The Genetic and Neural Substrates of Externalizing Behavior

Supplement 1

Phenotype selection

To select datasets, we applied the disinhibited externalizing spectrum described by Krueger et
al. (1), which connects the psychopathologies of antisocial personality disorder (ASPD),
conduct disorder (CD), oppositional deviant disorder (ODD), attention deficit hyperactivity
disorder (ADHD), intermittent explosive disorder (IED), and substance use disorders (SUD).
Based on this, we collected GWAS summary statistics for 13 externalizing phenotypes (Table
1) originating from four separate studies on antisocial behavior (2), aggression (3), ADHD (4),
and lifetime cannabis use (5). In addition, we added five GWAS datasets from a study on the
genetic background of risk taking (6). These datasets concerned the phenotypes general risk
tolerance, drinks per week, ever smoking, number of sexual partners, and automobile speeding
propensity. Furthermore, we identified four items related to angriness and irritability in UK
Biobank (7) (UKB Data fields: angry outbursts: 20494; irritability: 1940; being irritable for
more than 2 days: 4653; having experienced extreme irritability: 20502). We performed
GWAS on each of the UK Biobank items separately using a linear model as implemented in
PLINK 2.0 to generate summary statistics (8). Only unrelated participants of UK-ancestry were
included in the GWAS, and age, sex and the first 40 genetic principal components were used
as covariates. Additionally, a dummy variable was generated to indicate participants genotyped
using the UKB BiLEVE array, rather than the Axiom Array. This variable was used as an

additional covariate to prevent bias from genotyping platform.

Identification of genetic factor structures

Genetic correlation using LD Score regression

We applied linkage disequilibrium score regression (LDSC) (9,10), to compute genetic
correlations between GWASs without bias from possible sample overlap (9). This method
regresses the effect sizes of SNPs taken from GWAS summary statistics on the linkage
disequilibrium (LD) score and estimates the genetic covariance between the traits from the
slope of this regression. Precalculated LD scores from the 1000 Genomes European reference
population were obtained from the LD score regression website. Subsequently, the genetic

correlation was calculated using HapMap3 SNPs only to ensure high-quality LD score
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estimation. Significance of genetic correlation was tested using a Bonferroni corrected p-value

threshold (0.05/13 = .0038).

Genomic SEM

The Genomic SEM R-package (11) was used for factor analysis on the GWAS summary
statistics. First, we performed exploratory factor analyses (EFA) to examine the number of
latent factors and identify which phenotypes load on these factors. Next, we performed
confirmatory factor analyses (CFA) to assess which factor structure had the best model fit. To
examine the genomic SEM fits, we used the model y*> which is estimated based on the sampling
covariance matrix of the model residuals, and indicates differences between the model-implied
genetic covariance matrix and the empirical genetic covariance matrix (12). In addition, we
included the Comparative Fit Index (CFI) and Standardized Root Mean Square Residual
(SRMR). CFI compares the fitted model to a model in which all phenotypes are heritable but
assumed to be genetically uncorrelated. SRMR examines the standardized root mean squared
difference between the model-implied and observed correlations. CFI values > 0.90 and SRMR
values < 0.10 are considered an acceptable fit (12). Besides the absolute fit indices, we
examined relative fit indices to select a parsimonious model that approximates the empirical
genetic covariance matrix not worse than a complex model. The Akaike Information Criterion
(AIC) was used to compare models. To attain semi-independent datasets for EFA and CFA,
we split the included datasets into a set containing even chromosomes, for EFA, and a set

containing odd chromosomes, for CFA (13).

Multivariate N-Weighted Genome-Wide Association Meta-Analysis (V-GWAMA)

N-weighted GWAMA is based on quantifying the dependence between summary statistics
using the pair-wise cross-trait LD-score intercepts (CTI). The CTI is similar to the covariance
between the test statistics of the traits between two univariate GWASs. Using the estimated
covariances between effect sizes, the univariate GWASs are meta-analysed by calculating the
multivariate test statistic per SNP. From the GWAMA results, independent significant SNPs
were defined as being in low LD (2 < 0.1), and a minimum distance between two independent

loci was set at 250 kb using FUMA (14).

Genetic relationships with other traits
We computed pairwise genetic correlations using LDSC (9,10) for our identified factors with

61 additional phenotypes subdivided in the categories: mental health, cognition and
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socioeconomic status (SES), personality, social, substance use, cardiovascular disease risk,
physical health, anthropomorphic, and reproduction. The genome-wide LD information was
based on European populations from the HapMap 3 (1,290,028 SNPs) reference panel, and all
GWAS summary statistics were filtered to these SNPs. The level of significance for the genetic
correlations was set at 0.05/61 = 8.20 x 10",

Mendelian Randomization

To test for causal relations between a cluster of disruptive behaviors identified in our study and
substance use behaviors. using Mendelian Randomization, we obtained additional and
independent summary level data from the most recent and largest GWASs for smoking
(initiation, n=848,460, cigarettes per day, n=216,590, and smoking cessation, n=378,249) (15)
and alcohol (drinks per week, n=630,154 (15), alcohol use disorder, n= 46,568 (16)). We
prevented sample overlap with the datasets in our meta-analyses by excluding UK Biobank
from the obtained smoking & alcohol per week GWASs. There remained a small amount of
sample overlap between the aggression GWAS (3) included in our disruptive behavior cluster
and the smoking/alcohol GWASs, but this is unlikely to cause bias given that aggression is
only one of six phenotypes included in the cluster. Note that we were only able to test causal
effects with smoking initiation as exposure, and not cigarettes per day or smoking cessation,
because the latter two GWASs were performed in (former) smokers only meaning any
Mendelian Randomization analysis using these genetic associations would need to be stratified

on smoking status.

Mendelian Randomization (MR) is a method to assess if individual differences in a certain
human trait (an exposure such as disruptive behavior in our study) causally influence
differences in another trait (an outcome such as smoking) (17). MR uses information on genetic
variants influencing human traits that can nowadays be obtained through genome-wide
association studies (GWAS). It involves testing whether genetic variants associated with an
exposure (e.g. DB) are also able to predict differences in an outcome trait (e.g., smoking). The
genetic variants are used as measures of individual differences in exposure, i.e. as a proxy.
Given random segregation of genetic variants (Mendel's 2™ law), the genetic variants should
not be associated with common confounders such as socio-economic status. This allows for
much less biased causal inference (18). Three assumptions underly MR, which propose that
the genetic instrument is, 1: robustly predictive of the exposure, 2: not associated with

confounders, and 3: not associated directly with the outcome, other than through its potential
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causal effect on the exposure. Horizontal pleiotropy, where (some of) the genetic variants in
the instrument directly affect multiple traits, could lead to assumptions 2 and 3 being violated.
To maximise reliability, we combined a diverse set of complementary MR methods. If an effect

1s consistent across these methods, this indicates robust evidence for a causal effect.

The main MR analysis is Inverse Variance Weighted regression (IVW). IVW computes the
ratio of the SNP-exposure association (from the exposure GWAS) and the SNP-outcome
association (from the outcome GWAS) and combines this for all SNPs (19). We applied six
sensitivity methods. First, weighted median regression, which provides a reliable estimate
when >50% of the weight of the instrument comes from valid (i.e., unbiased) SNPs (20).
Second, weighted mode regression, which gives a reliable estimate when the causal effect that
is most common is consistent with the true causal effect (21). Third, MR-Egger, which relaxes
the main assumptions of MR, but only provides a reliable causal estimate when the INSIDE
assumption (instrument strength independent of direct effects) holds (20). Conveniently, MR-
Egger allows a test for horizontal pleiotropy in the form of its intercept. Fourth, GSMR
(Generalised Summary-data-based Mendelian Randomisation), which takes into account very
low levels of LD between SNPs included in the instrument, thereby attaining relatively high
statistical power. GSMR includes a filtering step which removes outliers based on their effect
size (HEIDI-filtering) (22). Fifth, Steiger filtering, which calculates the amount of variance
that each SNP explains in both the exposure and the outcome and then tests if the explained
variance is higher for the exposure than the outcome. If not —i.e., a SNP explains more variance
in the outcome — it implies reverse causation (23). After excluding SNPs that don’t survive
Steiger filtering, the main MR analyses were repeated. Sixth and final, MR-PRESSO
(Pleiotropy Residual Sum and Outlier) was applied to identify any outliers and, if detected, to

test whether outlier-corrected IVW analyses provided consistent results (24).

Tissue type associations

Using MAGMA version 1.08 (25), we investigated tissue-specific gene-expression values as
gene properties (i.e., continuous values for all genes) using 53 tissues from the Genotype-
Tissue Expression (GTEx) project v7 (http://www.gtexportal.org/home/datasets)(26). The
expression values of all genes were Winsorized at 50 reads per kilobase of transcript per million
reads mapped (RPKM) and subsequently log2 transformed with pseudocount 1. The tissue-
type associations were corrected for dependencies between genes and for confounding effects

of gene size, gene density, mean minor allele count in the gene and per-gene sample size by
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adding these variables and their log values as covariates to the regression model. A Bonferroni

correction was applied to correct for multiple testing.

Gene-set associations

In competitive gene-set analyses using MAGMA 1.08, we tested whether the genes in a gene
set are more strongly associated with the factor phenotypes than the other genes in the genome.
Thereby we corrected for the baseline level of association present in the dataset which is
especially important for polygenic traits because polygenicity can induce an association of any
random gene set of sufficient size. We tested all Gene Ontology (GO) gene sets (n =5917) and
canonical pathways (n = 1329) from the molecular signature database MsigDB v6.2
(http://software.broadinstitute.org/gsea/msigdb) (27). The GO gene sets contain genes
annotated by the same GO term and cover biological processes, cellular components, and
molecular functions. The canonical pathways are representations of biological processes,

compiled by domain experts.

Conditional analyses for tissue types and gene sets

In conditional analyses using MAGMA 1.08 (25), we evaluated redundancy between
associations. This provides additional insight because genes can have multiple biological
functions that often correlate across genes, which may cause confounding effects in gene-set
analyses. In addition, many gene sets overlap due to a hierarchical structure of the database.
A stepwise procedure was followed (28). In the first step, we investigated the overlap in
expression levels of the identified tissue types of GTEx in a forward selection procedure. We
started by selecting the tissue type with the strongest association with the phenotype, on which
the second most strongly associated tissue type was conditioned (in addition to average
expression levels that were already included as a covariate in the initial tissue type analysis).
In every next step, we repeated this by conditioning on those tissue types that remained nominal
significantly associated (P<0.05) in the previous steps. The remaining tissue types will reflect
independent association signals with the factors. In the second step of the conditional analyses,
we corrected the GO and canonical pathway gene sets for general confounding of average gene
expression levels and the tissue types that we identified in the previous step. In the third step,
we performed the same forward selection procedure described in step 1 for the gene sets that
remained nominally significant after step 2. These associations were conditioned on the tissues

included in step 2 as well.
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Stratified LD-Score Regression of tissue types

To investigate which tissues and cell types are enriched for the identified factors, we used two
approaches. We first grouped 54 tissue types of the GTEx Consortium in 10 broad tissue-type
groups: adrenal/pancreas, CNS, cardiovascular, connective/bone, gastrointestinal,
immune/hematopoietic, kidney, liver, skeletal muscle and ‘other’. Next, we examined
enrichment of regions of the genome for 220 cell-type-specific annotations (33 brain and 187
non-brain annotations) for four specific histone marks (H3K4mel, H3K4me3, H3K27ac and
H3K9ac) in the 54 tissues (29). We started with a baseline model, consisting of 54 tissue
categories and a category containing all SNPs. For every annotation, we then added the cell-
type specific annotation separately to the baseline model to control for overlap in the 54
functional categories. For all resulting models (10 in the first round, 220 in the second), we
applied stratified LD score regression to test whether the annotation contributes significantly

to the per-SNP heritability (29).

Stratified LD score regression of local gene expression across the human brain.

We downloaded the normalized and QC’ed gene expression measured in an anatomically
comprehensive set of brain regions from http://www.brain-map.org/. The data contains 3707
measurements across 6 adult donated human brains. The procedures used to measure
standardized gene expression across the brains are described in Hawrylycz et al. (30). Based
on these data we computed differential gene expression for 48154 probes which map to 20724
unique genes (probes which did not map to genes were omitted). Conform Baselmans et al.
(31), we considered differential gene expression across 210 regions subdivided in four gross
anatomical regions (brainstem, cortex, subcortical structures and cerebellum). For each gene
in each region a t-test was performed, testing the difference in standardized expression between
the region in question and all other brain regions present in an anatomical region (e.g.
brainstem). The top 10% of probes ranked in terms of t-statistic per region were retained. The
unique genes mapped to this set of probes were extracted (mapping ~2900-3500 genes to each
region). A partitioned LD score with respect to the genomic regions spanned by these genes
(using gencode v19 as a reference), and a 100 kilobase window around each gene, was
computed. The heritability of DB and RTB was partitioned across the 54 baseline annotations
developed by Finucane et al. (32) and each of the brain regions located in an anatomical

separate region (the regions are considered separately).
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Stratified LD score regression of brain cell types

To determine the differential expression of genes in brain cell types studied by Habib et al.
(33), we first computed the average gene count per specific cell type and calculated the
standardized expression in all other cell types. The differential expression was then quantified
by dividing the relative expression in one cell type over the expression in all other cell types.
Subsequently, we used stratified LD score regression to examine which SNPs are expressed in
one of the types of neurons using the same procedure (29,31). For these tests, we applied

Bonferroni adjustment for multiple comparisons.
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Supplementary Figures

Figure S1. Scatterplot for two-sample Mendelian randomization analyses
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Figure S2. Leave-one-out analysis for Inverse Variance Weighted (IVW) regression,
two-sample Mendelian randomization analyses
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