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Abstract Strong associations between conduct disorder
(CD), antisocial personality disorder (ASPD) and substance
use disorders (SUD) seem to reflect a general vulnerability
to externalizing behaviors. Recent studies have character-
ized this vulnerability on a continuous scale, rather than as
distinct categories, suggesting that the revision of the

Diagnostic and Statistical Manual of Mental Disorders
(DSM-5) take into account the underlying continuum of
externalizing behaviors. However, most of this research
has not included measures of disorders that appear in
childhood [e.g., attention-deficit/hyperactivity disorder
(ADHD) or oppositional defiant disorder (ODD)], nor has
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it considered the full range of possibilities for the latent
structure of externalizing behaviors, particularly factor mix-
ture models, which allow for a latent factor to have both
continuous and categorical dimensions. Finally, the majority
of prior studies have not tested multidimensional models.
Using lifetime diagnoses of externalizing disorders from
participants in the Fast Track Project (n0715), we analyzed
a series of latent variable models ranging from fully contin-
uous factor models to fully categorical mixture models.
Continuous models provided the best fit to the observed
data and also suggested that a two-factor model of external-
izing behavior, defined as (1) ODD+ADHD+CD and (2)
SUD with adult antisocial behavior sharing common
variance with both factors, was necessary to explain the
covariation in externalizing disorders. The two-factor model
of externalizing behavior was then replicated using a
nationally representative sample drawn from the National
Comorbidity Survey-Replication data (n05,692). These
results have important implications for the conceptualization
of externalizing disorders in DSM-5.

Keywords Externalizing . Classification . Mixture
modeling . Substance abuse . Substance dependence

The current versions of the Diagnostic and Statistical
Manual of Mental Disorders Fourth Edition–Text Revision
(DSM-IV-TR; American Psychiatric Association 2000) and
the International Classification of Diseases (ICD-10; World
Health Organization 1992) require that each type of problem
behavior be considered as a distinct psychiatric disorder
(e.g., attention-deficit/hyperactivity disorder [ADHD], op-
positional defiant disorder [ODD]). The DSM and ICD
categorical diagnostic systems, which were developed in
the latter part of the 20th century, greatly advanced the field
by providing objective criteria for characterizing psychiatric
illnesses (First 2010).

Yet, recent research has suggested that most forms of
psychopathology occur more dimensionally than categori-
cally (Widiger and Samuel 2005). Moreover, current classi-
fication systems do not provide a system for diagnosing
individuals who have symptoms across multiple diagnostic
categories, and critics of the current classification systems
have suggested dimensional models of psychopathology
may provide a better understanding of psychiatric disorders
(e.g., Kamphuis and Noordhof 2009; Krueger and Bezdjian
2009). Recently, Markon and colleagues (2011) reviewed 58
studies with over 59,000 participants and concluded that
continuous (i.e., dimensional) measures of psychopathology
provide a 15 % increase in reliability and a 37 % increase in
validity, in comparison to categorical measures. However, as
noted by Brown and Barlow (2005), there remain numerous
questions as to how a dimensional system might be

developed and how such a system could be introduced in
DSM-5 (American Psychiatric Association 2010). Brown
and Barlow (2005) further argued that latent variable mod-
eling may be one way forward.

Latent variable models encompass a wide variety of
statistical models that can be used to model observed meas-
ures (i.e., manifest variables) as indicators of an underlying,
unobservable construct (i.e., latent variables). Psychiatric
diagnoses are analogous to latent variable models in that
observed behavioral symptoms are used as indicators of the
underlying, unobservable diagnosis. Both latent variables
and diagnoses are defined by the observable measures that
are considered relevant to the underlying latent measure or
diagnostic category, where the inclusion of particular ob-
servable measures or symptoms defines the structure of the
latent variable or diagnosis.

Importantly, the distributions of latent variables can be
categorical (often referred to as latent classes or finite mix-
tures), dimensional (i.e., continuous, referred to as factors or
traits), or a hybrid of categorical and dimensional (i.e.,
factor mixture models; Masyn et al. 2010). Hybrid models
test whether there is dimensional severity within distinct
categories, whether distinct categories are quantifiable by
dimensional severity, or any other combination of dimen-
sional and categorical measurement of the underlying con-
struct. In many ways, the hybrid models are most consistent
with a diagnostic system that is based on dimensional
symptom profiles. The current DSM is analogous to a
hybrid model in which the latent categorical diagnosis is
derived from a number of symptoms, often along multiple
dimensions.

Dimensional Models of Externalizing Disorders

One of the dimensional assessment proposals, put forward
by Krueger and colleagues (Krueger and Bezdjian 2009;
Krueger et al. 2005), was to create a hierarchical system
for characterizing externalizing disorders (e.g., CD, antiso-
cial personality disorder (ASPD), and substance use disor-
ders (SUD)) that occur along a continuum of risk for
externalizing symptomatology (e.g., physical aggression,
problematic substance use). Specifically, Krueger and
South (2009) proposed that CD, substance dependence,
and ASPD be considered together as an externalizing disor-
der classification cluster. Their proposal is largely based on
the high degree of comorbidity among externalizing behav-
iors that can be explained by a latent, genetically mediated
vulnerability for externalizing disorders (see Krueger et al.
2002, 2005, 2007). Several studies using latent variable
models have provided empirical evidence that shared vari-
ance between these disorders can be characterized as a
single, unidimensional continuous latent variable (Krueger
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et al. 2007; Markon and Krueger 2005; Tuvblad et al. 2009).
Yet, some have questioned whether it is appropriate to
consider CD, ASPD, and SUD as part of an externalizing
disorders classification cluster (Jablensky 2009) or whether
alternative structures should be considered. It could be the
case that a multidimensional factor model or a hybrid model
is necessary to explain the covariation in externalizing dis-
orders, and prior studies of externalizing disorders have not
tested these alternative models (Krueger et al. 2005; Markon
and Krueger 2005; Tuvblad et al. 2009).

More importantly, the externalizing spectrum models ex-
amined in the literature have largely focused on adult psycho-
pathology and have not included the childhood diagnoses or
symptoms of ODD and ADHD, which have long been de-
scribed as externalizing behaviors (Achenbach 1966). The
omission of these childhood diagnoses from the externalizing
spectrum is problematic because these models have ignored
the fact that adult externalizing disorders (e.g., SUD, ASPD)
can often be traced back to externalizing behavior problems in
early childhood, oftentimes via a developmental sequence
(e.g., Beauchaine et al. 2010; Loeber and Burke 2011).
Given the strong association between child and adult exter-
nalizing disorders, it could be the case that measurement
models of the externalizing spectrum that have not included
childhood diagnoses or symptoms of ODD and ADHD (e.g.,
Markon and Krueger 2005) may have been misspecified. An
important extension of this prior work is to test the external-
izing spectrum with the inclusion of childhood diagnoses.

Recent work by Farmer and colleagues (2009) that did
include childhood diagnoses of externalizing disorders con-
cluded that a two-factor model (Fig. 1, model 2b) that
distinguished “oppositional behaviors” from “social norm
violation behaviors” provided the best fit to the data.
Alternative two- and three-factor models (Fig. 1, models
2a and 3) also provided a better fit to the data than a one-
factor model. Similarly, Verona et al. (2011) provided sup-
port for a two-dimensional model of adolescent psychopa-
thology in a sample of 10–17 year olds that included
externalizing (CD, ADHD, and ODD) and substance use
(alcohol and marijuana) factors. Based on all of this re-
search, the one-factor model of externalizing disorders, de-
fined by CD, ASPD, and SUD, advocated by Krueger and
colleagues (Krueger et al. 2005; Markon and Krueger 2005;
Walton et al. 2011) may not be sufficient to explain the
covariation in externalizing disorders, particularly when
ADHD and ODD are included in the model.

Excluding or including a particular disorder in a model of
externalizing disorders is particularly important given the
nature of latent variable models, where the inclusion or
exclusion of observed indicators can change the structure,
dimensionality, and interpretation of the latent variable.
Latent variables represent the shared variance among ob-
served measures; thus, the meaning of the latent variable

changes depending on which observed measures are uti-
lized. Model fit indices tell us how well the specified latent
factor model reproduces the observed covariation among
measures. Under ideal circumstances the model provides both
excellent fit to the data, and the latent variable explains a
significant amount of the variance in the observed measures.
Latent variables almost never explain 100% of the variance in
the observed measures, and the residual, unexplained variance
in the observed measures is assumed to be comprised of both
random error and systematic variability in the measure that is
not explained by the latent factor. For example, Lahey and
colleagues (2008) found that 68% to 82 % of the variance in
ADHD, CD, and ODD factors was explained by a higher-
order externalizing factor, suggesting a high degree of
covariation that explained a large proportion of variance
in each of the individual disorders. At the same time, 18 %
to 32 % of the variance in the individual disorders was not
explained by the externalizing factor, suggesting differenti-
ation among disorders (Lahey et al. 2011).

Current Study

The main goal of the current study was to explore multiple
models of this shared variation among externalizing disor-
ders. We attempted to replicate and extend prior research by
Krueger and colleagues (Krueger et al. 2005; Markon and
Krueger 2005) by assessing the covariation between conduct
problems, substance use, and adult antisocial behavior, as well
as diagnoses of ADHD and ODD, along the dimensional-
categorical spectrum using data from the Fast Track project
(Conduct Problems Prevention Research Group 1992, 2000).
We approached the question of whether externalizing behavior
is continuous or categorical using a series of latent structure
models along the dimensional-categorical spectrum described
byMasyn and colleagues (2010). Importantly, the current study
extends the work of Krueger and colleagues (e.g., Krueger et al.
2005; Markon and Krueger 2005) by adding measures of
externalizing behaviors that are more common during child-
hood (ODD and ADHD) and by testing additional models
along the dimensional-categorical spectrum. Given that latent
structure models can be susceptible to sample-specific charac-
teristics, we conducted a replication of the best-fitting models
in a separate nationally representative sample from the National
Comorbidity Survey-Replication (NCS-R; Kessler et al. 2004).

Methods

Participants

Fast Track Participants came from the control schools of a
longitudinal multi-site investigation of the development and
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prevention of childhood conduct problems, the Fast Track
project (Conduct Problems Prevention Research Group 1992,
2000). Schools within four sites (Durham, NC, Nashville, TN,
Seattle, WA, and rural Pennsylvania) were identified as high
risk based on crime and poverty statistics of the neighbor-
hoods that they served. Within each site, schools were divided
into sets matched for demographics (size, percentage free or
reduced lunch, ethnic composition), and the sets were ran-
domly assigned to control and intervention groups. Using a

multiple-gating screening procedure that combined teacher
and parent ratings of disruptive behavior, 9,594 kindergarten-
ers across three cohorts (1991–93) from 55 schools were
screened initially for classroom conduct problems by teachers,
using the Teacher Observation of Child Adjustment-Revised
(TOCA-R) Authority Acceptance score (Werthamer-Larsson
et al. 1991). Those children scoring in the top 40 % within
cohort and site were then solicited for the next stage of
screening for home behavior problems by the parents, using

Fig. 1 Summary of confirmatory factor models. ADHD 0 Attention-
deficit hyperactivity disorder; ODD 0 Oppositional defiant disorder;
CD 0 Conduct disorder; AAB 0 Adult antisocial behavior; ALC 0

Alcohol abuse or dependence; MJ 0 Marijuana abuse or dependence;
DRG 0 Other substance abuse or dependence
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items from the Child Behavior Checklist (Achenbach 1991)
and similar scales, and 91 % agreed (n03,274). The teacher
and parent screening scores were then standardized and
summed to yield a total severity-of-risk screen score.
Children were selected for inclusion into the high-risk sample
based on this screen score, moving from the highest score
downward until desired sample sizes were reached within
sites, cohorts, and groups. Deviations were made when a child
failed to matriculate in the first grade at a core school (n059)
or refused to participate (n075), or to accommodate a rule that
no child would be the only girl in an intervention group. The
outcome was that 891 children (control 0 446, intervention 0

445) participated. In addition to the high-risk sample of 891, a
stratified normative sample of 387 children was identified to
represent the population normative range of risk scores and
was followed over time. From among the control schools (n0
27), teachers completed ratings of child disruptive behavior to
identify a normative, within-site stratified sample of about 10
children within each decile of behavior problems. Follow-up
assessments were conducted annually through 2 years post
high school (approximately age 20).

Across time, an average of 90 % of participants were
retained at each time point, and prior analyses of these data
suggested that participants lost to follow-up did not signif-
icantly differ from those retained (Conduct Problems
Prevention Research Group 1999). Of particular concern
for the current study was missing data in the later years of
assessment, particularly the assessments of substance use
and antisocial behavior. Substance use diagnostic informa-
tion in the 2 years post-high school was available for 602
participants (79.8 %) and assessment of antisocial behavior
was available for 512 participants (67.9 %). Those with
missing substance use data did not significantly differ from
those retained on any demographic variables or any other
externalizing diagnoses. Individuals with missing data on
the measure of antisocial behavior did not significantly
differ from those retained on age, sex, lifetime substance
use diagnoses, or lifetime CD diagnoses. Those with miss-
ing antisocial data were significantly more likely to be
African American (χ2 (2) 0 13.2, p00.001), have a lifetime
ODD diagnosis (χ2 (1) 0 5.43, p00.02), and/or have a
lifetime ADHD diagnosis (χ2 (1) 0 4.62, p00.03).

The current study utilized data from the high-risk control
group (65 % male; 49 % African American, 48 % Euro
American, 3 % other race) and normative sample (51 %
male; 43 % African American, 52 % Euro American, 5 %
other race). Because 79 of those recruited for the high-risk
control group were also included as part of the normative
sample, the sample for the current analyses were based on a
total of 754 participants. Of the 754 participants, 39 indi-
viduals did not have any valid data for any of the lifetime
diagnoses or diagnostic criterion counts and these 39 indi-
viduals were excluded from the models described below.

Thus, the final sample size for the current analyses was 715
participants (mean age at start of study 0 6.56 (SD00.44);
58.6 % male, 46.4 % African American, 50.2 % Euro
American, and 3.4 % other race; majority lower to low middle
class). Weighting was used in all analyses to reflect the over-
sampling of high-risk children. Participants from the high-risk
intervention sample were not included in this study.

National Comorbidity Survey-Replication (NCS-R) In addi-
tion, we included data from the NCS-R. The NCS-R is a
nationally representative household survey of the prevalence
of DSM-IV mental disorders among English-speaking adults
(18 and older) conducted between February 2001 and April
2003 (see Kessler et al. 2004, for more information). Data from
the 5,692 individuals who also completed the drug module of
the Composite International Diagnostic Interview (CIDI;
Kessler and Ustan 2004) were used in the current analyses.
The sample was 53 % female, with ages ranging from 18 to 60
(average age 0 44.99, SD017.9). The participants were 72.8 %
Caucasian, 12.4 % African-American, 11.1 % Hispanic, and
3.8 % from other ethnicities. Socioeconomic status was nation-
ally representative with an average household income of
$35,732 (SD0$31, 236). NCS-R statistical weights were used
to ensure that the sample was representative of the United
States population.

Diagnostic Interviews

Fast Track The Parent and Child Interview versions of the
NIMH Diagnostic Interview Schedule for Children (DISC)
are well-validated, highly structured, computer-administered,
clinical interviews to assess DSM symptoms of ODD, CD,
and ADHD in children and adolescents ages 6 to 17 years. We
used the Parent Interview version 2.3 in grade 3 and the Parent
and Child Interview version IV in grades 6, 9, and 12 (Shaffer
and Fisher 1997; Shaffer et al. 2003). Lay interviewers, blind
to control/normative status, were trained in clinical methods
and scoring accuracy until each interviewer had reached cri-
teria for reliable scoring of the DISC. Administration took
place in the child’s home with the primary parent, usually the
mother, during the summer following grades 3, 6, 9, and 12;
interviews with the child took place during the summer fol-
lowing grades 6, 9, and 12. Variables were computed for
lifetime diagnoses of CD, ODD, and ADHD across all years
of administration with diagnoses for grade 3 based on DSM-
III-R criteria, and diagnoses for grades 6, 9, and 12 based on
DSM-IV criteria. Rates of lifetime diagnoses in the normative
and high-risk control samples were: CD (18.6 % combined,
13.7 % of total normative sample), ODD (25.7 % combined,
18.1% of total normative sample), ADHD (21.8 % combined,
12.1 % of total normative sample).

The DISC-Young Adult version (DISC-YA; Shaffer et al.
2000) was administered to youth at 1- and 2-years post-high
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school to assess substance abuse/dependence and at 2 years
post-high school to assess current ASPD, CD, ODD, and
ADHD. The CD, ODD, and ADHD diagnoses were based
on the DSM-IV criteria. Adult antisocial behavior (AAB) was
based on having three or more criteria of ASPD derived from
seven antisocial symptom items, with dimensional scores
ranging from 0 to 7 (M00.93, SD01.46). Importantly we
did not use diagnosis of ASPD because it requires evidence
of CD prior to age 15, making the diagnosis of ASPD con-
founded with the diagnosis of CD. Alcohol abuse or depen-
dence (ALC), marijuana abuse or dependence (MJ), and other
substance abuse or dependence (DRG; i.e., stimulants, opi-
ates, sedatives, hallucinogens, inhalants, and other prescrip-
tion drugs used non-medically) were calculated from 11
symptom items (4 abuse items and 7 dependence items). If
participants met criteria for DSM-IV substance abuse or de-
pendence then they were considered to have a diagnosis of a
SUD. Rates of lifetime diagnoses in the normative and high-
risk control samples were: AAB (11.9 % combined, 4.9 % of
normative sample), ALC (15.0 % combined, 13.0 % of nor-
mative sample), MJ (14.5 %, 10.7 % of normative sample),
DRG (2.8 %, 1.6 % of normative sample).

National Comorbity Survey–Replication The Composite
International Diagnostic Interview (CIDI; Kessler and
Ustan 2004) was used to derive lifetime diagnoses of CD,
ODD, ADHD, alcohol abuse/dependence (ALC), and drug
abuse/dependence including marijuana abuse/dependence
(DRGMJ). Marijuana abuse/dependence was included in
the DRGMJ diagnosis because in the NCS-R data it is not
possible to determine abuse/dependence criteria for each
individual drug type. The CIDI is a comprehensive, fully-
structured interview that was administered by trained inter-
viewers for the assessment of mental disorders according to
the definitions and criteria of ICD-10 and DSM-IV. All
interviews were conducted face-to-face in the participant’s
home. For the purposes of the current study, a lifetime adult
antisocial behavior disorder variable was created from eight
personality items in the NCS-R interview that represented
five (deceitfulness, impulsivity, aggressiveness, reckless dis-
regard, lack of remorse) of the criteria for ASPD. Individuals
who endorsed at least four of the five ASPD criteria in the
NCS-R were designated as engaging in adult antisocial be-
havior (AAB) for the current study. Rates of lifetime diagno-
ses and adult antisocial behavior (AAB) in the NCS-R were
ODD (8.5 %), CD (9.5 %), ADHD (8.1 %), ALC (7.8 %),
DRGMJ (5.1 %), and AAB (3.6 %).

Analysis Plan

To evaluate the fit of several comparison dimensional-
categorical models, we followed the guidance of Masyn

and colleagues (2010), who provide a framework for build-
ing and comparing hybrid models along a dimensional-
categorical spectrum. Fully dimensional models (e.g., factor
analysis, item response theory) assume that all common
variability in the observed indicators can be explained by
one or more continuous latent factors. A fully dimensional
model is analogous to a continuous measure of externalizing
behavior (e.g., total score on an ADHD checklist). Fully
categorical models (e.g., latent class models) assume that
shared variability in the observed indicators can be
explained by one or more distinct latent classes that are
homogenous with respect to the profiles of observed indi-
cators. A fully categorical model could be compared to a
classification system where individuals may be divided into
mutually exclusive groups (e.g., hyperactive subtype versus
impulsive subtype of ADHD). The factor mixture model
(FMM) is a hybrid dimensional-categorical model that char-
acterizes variability in the observed indicators as a categor-
ical latent variable in which each latent class is defined by a
continuous latent factor, thus allowing dimensionality with-
in classes. The FMM is analogous to having dimensional
symptoms (e.g., continuous levels of hyperactivity and im-
pulsivity within hyperactive and impulsive subtypes).
Krueger and colleagues (Krueger et al. 2005; Markon and
Krueger 2005) have focused on a restricted form of the
FMM in their prior studies (called a non-parametric factor
model by Masyn et al. 2010), whereby the distribution of the
observed indicators are estimated using a finite number of
latent classes. The variation in observed indicators is thus
defined by a mean level of the latent factor and it is assumed
that there is no variability in dimensionality within the latent
classes. For more information about factor mixture model
specification, the interested reader is referred to numerous
technical references and simulation studies that have exam-
ined the behavior of factor mixture models under various
conditions (Lubke and Muthén 2007; Lubke and Neale
2006, 2008; Lubke and Spies 2008; Masyn et al. 2010).

In the current study, four models along the dimensional-
categorical spectrum were estimated: (a) continuous latent
factor models (fully dimensional), (b) non-parametric factor
models (hybrid dimensional-categorical, defined by multi-
ple latent classes without dimensionality within classes), (c)
factor mixture models (hybrid dimensional-categorical, de-
fined by multiple latent classes with dimensionality within
classes), and (d) latent class models (fully categorical).
Substantive and empirical decision rules were used to eval-
uate the factor structure all models (MacLachlan and Peel
2000; Nylund et al. 2007). Specifically, latent factor models
with a varying number of factors were considered a good fit
to the observed data based on non-significant χ2 values, the
Root Mean Square Error of Approximation (RMSEA) less
than 0.06 (Browne and Cudeck 1993), and the Comparative
Fit Index (CFI; Bentler 1990) and Tucker-Lewis Index (TLI;
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Tucker and Lewis 1973) greater than 0.95 (Hu and Bentler
1999). For models with latent classes, the Lo et al. (2001)
likelihood ratio test (LRT) was used to test the number of
classes, with a significant p value indicating that k–1 classes
should be rejected in favor of at least k classes (Lo et al.
2001; Nylund et al. 2007).

For the factor models, we extended Krueger’s (Krueger et
al. 2005; Markon and Krueger 2005) work by estimating
multidimensional factor models. Specifically, we tested the
models shown in Fig. 1: a one-factor model (model 1), four
alternative two-factor models (models 2a–2d), and a three-
factor model (model 3). Models 1, 2a, 2b, and 3 were direct
replications of the models from Farmer and colleagues
(2009). Models 2c and 2d were included in the current study
to replicate the analyses of Tuvblad and colleagues (2009).
For model 2d, the decision to estimate the cross-loadings of
AAB on both factors came from findings that AAB and
SUD tend to load on a single genetic factor (e.g., Kendler et
al. 2011) and that AAB also tends to be highly associated
with ADHD, ODD, and CD (e.g., Fischer et al. 2002).

Given that models 2a and 2c were nested within model
2d by restricting AAB to load with either ADHD, ODD, and
CD (model 2a) or SUD (model 2c), we were able to evaluate
whether removing the cross-loading of AAB resulted in a
significant decrement in model fit. Model comparisons be-
tween 2a and 2d, as well as 2c and 2d, were conducted using
a χ2 difference test, where a significant difference would
indicate models 2a or 2c fit significantly worse than the less
restrictive model (2d).

Results from the latent factor and latent class models
were then used to guide specification of the non-
parametric factor models and the FMMs. We tested one
non-parametric factor model and three different FMMs.
The non-parametric factor model assumed latent classes
were located on a continuum with the variance of the latent
factor within each class set to zero. In FMM-1, we con-
strained the factor loadings and thresholds to be equivalent
across classes and only allowed the means and covariance of
the factors to vary across classes. In FMM-2, we constrained
the thresholds to be equivalent and freed the factor loadings,
means, and covariance of the factors to vary across classes.
In FMM-3, we allowed thresholds, factor loadings, factor
means, and the covariance matrix to be freed across classes.

The optimal model from the selection of alternative mod-
els along the dimensional-categorical spectrum was selected
using the Bayesian Information Criterion (BIC; Schwarz
1978) and the LRT. Simulation studies to evaluate the per-
formance of FMMs, in comparison to continuous latent
factor models and categorical latent class models, under
various conditions and model specifications have found that
the LRT (Lubke and Muthén 2007) and BIC (Lubke and
Neale 2006, 2008) were most likely to identify the correct
model when comparing the fit of several different models.

The BIC has typically been used to make model selection
decisions in applications of FMMs (Lubke et al. 2009;
Lubke and Spies 2008; Walton et al. 2011). For the
current study, we used the LRT to compare across mixture
models within the same group of models (e.g., two-class
versus three-class latent class model), whereby a nonsig-
nificant LRT would indicate that a model with fewer
classes would be selected. We used the BIC to compare
across different model types (e.g., FMM vs. continuous
latent factor), with lower values of BIC considered better-
fitting models.

All models, described below, were estimated in Mplus
version 6.1 (Muthén and Muthén 2010). To compare the fit
of the latent factor models using standard model fit indices
we estimated the latent factor model parameters for the
diagnostic items using the weighted least squares estimator
with means and variances adjusted procedure (WLSMV).
WLSMV was chosen for initial model testing to replicate
the analyses by Farmer and colleagues (2009). Second, to
compare the fit of models across the dimensional-
categorical spectrum, we estimated parameters using a
weighted maximum likelihood (ML) function with all stan-
dard errors computed using a sandwich estimator. ML was
chosen for comparing the dimensional-categorical models
because (a) it was used by Krueger and colleagues (2005),
(b) it was recommended by Masyn and colleagues (2010),
and (c) because ML is a preferred estimation method when
some data are missing, assuming data are missing at random
(Schafer and Graham 2002).

Results

The tetrachoric correlations between the ADHD, CD, and
ODD diagnoses all exceeded 0.50 and the correlations
between ALC, MJ and DRG diagnoses exceeded 0.47.
AAB was most strongly associated with MJ (r00.62) and
ODD (r00.55) diagnoses. The smallest correlations were
between diagnoses of ALC and ADHD (r00.001), ALC
and CD (r00.10), and DRG and ODD (r00.13).

Model Fit

Latent Factor Models Model comparisons for the fully di-
mensional continuous latent factor models in the Fast Track
sample are provided in Table 1. The RMSEA was below
0.06 for all models; however, the other indices of model fit
suggested the one-factor model and model 2b (see Fig. 1),
which delineated ADHD/ODD as indicators of one factor
and AAB, CD, and SUD as indicators of a second factor, did
not provide a good fit to the observed data. Model 2d, which
allowed AAB to cross-load on an attention-deficit and dis-
ruptive behaviors (ADHD, CD, ODD) factor and a SUD
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factor, was selected as the best-fitting model as indicated by
non-significant χ2 (12) 0 12.29 (p00.42), CFI/TLI 0 0.99,
and RMSEA 0 0.006. The BIC for each of the factor
models, provided in Table 2, also indicated model 2d pro-
vided the best fit to the observed data. Models 2a and 2c,
and the three-factor model also provided a good fit to the
observed data. Models 2a and 2c were similar to 2d in that
all three models distinguished ADHD, ODD, and CD from
SUD, yet χ2 difference testing indicated that removing the
cross-loading of AAB and restricting AAB to only load with
either ADHD, ODD, and CD (model 2a) or SUD (model 2c)

led to a significant decrement in model fit for both models
(Model 2a: Δχ2 (1) 0 8.19, p00.004; Model 2c: Δχ2 (1) 0
6.66, p00.009). Model 3 could be considered nearly equiv-
alent to model 2a, because the first two factors of the three-
factor model 3 were correlated at 0.99.

Latent Class Models Results from the two- and three-class
fully categorical latent class models are presented in
Table 2. The Lo-Mendell-Rubin likelihood ratio test
(LRT) indicated that the two-class model fit significantly
better than a one-class model and that a three-class

Table 1 Summary of model fit indices for the confirmatory factor models depicted in Fig. 1 for the fast track sample (N0715)

Psychiatric diagnosis models χ 2 (df) CFI TLI RMSEA βF1 with F2 βF1- F3/F2-F3

CFA 1 factor 37.25 (14), p00.001 0.91 0.86 0.048 – –

CFA 2fa: ADHD/ODD/CD/AAB vs. SUD 21.32 (13), p00.07 0.97 0.95 0.030 0.62 –

CFA 2fb: ADHD/ODD vs. CD/AAB/SUD 34.27 (13), p00.001 0.91 0.86 0.048 0.77 –

CFA 2fc: ADHD/ODD/CD vs. APSD/SUD 19.72 (13), p00.10 0.97 0.96 0.030 0.65 –

CFA 2fd: ADHD/ODD/CD/AAB vs. AAB/SUD 12.29 (12), p00.42 0.99 0.99 0.006 0.50 –

CFA 3f: ADHD/ODD vs. CD/AAB vs. SUD 16.09 (11), p00.14 0.98 0.97 0.025 0.99 0.47/0.79

CFA Confirmatory factor analysis; ADHD Attention-deficit hyperactivity disorder; ODD Oppositional defiant disorder; CD Conduct disorder; AAB
Adult antisocial behavior; SUD substance use disorders; β correlation between factors

Table 2 Model fit for the latent
factor, latent class, and hybrid
models for the fast track sample
(N0715)

Model Log-likelihood # parameters Entropy BIC LRT (p)

Latent factor models

1-factor −1313.76 14 1.00 2719.53 –

2-factor a −1303.60 15 1.00 2705.78 –

2-factor b −1310.60 15 1.00 2719.67 –

2-factor c −1302.19 15 1.00 2702.97 –

2-factor d −1298.26 16 1.00 2701.67 –

3-factor −1300.74 17 1.00 2713.20 –

Latent class models

2-class −1317.87 15 0.70 2734.32 230.68 (0.0001)

3-class −1299.07 23 0.81 2749.31 36.89 (0.51)

Non-parametric factor analysis

1-factor, 2-value −1317.87 15 0.70 2734.32 230.68 (0.0001)

1-factor, 3-value −1311.04 17 0.67 2733.81 12.69 (0.79)

2-factor 2d, 2-value −1317.87 16 0.70 2740.90 231.16 (0.0001)

2-factor 2d, 3-value +1299.74 19 0.83 2724.36 34.50 (0.66)

FMM-1: class invariant factor loadings and thresholds; class varying factor means, and covariance matrix

1-factor, 2-class −1311.76 17 0.28 2735.25 3.71 (1.00)

2-factor 2d, 2-class −1294.00 22 0.16 2732.59 9.86 (0.68)

FMM-2: class invariant thresholds; class varying factor loadings, means, and covariance matrix

1-factor, 2-class −1293.39 25 0.59 2751.08 40.14 (0.45)

2-factor 2d, 2-class −1285.47 32 0.55 2781.25 25.38 (1.00)

FMM-3: class varying factor loadings, thresholds, means, and covariance matrix

1-factor, 2-class −1288.28 32 0.85 2786.87 50.51 (0.95)

2-factor 2d, 2-class −1283.45 39 0.30 2823.22 29.40 (1.00)
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model did not fit significantly better than a two-class
model. The BIC also identified the two-class model as
the best-fitting model.

Non-Parametric Factor Models As seen in Table 2, the
two-factor model with three values of the latent class vari-
able provided the best fit based on BIC. The three-value
model of the diagnostic items was rejected in favor of a two-
value model by the LRT.

Factor Mixture Models The LRT rejected two- and three-
class FMMs in favor of a one-class model. The BIC identi-
fied a one-factor, two-class model as the best-fitting model
for FMM-2 and FMM-3, but not for FMM-1. In all models
there were many parameter estimates outside of acceptable
ranges, small standardized loadings, and models explained
nearly zero variance in some items.

Comparisons Across Models

As seen in Table 2, the fully dimensional latent factor
models provided the best fit to the data, as indicated by
lower BIC in comparison to the latent class and hybrid
models. The LRT estimates for the factor mixture models,
which allowed for dimensionality within class, indicated
that the two-class factor mixture models were rejected in
favor of one-class models, providing further evidence that
the dimensional models provided a better fit to the data than
a categorical model. Among latent factor models the BIC
was lowest for model 2d, which is consistent with results
from Table 1.

Interpretation of Estimates from Model 2d and Alternative
Factor Models

Among all estimated models, model 2d (i.e., the two-factor
continuous confirmatory factor model with one factor indi-
cated by ADHD, ODD, CD, and AAB and the second factor
indicated by AAB and SUD) was selected as the best-fitting
model. Because the latent factor models were estimated with
two types of estimators (i.e., weighted least squares with
means and variances adjusted (WLSMV) and maximum
likelihood with robust standard errors (MLR)), we examined
the factor loadings obtained from both estimation methods
and found very similar results across estimation methods.
ODD had the highest standardized loading (0.76 for MLR,
0.77 for WLSMV) on the disruptive/antisocial behavior
factor and marijuana abuse/dependence had the highest
loading on the antisocial/substance use factor (0.95 for
MLR; 0.96 for WLSMV). Also, AAB had the lowest load-
ings on both factors with standardized loadings of 0.45
(MLR) and 0.45 (WLSMV) on the disruptive/antisocial
behavior factor and 0.44 (MLR) and 0.46 (WLSMV) on

the antisocial/substance use factor. Item parameter estimates
and information curves for model 2d are available from the
first author.

A second interpretation of model 2d could be that AAB
was not a good indicator of either factor. Secondary analyses
of model 2d without AAB also provided an excellent fit to
the observed data (χ2 (8) 0 10.76 (p00.22), CFI/TLI 0 0.99/
0.97, and RMSEA 0 0.022), suggesting the multidimension-
ality of externalizing disorders can be characterized by a
disruptive behavior (ODD, ADHD, and CD) factor and a
substance use factor without the inclusion of AAB. Another
alternative model could be estimated with a single higher-
order factor indicated by the disruptive behavior factor
(ODD, ADHD, and CD), the substance use factor, and
AAB. This model also provided a reasonable fit to the data
(χ2 (13) 0 26.05 (p00.02), CFI/TLI 0 0.95/0.92, and
RMSEA 0 0.037) with all factor loadings exceeding 0.65.
Thus, AAB was strongly associated with both disruptive
behaviors and SUD, but AAB is not necessary to define
the structure of externalizing behavior delineated by disrup-
tive behaviors and substance use.

To examine the covariation between disruptive behaviors,
substance use, and AAB, without including AAB as an indi-
cator, we conducted additional analyses with AAB symptoms
regressed on the disruptive behaviors and substance use fac-
tors. Squared semi-partial correlation coefficients indicated
that 12 % of the variance in AAB was explained by shared
variance between the disruptive behaviors and substance use
factors, 5 % of the variance in AAB was uniquely explained
by disruptive behaviors, and 8 % of the variance in AAB was
uniquely explained by substance use. These results highlight
that while AAB was correlated with CD, ODD, ADHD, and
SUD, there was also a good deal of variance (75 %) that was
not explained by these externalizing disorders. Likewise, only
31% of the variance in the substance use factor was shared by
the disruptive behaviors factor, supporting the notion that a
single externalizing dimension may not be sufficient to
explain covariation between these disorders.

Replication of Model 2d and Alternative Models
in the NCS-R Sample

A final goal of the current study was to determine whether
the confirmatory factor model of externalizing disorders
selected in the current study, model 2d, would replicate in
a different sample. To accomplish this goal we estimated the
series of confirmatory factor models described above (see
Fig. 1) using data from the NCS-R. Results from the con-
firmatory factor models of the NCS-R data are provided in
Table 3. Consistent with the Fast Track sample analyses,
model 2d provided an excellent fit to the data based on all
indicators. Models 2a, 2c and the three-factor model also
provided an excellent fit. Nested model testing indicated
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that removing the cross-loading in model 2a and 2c did
result in a significant decrement in model fit compared to
model 2d (model 2a: Δχ2 (1) 0 9.76, p00.002; model 2c:
Δχ2 (1) 0 51.30, p<0.0001). As in the Fast Track sample,
the three-factor model was very similar to model 2a with a
0.76 correlation between the first two factors of the three-
factor model, suggesting that model 2a could be selected as
a more parsimonious alternative model.

There were some differences in the factor loadings for the
NCS-R model 2d (right of the path in Fig. 2), in comparison
to the Fast Track sample results (left of the path in Fig. 2). In
the NCS-R two-factor model, CD had the highest loading on
the disruptive behavior factor (WLSMV standardized load-
ing 0 0.91), and drug abuse/dependence had the highest
loading on the antisocial/substance use factor (WLSMV
standardized loading 0 0.94). Again, AAB had the lowest
loadings on both factors.

The secondary analyses of model 2d without AAB also
provided an excellent fit to the observed data in the NCS-R
sample (χ2 (4) 0 19.27 (p00.0007), CFI/TLI 0 0.99/0.98,
and RMSEA 0 0.028), suggesting that AAB could be ex-
cluded from the model without significant decrement of

model interpretation or fit. The second alternative model
with a single higher-order factor indicated by the disruptive
behavior factor, the substance use factor, and AAB also
provided a reasonable fit to the data in the NCS-R sample
(χ2 (8) 0 23.62 (p00.002), CFI/TLI 0 0.99/0.99, and
RMSEA 0 0.018) with all factor loadings exceeding 0.57
in the NCS-R sample. Thus, AAB could be considered
strongly associated with both disruptive behaviors and
SUD, but AAB is not necessary to define the structure of
externalizing behavior delineated by disruptive behaviors
and substance use.

Discussion

The goal of the current study was to replicate and extend
recent evaluations of the externalizing spectrum, which have
advocated that a single dimensional externalizing latent
factor can explain the covariation in externalizing behavior
disorders (Krueger et al. 2005; Markon and Krueger 2005).
The results from the present research provide additional
support for a dimensional conceptualization of externalizing

Table 3 Summary of model fit indices for the replication of confirmatory factor models using the NCS-R data (N05,692)

Model χ 2 (df) CFI TLI RMSEA βF1 with F2 βF1- F3/F2-F3

CFA 1 factor 138.27 (9), p<0.001 0.94 0.89 0.049 – –

CFA 2fa: ADHD/ODD/CD/AAB vs. SUD 37.75 (8), p<0.001 0.99 0.97 0.025 0.56 –

CFA 2fb: ADHD/ODD vs. CD/AAB/SUD 114.83 (8), p<0.001 0.95 0.90 0.047 0.61 –

CFA 2fc: ADHD/ODD/CD vs. AAB/SUD 51.30 (8), p<0.001 0.98 0.96 0.030 0.57 –

CFA 2fd: ADHD/ODD/CD/AAB vs. AAB/SUD 26.89 (7), p00.0003 0.99 0.98 0.022 0.50 –

CFA 3f: ADHD/ODD vs. CD/AAB vs. SUD 19.95(6), p00.003 0.99 0.99 0.020 0.76 0.35/0.63

CFA Confirmatory factor analysis; ADHD Attention-deficit hyperactivity disorder; ODD Oppositional defiant disorder; CD Conduct disorder; AAB
Adult antisocial behavior; SUD substance use disorders; β correlation between factors

Fig. 2 Model 2d factor loadings (estimated using WLSMV) for the
Fast Track sample (left side of each path) and the NCS-R sample (right
side of each path). The factor loading for the MJ variable was not
available (n.a.) for the NCS-R data because the NCS-R only included a

measure of drug abuse or dependence and did not include a separate
measure of marijuana abuse or dependence. AAB 0 Adult antisocial
behavior; ALC 0 Alcohol abuse or dependence; MJ 0Marijuana abuse
or dependence; DRG 0 Other substance abuse or dependence
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disorders. However, consistent with recent work by Farmer
and colleagues (2009), findings from the current study sug-
gested that a single latent factor was not sufficient to explain
the covariation in externalizing disorders across two separate
samples, particularly when childhood-onset disorders are con-
sidered. Results from our study provide support for a two-
factor model of externalizing psychopathology characterized
by a factor of hyperactivity/impulsivity, oppositionality, and
conduct disorder/antisocial behaviors, that is correlated with a
factor of antisocial and substance use disorders.

Antisocial personality characteristics could be included
as a symptom indicator of both hyperactive/oppositional
behavior disorders and SUDs. However, covariation be-
tween ADHD, ODD, and CD were distinguished from co-
variation in SUDs whether or not AAB was included in the
model. In fact, all of the models that incorporated ADHD,
ODD, and CD diagnoses as factors separate from SUD
(models 2fa, 2fc, 2fd, 3f) provided an excellent fit to the
data based on all indicators in both the Fast Track and NCS-
R samples, and all of these models distinguished ADHD,
ODD, and CD from SUD. Models that provided the worst fit
to the data across both samples (model 2fb, 1f) included
SUD with CD and AAB (model 2fb) or all externalizing
disorders (model 1f) as indicators of a single latent factor.

Comparison of Current Results to Prior Studies
of the Externalizing Spectrum

Findings from the current study were consistent with previ-
ous studies that have concluded dimensional models of
externalizing psychopathology provide a better fit than cat-
egorical models (Krueger et al. 2005; Markon and Krueger
2005). The current study extends this work by demonstrat-
ing that ODD and ADHD can also be considered part of a
dimensional model of externalizing disorders, which is con-
sistent with descriptions of the externalizing spectrum in a
developmental context (Tackett 2010). The prior work by
Krueger (Krueger et al. 2005; Markon and Krueger 2005)
has found CD to load on a single externalizing factor with
ASPD and SUDs, but that prior work has not considered
other externalizing behaviors that tend to precede ASPD and
SUDs developmentally. Given the stability of externalizing
behavior symptoms over time, as well as the possibility of
shared etiologies (e.g., trait impulsivity; Beauchaine et al.
2010), it is important to consider the full spectrum of
externalizing behaviors in models of the “externalizing
spectrum.”

Moreover, our findings suggest that when ADHD and
ODD are included in the broader externalizing spectrummod-
el, they load onto a factor with CD. These findings are con-
sistent with research that has supported Achenbach’s (1966)
hierarchical classification of internalizing and externalizing

behavior disorders and are also consistent with the documen-
tation of high rates of comorbidity among ADHD, CD, and
ODD (e.g., Burt et al. 2005), recent genetic analyses (Tuvblad
et al. 2009), and a biological vulnerability-by-environmental
risk model of externalizing disorders (Kendler et al. 2011).
Importantly, the fact that ADHD and ODD loaded on a single
factor with CD in the current study does not imply that
ADHD, ODD, and CD should be “lumped” together. The
current findings imply that there is shared variance among
the disorders but important distinctions between ADHD,
ODD, and CD have been noted (Bezdjian et al. 2011).

The second externalizing factor was represented by co-
variance between AAB and SUD. Although highly correlat-
ed with the disruptive/antisocial behaviors factor (r00.50),
these findings suggest that covariation between AAB and
SUD can be modeled separately from the externalizing
behaviors commonly observed in childhood. Thus, SUD
may be influenced by early externalizing behaviors, but it
may not be accurate to describe SUD as an adolescent/adult
manifestation of early externalizing behaviors. Multiple oth-
er factors, such as parenting, peer networks, physiological
sensitivity to the effects of alcohol and drugs (Chassin et al.
2002) and other developmental pathways [e.g., depression
or anxiety (Kaplow et al. 2001)] have been connected to
risk for SUDs and it may be that SUD did not load onto
the same factor as CD/ODD or ADHD because of varia-
tion in how individuals follow pathways from early ex-
ternalizing disorders to later SUD. It is also the case that
different trajectories of substance use onset and persis-
tence have been described (e.g., Jackson et al. 2008) and
different trajectories of substance use may be uniquely related
to different trajectories of disruptive behaviors (Marti et al.
2010; Wu et al. 2010).

Limitations

The primary limitation of the current study was the mea-
surement of psychiatric diagnoses in the Fast Track and
NCS-R samples. Consistent with many longitudinal studies,
the Fast Track study used different measurement procedures
across time, with both the decision rules for the diagnoses
and the reporter changing over time. The fact that some
individuals (African Americans, individuals with a lifetime
diagnosis of ADHD or ODD) were more likely to be miss-
ing data on the AAB assessment is also a limitation. The
replication of models in the NCS-R data, which was based
on a single assessment device and single reporter, helps
mitigate some of these concerns. However, an important
limitation of the NCS-R data was that diagnoses were based
on recall of childhood behavior problems, which could
reduce the accuracy of diagnoses (Barkley et al. 2002).
Likewise, the AAB variable derived from the Fast Track
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and NCS-R data was not based on full DSM-IV symptoms
of ASPD. More importantly, across both samples the dimen-
sionality of the externalizing spectrum was evaluated using
diagnosis-driven measurement with presence or absence
of certain symptoms as indicators of diagnosis. It may
have been preferable to use scales or behavioral meas-
ures since these measures might be more sensitive to
continuous differences in externalizing behaviors. The
Fast Track models described in this study were success-
fully replicated with continuous criterion counts (results
available from the first author), but the criterion counts
are still based on the DSM system. Consistent with prior
categorical-dimensional examinations of the externaliz-
ing spectrum (e.g., Krueger et al. 2005; Markon and
Krueger 2005), we did not evaluate the externalizing
spectrum model over time. Specifically, measurement
limitations in both the Fast Track data (potential for
non-invariance over time) and NCS-R data (only life-
time diagnoses) led us to rely on lifetime diagnoses and
we did not examine developmental changes in external-
izing symptoms. Importantly, recent work by our re-
search team (King et al. 2012) found support for our
dimensional model of the externalizing spectrum mea-
sured prospectively in the Fast Track data from child-
hood to young adulthood. Results indicated clear auto-
regressive pathways whereby covariation among exter-
nalizing symptoms in earlier years (starting in kinder-
garten) was prospectively related to the covariation in
later years through age 20.

A third limitation of the current study was that countless
alternative models could have provided an equal or better fit
to the data and a well-fitting model is not necessarily free of
misspecifications (Tomarken and Waller 2003). Replication
of the factor structure in the NCS-R data provides evidence
in support of the model identified in the Fast Track data. Yet,
alternative modeling approaches (e.g., bifactor models)
might also provide a useful characterization of the external-
izing spectrum.

Implications for DSM-5

It was proposed that DSM-5 include a section on the dimen-
sionality of externalizing behavior disorders (Krueger and
South 2009), incorporating CD, SUD, and perhaps border-
line personality disorder and ADHD, into a single external-
izing cluster. However this proposal was based on studies
that only considered a single dimension of externalizing
behavior, whereas our results suggest that a multidimension-
al approach might be necessary. In contrast to previous
proposals put forward by Krueger and his colleagues
(2005), our results indicate that ADHD, CD and ODD
should be considered as relatively distinct from (though
related to) SUD, with AAB sharing commonalities with

both. Such a multidimensional perspective on externalizing
disorders implies that there may be different etiological or
developmental pathways to and from the disruptive and anti-
social factor, as compared to the antisocial and SUD factor.
Thus, considering CD and SUD to be part of the same unidi-
mensional factor (see Krueger et al. 2005; Markon and
Krueger 2005) may obscure these distinct pathways.

Considering distinct but related factors for CD and SUD
would acknowledge that SUD can also be identified as
an indicator of internalizing disorders (e.g., Kendler et al.
2011). Similarly, recent work has found that ODD is multi-
dimensional with multiple etiologies and distinct develop-
mental pathways that may differ by gender (Burke and
Loeber 2010; Rowe et al. 2010). ODD can be characterized
by both affective and behavioral symptoms, with the affective
symptoms being predictive of later depression (“internalizing”)
and the behavioral symptoms being associated with CD and
aggressive behaviors (“externalizing”; Burke and Loeber
2010). These findings have led for a call to maintain distinc-
tions between ODD and CD in DSM-5 (Rowe et al. 2010).
Results from the current study should be replicated prior to
making any statements about changes to the DSM-5, particu-
larly given the conceptual and practical issues involved in
changing a diagnostic system.

Conclusions and Future Directions

In order to gain a better understanding of the structure of
psychopathology in a way that will significantly advance
research and treatment, quantitative investigations need to
be extended beyond the goals of the current study, which
focused on symptom/disorder overlap, and towards the goal
of understanding the broader etiology and progression of
psychopathology over time. Future research on the risk and
protective factors and identification of subordinate factors
within the externalizing factors could also provide valuable
information on how externalizing psychopathology may be
modified over time. For example, research has identified
subtypes of CD (Tackett et al. 2003), ADHD (Todd et al.
2001), ODD (Rowe et al. 2010), and SUD (Winters et al.
2008) and these different subtypes might respond differently
to specific treatments or be identified by distinct pheno-
types. Estimating subordinate factors that cut across di-
agnostic categories could help characterize individuals at
the level of behavior, or even better at the level of
common vulnerabilities (Beauchaine et al. 2010), rather
than at the level of disorder. Such theoretically-informed,
quantitative investigations that take a multidimensional
approach to measuring externalizing psychopathology
may provide a better approximation of externalizing
symptomatology and will inform future research on the
etiology, prevention, and treatment of externalizing behavior
problems.
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