphoblastoid cell
lines, and genotyping was carried out on the Illumina
Human IM Bead Chip by the Johns Hopkins University
Center for Inherited Disease Research (CIDR). SNPs had a
median missing call rate of less than 0.05, and 95% of
SNPs resulted in less than 1.4% missingness. Strict quality
control procedures were implemented, including assessment
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of batch effects, duplication errors, gender and chromosomal
anomalies, Hardy–Weinberg disequilibrium, hidden relatedness, Mendelian errors, missing call rates, and population
structure (Laurie et al. 2010). Duplicates, outliers, and related subjects were removed. In total, 948,142 SNPs passed
this thorough cleaning procedure (Bierut et al. 2010).
A literature search was used to identify relevant autosomal dopamine-related genes. Genes were selected for
inclusion if they were known to have definite and direct
effects on the dopaminergic system; these were COMT,
DBH, DDC, DRD1, DRD2, DRD3, DRD4, and SLC6A3.
SNPs located within each of these genes that are available
on the Illumina Human 1M Bead Chip were then identified
for analysis and annotated for exact location and function
using WGAViewer (Ge and Goldstein 2007). A total of
273 SNPs were selected for inclusion in our analyses
(identical to those identified in Derringer et al. 2010). Due
to our modest sample size, we chose to be conservative in
our inclusion of SNPs. With the inclusion of an increasing
number of genomic regions, multiple testing becomes more
of a concern and the likelihood of false positives increases
as increasingly system-distal gene and gene products are
included. Because we used narrow inclusion criteria for
‘‘dopaminergic’’ SNPs, this limited the extent to which
spurious SNPs could be included in the risk score.
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Table 1 Demographic characteristics of the two samples
Sample

N

Training

Testing

796

795

Female (%)

41.5

43.8

African American (%)

37.1

38.0

Hispanic (%)

4.5

3.6

Age \35 (%)

25.1

26.4

Age 35–39 (%)

27.0

27.2

Age 40–44 (%)
Age [45 (%)

31.3
16.6

28.6
17.9

Original study (%)
FSCD

41.5

40.5

COGA

34.3

34.8

COGEND

24.2

24.7

Cocaine symptoms
N

796

795

Mean

3.92

3.70

SD

3.03

3.04

Alcohol symptoms
N

794

793

Mean

4.33

4.48

SD

2.27

2.21

768
3.53

762
3.51

1.87

1.80

Nicotine symptoms

Statistical analyses

N
Mean

The current analysis is similar to that described by the
International Schizophrenia Consortium (2009), with two
primary differences. First, our total sample was split into
training and testing samples based on random assignment,
rather than by sex. Second, due to the limited number of
SNPs tested, SNPs were included in the ‘‘risk’’ score one at
a time, rather than in clusters defined by p-value cut-offs.
All analyses were conducted in the open-source statistical
package R (R Development Core Team 2009).
Our sample was split randomly into training and testing
samples of equal size. Although the psychometric properties of and endorsement rates for substance problems may
vary substantially between sexes (Nichol et al. 2007) and
races (Harford et al. 2009), the random splitting of our
sample resulted in demographically equivalent sub-samples
(see Table 1). Given the heterogeneity within the sample,
all substance dependence symptom counts were residualized over sex, age (coded in quartiles as three dummy
codes, as has been done in previous SAGE analyses, corresponding to B34, 35–39, and 40–44, with 45? as the
reference group; Bierut et al. 2010), primary study source
(dummy codes, corresponding to COGA and COGEND,
with FSCD as the reference group), and ancestry. To
account for sample ethnic heterogeneity, a procedure
described by Price et al. (2006) was used to estimate

SD
Marijuana symptoms
N

779

778

Mean

2.33

2.20

SD

2.44

2.37

Original study codes are as follows: FSCD the Family Study of
Cocaine Dependence, COGA the Collaborative Study on the Genetics
of Alcoholism, COGEND the Collaborative Genetic Study of Nicotine Dependence

ancestry in the form of principal components derived from
the entire SAGE sample genome-wide data. This resulted
in two major principal components, corresponding to
European versus African ancestry (PC1) and Hispanic
versus non-Hispanic ancestry (PC2) (Bierut et al. 2010).
Both PC1 and PC2 were included as covariates over which
symptom counts were residualized.
Initially, the standardized residuals of cocaine dependence symptom counts were regressed separately on each
SNP within the training sample. SNPs were coded as 0/1/2
to indicate the number of minor (i.e., less frequent) alleles
present for a given individual. This coding scheme assumes
a priori that allelic effects will be additive in nature.
Although this may decrease our ability to detect alleles
with dominant effects that are only weakly tagged by our
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genotyped SNPs (Vukcevic et al. 2011), additive allelic
effects likely account for the majority of genetic variance
within a complex phenotype such as cocaine dependence
(Hill et al. 2008). It has been suggested that interactions
among SNPs could also account for substantial heritable
variance. However, such epistatic models may often be
statistically indistinguishable from models in which genetic
effects are assumed to be primarily additive, and substantially greater sample sizes are required to achieve adequate
power to estimate interactive effects among SNPs, over and
above any main effects of those same SNPs (Zuk et al.
2012). Given the additional multiple testing burden of
testing more than one effect model for each SNP, we chose
to assume an additive model for all tests.
Following the individual SNP association tests within
the testing sample, ‘‘risk scores’’ for each SNP were then
calculated for each individual in the testing sample by
multiplying the number of minor alleles at that SNP by its
training-sample-estimated regression coefficient. For the
purpose of estimating risk scores, if an individual was
missing a genotype for a scoring SNP, they were allocated
the mean number of minor alleles (although the missingness rates among the selected SNPs were low, with a
median rate of 0.1% and all SNPs having missingness rates
less than 2%). To identify the best aggregate SNP score in
the testing sample, SNPs were incorporated one at a time to
the calculation of a total risk score, in order of ascending
p-value resulting from the initial association tests run in the
training sample, until the variance in the testing sample
explained by the included SNPs began decreasing. That is,
individual SNP scores were summed across all SNPs to be
included in the score, i.e. score = R1 - i (N Minor Alleles for
SNP i*B SNP i), where B is the regression weight for the SNP
predicting the standardized residuals of cocaine dependence symptom counts in the training sample.
Risk scores were therefore linear combinations of the
included SNPs, weighted by their training-sample-derived
regression coefficients. The ability of this score to cross-

predict testing sample variance in cocaine dependence
scores was estimated as the correlation between the summed risk score and cocaine dependence symptoms (which
had been residualized over covariates, i.e., sex, age, study
source, and ancestry, as described for the training set).
Specificity of the aggregate cocaine SNP score was
investigated by correlating the cocaine-derived SNP score
with substance dependence symptoms for alcohol, nicotine,
and marijuana, each of which were residualized over the
same covariates.

Results
Results from the top-ranked SNPs (by p-value) associated
with cocaine dependence symptoms in the training sample
are shown in Table 2. For comparison, results for association tests between these SNPs and cocaine dependence
symptoms in the testing sample are also provided. The
results of all SNP association tests are provided in online
supplementary Table S1.
Maximum variance explained in the testing sample was
reached when the top four SNPs from the training sample
association tests (along with their training-sample-derived
regression weights) were aggregated into a genetic risk
score. These top four SNPs (rs1611131, rs5326, rs9817063,
and rs1079597) are located in four different genes (dopamine beta-hydroxylase, DBH; dopamine receptor D1,
DRD1; dopamine receptor D3, DRD3; and dopamine
receptor D2, DRD2; respectively). It should be noted that
the negative regression weight on the DBH SNP shown in
Table 2 was treated as such (when it was used to weight the
DBH SNP for inclusion in the risk score), meaning that a
greater number of the coded (in this case, protective)
alleles would result in a lower risk score. This four-SNP
score explained 2.76% of the sample variance in number of
cocaine dependence symptoms in the training set from
which the SNP weights were derived (p \ 2.5 9 10-6).

Table 2 Training sample top results included in estimation of testing sample genetic risk score, predicting cocaine dependence symptom count
SNP

rs1611131
rs5326

Gene

DBH
DRD1

Chr

9
5

Function

Intron
UTR-5

Allele

G
A

MAF

0.23
0.14

Training sample

Testing sample

B

Z

P

B

Z

p

-0.40
0.45

-2.51
2.42

0.012
0.015

-0.15
0.10

-0.94
0.54

0.35
0.59

rs9817063

DRD3

3

NearGene-3

C

0.45

0.30

2.23

0.026

0.20

1.47

0.14

rs1079597

DRD2

11

Intron

A

0.16

0.36

2.15

0.032

0.25

1.41

0.16

Aggregate genetic risk score

R2 = 2.756%

2.5E-6

R2 = 0.546%

0.037

Note Chr is chromosome on which the gene is located, Function is locational function within the gene; Allele is minor (i.e. less frequent) allele,
for which the effect is reported; MAF is minor allele frequency; B is regression weight for the SNP predicting the standardized residuals of
cocaine dependence symptom counts; Aggregate genetic risk score is sum of each individual’s minor alleles, weighted by the training-samplederived regression weights
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Fig. 1 Ability of cocainederived genetic risk score to
predict sample variance in
cocaine, alcohol, nicotine, and
marijuana dependence
symptoms

This same genetic risk score explained 0.55% (p = 0.037)
of the variance in cocaine dependence symptoms in the
independent testing sample. This suggests that the effects
of these four SNPs replicate, in aggregate, and explain
variance in cocaine symptoms in both the original training
sample and the independent testing sample.
The specificity of the genetic risk score was examined by
correlating it with other substance dependence symptom
counts (i.e., alcohol, nicotine, or marijuana, again controlling for demographic covariates). Within the training sample, this cocaine-based score explained 0.53–1.04% of the
variance in alcohol, nicotine, or marijuana dependence
symptoms (p = 0.004–0.04). However, in the testing sample the cocaine-derived genetic risk score explained only
0.004, 0.010, and 0.003% of the sample variance in alcohol,
nicotine, and marijuana symptoms, respectively, (all with
p-values greater than 0.78, Fig. 1). This demonstrates
that this cocaine-identified dopaminergic genetic risk
score accounted for variance in cocaine dependence
symptoms within the testing sample that was largely
independent of variance associated with other substance
problems.

Discussion
The current study sought to demonstrate a method of
candidate system scoring in a sample that would be

underpowered for genome-wide analytic approaches. To
that end, we aimed to identify dopaminergic SNP variation
that was associated with individual differences in cocaine
dependence symptoms. Given the strong evidence implicating the dopamine system in cocaine dependence, we
attempted to improve our power to detect what were
expected to be small effects of individual SNPs on cocaine
dependence symptoms by limiting our analyses to SNPs in
a selected, core set of autosomal genes that are definitely
and directly involved in the dopamine system and by
examining the effect of these SNPs in the aggregate. We
found evidence for an association between cocaine
dependence symptoms and dopamine-related candidate
genes at the biological system level. The optimal risk score,
utilizing regression weights derived in the training sample
by independently testing each SNP’s association with
cocaine dependence symptoms, incorporated four SNPs
(one each from four separate genes: DBH, DRD1, DRD3,
and DRD4) and explained 0.55% of the sample variance in
the ‘‘testing’’ sample (p = 0.037). This reduction in variance explained by the four-SNP score in the training
sample (2.76%, p \ 2.5 9 10-6) is a common phenomenon even when replications agree with original findings;
that is, effects are often smaller in size in replication
samples compared to those observed in the original (the
‘‘winner’s curse’’ effect).
Several of the four SNPs included in our genetic risk
score have been previously investigated for association
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with substance use or other psychiatric phenotypes. While
a recent report found no association between rs9817063 (in
DRD3) and case–control cocaine dependence status in an
African American sample (Bloch et al. 2009), rs5326 (in
DRD1) has been associated with heroin addiction (Levran
et al. 2009), as well as with tardive dyskinesia among
patients with schizophrenia on long-term antipsychotic
treatment (Lai et al. 2011).
Also notable is the inclusion of rs1079597 (formerly
known as DRD2 Taq1B) in the risk score. Rs1079597 is in
linkage disequilibrium (i.e., correlated) with rs1800497
(formerly known as DRD2 Taq1A), a missense mutation
located 10 kb downstream of DRD2 in the ankyrin repeat
and kinase domain containing 1(ANKK1) gene. rs1800497
has been previously suggested as a candidate polymorphism for substance use phenotypes [see meta-analyses by
Munafò et al. (2007, 2009)]. rs1079597 and rs1800497
alleles have R-squared values with each other of 69.6 and
28.1% in European American and African samples,
respectively, (as estimated in SNAP, Johnson et al. 2008).
While a recent report found that rs1079597 was not associated with cocaine dependence case–control status in a
Spanish sample (Fernàndez-Castillo et al. 2010), it has
been previously associated with nicotine withdrawal
symptoms (Robinson et al. 2007), borderline personality
traits (Nemoda et al. 2010), and Tourette syndrome
(Herzberg et al. 2010).
Our cocaine-derived genetic risk score demonstrated
specificity for cocaine dependence severity in the present
analyses. It did not predict significant variance in alcohol,
tobacco, or marijuana dependence severity (0.003–0.010%)
in the testing sample (N = 795), which had at least 80%
power to detect effects less than half the size (i.e., 0.25%)
observed for cocaine dependence at a very liberal alpha
level of 0.50. Given the high p-values (p [ 0.78) for all
substances other than cocaine, it is likely that even in a
large replication sample the cocaine genetic risk score
would not account for more than 0.25% of the variance in
alcohol, tobacco, or marijuana dependence symptoms.
Limitations
The individuals included in the present analyses were not
representative of the general population; rather, they were
selected on the basis of reporting cocaine use from a larger
genome-wide association study (SAGE; Bierut et al. 2010)
that was over-sampled for alcohol dependence cases. The
total SAGE sample was drawn from three primary studies
designed to study alcohol, nicotine, and cocaine dependence. The SAGE study design results in greater levels of
comorbidity among cocaine, alcohol, tobacco, and marijuana dependence, which could be expected to result in a
more substance-general genetic risk score. Despite the
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clinical heterogeneity within our sample due to three different ascertainment schemes and despite a bias towards
general substance risk factors, we still observed specificity
of the genetic risk score to cocaine dependence symptoms
within the testing sample.
Findings from genetic association studies such as the
current analyses may be sensitive to the specific operationalization of the phenotype. While our measure of
dependence symptom count provides greater phenotypic
information than would be available from a diagnostic
dichotomization of case versus control, future studies of
measured genetic influences on substance dependence
could potentially benefit by applying phenotype refinement
strategies, such as aggregating across informant- and selfreport measures (e.g. Achenbach et al. 2005) or including
measures of frequency or quantity of use (e.g. Chen and
Kandel 2002). By reducing the extent of measurement error
in our phenotype of interest, such refinements may provide
a way to improve our power to identify genetic
associations.
Our approach of selecting only SNPs located in genes
known to be directly involved in a neurotransmitter system
of interest aimed to reduce the extent to which ‘‘noise’’
SNPs could be included in our genetic risk score. Such an
approach also substantially limited the amount of variance
in cocaine dependence that we would expect to explain.
Although other non-dopamine systems, such as those
involved in cocaine metabolism, likely contribute to individual differences in liability to cocaine addiction, the
current total sample size of 1,591 individuals who reported
having ever used cocaine required that a trade-off be made
in terms of specificity of our target system (to reduce the
chance of false-positives as a result of multiple testing)
versus generality at the level of either the inclusion of
multiple systems or even taking a genome-wide scoring
approach. As a result, we were unable to compare the
results of the current limited-scope investigation to the
results of a potential multiple system or genome-wide
scoring approach with regard to genetic influences on
cocaine dependence. (To our knowledge there is currently
no published GWAS of cocaine dependence in the existing
literature on which we might be able to base a genomewide scoring model.) Nevertheless, the substantial heritability of cocaine dependence suggests that there likely exist
numerous influential genetic variants whose effects on
cocaine dependence could be discovered using genomewide approaches, given the availability of an adequately
powered sample or meta-analysis. Further, the reliance of
the current study on genotypes selected from existing
genome-wide data necessarily limited our ability to include
non-SNP variation (e.g., the frequently-investigated 48 bp
VNTR in DRD4, Munafò et al. 2008). Thus, there may
remain phenotypic variance attributable to non-SNP
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polymorphisms within these dopaminergic genes that was
unmodeled in our current analysis.
It is clear that our four-SNP score does not fully account
for dopaminergic effects on cocaine dependence, nor are
genetic influences on cocaine dependence likely to be
explained by effects of the dopamine system alone. Future
applications of a candidate system scoring approach may
seek to include a broader selection of additional candidate
systems, and may consider potential SNP–SNP interaction
effects (either within genes, such as consideration of haplotype blocks, or between SNPs located in separate genes),
although these would necessarily increase the complexity
of the model. Of course, even the inclusion of genes from
numerous systems a priori hypothesized to be involved in
the target phenotype will not allow for this candidate system scoring approach to identify new variants or systems of
interest, a goal for which the GWAS and genome-wide
scoring approaches are clearly well-suited, given adequate
sample sizes.
Conclusions
A risk score based upon four SNPs selected from a set of
eight dopaminergic genes in an initial training sample
significantly predicted cocaine dependence symptoms in a
replication testing sample. We would expect a large number of genetic variants, each with relatively small effect
sizes, to substantially impact complex, continuous phenotypes only when considered in the aggregate (e.g., Plomin
et al. 2009). Because there is potential for a large number
of variants each with small effects, it could greatly benefit
researchers to attempt aggregate replication of promising
individual variants, especially in cases where the recent
trend of rapidly increasing sample sizes may be impractical
(e.g., for phenotypes requiring time- or cost-intensive
measurement or selected samples).
Given our modest sample size, and substantial evidence
implicating the dopamine system in cocaine dependence,
we sought to improve our power to detect SNP effects on
cocaine dependence by limiting our analyses to SNPs
located within a small set of dopamine-related genes and
by examining the effects of these SNPs in aggregate.
Although such a specific (e.g. candidate system) approach
limits the potential for novel findings, such a limitation in
scope is informed by the theoretical effect size of the
influence of individual SNPs on complex phenotypes, such
as substance dependence. The identification of four SNPs
explaining 0.55% of the testing sample variance may
appear both limited in scope and effect size, but this puts
the individual SNPs at effect sizes of just over 0.1% each,
which is well-aligned with current expectations for effect
sizes of common variants.
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The cocaine-derived score identified within the current
training sample predicted only cocaine dependence severity in the testing sample; it did not account for genetic
variance common across substances. This could be due to
the specific relationship between dopamine and cocaine.
There is extensive genetic, pharmacologic, and functional
evidence, in both human and non-human animal models,
explicating the direct relationship between cocaine and the
dopaminergic system (e.g., Dackis and Gold 1985; Haile
et al. 2007; Kuhar et al. 1991). While a substantial research
literature supports an association between dopamine and
other substances (e.g., alcohol, tobacco, and marijuana;
Blum et al. 2000; Derauf et al. 2009), the effects are
generally not as strong and the posited mechanism(s) of
action not as direct as between dopamine and cocaine.
We detected four SNPs that in aggregate accounted for
0.55% of testing sample variance in cocaine dependence
symptoms. These four SNPs were individually nominally
significant in the training sample, but none were significant
in the testing sample (p = 0.14–0.59). The effects of these
SNPs in the testing sample were nominally significant only
when considered in the aggregate, and replication of this
effect is necessary before it may be considered reliable.
Rather than imply that the effects of these SNPs are of
primary importance in identifying individuals who are at
increased risk of cocaine dependence, we endeavored to
illustrate the potential utility of such an aggregate SNP
approach to studying the influence of measured genotypes
on behavioral or psychiatric phenotypes, for which large
datasets are unavailable (making genome-wide association
and scoring approaches likely substantially underpowered)
and for which a reasonable body of research and/or theoretical literature exists to allow for the a priori selection of
a pathway for inclusion in the construction of a targeted
scoring approach. The current findings demonstrate that
such a candidate system scoring approach may be potentially useful to the investigation of genetic effects on
complex phenotypes. In such situations it is likely that
numerous genetic variants within a system of biologically
plausible genes each exert a relatively small effect, and the
influence of these genes may only be reliably detected
when they are considered in the aggregate. Therefore, we
suggest that using strict criteria for individual candidate
SNP replication across samples may discard SNPs that, if
their effects were considered in aggregate, may have a
significant impact on the phenotype of interest.
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