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Abstract

Aims—Externalizing psychopathology in early adolescence is a highly heritable risk factor for 

drug use, yet how it relates to marijuana use development is not well-characterized. We evaluate 

this issue in independent twin samples from Colorado (N=2,608) and Minnesota (N=3,630), 

assessed from adolescence to early adulthood.

Methods—We used a biometric latent growth model of marijuana use frequency with data from 

up to five waves of assessment from ages 14–30, to examine change in marijuana use and its 

relationship with a factor model of adolescent externalizing psychopathology.

Results—The factor structure of adolescent externalizing psychopathology was similar across 

samples, as was the association between that common factor and early marijuana use (Minnesota r 

= .67 [.60, .75]; Colorado r = .69 [.59, .78]), and increase in use (Minnesota r = .18 [.10, .26]; 

Colorado r = .20 [.07, .34]). Early use was moderately heritable in both samples (Minnesota h2 

= .57 [.37, .79]; Colorado h2 = .42 [.14, .73]). Increase in use was highly heritable in Minnesota 

(h2 =.82 [.72, .88]), less so in Colorado (h2 =.22 [.01, .66]), and shared environmental effects were 

larger in Colorado (c2=.55 [.14, .83]) than Minnesota (c2=0 [0, .06]). We found moderate genetic 

correlations between externalizing psychopathology and early use in both samples. Finally, 

additional analyses in the Minnesota sample indicated that marijuana use decreased during the late 

20s. This decline is strongly heritable (h2=.73 [.49, .91]) and moderately negatively correlated 

with adolescent externalizing psychopathology (r=−.41 [−.54, −.28]).
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Conclusions—Adolescent externalizing psychopathology is genetically correlated with change 

in late adolescent marijuana use (late teens, early 20s), as well as maintenance of use in early 

adulthood (late 20s) even after controlling for the effects of early use.

Keywords

marijuana; heritability; externalizing psychopathology; measurement invariance; latent growth 
model

Most individuals who use marijuana begin in mid- to late-adolescence, on average around 

age 16 (Richmond-Rakerd et al. 2017). Average use increases until the mid-20s and declines 

thereafter. Marijuana use initiation, frequency of use, and problematic use are heritable (e.g., 

h2 ~.44-.55) and genetically correlated (rg~.62 ) (Gillespie et al. 2009; Verweij et al. 2010; 

Hines et al. 2018). These behaviors also show substantial genetic correlations with other 

substance use behaviors and with disruptive behavioral disorders (Han et al. 1999; Kendler 

et al. 2003a, 2008; Vrieze et al. 2012; Grant et al. 2015; Tielbeek et al. 2018). One 

theoretical account for such observed genetic correlation is that various manifestations of 

substance use are each influenced by a more general genetic predisposition (Young et al. 

2000; Krueger et al. 2002; Iacono et al. 2008; Vanyukov et al. 2012), termed the 

externalizing spectrum.

The externalizing spectrum is a highly heritable liability to engage in disinhibitory, rule-

breaking behaviors across a range of severities. Individuals high on the spectrum are 

characterized by the tendency to act impulsively and seek reward without considering 

consequences (Vanyukov et al. 2012). Confirmatory factor models support this notion, 

where a single highly heritable (h2~80%) latent factor loads strongly and relatively 

uniformly on various measures of psychiatric symptoms and diagnoses, including ADHD, 

conduct disorder, adult antisocial behavior, and personality measures of low impulse control 

(Young et al. 2000; Krueger et al. 2002; Nadder et al. 2002; Kendler et al. 2003a, b; Hicks et 

al. 2004, 2011; Dick et al. 2005; Iacono et al. 2008; Tuvblad et al. 2009).

Substance use and dependence are also considered indicators of the externalizing spectrum 

(Krueger et al. 2002; Hicks et al. 2004; Dick et al. 2008; Palmer et al. 2013; McGue et al. 

2014; Derringer et al. 2015), and early manifestations of externalizing psychopathology 

(e.g., indexed by childhood disorders such as conduct disorder, ADHD) predict substance 

use and dependence years later (Iacono et al. 1999; King et al. 2004; Sousa et al. 2011; 

Prisciandaro et al. 2012; Palmer et al. 2013; Tully et al. 2014; McGue et al. 2014; Sibley et 

al. 2014; Colder et al. 2018; Tielbeek et al. 2018). Given these robust cross-sectional and 

prospective associations among indicators of externalizing, here we expand on this literature 

by evaluating specifically the relationship between externalizing psychopathology as 

measured in mid-adolescence, and its relationship with the development of marijuana use 

through early adulthood.

Genetically informative studies are important in understanding the nature of the observed 

comorbidity between normative substance use, drug abuse, and externalizing 

psychopathology. Twin studies indicate that there are genetic and shared environmental 

correlations between substance use phenotypes such as initiation and progression across 
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substances (Fowler et al. 2007; Shelton et al. 2007; Huizink et al. 2010; Korhonen et al. 

2012). Furthermore, the shared environment was more influential for initiation compared to 

progression (Fowler et al. 2007; Shelton et al. 2007; Huizink et al. 2010; Korhonen et al. 

2012). In addition to genetic and environmental covariation between substance use 

phenotypes, previous work indicates that the covariation between substance use and other 

indicators of externalizing reflects additive genetic and shared environmental influences 

(Chang et al. 2012; Korhonen et al. 2012; Elkins et al. 2018). There may also exist age-

specific and reciprocal relationships between early externalizing psychopathology, such as 

ADHD or conduct disorder, and later substance use, but conclusions about the nature of 

these relationships is less clear, as these studies were not genetically informative (Loeber 

and Keenan 1994; Tarter et al. 1999; Molina et al. 2007; Storr et al. 2012; Tully et al. 2014; 

Thompson et al. 2015).

While this literature has informed our understanding of the association between substance 

use and externalizing across the course of development, many of these studies are limited in 

developmental timeframe. Analyses primarily focus on the early-to-mid teen years as a 

period of particular importance to substance use development, reasonably so given the 

average age of initiation and average age of onset of substance problems. Additional 

genetically informative studies across longer developmental periods are necessary to fully 

understand these transitions and change in substance use across major developmental 

periods spanning decades.

We aim to address these gaps in the literature by evaluating the relationship between 

adolescent externalizing psychopathology and development of marijuana use in a genetically 

informative sample across ages 14–30. We first sought to establish evidence of measurement 

invariance of an externalizing psychopathology factor across independent samples which, to 

our knowledge, has not previously been conducted. Following this, we had three research 

questions: 1) what is the typical trajectory of marijuana use (estimated as a latent growth 

model); 2) to what extent does externalizing psychopathology covary with marijuana use 

development and what is the nature of this covariation (genetic or environmental); and 3) 

how do trajectories and their relationship with externalizing psychopathology differ between 

samples?

To evaluate these questions, we leveraged two large twin samples, one from Colorado and 

one from Minnesota. These samples were selected due to similarities in assessment content, 

wave structure, and birth years. We used phenotypes we could measure with approximate 

equivalence across studies to derive a model of the externalizing spectrum similar to that 

which has been reported previously (conduct disorder, alcohol dependence, and ADHD), 

and used the derived latent externalizing construct to predict development of a more deviant 

aspect of externalizing, illicit drug use, as represented by marijuana involvement, which 

typically occurs later in development than the other three disorders.
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Methods

Participants

Participants from both states were initially assessed in adolescence and were followed 

longitudinally through early adulthood. Minnesota participants were recruited and assessed 

through the Minnesota Twin Family Study in three intake cohorts. There were 3630 

participants from 1815 twin pairs: 1163 monozygotic (MZ) pairs and 652 same-sex 

dizygotic (DZ) pairs. For a full description of sample size by cohort, sample size by wave, 

and years of data collection see Supplemental Table 1. Ethnicity in Minnesota was 

determined via parent-report or birth-record report. About 8% more twins were reported as 

white in Minnesota (94.4%) versus Colorado (86.4%). 1.3% of Minnesota twins reported as 

Hispanic and the remaining 4.3% as other. Most Minnesota twins were evaluated with 

genome-wide genotyping (Miller et al. 2012).

Colorado participants were recruited through the Colorado Twin Registry and assessed as 

part of the Center for Antisocial Drug Dependence in two intake cohorts (Rhea et al. 2006, 

2013). There were 2608 individuals from 1442 twin pairs: 699 monozygotic (MZ) pairs, 468 

same-sex dizygotic (DZ) pairs, and 275 opposite-sex dizygotic pairs. For a full description 

of sample size by cohort, sample size by wave, and years of data collection see 

Supplemental Table 1. To maintain similarity between samples, one twin from each 

opposite-sex pair was randomly selected for inclusion and their co-twin’s data were set to 

missing, as Minnesota did not recruit opposite-sex pairs. Opposite-sex twins therefore 

contributed information to estimates of means and variances, but not biometric variance 

decompositions. 84.7% of Colorado twins self-reported as white, 9.5% as Hispanic, and the 

remaining 5.8% as other. DNA was collected from twins seen in-person and zygosity 

confirmed by DNA testing (Rhea et al. 2006).

We used data from six waves of assessment in Minnesota and three in Colorado. In 

Minnesota, participants were assessed at target ages of 11, 14, 17, 20, 24, and 29; exact ages 

of assessment are clustered around the target age. Participation in particular assessments 

depends on recruitment cohort (Iacono and McGue 2002; Keyes et al. 2009; Miller et al. 

2012). In Colorado, participants were assessed approximately every five years, with age at 

intake ranging from 11–19 years. See Table 1 for wave structure, sample sizes, and age 

descriptives for both samples.

Measures

We selected three indicators of adolescent externalizing psychopathology based on 

diagnostic information that was similarly assessed in the two samples. Among externalizing 

disorders, only three were comparably assessed and these yielded symptom counts for 

alcohol dependence, conduct disorder, and ADHD. Additional substances were not included 

due to differences in measurement between samples. We chose the assessment closest to age 

17, excluding assessments before age 15 and after 21, for alcohol dependence and conduct 

disorder. This maximized sample size and helped ensure similarity in age distribution 

between states, but also avoided age effects from the inclusion of individuals who have had 

different opportunities to use alcohol (participants younger than 15 may have had limited 
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opportunity, participants over 21 have legal access). This age window also ensured that 

participants were past the reporting period for conduct disorder and minimizes recall bias, as 

diagnostic criteria require that symptoms must be present by age 15. For ADHD, we used 

the youngest available assessment in both Colorado and Minnesota to minimize the effects 

of recall bias, as diagnostic criteria in both DSM-III-R and DSM-IV require that at least 

some ADHD symptoms must appear before age 7.

To evaluate alcohol dependence, twins in both states were administered an adapted version 

of the CIDI-SAM (Cottler 2000). Lifetime conduct disorder symptoms were assessed 

through self-report in Minnesota using a modified section from the SCID for DSM-III-R 

Personality Disorders (Spitzer et al. 1987). In Colorado, conduct disorder was assessed 

through self-report using the DIS or DISC depending on participant age (Robins et al. 2000; 

Shaffer et al. 2000). In Minnesota, ADHD was assessed using the DICA-R (Reich 1997). In 

Colorado, ADHD was assessed using the DISC.

The measures used to evaluate disorder symptoms were based on DSM-IIIR in Minnesota, 

and DSM-IV in Colorado, which are highly similar, but required some harmonization 

between samples. Prior to data analysis, we reviewed the disorder symptoms in each DSM 

version, removing symptoms specific to either system. Retained and excluded symptoms are 

presented in Supplemental Table 2. Retained symptoms were used to calculate symptom 

counts for analysis (13 symptoms for ADHD, 9 for alcohol dependence, and 12 for conduct 

disorder).

Marijuana use frequency was available at all waves of assessment in each state. Only 

assessments where the individual was older than 13 were used, as there was no use prior to 

that age in either sample. Marijuana use frequency was assessed in Colorado as the number 

of days, in the last 180 days, on which a participant used marijuana. In Minnesota, use was 

assessed as average frequency of use in the last 12 months as: never or less than once a year, 

less than once a month but at least once a year, about once a month, 2 or 3 times a month, 1 

or 2 times a week, 3 to 4 times a week, nearly every day, and daily. Colorado responses were 

converted to the Minnesota scale for comparability. Category mappings are presented in 

Supplemental Table 3. The correlation between raw and rescaled scores in Colorado 

was .892 (95% CI=[.885, .899]).

Tests of mean differences accounted for the nested structure of the twin data. We used 

univariate twin models in which group means were free to vary and models in which group 

means were constrained to be equal. We compared the goodness of fit between free and 

restricted models, indexed by twice the difference in log likelihood, which under the null 

hypothesis of equal means is distributed as χ2. We compared means for all behavioral and 

drug measures between gender within states and within gender between states. Heritability 

estimates for the externalizing indicators were estimated with a biometric variance 

decomposition for each trait in each state (Martin and Eaves 1977).

Analyses

Externalizing psychopathology was modeled in a confirmatory factor model on which 

loaded the symptom counts of alcohol dependence, ADHD, and conduct disorder. This 
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model is consistent with prior work (Young et al. 2000; Krueger et al. 2002) but does not use 

identical indicators because the present indicators were selected to maximize content 

similarity between samples, as described above. Symptom counts were log transformed and 

residualized on covariates within each sample. Covariates include age, age2, age × cohort, 

cohort, and sex, where cohort refers to two distinct recruitment efforts within the Colorado 

sample and three within the Minnesota sample (Iacono and McGue 2002; Rhea et al. 2006, 

2013; Keyes et al. 2009; Miller et al. 2012; Wilson et al. 2019). Log transformation was 

chosen as it can help address positive skew, results in approximately unbiased parameter 

estimates, and lognormal distributions outperform normal distributions in terms of variance 

around estimates in simulation studies (Kirkpatrick and Neale 2016).

We used OpenMx v2.6.9 for factor and growth modelling (Boker et al. 2011; Neale et al. 

2016).We used a standard biometric variance decomposition within a common pathway 

model to estimate the genetic (A), shared environmental (C), and unique environmental (E) 

variance components of the common and specific factors extracted from the externalizing 

indicators. To evaluate fit, the common pathway model was compared to a saturated model 

using likelihood ratio tests, the Akaike/Bayesian Information Criteria (AIC/BIC), and the 

root mean square error of approximation (RMSEA) (Hu and Bentler 1999; Vrieze 2012).

We conducted tests of measurement invariance across the two samples including weak, 

strong, and strict factorial invariance (Meredith 1993). For any invariance test passed, we 

further restricted the variance decomposition of the common factor to be equivalent across 

the two samples, something we term “biometric” invariance.

We used latent growth curve modeling to examine marijuana use development. The number 

of available waves of assessment across the two studies allowed for modeling initiation of 

use and the linear increase in use across adolescence between ages 14 to 24; all assessments 

between these ages were included in the model. To determine a maximum age cutoff, a 

generalized additive mixed model was used to evaluate evidence for nonlinear trends (Lin 

and Zhang 1999) and this predicted curve indicates decline in use in the mid 20s. In these 

samples use peaks at age 22, but there are few observations taken at exactly this age. To 

maximize sample size yet maintain close proximity to the age of maximum use, we chose to 

use assessments up to age 24.

We estimated a latent intercept and a latent slope. Interpretation of the latent intercept 

depends on how the age of participants is centered. We chose to center them at age 16.5, as 

that is the mean age of marijuana use initiation in our samples, and therefore we interpret the 

intercept as the expected frequency of use at the average age of initiation in this sample. The 

latent slope is invariant to centering, and we take it here to represent average increase in use 

across adolescence. Participants’ exact ages at assessment were used to allow for 

individually-varying factor loadings from the latent slope to each observed variable. Both the 

latent intercept and slope were regressed on sex. The latent intercept and slope were allowed 

to correlate with each other and with the latent externalizing psychopathology factor in order 

to examine the relationship between risk and marijuana use trajectory. Residual correlations 

between alcohol dependence and marijuana indicators were freely estimated to avoid 

inflation in the latent correlations between externalizing and the growth model due to 
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substance use-specific effects. Missing data were accommodated with full information 

maximum likelihood.

We used a standard biometric variance decomposition within the latent growth model to 

estimate the genetic (A), shared environmental (C), and unique environmental (E) variance 

components of the latent intercept and slope as well as the specific factors extracted from the 

marijuana variables. Global fit indices are not available when evaluating models with 

individually-varying time metrics (Sterba 2014; Grimm et al. 2016), therefore, to evaluate 

relative fit the latent growth model was compared to an intercept-only model using a 

likelihood ratio test, AIC, and BIC. We conducted tests of equivalence between samples of 

the mean and variance of the slope and intercept, as well as correlations between all latent 

factors.

In an additional analysis, we modeled decline in marijuana use in the Minnesota sample. We 

consider this analysis somewhat exploratory because it could not be replicated in the 

Colorado sample, which did not have sufficient numbers of assessment waves to support 

non-linear growth. To model decline in use we employed a piecewise model with biometric 

variance decomposition, in which the intercept and ascending slope were modeled from 14–

24 as described above, and the decline in use was modeled from 25 through early 30s.The 

descending slope was free to correlate with the externalizing factor, intercept, and adolescent 

slope. We evaluated relative fit by comparing the piecewise latent growth model to intercept-

only and linear models using log-likelihood, AIC, and BIC.

Results

Table 2 contains descriptive statistics for the externalizing psychopathology indicators, 

including average age at assessment, sample size, and mean and standard deviation of all 

symptom counts. Results of mean comparisons are also presented in Table 2. Symptom 

counts did not differ significantly between samples for ADHD in males and females or for 

conduct disorder in males. All other comparisons were significantly different between 

samples, with rates being higher in CO. When comparing males to females within each 

sample, males scored higher than females on all externalizing indicators.

Table 3 presents the cross-twin cross-trait correlation matrix of the residualized symptom 

counts in Minnesota and Colorado. In every case, the MZ cross-twin within trait correlations 

are larger than the corresponding DZ correlations, which suggests genetic influence on these 

phenotypes. Results from the regressions used to residualize the symptom counts are 

provided in Supplemental Table 4. Heritability was .34 (95% CI=[.19, .41]) in Colorado 

and .35 [.27, .40] in Minnesota for ADHD, .29 [.13, .48] in Colorado and .56 [.48, .60] in 

Minnesota for alcohol dependence, .30 [0, .51] in Colorado and .15 [0, .35] in Minnesota for 

conduct disorder.

Figure 1 shows the parameter estimates for the base common factor model in each sample. 

The model fit well as indexed by RMSEA, which may be a more appropriate index than chi-

square as chi-square is very sensitive to sample size (χ2=131.1, df=74, p=4.8×10−5; 
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RMSEA=.015). Standardized loadings of the latent phenotype on each measure are similar 

between samples and the pattern of loadings is the same.

Measurement invariance results are presented in Table 4; all models presented are compared 

to the unconstrained two-group model. Only strict invariance was not met (χ2=60.4, df=12, 

p=1.9×10−8). Factor loadings (standardized and unstandardized) and variance decomposition 

of the latent factor (biometric) are invariant across samples.

Figure 2 depicts the raw individual trajectories in each state as well as the generalized 

additive mixed model-predicted mean trajectory (with 95% confidence interval), split by 

gender. We found the linear growth model adequately described change in marijuana use 

frequency from age ~14 to 24 as it fit better than the alternative intercept-only model 

(difference in AIC=1476.7; difference in BIC=1787.2; difference in log-likelihood=1,374.7 

[df=22]).

The latent intercept mean in Minnesota was .63 (95% CI=[.51, .75]) and in Colorado it 

was .83 [.65, 1.01]; this represents the expected marijuana use at age 16.5, which 

corresponds approximately to less than once a month on the ordinal frequency scale. The 

variance of the intercept was .45 [.40, .50] in Minnesota and .41 [.33, .49] in Colorado. The 

latent slope mean was .20 [.17, .24] in Minnesota and .23 [.19, .28] in Colorado. The 

variance of the slope was .032 [.029, .036] in Minnesota and .02 [.013, .025] in Colorado.

The mean and variance of the intercept was not significantly different between samples 

(Mean χ2=3.3, df=1, p=.06; variance χ2=1.01, df=1, p=.60). The mean of the latent slope 

was also not significantly different (χ2=1.1, df=1, p=.29), but the variance of the slope in the 

Minnesota sample was larger than the Colorado sample (χ2=12.7, df=1, p=.0003). Table 5 

contains the biometric variance decomposition estimates for each latent factor as well as the 

corresponding significance test evaluating if each estimate is significantly different from 0. 

One difference between samples was the biometric decomposition of the slope; change in 

marijuana use was more heritable in Minnesota (χ2=6.9, df=1, p=.008), and the shared 

environmental component of the slope was larger in Colorado (χ2=8.0, df=1, p=.004), at 

nominal levels of significance.

All three latent factors were free to correlate, and we expected a correlation between 

externalizing psychopathology and the growth factors, as previous literature has established 

a relationship between externalizing psychopathology and substance use. Phenotypic 

correlations are presented in Table 6. We found externalizing was strongly correlated with 

use at age ~16 and weakly correlated with increase in use over time, meaning that 

individuals higher on adolescent externalizing tend to use more marijuana at age 16.5 and 

increase their use at a faster rate. The phenotypic correlations were not significantly different 

across samples (externalizing-intercept χ2=.12, df=1, p=.73; externalizing-slope χ2=.10, 

df=1, p=.74). Use at age ~16 and increase in use were also strongly correlated, meaning that 

individuals who use more at 16.5 tend to increase at faster rates. The magnitude of this 

correlation was larger in Colorado than Minnesota (χ2=8.46, df=1, p=.003).

We also decomposed the phenotypic correlations into genetic, shared environmental, and 

unique environmental components, see Table 6. We found significant genetic correlations 
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between adolescent externalizing and the intercept in both samples, indicating shared genetic 

liability between externalizing psychopathology and marijuana use at 16.5. We also found a 

significant genetic correlation between the intercept and slope in Minnesota, indicating 

shared genetic liability to use at 16.5 and escalation of use.

In the Minnesota sample we evaluated a piecewise model of decline in marijuana use 

frequency in the participants’ late 20s. The piecewise decline model fit better than the 

alternative intercept-only and linear models (see Table 7). The latent intercept and first slope 

were highly similar to the results from the linear growth model. The mean of the second 

slope (representing decline in use in the late 20s) was −.15 [−.19, −.11] with variance .018 

[.013, .024]. This indicates that on average, people decrease their marijuana use after age 25 

into their late twenties and early thirties.

Heritability of the descending slope was .73 [.49, .91]. The shared environment accounted 

for 10% of the variance, though the confidence interval includes 0 [0, .31]. The nonshared 

environment accounted for 16% of the variance in decline in use [.05, .33]. The correlation 

between externalizing psychopathology and the second slope was −.41 [−.54, −.28]; higher 

externalizing psychopathology is associated with smaller decreases in use in early 

adulthood. The correlation between the intercept and the second slope was −.66 [−.88, −.53] 

meaning greater use at age 16.5 is associated with smaller decreases in use in early 

adulthood. The correlation between the first and second slopes was −.84 [−.92, −.72] 

meaning that greater increase in use across adolescence is associated with less decrease 

across young adulthood.

Discussion

The present study evaluated measurement invariance in adolescent externalizing 

psychopathology as expressed by the covariation of ADHD, conduct disorder, and alcohol 

dependence symptoms and its prospective relationship with marijuana use development 

across adolescence through young adulthood. These relationships were evaluated in two 

large, independent longitudinal twin studies spanning ages 11 to 30, with up to 5 waves of 

assessment. Our results indicate that adolescent externalizing can largely be similarly 

measured across independent samples, allowing us to compare associations with marijuana 

use in both samples. Overall, there were few differences between the two samples, whether 

in externalizing, change in marijuana use, or in the heritable or environmental influences on 

either.

In agreement with previous research, early marijuana use was heritable; heritability of 

predicted use at age 16 was .57 in Minnesota and .42 in Colorado. Shared environment 

contributions were .31 and .47 in Minnesota and Colorado, respectively, reflecting a 

complex etiology consisting of genetic and environmental effects on adolescent marijuana 

use consistent with previous estimates (Kendler et al. 2008). Change in marijuana use was 

also heritable and use increased in an approximately linear fashion between ages 14 and 24. 

Moreover, using additional waves of assessment available in the Minnesota sample indicated 

that marijuana use decreased during late 20s and this change was also highly heritable.

Zellers et al. Page 9

Behav Genet. Author manuscript; available in PMC 2021 May 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



Early marijuana use is strongly correlated (~.7) with adolescent externalizing 

psychopathology, consistent with the expectation that early drug use is a strong indicator of 

externalizing behavior. The relationship was primarily attributable to shared genetic 

influences, reflected in a high genetic correlation. However, shared environment also 

contributed to the correlation between adolescent externalizing psychopathology and use at 

age 16.5. In a more novel result, increases in use were moderately positively correlated (~.3) 

with adolescent externalizing in both samples. In the Minnesota sample, the young-adult 

decline was moderately inversely correlated with adolescent externalizing psychopathology 

and strongly negatively correlated with average marijuana use at age 16.5 and increases in 

marijuana use from 14–24. The results suggest that change in marijuana use may be 

considered a weak to moderate indicator of externalizing psychopathology, of a magnitude 

similar to diagnostic symptom counts of ADHD, alcohol dependence, and conduct disorder.

One must take care in interpreting a latent intercept (here interpreted as early marijuana use) 

and its correlation with other latent factors (here as externalizing psychopathology) as the 

mean and variance of the intercept depend on its centering. Furthermore, the relationships 

between the intercept, externalizing, and the change in marijuana use depends on the 

centering of the intercept. As the centering of the intercept changes, the variance of the 

intercept changes accordingly, which impacts its covariance with other factors as well as its 

biometric decomposition. We chose the center-point based on previous research around age 

of initiation, but other center-points may be valid to examine as well, and choosing a 

different intercept would alter the results and their interpretation.

There was little difference between samples in the factor model of adolescent externalizing 

psychopathology, marijuana use at age 16, and increases in use from age 14 to 24. The 

biometric decomposition of change in use differed between samples; in Minnesota the 

heritability of this increase was .82 but in Colorado it was .22. Most of the variability in 

change in Colorado was due to the shared environment (C=.55) whereas in Minnesota the 

shared environment contributed very little (C=0). This was one of the few differences 

between the two samples, and further research will be required to explore the factors that 

may contribute to this difference.

These results regarding the low heritability and large shared environmental influence in 

adolescent increase in marijuana use, however, are not consistent with previous research. If 

anything, we would expect the environment surrounding marijuana use in Colorado to be 

more permissive than in Minnesota. Previous research indicates that behavior in more 

permissive environments typically show higher heritability, rather than attenuated 

heritability, which suggests alternative explanations besides the legal landscape such as 

cohort effects or within-family risk (Legrand et al. 2008; Mezquita et al. 2018). One simple 

explanation for our finding of lower heritability in the Colorado dataset is that the result is 

due to sampling error. The difference is statistically significant at nominal levels, but not 

after correcting for the large number of tests reported in the present article. Further work 

should replicate these sample differences before conclusions can be drawn.

A major strength of the present study is the replication/invariance strategy. Our sample sizes 

(>2000 in each sample at each wave) were powered to detect even relatively small 
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differences, yet we show that the vast majority of effects are highly similar across the two 

samples, with the two exceptions described above. However, the use of two samples did 

introduce some limitations. Measures needed to be available in both samples, limiting the 

full repertoire of measures available. Future work will examine alternative 

conceptualizations of marijuana use, such as transitions between initiation, regular use, and 

problematic use, as previous research suggests there are shared and distinct genetic 

influences on each (Gillespie et al. 2009; Verweij et al. 2010). Furthermore, differences in 

waves of assessment informed and limited our model selection for sample comparisons. The 

Colorado sample had only been assessed three times, therefore we were unable to model 

non-linear growth in this sample.

On the note of model selection, one limitation is that we did not consider any of the many 

alternative models of developmental change. Some model choices, such as the limited 

representation of non-linear models, were dictated by available data. Others, such as the lack 

of comparison to alternative conceptualizations like mixture models or autoregression, were 

limited by our focus on developing and testing invariance of the externalizing 

psychopathology model. Another analytical limitation was the application of a log-normal 

likelihood to symptom counts and marijuana use frequency indicators that themselves are 

not normally distributed. Based on prior work, we log-transformed residualized symptom 

counts in an attempt to mitigate this issue, but one future direction would be to evaluate 

alternative models of non-normal manifest variables.

An additional limitation is the lack of longitudinal representation of externalizing 

psychopathology. Our indicators were intended to capture externalizing psychopathology in 

adolescence and its relationships with concurrent substance use and change in substance use 

into adulthood. While we can characterize the etiological nature of these relationships (i.e., 

by decomposing into genetic and environmental components), we are unable here to draw 

causal conclusions about the relationships between adolescent externalizing 

psychopathology, early marijuana use, and change in use over time. Using alternative ages of 

assessment, or perhaps a longitudinal representation of externalizing across the lifespan, 

combined with a more causally informative design (e.g., co-twin control), will help to 

address this issue. Lastly, since many constructs exist under the umbrella term of 

externalizing, our definition of externalizing psychopathology is only one of several possible 

(Derringer et al. 2015), and alternative definitions are again limited in that any items would 

need to be available in both samples.

Conclusions

Adolescent externalizing psychopathology can be robustly and replicably represented as a 

confirmatory factor model. Externalizing is related to model-predicted marijuana use at age 

~16.5 and increase in use across adolescence and early adulthood. Exploratory analyses 

indicate that adolescent externalizing is also inversely related to the decline in marijuana use 

in adulthood, in that individuals who exhibit more externalizing symptoms taper their use at 

a slower rate in adulthood. Additive-genetic effects explain much of the correlation between 

adolescent externalizing and use at initiation. Sample differences in the biometric 
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decomposition of the change in marijuana use highlight the importance of environmental 

context to heritability estimates.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1. 
Loadings and biometric estimates for the common factor models fit to the Minnesota and 

Colorado behavioral data. All freely estimated parameters are shown. Those that could be set 

as invariant are denoted with a superscript “inv”. Numbers in brackets represent 95% 

confidence intervals around the point estimates.
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Figure 2. 
Raw change in marijuana use (substantially jittered to prevent overplotting), split by sex 

(red/left is female and blue/right is male) and by state. Black lines are predicted mean 

marijuana use over time predicted via a generalized additive mixture model in each state. 

The shaded ribbon represents the 95% confidence interval around the predicted mean 

trajectory. Data from the Minnesota sample is truncated at age 25 in order to provide a more 

direct comparison to the Colorado sample.
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Table 1.

Wave Structure and Sample Size, Split by Cohort

Minnesota

Wave N (Total) Age Mean (SD) Age Range

14 2,232 14.9 (0.5) 13.6 – 17.0

17 3,363 17.8 (0.6) 16.5 – 20.3

20 2,618 21.1 (0.8) 19.4 – 24.3

24 3,052 24.9 (0.9) 22.6 – 29.3

29 1,999 29.4 (0.7) 28.2 – 33.2

Colorado

Wave N (Total) Age Mean (SD) Age Range

1 2,307 15.0 (2.2) 11.3 – 19.0

2 2,214 20.1 (2.7) 16.1 – 29.1

3 2,244 25.4 (2.7) 21.1 – 34.4

Note: N reflects number of individuals with non-missing marijuana frequency at a given wave.
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Table 2:

Sample Size and Age Descriptives by Measure, Measure Descriptives, and Mean Comparisons

Measure Sex Sample
Mean age at 
assessment 

(SD)

Sample Size
Mean Symptom 

Count (SD) 
[residualized SD]

Test of between 
sample 

differences χ2 (p)

Test of between 
gender 

differences χ2 

(p)
Total MZ DZ

ADHD

M
MN 13.6 (2.7) 1730 1118 612 1.39 (1.98) [0.67]

2.3 (.13)
57.2 (< .001)

CO 14.9 (2.2) 1167 594 573 1.25 (2.38) [0.71] 10.7 (.001)

F
MN 13.8 (2.8) 1867 1185 682 0.87 (1.59) [0.58]

0.5 (.48)
CO 15.0 (2.2) 1310 723 587 0.94 (1.99) [0.63]

Alcohol 
Dependence

M
MN 17.5 (0.6) 1628 1042 586 0.65 (1.44) [0.54]

6.3 (.01)
42.6 (< .001)

CO 18.0 (1.6) 1012 521 491 0.83 (1.53) [0.56] 10.6 (.001)

F
MN 17.6 (0.7) 1771 1137 634 0.31 (1.05) [0.40]

28.4 (< .001)
CO 18.1 (1.7) 1175 649 526 0.60 (1.30) [0.52]

Conduct 
Disorder

M
MN 17.5 (0.6) 1165 776 389 1.12 (1.58) [0.61]

1.4 (.24)
180.4 (< .001)

CO 18.1 (1.5) 1012 522 490 1.21 (1.43) [0.57] 74.3 (.001)

F
MN 17.6 (0.7) 1308 842 466 0.27 (0.73) [0.36]

74.7 (< .001)
CO 18.3 (1.6) 1177 650 527 0.63 (0.96) [0.47]

Note: Descriptives are split by measure and sex, including age, number of individuals, and symptom counts (raw mean and standard deviation and 
residualized standard deviation). Sample size columns refer to number of individuals. ADHD=Attention Deficit Hyperactivity Disorder; M=Male, 
F=Female; MZ=Monozygotic; DZ=Dizygotic; MN=Minnesota; CO=Colorado; SD=Standard Deviation. Residualized SD refers to the standard 

deviation of the residuals which were analyzed in the externalizing psychopathology factor model, symptom counts were regressed on age, age2, 
age × cohort, cohort, and sex. Test of between state differences refers to testing equivalence of symptom count means in Colorado and Minnesota 
within each gender. Test of between gender differences refers to testing equivalence of symptom count means in males and females within each 
state.
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Table 3:

Cross-Twin Cross-Trait Correlation Matrix

ADHDA Alcohol Dep.A Conduct DisorderA

Minnesota MZ

ADHDB .35* [.29, .40] .15* [.09, .21] .18* [.12, .25]

Alcohol Dep.B .17* [.11, .23] .53* [.49, .57] .28* [.22, .35]

Conduct DisorderB .21* [.14, .27] .31* [.25, .37] .36* [.30, .42]

Minnesota DZ

ADHDB .12* [.05, .20] .16* [.08, .24] .19* [.10, .28]

Alcohol Dep.B .06 [−.02, .14] .26* [.19, .34] .15* [.06, .24]

Conduct DisorderB .10* [.01, .20] .22* [.13, .31] .33* [.24, .41]

Colorado MZ

ADHDB .35* [.28, .42] .14* [.06, .22] .23* [.15, .31]

Alcohol Dep.B .18* [.10, .26] .53* [.47, .59] .30* [23, .38]

Conduct DisorderB .25* [.17, .32] .24* [.16, .32] .48* [.41, .54]

Colorado DZ

ADHDB .14* [.05, .23] .07 [−.03, .16] .06 [−.04, .16]

Alcohol Dep.B .11* [.01, .21] .38* [.29, .46] .27* [.17, .36]

Conduct DisorderB .17* [.07, .26] .21* [.11, .30] .32* [.23, .41]

Note: Cross-twin within-trait correlations are bolded on the diagonal. Subscript of A refers to twin A and subscript of B refers to twin B within a 
twin pair. All abbreviations same as in Table 1.

*
p<.05, values in square brackets represent the 95% confidence interval.
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Table 4:

Results of Measurement Invariance Tests with Externalizing Psychopathology Model

Model −2LL df est. par. AIC BIC χ2 LRT diff df p

Base 24,504.2 16,288 36 −8,071.8 −107,242.3 131.1 - - -

Weak 25,505.1 16,291 36 −8,076.9 −107,265.7 132.0 0.89 3 .83

Strong 24,506.3 16,291 33 −8,075.7 −107.264.5 133.2 2.03 3 .57

Biometric 24,505.8 16,291 33 −8.076.2 −107,264.9 132.8 1.61 3 .66

Biometric and Strong 24,507.7 16,294 30 −8080.3 −107,287.3 134.7 3.51 6 .74

Strict 24,564.6 16,300 24 −8.035.4 −107,278.9 191.6 60.40 12 1.9 × 10−8

Note: Base model is the single factor model. Biometric invariance constrains the factor variance components to be equivalent between states. −2LL 
= log likelihood; df = degrees of freedom for model where the number of estimated parameters is subtracted from the total number of observations 
(N individuals multiplied by n non-missing symptom counts); est. par. = Estimated Parameters; AIC = Akaike Information Criterion; BIC = 
Bayesian Information Criterion; LRT = Likelihood Ratio Test, diff df= degrees of freedom for LRT. Best fitting model (by AIC and BIC) is bolded.
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Table 5:

Variance Decomposition of Externalizing Psychopathology and the Growth Model

Parameter Sample Proportion of variance [95% CI] LRT p

Externalizing A2 MN .54 [.30, .74] 28.8 8.1× 10−8

CO .45 [.17, .76] 15.1 1.0× 10−4

Externalizing C2 MN .20 [.04, .41] 5.1 .02

CO .33 [.04, .57] 6.7 .01

Externalizing E2 MN .26 [.17, .34] 42.4 7.3× 10−11

CO .23 [.14, .32] 30.3 3.6× 10−8

Intercept A2 MN .57 [.37, .79] 66.3 3.8× 10−16

CO .42 [.14, .73] 14.4 1.0× 10−4

Intercept C2 MN .31 [.09, .48] 10.1 .001

CO .47 [.17, .73] 12.1 5.0× 10−4

Intercept E2 MN .13 [.08, .19] 90.1 2.3× 10−21

CO .11 [.04, .21] 12.8 3.0 × 10−4

Slope A2 MN .82 [.72, .88] 97.5 5.3× 10−23

CO .22 [.01, .66] 3.9 .049

Slope C2 MN 0 [0, .06] .003 .96

CO .55 [.14, .83] 8.9 .003

Slope E2 MN .18 [.11, .25] 59.7 1.1× 10−14

CO .23 [.07, .45] 10.5 .001

Note: Parameter significance was obtained by estimating a base model in which all parameters were free to vary, then setting each parameter in turn 
to 0 and comparing the constrained model to the base model. LRT = Likelihood Ratio Test. All tests were 1 degree of freedom tests. 95% CI refers 
to the 95% confidence interval around the estimate.
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Table 6:

Correlations between Marijuana Use Frequency Intercept, Slope, and Externalizing Psychopathology

Ext-Intercept (p) Ext- Slope (p) Intercept-Slope (p)

Phenotypic MN .67 (1.5× 10−66) .18 (2.3× 10−5) .57 (7.5× 10−33)

CO .69 (5.2× 10−33) .20 (.01) .84 (2.4× 10−15)

Genetic MN .64 (1.4× 10−5) .26 (.12) .63 (1.9× 10−7)

CO .86 (6.8× 10−4) .49 (.24) .86 (.049)

Shared MN 1 (.003) -- --

Environment CO .69 (.018) .22 (.46) .86 (.003)

Unique MN .37 (.02) .03 (.83) .94 (2.7× 10−7)

Environment CO .31 (.12) −.20 (.31) .87 (.004)

Note: Ext=Externalizing psychopathology. In Minnesota, the C component of the slope was estimated to be 0, so those correlations are not 
estimated. Note that genetic and environmental correlations are scaled according to the genetic and environmental variances.
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Table 7:

Relative Fit Comparisons of Piecewise Model to Two Alternative Models

Model AIC BIC Log-Likelihood

Piecewise 9,746.1 −115,119.5 54,985.1

Intercept Only 11,980.0 −112,924.2 57,368.0

Linear 10,569.8 −114,273.9 55,935.8

Note: Smaller values of AIC and BIC indicate better relative fit.
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