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Outline

• Introduction
– Multivariate approaches to GWAS

• Study 1: 
– GWAS on risk tolerance and risky behaviors in 

N > 1,000,000 – published 

• Study 2:
– GWAS on the externalizing spectrum (N > 1,200,000) –

preliminary results

• Study 3:
– Brain anatomy and risky behaviors (N > 12,000) –

preliminary results

2



Multivariate approaches to GWAS

• Genetic correlations can be exploited to:
– Boost statistical power for genetic discovery
– Obtain more predictive polygenic scores
– Gain insights into latent factors
– Identify genetic signals that are unique to a phenotype

• Methods using GWAS sumstats:
– Proxy-phenotypes (Rietveld et al. 2014 PNAS)
– Multi-trait analysis of GWAS 

(MTAG, Turley et al. 2018, Nat Gen)
– Multi-trait conditional & joint analysis

(mtCOJO, Zhu et al. 2018, Nat Com) 
– Genome-wide inferred statistics 

(GWIS, Nieuwboer et al. 2016, Am J Hum Gen)
– Genomic Structural Equation Modeling 

(Genomic SEM, Grotzinger et al. 2019, Nat Hum Beh) 3



MTAG
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MTAG

• Purpose:
– Boost statistical power for genetic discovery (GWAS)
– Increase predictive accuracy of polygenic scores

• Works with GWAS summary statistics
– No need for individual-level data
– Samples can be overlapping across phenotypes

• Assumptions:
– All assumptions underlying bivariate LD-score regression

• GWAS results from samples that have same ancestry and matching 
LD scores

– Genetic correlation (rg) between any pair of traits is constant 
across the genome

• Practical recommendations:
– Genetic correlations should be high (>0.7)
– Mean Χ" statistics of primary trait is high (>1.7) OR higher than 

that of secondary traits



Genomic SEM
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Genomic SEM – 1 

• Purpose:
– Extend structural equation modelling techniques to GWAS sum 

stats
• Boost statistical power for genetic discovery (GWAS)
• Increase predictive accuracy of polygenic scores
• Model latent genetic factors, obtain conditional and trait-specific 

genetic signals

• Works with GWAS summary statistics
– No need for individual-level data
– Samples can be overlapping across phenotypes
– Also needs well-powered GWAS
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Genomic SEM – 2 

• Assumptions:
– All assumptions underlying bivariate LD-score regression

• GWAS results from samples that have same ancestry and matching 
LD scores

– Genomic SEM is a statistical framework for estimating a nearly 
limitless number of user specified model 

• These models can vary in their assumptions (e.g. factor analysis, 
principal component analysis, bifactor model, MTAG, GWIS…)
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1 - GWAS on risk tolerance and risky behaviors
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1 – Study design 

• Pre-registered analysis plan: https://osf.io/cjx9m/
• Discovery GWAS

– “Would you describe yourself as someone who takes risks?”
Yes / No (UKB, N = 431,126)

– “Do you feel comfortable taking risks?”
5 categories, from “very comfortable” to “very uncomfortable”
(N = 508,782) 

– Meta-analysis N = 939,908 à Replication in N = 35,445

• Six supplementary GWAS of risky traits:
– Adventurousness (23andMe; N = 557,923)
– Automobile speeding propensity (UKB; N = 404,291)
– Alcoholic drinks per week (UKB; N = 414,343)
– Ever initiated smoking (UKB + TAG; N = 518,633)
– Number of lifetime sexual partners (UKB; N = 370,711)
– The first PC of the four risky behaviors (UKB; N = 315,894) 11

https://osf.io/cjx9m/


1 – GWAS general risk tolerance (N = 939,908)
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1 – Replication & stratification 

• Replication
– Meta-analysis of 10 study cohorts (N = 35,445)

• Discovery vs. replication cohorts: rg = 0.83 (S.E. = 0.13)
– 123 available leads SNPs in the replication sample

• 94 had concordant sign (P = 1.7×10–9)
• 23 were sign at 5% level (P = 4.5×10–8)
• Theoretically expected replication record under the hypothesis that 

all associations are true matches empirically observed replication 
record closely

• No or only weak indication of population stratification
– Inflation of test statistic with LD Score Regression

• Largest observed intercept is 1.05 (SE = 0.011; Adventurousness)
– Within-family analysis with ~30k siblings from STR and UKB

• Effect-size magnitudes and signs are in great concordance, 
P < 5×10-10

13



Testing previous biological hypotheses about risk taking

• Literature review identified 132 relevant articles
– Candidate gene studies (15 candidate genes)
– Animal models
– Pharmaceutical interventions
– Biochemical and tissue assays
– Proxies for biology (e.g. 2D4D ratio as proxy for sex hormones)

• Five major biological pathways have been suggested
– Dopamine, serotonin, testosterone, estrogen, glucocorticoids 

(e.g. cortisol)

• Competitive gene-set analysis (MAGMA) finds little to no 
support for these five pathways
– The only support we find is for the involvement of DRD2 in drinks 

per week
14



1 – Supplementary GWAS
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a) 126 COJO associations
b) 33 COJO associations
c) 61 COJO associations
d) 172 COJO associations
e) 88 COJO associations
f) 84 COJO associations

§ In total, we find 655 
COJO associations 
across the seven GWAS

§ The associations across 
the seven GWAS are 
distributed across 444 
distinct, non-overlapping 
regions

§ No replication due to 
data availability



1 – Genetic correlations of risk tolerance with other traits
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1 – Multi-trait analysis of GWAS (MTAG)
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1 – Polygenic scores for general risk tolerance

18Notes: LDpred scores using general-risk-tolerance summary statistics using 1.1 million HapMap3 
SNPs. N ~2,000–33,000 in prediction samples, all of which were excluded from the GWAS.
Incremental R2 compared to baseline regression that controlled for sex, birth year & 10 genetic PCs.



Polygenic scores

19Notes: Ldpred scores using general-risk-tolerance summary statistics using 1.1 million HapMap3 
SNPs. N ~2,000–33,000 in prediction samples, all of which were excluded from the GWAS.



1 – Biological annotation of GWAS results

20Notes: (a) DEPICT gene-set enrichment diagram, based on 93 reconstituted gene sets (FDR<0.01).
(b) DEPICT tissue enrichment analysis using GTEx data. Orange bars FDR<0.01.



1 – Summary risk GWAS

• 864 loci across seven phenotypes (N > 1 mio)
– 212 in long-range LD regions or candidate inversions

• Findings suggest a heritable general factor of risk taking 
across domains
– Substantial genetic correlations between risk phenotypes
– Many loci shared among phenotypes

• Bioinformatic analyses
– Brain

(prefrontal cortex, basal ganglia, cerebellum, amygdala)
– Balance between excitatory and inhibitory neurotransmission 

(glutamate vs. GABA)
– Little to no support for candidate genes and pathways

• GWAS summary statistics and FAQs at 
https://www.thessgac.org/
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2 – Externalizing 

• Externalizing:
– A spectrum of behaviors, traits, and disorders that are 

characterized by under-controlled or impulsive action, e.g.
• ADHD
• Childhood conduct disorder
• Oppositional defiant disorder
• Antisocial personality disorder
• Alcohol and other substance use disorders
• Personality traits characterized by behavioral disinhibition

– All dimensions of the spectrum are partly heritable
• Twin studies suggest much of this heritability is shared across the 

entire spectrum
– Little is known about the molecular genetic architecture

• Need extremely large GWAS sample sizes
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2 – Goals of the externalizing consortium

• Use large-scale GWAS results of externalizing 
phenotypes to
– Estimate the genetic correlations between the phenotypes from 

GWAS summary statistics 
• Works for overlapping and completely independent GWAS samples 

– Model latent factors that drive the genetic correlations
• Genomic Structural Equation Modeling (Grotzinger et al. 2019)

– Identify genetic architecture of the latent factor(s)
– Boost statistical power for genetic discovery of each phenotype
– Obtain more predictive polygenic scores

• Combined, independent N > 1,200,000
• GWAS summary statistics will be publicly available
• Pre-registered analysis plan: https://osf.io/xkv36/
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2 - Currently selected GWAS samples (Nind. ≈ 1,069,000)

Phenotype Cohort / Publication Sample size 
ADHD PGC 53,293

Age First Sexual Intercourse Karlsson Linnér et al. (2019) 357,187*

Alcohol Dependence PGC + MVP + UKB AUDIT-P 361,760*

Automob. Speeding Karlsson Linnér et al. (2019) 367,151*

Drinks per Week Karlsson Linnér et al. (2019) 375,768*

Educational Attainment (rev) Lee et al. (2018) 725,186*

Ever Cannabis ICC, Stringer et al. (2015) +
23andMe, Pasman et al. (2018) +
UKB, Pasman et al. (2018)

186,875*

Irritability UKB 388,248*

Ever Smoker Karlsson Linnér et al. (2019) 477,384*

Risk Tolerance Karlsson Linnér et al. (2019) 390,934*

Number Sexual Partners Karlsson Linnér et al. (2019) 336,121*

25Note: *Excluding our UKB replication sample.



2 – Genetic correlations

26Note: Statistically insignificant genetic correlations are marked with × using a Bonferroni-
corrected P < 0,05 / 55 ≈ 0.0009. Educational Attainment and Age First Sex are reverse-coded.



2 – Best-fitting Genomic SEM model
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3 – Brain anatomy and risky behaviors

• Are anatomical differences in specific brain regions 
associated with risk taking in real life?

• Do genetic effects on risky behavior predict these 
differences in brain anatomy?

28
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Not representative, 
but broad 
exposures

3 – Data from UK Biobank



3 – Brain anatomy and risky behaviors

• Are anatomical differences in specific brain regions 
associated with risk taking in real life?
– Previous work:

• Lab experiments (N ≈ 100) 
• fMRI (rather than anatomical T1)

• Our contribution:
– Largest study to date (N > 14,000)

• Preprocessing image files ourselves à better resolution
– Population sample with measures of real-life risk-taking
– Controlling more rigorously for potential confounds 

• Population structure (40 genetic PCs)
• Birthyear dummies, sex, and birthyear×sex interactions
• Height
• Handedness
• Total intracranial volume

• Pre-registered analysis plan: https://osf.io/qkp4g/ 31
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3 – Measuring risky behaviors

• Risky tolerance index – 1st principal component of:
– Number of alcoholic drinks per week
– Ever smoker (yes / no)
– Lifetime number of sexual partners
– Drive faster than motorway speed limit (5-point Likert scale)
– … the same as in our risk GWAS (Linnér et al., 2018)
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3 – Preprocessing and analysis of brain scans

• Preprocessing of T1-weighted structural brain MRI
– CAT toolbox for SPM (default settings)
– Voxel-level gray matter (GMV) and white matter (WMV)
– Cortical thickness (CT) on surface level using Projection Based 

Thickness method
– Spatial smoothing (8mm for GMV & WMV, 10mm for CT)

• Correction for multiple testing:
– 1,000 permutations, recording lowest p-value of each run
– 5th percentile is the Bonferroni-corrected threshold for a family-

wide α = 0.05 à p = 6.9×10-7 (t-value = 4.83)
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3 – GMV and risky behaviors (excluding heavy drinkers)

34

7481

Note: This contrast excludes heavy drinkers (DrinksWeekly > 18 for women, DrinksWeekly > 24 
for men) and individuals who stopped drinking, irrespective of why they stopped. 
Colors represent t-values. All shown associations are negative and have p < 6.9×10-7. 

N = 12,675



3 – GMV and risky behaviors (including heavy drinkers)

35
Note: This contrast includes heavy drinkers. Colors represent t-values. 
All shown associations are negative and have p < 6.9×10-7.

-22411

N = 14,083



3 – GMV and polygenic risk score for risky behaviors
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Note: Association of polygenic risk score (PRS) for risky behaviors and grey matter volume, 
excluding heavy drinkers. We constructed PRS using GWAS results from in an independent UKB 
sample (N=297,025) and investigated its associations with grey matter volume (GMV) in brain 
voxels that we had identified as being linked with risk tolerance. The PRS were negatively 
correlated with GMV in left dorsolateral prefrontal cortex, left putamen and hypothalamus. 
The PRS has R2 = 2.9% for the risky behavior index and R2 = 0.8% number of drinks per week.

N = 12,596



3 – GMV and polygenic risk score for risky behaviors

37

Note: Mediation effects estimated in a structural equation model. Effect sizes are standardized. 
GMV in the three brain regions mentioned above mediated 2.43% of the association between the 
polygenic score and the risky behaviors index. Arrows depict assumed relationships in the 
structural equation model; the true causal pathways and coefficients may be different.

N = 12,596



3 – Summary brain anatomy and risky behaviors

• Support for several previously identified fMRI regions:
– Amygdala
– Anterior insula
– Ventromedial prefrontal cortex

• Novel evidence for:
– Thalamus
– Hippocampus
– Putamen
– Inferior frontal sulcus (dorsolateral prefrontal cortex)
– Planum temporale

• Genetic associations with risky behaviors are partly 
mediated by reduced grey matter volume in:
– Dorsal striatum, incl. putamen
– Inferior frontal sulcus (dorsolateral prefrontal cortex)
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Conclusion

• Advantages of multivariate approaches to GWAS
• Risk tolerance is part of the “externalizing spectrum“
• “Normal” behaviors ßà “extreme” outcomes

– Often share genetic influences to a large extent

• Risky behaviors are genetically highly complex traits that 
partially share a common genetic architecture
– Polygenic signal points to 

• …grey matter reduction in specific brain areas (e.g. the “reward network” 
and the “executive control network”) 

• …balance of glutamatergic and GABAergic neurotransmission
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Heritability estimates
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