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Abstract

Substance use disorders (SUDs) are phenotypically and genetically correlated with
each other and with other psychological traits characterized by behavioral undercontrol,
termed externalizing phenotypes. In this study, we used Genomic Structural Equation
Modeling to explore the shared genetic architecture among six externalizing phenotypes
and four SUDs used in two previous multivariate GWAS of an externalizing and an
addiction risk factor, respectively. Using a preregistered set of criteria, we first evaluated
the performance of five confirmatory factor analytic models, including a common factor
model, alternative parameterizations of two-factor structures, and a bifactor model. We
used a combination of model fit, factor reliability, and model characteristics to adjudicate
among the models. We next explored the genetic correlations between factors identified
in these models and other relevant psychological traits. We found that a common factor
model, in which all externalizing phenotypes and SUDs were influenced by a single
dimension of genetic risk best characterized the relationships among our phenotypes.
Although two two-factor models also performed well, we found that the factors in those
models were very highly correlated with each other (rgs > .87) and similarly genetically
correlated with external criteria, suggesting they did not represent meaningfully distinct
dimensions. Results from this study can be used to inform future efforts to characterize
genetic liability for broad externalizing as well as specific externalizing phenotypes.
Keywords: Externalizing; Substance use disorders; Genomic Structural Equation

Modeling
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Introduction

Substance use disorders (SUDs) are associated with substantial cost to affected
individuals, their families, and society at large’3. Twin and family studies estimate the
heritability of individual SUDs, including alcohol*, cannabis®, and opioid use disorders®,
to be around 50%, with a large portion of the heritability for each disorder shared across
different substances®. SUDs co-occur with other forms of psychopathology, personality,
and behavioral traits’, most notably with disorders and traits characterized by under-
controlled or impulsive action, often termed externalizing phenotypes®®. These
phenotypes include psychiatric disorders, such as attention deficit hyperactivity disorder
(ADHD), conduct disorder (CD), oppositional defiant disorder (ODD), and antisocial
personality disorder (ASPD)'%'2, as well as personality and behavioral traits like risk
taking'3, aggression'#'%, lack of constraint®, and antagonism'®'7. Mirroring phenotypic
associations, SUDs are also genetically correlated with externalizing phenotypes'®2".

Evidence of strong genetic correlations among SUDs and externalizing
phenotypes suggests that further investigation into their shared genetic architecture is
warranted. Recent advances in statistical genetics methods allow us to leverage
summary statistics from well-powered genome-wide association studies (GWAS) to
model the degree to which genetic influences on individual, related phenotypes operate
through broad latent factors that represent the variance shared among these
phenotypes. Specifically, Genomic Structural Equation Modeling (Genomic SEM)??
provides a flexible framework to apply SEM techniques to genetic covariance matrices

derived from Linkage Disequilibrium score regression?3. This allows researchers to
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formally test theoretical models of the shared genetic architecture of genetically
correlated traits.

Two recent large-scale studies used Genomic SEM to examine the genetic
architecture of externalizing phenotypes (N = 1,373,240)"® and SUDs (N = 1,019,521)%,
respectively. Both identified a single, underlying latent factor that captured the majority
of the variance in the outcomes. A GWAS of liability to externalizing, operationalized as
a latent factor indicated by attention deficit/hyperactivity disorder (ADHD), problematic
alcohol use, cannabis initiation, smoking initiation, age at first sexual intercourse,
number of sexual partners, and general risk tolerance, identified 579 conditionally
independent loci that largely operated through the latent factor'. Similarly, a GWAS of
liability to addiction, indexed by problematic alcohol use, problematic tobacco use,
cannabis use disorder, and opioid use disorder, identified 19 independent loci?®.

Results from these studies support the use of broad latent factors to interrogate
the shared genetic etiology of externalizing phenotypes and SUDs. However, the
question remains as to whether SUDs and externalizing are influenced by distinct, but
related, dimensions of risk, or whether they reflect the same underlying continuum of
risk. In other words, is there specific genetic risk shared across SUDs, that is not also
shared with other externalizing outcomes? To address this question, we applied
Genomic SEM to six externalizing phenotypes and four SUDs previously included in the
factor models of externalizing'® and addiction liability?#2°. We tested a series of
preregistered, a priori specified models, guided by results from the phenotypic factor
analysis literature. Previous studies have produced inconsistent results with respect to

the placement of SUDs in the overall structure of psychopathology. Many studies
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include SUDs as part of a broad externalizing factor?62°, whereas others model it as a
separate, but correlated, factor'!30-32, We thus tested five alternative confirmatory factor
analytic models, including a common factor model and alternative parameterizations of
a two-factor structure to capture the genetic covariance among externalizing
phenotypes and SUDs (Figure 1a-1e). We followed up these analyses with exploratory
factor analysis to evaluate alternative, data-driven clusters of phenotypes. Finally, we
estimated genetic correlations between the factors identified in our models and a variety
of other relevant traits to further characterize the extent to which these dimensions are

differentially related to other outcomes.
Methods
Samples

Following our preregistered analysis plan (https://osf.io/v8g2y/), we used

summary statistics from well-powered GWAS previously included in investigations of
externalizing'® and the addiction risk factor?*. We included the following 10 phenotypes:
general risk tolerance3?, number of sexual partners®?, reverse coded age at first sexual
intercourse33, attention deficit hyperactivity disorder3*, smoking initiation®%, cannabis
initiation3®, problematic tobacco use?*, problematic alcohol use®’, opioid use disorder3®,
and cannabis use disorder?’. See Supplementary Table 1 for more information about
each phenotype. As previous Genomic SEM studies of externalizing and addiction
liability both included similar indicators for problematic alcohol use (N ~ 150K in
Karlsson Linnér and colleagues'®; N ~ 430K in Hatoum and colleagues?*), we only
retained the larger meta-analysis of problematic alcohol use. Following previous

investigations using these GWAS summary statistics, we retained variants with minor
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allele frequency > .01 and INFO score > .70 for opioid use disorder and >.90 for all

other phenotypes.
Statistical Analyses

We used Genomic SEM?? to conduct all analyses. Genomic SEM is a recent
statistical method that provides a flexible framework for applying SEM techniques to
GWAS summary statistics, which allows for more accurate modeling of multivariate
genetic covariance matrices.

In the present study, we first estimated the genetic correlations among the ten
indicators in our proposed model. Next, we tested a series of a priori specified models
to investigate the genetic architecture of externalizing phenotypes and SUDs. We tested
the following models:

1. Common Factor Model: an externalizing factor onto which all externalizing

phenotypes and SUDs load

2. EXT-ARF Model: a two-correlated factors model in which externalizing
phenotypes load onto an externalizing factor (EXT) and SUDs load on an
addiction risk factor (ARF)

3. BD-SUB Model: a two-correlated factors model in which all substance use
phenotypes load onto a substance use factor (SUB)*° and remaining
phenotypes comprise a behavioral disinhibition factor (BD)

4. EXT-resARF Model: a model in which all phenotypes load on an externalizing
factor (EXT) and SUDs load onto a residual ARF

5. Bifactor Model: a model in which liability to externalizing is captured by a

general factor onto which all phenotypes load and residual liability to
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behavioral disinhibition (BD) and substance use (SUB) is captured by two
specific factors.

We assessed the performance of each alternative models using a combination of the

following metrics:

1. Goodness-of-fit statistics, including the Comparative Fit Index (CFl), the Akaike
Information Criterion (AIC) and the Standardized Root Mean Square Residual
(SMSR), which provide absolute and relative indices of model fit. CFl and SRMR
are absolute fit indices, with values greater than .95 and below .05, respectively,
indicating excellent fit4°.

2. Magnitude, median, and standard deviation of the indicators’ loadings on their
respective factors in each alternative model*'. If factors are representative of
their indicators, indicators’ loadings will be substantial as indicated by their
individual and average magnitude. If factors represent unidimensional constructs,
they should be similarly defined by their constituent indicators'®42. This is
particularly important as our first aim is to determine the degree of dimensionality
in the previously identified externalizing phenotypes and SUDs. We thus
compare the standard deviations of indicators’ loadings, which should be low in
cases where factors are similarly represented by their indicators.

3. Structural validity will be assessed using construct replicability (H)*® and latent
variable reliability (omega)**. H conceptually reflects the extent to which a latent
variable is represented by its indicators (items). It ranges from 0-1 and increases
as a function of the magnitude of factors loadings and number of indicators on

each item. Although inherently arbitrary, values of greater than .70 indicate
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adequate replicability*3. For latent variable reliability in the common factor model,
we will use omega total (wt), which reflects the percentage of total variance
accounted for by the single latent construct. For the correlated factors models,
we will use omega subscale (ws), which reflects the percentage of variance the
latent variable accounts for in its indicators. Values greater than .75 indicate
adequate reliability*+.

4. Model characteristics, such as standardized factor loadings that are out of
bounds (i.e., > |1]), not in the predicted direction, not significantly different from
zero, or have large standard errors, will be used to judge whether models are
tenable*!.

5. Sensitivity of the factors to their indicators, which will be assessed by dropping
one indicator in the model at a time and judging the extent to which this changes
the factor loadings and their standard errors of other indicators as well as the
factor correlations in the EXT-ARF and BD-SUB 2CF Models.

To explore a wider range of potential factor solutions, we next conducted exploratory
factory analyses (EFA) using the stats R package*. We tested 2-4 factor solutions
using oblique (i.e., correlated) and orthogonal (i.e., uncorrelated) rotations. We tested
solutions with a maximum of 4 factors to ensure factors would have more than 2
indicators. We used the genetic covariance matrix of odd chromosomes for the EFAs
and then fit CFAs, replicating the exploratory results, using the genetic covariance
matrix of even chromosomes.

Finally, we conducted genetic association analyses, estimating the zero-order

genetic correlations between factors identified in the best-performing models and a wide
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range of preregistered phenotypes (https://osf.io/v8q2y/) from the domains of
personality, risk taking, physical health, psychiatric traits and disorders, anthropometric
traits, cognitive traits, socioeconomic status, and reproductive health. A full description
of these phenotypes is provided in the Supplementary Information. These genetic
association analyses served two purposes: 1) to explore the genetic relationships
between our latent construct(s) and other relevant traits and 2) to compare patterns of
genetic correlations in the best-performing two-factor models. This latter purpose
allowed us to quantify the degree to which these factors provided meaningfully distinct
information about genetic risk for externalizing phenotypes and SUDs. As a further test
of this question, we fit models in which the correlations between the two factors and an
individual external criterion variable were constrained to be equal and observed the
resulting change in y2. We note, however, that ¥ difference tests are very sensitive to
small changes, especially in the presence of a large sample size, and interpret these
results with caution. We used a Bonferroni corrected p-value < .05 to judge statistical

significance.
Results
Model Fitting

We first estimated the genetic correlations among our ten proposed indicators.
The correlations between SUDs and externalizing phenotypes varied substantially
between SUDs (Figure 2). Of the four SUDs, cannabis use disorder was most strongly
correlated with the externalizing phenotypes (rgs ranged from .71 [age at first sex] to .72
[smoking initiation]) whereas problematic tobacco use was least strongly correlated with

externalizing phenotypes (rgs ranged from -.06 [cannabis initiation] to .45 [ADHD]).
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Given that SUDs were at least moderately correlated with most externalizing
phenotypes, we proceeded with our prespecified set of confirmatory factor analytic
models. See Table 1 for model fit and Table 2 for factor loadings and reliability indices.
In addition to the confirmatory factor analyses presented below, we ran exploratory
factor analytic (EFA) models with 2-4 factors. No clear pattern emerged from the EFAs,
the results of which are reported in Supplementary Material (Supplementary Tables 2-
3).

Model 1: Common Factor Model. Fit statistics for the Common Factor model, in
which all externalizing phenotypes and SUDs loaded onto a single factor, did not meet
our prespecified threshold for good model fit. Nevertheless, the standardized factor
loadings of the indicators were high (median A = .65) and uniform (SD of A = .10),
indicating that the common factor was well and similarly defined by its indicators. In
further support of this, H and wt were high (.97, and .89, respectively).

Model 2: Two-Correlated Factors Model with Externalizing and Addiction
Risk Factors (EXT-ARF). We next fit the EXT-ARF model, in which externalizing
phenotypes loaded onto an externalizing (EXT) factor and SUDs loaded on an addiction
risk factor (ARF). Fit statistics for this model also did not meet thresholds for good fit,
although fit was somewhat improved relative to the Common Factor model. The median
standardized factors loadings were high (A = .66), although the standard deviation of the
loadings on the ARF factor were somewhat higher (SD of A = .27), indicating greater
variability in the degree to which these factors were represented by their indicators. The
EXT and ARF factors were very strongly genetically correlated (rgs = .88), suggesting

they reflect largely overlapping dimensions of genetic risk. H and ws were high for both
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factors, although it is important to note that the H for the ARF factor is uninterpretable
given that cannabis use disorders’ loading exceeded 1.

Model 3: Two-Correlated Factors Model with Substance Use and Behavioral
Disinhibition Factors (BD-SUB). Fit statistics for the BD-SUB model, in which all
substance use phenotypes loaded onto a substance use (SUB) dimension and
remaining phenotypes loaded onto a behavioral disinhibition factor (BD) were improved
relative to the Common Factor and EXT-ARF models, but still did not meet threshold for
good fit. The median factor loadings were high (A = .72), although the variability of
loadings on the SUB factor was somewhat high (SD of A =.21). The BD and SUB
factors were strongly correlated (rgs = .87), again suggesting that they represent similar
dimensions of risk. H and ws were high for both factors.

Model 4: Externalizing Factor with residual Addiction Risk Factor (EXT-
resARF). The EXT-resARF model, in which all phenotypes loaded onto an externalizing
(EXT) factor and SUDs loaded additionally onto a residual addiction risk factor
(resARF), did not meet the threshold for good fit. The median loading on the residual
ARF factor was low (median A = .23) and the loadings were variable (SD of A = .58). In
addition, the residual variance of the OUD indicator was negative.

Model 5: Bifactor Model with Externalizing General Factor and specific
Behavioral Disinhibition and Substance Use Factors (Bifactor BD-SUB). Finally,
we fit the BD-SUB Bifactor model, in which all phenotypes loaded on a general
externalizing factor and residual variation among the phenotypes was captured by
behavioral disinhibition and substance use specific factors. This model fit the data well

based on fit statistics, but several indicators had negative residual variances or
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nonsignificant or negative loadings on the general and specific factors, likely reflecting
overfitting. In addition, the median standardized factors loadings of the general and
specific factors were low, and the standard deviations were high. H was high for most
factors, although this is strongly influenced by the loadings greater than 1.0. w was
below the threshold of good reliability for the general factor and substance use specific
factor (.55 and .49, respectively).

Summary of Model Fitting. Across all models, problematic tobacco use had the
lowest loadings on its respective factors (A ranged from .32 - .34 in the Common Factor,
EXT-ARF, and BD-SUB models) and cannabis use disorder had the highest loadings (A
ranged from .94 — 1.02 in the Common Factor, EXT-ARF, and BD-SUB models). We
tested a series of models dropping the problematic tobacco use indicators to test the
impact this indicator had on model fit and found that model fit was not substantially
impacted (see Supplementary Table 4).

No models met our preregistered criteria for good fit based on model fit indices.
Nevertheless, we evaluated each model against the other evaluation criteria outlined in
the methods (i.e., magnitude, median, and standard deviation of the indicators’
loadings, structural validity, and model characteristics) to decide which models to carry
forward into subsequent analyses. We determined that the EXT-resARF and Bifactor
BD-SUB models were untenable given evidence of low factor loadings, high standard
errors, poor reliability, and negative residual variances. The three remaining models, the
Common Factor, EXT-ARF and BD-SUB models, all had high loadings, good reliability,
and no evidence of concerning model characteristics (i.e., high standard errors or

negative residual variances). The factors in both the EXT-ARF and BD-SUB models
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were very highly genetically correlated, suggesting that the two dimensions were nearly
indistinguishable and that the Common Factor model may be a better representation of
the covariance among externalizing phenotypes and SUDs. Nevertheless, we carried
forward all three remaining models into the sensitivity and genetic correlation analyses
to further evaluate this question.

Sensitivity Analyses

Posthoc Models with Residual Correlations. Given that none of our models
reached our thresholds of good fit, we ran the Common Factor, EXT-ARF, and BD-SUB
models and included data-driven residual correlations among indicators. The primary
purpose of these analyses was to determine the extent to which the parameter
estimates in our primary models were influenced by inadequate fit. Briefly, factor
loadings and correlations were stable across models with and without residual
correlations (Supplementary Figure 1, Supplementary Table 5). The factor correlations
between the externalizing and addiction risk factors (EXT-ARF model) were .90 and .88
in models with and without residual correlations, respectively. Factor correlations
between the behavioral disinhibition and substance use factors (BD-SUB model) were
.87 and .86 in models with and without residual correlations, respectively.

Variability of Factor Loadings. We first compared the loadings of each
indicator across the Common Factor, EXT-ARF, and BD-SUB models. The loadings
were relatively stable (Figure 3a), indicating that each indicator had a similar loading on
its respective factor in each model. We next ran a series of sensitivity analyses to test
the sensitivity of factors to their indicators by dropping one indicator from the model at a

time. Figures 3b and 3c show the range of factor loadings and standard errors of an
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individual indicator when each other indicator was dropped from the model one at a
time. On the whole, factors were not very sensitive to their indicators, as evidenced by
the low variability of loadings (Figure 3b) and their standard errors (Figure 3c). We
observed the most variability for the standard errors of SUDs in the EXT-ARF model.
Factor correlations in the EXT-ARF and BD-SUB models were also stable, ranging from

.78-.94 and .84-.90, respectively.
Genetic Correlations

We estimated the genetic correlations between the factors in the Common
Factor, EXT-ARF, and BD-SUB models and 84 preregistered phenotypes (see Figures
4-5 and Supplementary Table 6). We report results from models without residual
correlations here and results for models with residual correlations in Supplementary
Table 7.

Are externalizing and SUDs differentially genetically correlated with other
phenotypes? The magnitude of the correlations of the EXT and ARF factors with
external criteria were generally similar and their confidence intervals were often
overlapping (Figure 4a). Further, the correlation between the effect sizes for the two
factors was .96 and the median absolute difference in correlations was .06 (Figure 4b).
The 2 difference tests indicated that externalizing and the addiction risk factor were
statistically significantly differentially correlated with 21 of 84 external criteria (see
Figure 4a and Supplementary Table 6). However, many of these differences were small
in magnitude, reflecting the sensitivity of the test to large sample size. The greatest
differences EXT and ARF were observed for tobacco-related phenotypes (age of

initiation [rgarr = -.57, rgext = -.69, |Arg| = .12] and cigarettes per day [rgarr = .49, rgext =
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.34, |Arg| = .15]); and certain personality traits (neuroticism [rgarr = .37, rgext = .12, |Arg|
= .25] and extraversion [rgarr = .11, rgext = .34, |Arg| = .23]); and other forms of
psychopathology (major depressive disorder [rgarr = .56, rgext = .45, |Arg| = .12 and
schizophrenia [rgarr = .43, rgext = .27, |Arg| = .16).

Are behavioral disinhibition and substance use phenotypes differentially
genetically correlated with other phenotypes? A similar pattern emerged for the
behavioral disinhibition and substance use factors in the BD-SUB model such that point
estimates were similar and confidence intervals were often overlapping. %2 difference
tests indicated that 21 of 84 criteria were differentially associated with the behavioral
disinhibition and substance use factors (see Figure 4c and Supplementary Table 6).
The correlation between the effect sizes for the two factors was .95 (.01) and the
median difference in correlations was .06 (Figure 4d). The greatest differences were
observed for drinks per week (rgsp = .36, rgsus = .57, |Arg| = .20), maternal smoking
around birth (rgep = .65, rgsus = .83, |Arg| = .18), antisocial behavior (rgep = .74, rgsus =
59, |Arg| = .15).

With what is externalizing genetically correlated? In Figure 5 and
Supplemental Table 5, we report the correlations of the expanded externalizing factor
that emerged from the Common Factor model with external criteria. Expanded
externalizing was significantly genetically correlated with other psychiatric disorders,
personality traits, socioeconomic, and substance use phenotypes. The strongest
correlations were observed with drug exposure (rg = .91 [.06]), prenatal tobacco

exposure (rqg = .77 [.02]), the Townsend Index (rq = .74 [.04]), suicide attempt (ry = .73
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[.05]), antisocial behavior (ry = .69 [.07]), age of smoking initiation (rqy = -.68 [.03]), and
agreeableness (rg = -.62 [.14]).

Summary of Genetic Correlations. In each of the two-factor models (EXT-ARF
and BD-SUB), the factors were similarly genetically correlated with external criteria such
that the correlations of effect sizes were =2 .95 and statistically significant differences
were, for the most part, small in magnitude. This further supports the finding that,
although model fit is improved in the two-factor models, the two dimensions do not
represent meaningfully distinct dimensions of risk. The expanded externalizing factor in
the Common Factor model was strongly genetically correlated with a variety of relevant

psychological, substance use, and personality traits.
Discussion

In this study, we investigated the structure of the shared genetic architecture
among externalizing phenotypes and substance use disorders. To accomplish this, we
tested a series of factor analytic models using Genomic SEM?2. Although no model met
all of our preregistered criteria for good git, our closest model assumed a common
factor structure in which the genetic covariance among externalizing phenotypes and
substance use disorders was explained by a single dimension of genetic risk. We
settled on this model for two reasons: 1) the loadings in the common factor model were
relatively homogeneous and the factor was well-represented by its indicators and 2) the
high correlations between factors in the two correlated factors models as well as the
similarity in the genetic correlations between these factors and external criteria suggest
the factors are not meaningfully distinct. Further, the pattern of factor loadings and

correlations was robust to the inclusion of residual correlations that improved model fit.
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The finding that SUDs share a large proportion of variance with externalizing
phenotypes is consistent with previous phenotypic SEM and twin literature. Many
structural models of psychopathology include SUDs in the externalizing dimension?%-27
and twin studies have found that genetic and environmental influences on SUDs largely
operate through a broad externalizing factor®46. Many structural models, however, place
SUDs within specific subdimensions of externalizing, thus acknowledging variance that
is unique to SUDs and not shared with all other forms of externalizing. For example, in
the externalizing spectrum model'?, substance use related traits are a subdimension of
general externalizing and, in the HITOP model*’, SUDs are part of an externalizing
subdimension representing disinhibited forms of externalizing, which are distinct from
antagonistic forms. The number of well-powered GWAS of externalizing phenotypes
may limit our ability to detect dimensionality in the current analyses and, as more
GWAS of relevant traits become available, a more complex, hierarchical genetic
architecture may be uncovered.

Results from this paper suggest that an expanded externalizing factor, which
includes SUDs, can be used for future gene identification efforts. This is particularly
important as gene identification efforts for SUDs have lagged behind consumption- and
initiation-related traits and other forms of psychopathology, largely due to issues of
power*®. Simultaneous analysis of SUDs and genetically correlated traits, such as the
externalizing phenotypes included in the current study, can boost power to detect
associations for SUDs?2. The use of Genomic SEM, in particular, also allows for the
study of residual phenotypes (e.g., variance specific to cannabis use disorder unique

from what it shares with other externalizing traits), which provides insights into genetic
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architecture that is specific to a given trait*>-*'. Pursuing these dual goals will allow us to
overcome barriers to gene-identification in SUDs while still investigating any potential
disorder-specific effects.

There were a few instances in which the externalizing and addiction risk factors
were differentially associated with external criteria that warrant discussion. For example,
age of smoking initiation was more strongly correlated with externalizing than with the
addiction risk factor, which is consistent with evidence from twin studies suggesting that
genetic variance for general externalizing, rather than variance specific to substance
use, predicts age of onset2. The finding that the addiction risk factor is more strongly
associated with neuroticism, major depression, and schizophrenia, and less strongly
associated with extraversion, suggests that what distinguishes SUDs from externalizing
is not necessarily something specific to risk for addiction, but rather risk shared with
other forms of psychopathological distress.

This project is marked by two notable limitations. First, due to limited availability
of GWAS summary statistics and technical issues involved with including multiple
ancestries in a single Genomic SEM model, our analyses are limited to individuals of
European ancestries. Second, our model does not account for other sources of genetic
variance (e.g., internalizing and thought disorders) shared among externalizing and
SUD phenotypes and which may contribute to the increased overlap among these
phenotypes. These sources of variance may be especially important, given evidence
that the addiction risk and externalizing factors are differentially associated with

internalizing and thought disorder psychopathology.
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In this study, we show that externalizing phenotypes and SUDs are influenced by
a common dimension of genetic risk using Genomic SEM. We evaluated each of our
models against a preregistered set of criteria and found that a common factor model
best represented the relationships among our phenotypes. These results can be carried
forward into future studies, in which we can leverage the genetic correlations among
these phenotypes to boost power to detect associations for SUDs, the gene-
identification efforts of which have lagged behind other psychiatric traits. This will also
facilitate a more fine-grained exploration of the genetic influences unique to each
externalizing phenotype, thereby allowing exploration of both broad and specific

dimensions of genetic risk.
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Table 1. CFA Model Fit Statistics

Model X2 (df) AlIC CFI SRMR
Common Factor Model (Model 1) 1708 (35)*** 1748 0.86 0.10
EXT-SUD (Model 2) 1632 (34)*** 1674 0.87 0.10
BD-SUB (Model 3) 1390 (34)*** 1432 0.89 0.10
EXT-residual SUD (Model 4) 1684 (31)*** 1732 0.86 0.09

BD-SUB Bifactor Model (Model 5) 183 (24)*** 245 0.99 0.06
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Common EXT-ARF BD-SUB EXT-resARF Bifactor Model
Factor

EXT EXT SuD BD SuUB EXT SuD EXT BD SuUB
Indicator A (SE) A (SE) A (SE) A (SE) A (SE) A (SE) A (SE) A (SE) A (SE) A (SE)
RISK 0.52 (.03) 0.52(.03) - 0.55(.03) - 0.52 (.03) - 0.26 (.05) 0.52(.04) -
NSEX 0.73 (.02) 0.74(.02) - 0.77 (.02) - 0.74 (.02) - 0.23 (.08) 1.00(.04) -
SMOK 0.79 (.02) 0.79(.02) - - 0.82(.02) 0.79(.02) - 0.58 (.05) - 0.56 (.06)
CANN 0.59 (.03) 0.60(.03) - - 0.61(.03) 0.60(.03) - -0.04 (.09) - 1.01 (.05)
FSEX 0.74 (.02) 0.74(.02) - 0.78 (.02) - 0.74 (.02) - 0.69 (.04) 0.43(.07) -
ADHD 0.64 (.03) 0.65(.03) - 0.67 (.04) - 0.65(.03) - 0.75(.04) 0.22(.08) -
PTU 0.32 (.03) - 0.34 (.03) - 0.32(.03) 0.31(.03) 0.08(.05) 0.52(.03) - -0.03 (.05)
PAU 0.62 (.02) - 0.68 (.02) - 0.64 (.02) 0.60(.02) 0.28(.11) 0.40(.05) - 0.50 (.05)
oubD 0.66 (.04) - 0.72 (.05) - 0.68 (.04) 0.57 (.04) 1.33(.49) 0.57 (.06) - 0.38 (.08)
CuD 0.94 (.03) - 1.02 (.04) - 0.96 (.03) 0.92(.03) 0.19(.08) 0.71 (.07) - 0.63 (.08)
Factor Correlation - .88 (.02) .87 (.02) -
Median 0.65 0.69 0.70 0.72 0.66 0.62 0.23 0.55 0.48 0.53
SD 0.10 0.10 0.27 0.11 0.21 0.17 0.58 0.25 0.33 0.34
H 0.97 0.85 1.00 0.81 0.94 0.92 1.80 0.83 0.99 1.01
Omega 0.89 0.84 0.80 0.79 0.84 0.92 0.95 0.55 0.88 0.49

Note. RISK = general risk tolerance, NSEX = number of sexual partners, SMOK = smoking initiation, CANN = cannabis

initiation, FSEX = reverse coded age at first sexual intercourse, ADHD = attention deficit hyperactivity disorder, PTU =

problematic tobacco use, PAU = problematic alcohol use, OUD = opioid use disorder, CUD = cannabis use disorder.
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Figure Captions

Figure 1: Path diagrams of all confirmatory models tested (a) Common Factor, (b) EXT-

ARF Model, (c) BD-SUB Model, (d) EXT-resARF Model, and (e) Bifactor BD-SUB Model.

Figure 2: Genetic Correlations among Externalizing Phenotypes and SUDs

Figure 3: (a) Indicators’ loadings in the Common Factor, EXT-ARF, and BD-SUB Models.

Variability of (b) factor loadings and (c) standard errors of the factor loadings of indicators

when one indicator was dropped from the model at a time.

Figure 4. Comparison of genetic correlations of factors in the EXT-ARF and BD-SUB

models with psychological, personality, and substance-use traits.

Figure 5. Genetic correlations between externalizing factor in the Common Factor model

and psychological, personality, and substance-use traits.
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Common Factor EXT-resARF

RISK| [ADHD| [NSEX| |FSEX| [SMOK [CANN| |PAU |

RISK| |ADHD|

[NsEX| |FsEX| [sMoK |cANN|

EXT-ARF

Bifactor BD-SUB

lapHD] [NsEX] [FsEX] [sMoK [cANN |Pau| [oup| [cup| [PTU]
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Figure 1. Confirmatory factor analytic models tested
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Figure 2: Genetic Correlations among Externalizing Phenotypes and SUDs
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Figure 3: Variability of factor loadings across models
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Figure 4: Comparison of genetic correlations in the EXT-ARF model (a and b) and BD-SUB model (¢ and d) with psychological,

personality, and substance-use traits
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Figure 5: Genetic correlations between externalizing factor in the Common Factor model and
psychological, personality, and substance-use traits.
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