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Substance use disorders (SUDs)

■ Continued use despite knowledge of negative consequences
– Negative health consequences
– Impacts on social relationships

■ Neurological mechanisms of SUDs 
– Involve reward pathway
– Can be examined through reports of behavior
– Have a strong genetic component

■ Cannabis: 51–59% heritable (Agrawal et al. 2012)
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Cannabis use disorders (CUDs)

■ 10% of cannabis users develop a 
cannabis use disorder

■ Cannabis activates reward circuitry in 
the same way as other drugs of abuse

Kalivas, Volkow, 2005 3

Cannabis users > controls when viewing cannabis-related 
stimuli 

Filbey et al. 2016, Human Brain Mapping 



Genetics 101

■ Single nucleotide polymorphisms (SNPs) create 
genetic variability among individuals

■ Genetic variability encodes molecular variability that 
influences neural processes
– Motivation
– Reward
– Impulsivity

■ We need a way to sample large 
quantities of SNP variability
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Genome Wide Association Studies 
(GWAS)

■ Single nucleotide 
polymorphisms

■ Measured on 
high-throughput 
genotyping plates
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Our data
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■ Our chip assesses 800,000 different loci on the genome 
■ Marijuana Problem Scale: Measure of cannabis use disorder severity 

(CUD)
– E.g. “how often has marijuana caused you to have fights with family 

or friends?”
■ Marijuana Craving questionnaire (MCQ) 

– Questions administered after 3 days of abstinence from cannabis
– E.g. how much would you like to smoke marijuana right now? 

■ Participants: 235 cannabis users



Aims: Clinical Application

■ Aim 1: To predict severity of cannabis use disorder based on their SNPs

– Which SNPs contribute most to CUD? 

– Are there interaction effects?

 

■ Aim 2: Determine whether severity can be more accurately predicted 
by including measures of craving 

– Are some alleles related to greater reported subjective craving after 3 
days of abstinence?
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Genetics Analysis Approaches
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Candidate allele studies

■ One SNP

■ Ex: rs2023239 in 
cannabis users

11Schacht, et al. 2012



Multilocus Genetic Profile 
Approach (MLGP)
■ a priori collection of specific SNPs
■ used to calculate a risk score
■ Limited to a linear model which 

may not encompass size of 
contribution of SNP

Nikolovia et al. 2011 12



Multilocus Genetic Profile 
Approach

Nikolovia et al. 2011 13



MLGP: Food addiction

14Davis 2013



MLGP: Food addiction
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Few studies can focus on all GWAS loci

16Li et al. 2011



GWAS Problems

• Large number of alleles can lead to p 
hacking issues

• Small minor allele frequency → small 
effect size

• Genotyping currently costs ~$300
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Methods
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Work Flow
A priori addiction-specific words  

via Google Scholar search

Scrape SNPedia for SNPs related to 
these words

• Online database comprising over 87000 
SNPs and research findings about them

Match relevant SNPs with 
the SNPs in our database • 235 cannabis users

Determine risk alleles for CUD
(additive risk, and risk relative to 

other SNPs)
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Strategic Dimension Reduction

■ Previous genetics studies either
– Focus on one locus
– Require a large sample size to account for 

variance in multi-locus models
– In this study, we use the body of extant 

literature to strategically reduce the 
volume of data to combine the best  of 
these two approaches 
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Tools: SNPedia
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Tools: SNPedia
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Determining Risk Alleles

■ Interesting alleles selected from behavioral keywords

■ Alleles selected with knowledge of specific pathways (eg. Cannabinoid pathways)

■ Use the Least Absolute Shrinkage and Selection Operator (LASSO) technique to 
determine most relevant alleles for determining risk 
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Variable Selection Procedure - Lasso

■ Let bi represent the behaviour score of user i
■ sj is the number of minor alleles in SNP j
■ ⍺j is the weight attached to SNP - a measure of relevance
■ We solve the Lasso problem to select a small number of non-zero relevant SNPs
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Learning Interactions

■ Interactions: SNP sj1, sj2  may not have an effect individually. 
■ When minor alleles of both present, there may be more of an effect
■ We consider a variant of Lasso where we consider the effects of these pairs and find 

sparse coefficients ⍺j,j’
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Expected outcomes

■ A solution to getting a signal from high dimensional data in 
small sample sizes 

■ These data will delineate genetic variability that can predict 
CUD
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Preliminary Results
Distributions of  variables of interest

■ Greater number of males than 
females in sample

■ Craving not correlated with other 
variables 

■ Small correlation between craving 
and MPS score
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Preliminary results: Principal 
component analysis 

■ PC1 - General variability in 
sample (nothing interesting)

■ PC2 - Maps directly onto CUD 
severity 

29

P
C

A
 d

im
en

si
on

 2

PCA dimension 1

MPS score



Preliminary Results: variable selection
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Preliminary Results: CUD severity
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Preliminary Results: subjective craving
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Preliminary Results - Learning Interactions
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Discussion
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Conclusions

■ SNPs related to psychological constructs that are strongly associated 
with addiction

– Negative emotions
– Impulsivity and attention deficits

■ Unknown what degrees different SNPS contribute to severity 
■ Interactions between SNPS also undetermined
■ Challenging to study due to requirement of large sample sizes
■ These analyses will 

– Identify individuals at risk for CUD
– Provide potential solution for smaller studies
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Future directions

■ Determine the most appropriate method of adjusting for multiple 
comparisons

■ Explore how changing parameters in the model changes weights of 
SNPs and their clinical relevance

■ Include SNPs that are susceptible to environmental changes
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