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Abstract

An understanding of the latent structure of oppositional defiant disorder (ODD) is essential for
better developing causal models, improving diagnostic and assessment procedures, and enhancing
treatments for the disorder. Although much research has focused on ODD—including recent
studies informing the diagnostic criteria for DSM-5—research examining the latent structure of
ODD is sparse, and no known study has specifically undertaken a taxometric analysis to address
the issue of whether ODD is a categorical or dimensional construct. To address this gap, the
authors conducted two separate studies using a set of taxometric analyses with data from the
NICHD Study of Early Child Care and Youth Development (child study; A//=969) and with data
from a large mixed sample of adults, which included participants reporting psychiatric difficulties
as well as healthy controls (adult study; A/= 600). The results of a variety of non-redundant
analyses across both studies revealed a dimensional latent structure for ODD symptoms among
both children and adults. These findings are consistent with previous studies that have examined
latent structure of related constructs (e.g., aggression, antisocial behavior) as well as studies that
have examined the dimensional versus categorical structure of ODD using methods other than
taxometric analysis.
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Introduction

Oppositional defiant disorder (ODD), a common childhood disorder marked by
argumentativeness, hostility, and noncompliance, has been tied to concurrent and future
academic, social, and behavioral difficulties (Burke et al., 2010; Greene et al., 2002). Many
children with ODD later meet criteria for conduct disorder (CD; Burke et al., 2010),
including engaging in serious violent or criminal behavior and experiencing legal and
substance use problems (Loeber et al., 2010). With the recent release of, the DSM-5 (APA,
2013), there has been renewed discussion of the appropriateness of a categorical versus
dimensional classification of behavioral disorders and questions about whether appropriate
statistical procedures were used to inform these decisions (Walters, 2013). Although ODD
has received much attention in the literature—including issues related to changes in DSM-5
(e.g., Pardini et al., 2010)—research on its latent structure is in its infancy (Frick and Nigg,
2012). Specifically, does ODD exist on a continuum, or is it a qualitatively discrete
condition that is either present or absent? Although researchers have called for
investigations to advance our understanding of the clinical utility of a dimensional versus
categorical conceptualization of ODD (e.g., Pardini et al., 2010), most research has focused
on outcomes based on those conceptualizations, whereas the specific question regarding the
latent structure of ODD itself remains largely unanswered by the literature.

Such a question is important to answer in that determining the latent structure of ODD will
(@) help to further refine the diagnostic criteria for ODD, (b) aid with the development of
instruments used to assess symptoms of ODD, (c) have implications for understanding the
etiology of ODD, and (d) contribute to the development of treatments for children with
ODD. For example, knowing the latent structure of ODD can inform whether psychometric
research should focus on determining the most accurate cut score for case assignment (if
taxonic) or on examining the correlates of a measure (if dimensional). Furthermore,
dimensional findings could support the study of subclinical populations for understanding
the etiology and treatment of ODD, whereas a taxonic structure would indicate that research
on ODD should be limited to those who meet full diagnostic criteria (see Ruscio and Ruscio,
2004). Thus, a better understanding of the latent structure of the disorder has obvious
clinical implications. Furthermore, it is an important issue for research given that most
studies use a dimensional approach to symptom measurement (Frick and Nigg, 2012)
despite the categorical treatment of ODD in the DSM-5 (APA, 2013) and its predecessor the
DSM-IV-TR (APA, 2000), the latter of which did not even include an ODD severity index
(Pardini et al., 2013). As such, evidence for a dimensional latent structure of ODD would
bolster the decision to treat measurement of the construct on a continuum. Likewise, use of a
categorical classification (particularly a dichotomy, such as having a diagnosis or not) for a
naturally dimensional construct, would minimize the predictive validity of measures
assessing that construct when they are used to form categories (cf. Fergusson et al., 2010).
Thus, evidence of a dimensional latent structure of ODD would contraindicate the
dichotomization of otherwise continuous measures for the purposes of forming groups (i.e.,
with and without ODD) in research.

Despite the obvious advantages of detecting whether ODD is categorical (taxonic) or is the
extreme of an underlying existing continuum (dimensional), research investigating the latent
structure of ODD is sparse. Some researchers have examined questions pertinent to the
issue. For example, Fergusson et al. (2010) examined the differential relation between ODD
among older adolescents (14 to 16 years) and outcomes during late adolescence and early
adulthood (primarily 18 to 25 years) when treating ODD dimensionally (i.e., symptom
counts based on either self- or mother-report) versus categorically (i.e., meeting diagnostic
criteria based on endorsement of four or more symptoms in a given 12-month period by
either respondent). Even when controlling for a range of covariate factors, the associations
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between ODD and a host of subsequent potentially related outcomes—including property
and violent offenses, arrests, substance use, mental health disorders, pregnancy or
parenthood by age 20, interpartner violence, and poor educational or employment outcomes
—were consistently higher when ODD was treated dimensionally. Furthermore, on average,
the categorical models estimated only about a half as much variance in the outcomes as the
dimensional models.

Such findings are consistent with research on other externalizing behavior problems [e.g.,
attention-deficit/hyperactivity disorder (ADHD); Frazier et al., 2007; Marcus and Barry,
2011], indicating that dimensional models demonstrate stronger validity coefficients with
criterion measures than dichotomous models. Other studies (e.g., Fergusson and Horwood,
1995) also have found that dimensional measures of externalizing behavior, defined more
broadly, are better predictors of subsequent problems than are categories of diagnoses and
that associated features, and outcomes appear to relate to such behaviors in a linear fashion.
Despite the compelling nature of such studies and the support they render for a dimensional
approach to assessing ODD, they, nevertheless, do not directly address the issue of the latent
structure of ODD. For example, ODD may have a categorical latent structure even if there
are varying levels of severity within the taxon. Such a latent structure would not be
inconsistent with the research to date finding that a dimensional treatment of ODD better
predicts outcomes. To more directly address the issue of its underlying structure, taxometric
analyses, which allow an examination of the latent structure of a theoretical construct via a
set of indicators for that construct, can be used (Meehl, 1995; Waller and Meehl, 1998).

Although no known study to date has used taxometric analyses to examine ODD, taxometric
studies of other externalizing problems including attention-deficit/hyperactivity disorder (as
well as inattention and hyperactivity/impulsivity separately) in children (Marcus and Barry,
2011) and adults (Marcus et al., 2012), juvenile psychopathy (Edens et al., 2011; Murrie et
al., 2007), and antisocial personality disorder (Walters, 2009) have revealed support for a
dimensional structure for these problems. Another study made use of self- and teacher-
reports to examine the latent structure of childhood aggression, a correlate of ODD, and
concluded that childhood aggression also exists on a continuum (Walters et al., 2010b).

Even more relevant to the structure of ODD, a recent study by Witkiewitz et al. (2013)
utilized factor mixture modeling (FMM) to examine lifetime diagnoses (i.e., data collected
longitudinally) of externalizing disorders (ODD, CD, ADHD, substance use disorders, and
adult antisocial behavior) along the dimensional-categorical spectrum. Fully continuous
latent variable models fit the observed data better than fully categorical or mixed models.
Furthermore, ODD fell on a factor with ADHD, CD, and adult antisocial behavior, whereas
another factor emerged for substance use disorders and adult antisocial behavior (i.e., adult
antisocial behavior shared variance with both factors). The findings by Witkiewitz et al.
(2013) suggest that ODD, at least within the context of other externalizing disorders across
the period from age 6 years to early adulthood, has a dimensional latent structure.
Nonetheless, research specifically examining the latent structure of ODD is needed. In fact,
replicating such findings using taxometric analyses would be ideal given that taxometric
procedures and FMM are mathematically distinct, are based on different sets of
assumptions, and may arrive at qualitatively different results that are not directly comparable
—even when using the same data for one construct (e.g., FMM may yield a 3 group
structure, whereas taxometric methods can only result in either a dimensional or a 2 group
structure; Lubke and Muthén, 2005; Waller and Meehl, 1998; but see McGrath and Walters,
2012; Walters et al., 2010a for ways to integrate taxometrics with other latent modeling
methods to identify polytomous constructs).
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DSM-5 has tweaked the diagnostic criteria so that the symptoms better capture ODD among
adults (e.g., adding “authority figures” not just “adults” to the “often argues” criterion; APA,
2013, p. 462). Likewise, recent studies have examined ODD symptoms among adults (e.g.,
Harpold et al., 2007; Reimherr et al., 2013; Witkiewitz et al., 2013) and concluded that ODD
is a valid diagnosis for adults and is relatively common among adults, especially those with
ADHD. Still, the preponderance of studies on ODD have been conducted on child and
adolescent samples. When examining the issue of the underlying structure of the disorder
itself, however, it is apropos to do so within both a child sample and an adult sample to
address developmental questions that have been raised in the research (e.g., Frick and Nigg,
2012).

The primary objective of the present set of studies is to address the gap in the literature
regarding our understanding of the latent structure of ODD through an examination using
taxometric analyses. Furthermore, to consider a developmental perspective, data from both a
large child community sample and data from a large adult mixed psychiatric/control sample
were used. Each of the two data sets included a measure directly assessing the eight
symptoms (i.e., indicators) of ODD. For the child data set, multiple informants (including
mother- and teacher-reports) were available; for the adult data set, ratings were self-report of
current symptoms.

Participants—Data on ODD symptom ratings from at least one informant (mother or
teacher) were provided on 969 children who participated in Phase 111 of the NICHD Study of
Early Child Care and Youth Development (SECCYD), a study that ran from birth through
sixth grade. The SECCYD sample comprises a diverse group of children born in 1991 in 10
locations across the United States. The taxometric analyses were conducted using data
collected when the children were in sixth grade. Details about how the participants were
sampled, data collection procedures, and the demographics of the group can be found in the
NICHD Early Child Care Research Network (2005).

Measure—Disruptive Behavior Disorders Questionnaire (DBQ); Pelham et al., 1992).
This scale includes all 8 DSM-1V-TR symptoms of ODD rated on a 0-3 Likert scale and is
consistent with the 8 DSM-5 symptoms (APA, 2013). Two versions of the DBQ—parent
(mother as informant) and teacher—were used as primary indicators of ODD. The mothers
and teachers completed the DBQ independently. Although data were available for 969
children, both mother- and teacher-reports were available for 571 children, teacher-report
only was available for 254 children, and mother-report only was available for 144 children.
Inter-rater reliability for the two raters (n=571) was r= .30, p< .001, /CC = .20; this
magnitude is consistent with the moderate correlations typically found between mothers and
teachers when rating child behaviors (Frick et al., 2010). The mother- and teacher-reports
were combined by using the higher scoring response for each item, a common method for
combining data from multiple informants (Bird et al., 1992; Piacentini et al., 1992). In the
cases where only one informant’s report was available, the ratings from that informant
(mother or teacher) were used. These combined ODD items were internally consistent in the
current sample (a =.92).

Taxometric Data Analysis—We used mean above minus mean below a cut (MAMBAC,;
Meehl and Yonce, 1994), maximum eigenvalue (MAXEIG; Waller and Meehl, 1998), and
latent mode (L-Mode; Waller and Meehl, 1998) for the taxometric analyses reported in this
study and in Study 2. These three taxometric procedures are non-redundant, so consistent
results across all three procedures provides compelling evidence for the study's findings. In
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MAMBAC, one variable is selected as the input indicator, and the data are sorted along the
x-axis using this indicator. A series of cuts are then made along the x-axis (50 in the current
studies), and at each cut, the difference between the mean of the output variable above the
cut and the mean of the output variable below the cut is plotted along the j~axis. Because the
indicators in both studies were eight individual items (i.e., the ODD symptoms), the input
indicator was constructed by summing the seven items that were not used as the output
indicator (Walters and Ruscio, 2009). The MAMBAC analysis is then repeated selecting a
different item as the output indicator, resulting in eight MAMBAC graphs for each study. A
taxonic construct should yield graphs with an inverse U-shape, with the highest point
representing the taxon base rate. A dimensional construct prototypically yields a U-shaped
curve.

In MAXEIG, the sample is also sorted along the x-axis using an input indicator, but here the
sample is divided into a series of overlapping windows (25 windows with .90 overlap in the
current studies, Walters and Ruscio, 2010). For each slice, the y~axis value is the eigenvalue
of the first principle component from a principal component analysis of the other seven
output variables, generating eight MAXEIG graphs for each study. If the construct is
taxonic, the slices that are more evenly divided between taxon and complement members
should have the largest eigenvalues, yielding a graph with an inverse U-shape, with the peak
representing the taxon base rate. A U-shaped, flat, or irregular MAXEIG graph is indicative
of a dimensional construct. Finally, all eight indicators are factor analyzed, and scores on the
first principal factor are graphed in L-Mode. A taxonic L-Mode graph is bimodal, whereas a
dimensional L-Mode graph is unimodal or irregular (see Ruscio et al., 2006 for additional
details regarding these taxometric procedures).

It is often difficult to interpret taxometric graphs because factors other than the construct's
latent structure (e.g., skew, correlations among the indicators) can influence the shape of
these graphs. To guide the interpretation of taxometric graphs, one strategy that has received
considerable empirical support is to simulate data sets that reproduce many of the features of
the actual data while varying its latent structure (taxonic or dimensional). These simulated
data sets can then be analyzed using MAMBAC, MAXEIG, and L-Mode (Ruscio et al.,
2007), and the graphs can be compared to the graphs from the research data. In each of the
present studies, we generated 100 samples of simulated taxonic and dimensional comparison
data and used comparison curve fit indices (CCFI) to assess the goodness-of-fit between the
research data and the simulated taxonic and dimensional graphs. CCFI values greater than .
55 support a taxonic structure, and those less than .45 support a dimensional latent structure.
In a Monte Carlo study using 100,000 data sets, the latent structure was correctly classified
99.9% of the time when the three taxometric procedures all yielded CCFls greater than .55
or less than .45 (Ruscio et al., 2010). Ruscio’s (2012) program for R was used to conduct the
taxometric analyses.

The indicators used for a set of taxometric analyses should demonstrate at least 1.25
standard deviation units (SDU) of separation between the presumptive taxon and
complement groups (Meehl, 1995). In the SECCYD sample, 94 (9.7%) of the children met
the DSM-1V-TR criteria for ODD based on the mother and teacher responses to the DBQ,
which is within the range of prevalence rates of ODD in the general population (1 to 11%;
APA, 2013; Canino et al., 2010)—and is generally consistent with an estimate in the United
States based on a structured diagnostic interview (7.1%; Canino et al., 2010). Using these
case classifications, the eight DBQ items had excellent indicator validity (Table 1, which
also includes the average correlations among the eight indicators in the full sample, the
putative taxon group, and the putative complement group). Alternatively, when the
MAMBAC and MAXEIG procedures were used to generate a base rate estimate, this
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average estimate of 19% also yielded strong indicator coefficients (Table 1). Each set of
taxometric analyses was run twice, first using simulated taxonic data derived from the
diagnostic classifications and second using simulated taxonic data based on the average base
rate estimates from MAMBAC and MAXEIG (the graphs provided in Figures 1 and 2 are
from the first sets of simulated data).

All eight MAMBAC curves had a rising cusp on the right side of the graph, which could
result from either a low base rate taxon or positively skewed indicators. However, the
average of these eight curves appeared considerably more similar to the simulated
dimensional data than to the simulated taxonic data, and the CCFls (Table 1) confirmed the
similarity to the simulated dimensional data (Figure 1, top panel). Similarly, the eight
MAXEIG graphs all appeared to rise on the right side of the graph without demonstrating a
clear peak. Again, the average MAXEIG curve was more similar to the simulated
dimensional data than to the simulated taxonic data, (Figure 1, middle panel). Finally, the L-
Mode graph was unimodal and appeared more similar to the simulated dimensional data
(Figure 1, bottom panel).

Participants—The participants were 600 physically healthy subjects who were evaluated
as part of a larger research program examining the correlates of impulsive and aggressive
behaviors. Roughly 70% of the sample (7= 432) were recruited from clinical settings or
through newspaper advertisements seeking individuals with psychiatric difficulties. The
remaining 168 participants were healthy controls who reported little evidence of
psychopathology.

Most of the participants were Caucasian (55.8%), followed by African-American (33.7%).
There were slightly more men (53.7%; mean age 35.3 years) than women (mean age 34.2
years) in the sample. This same sample was also used in a recent taxometric study of the
latent structure of adult attention deficit/hyperactivity disorder (Marcus et al., 2012).
Additional details about the demographic features, diagnostic assessment, and study
procedures may be found in that report.

Measure—The Self-Report Wender-Reimherr Adult Attention Deficit Disorder Scale (SR-
WRAADDS; Reimherr et al., 2007) also includes eight items that correspond to the eight
DSM-IV-TR ODD symptoms rated on a 0-3 Likert-type scale. Thus, in format and content,
the SR-WRAADDS ODD items correspond directly to the DBQ ODD items. It should be
noted that respondents to the SR-WRAADDS answer based on their current adult behavior,
not retrospectively; thus, it examined adult ODD symptoms. These ODD items were
internally consistent in the current sample (a =.92).

One hundred twenty-four participants (20.7%) met the diagnostic threshold for ODD on the
WRAADDS. Using these case assignments to estimate indicator validity, the eight SR-
WRAADDS ODD items had very good indicator validity (Table 1). Alternatively, when the
MAMBAC and MAXEIG procedures were used to generate a base rate estimate, this
average estimate of 23% also yielded strong indicator coefficients (Table 1).

As was the case with the child ODD data, all eight MAMBAC curves had a rising cusp on
the right side of the graph. Once again, the average of these eight curves was more similar to
the simulated dimensional data than to the simulated taxonic data (Table 1; Figure 2, top
panel). Four of the eight MAXEIG graphs were flat, and the other four graphs all appeared
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to rise on the right side of the graph without demonstrating a clear peak. Again, the average
MAXEIG curve was more similar to the simulated dimensional data than to the simulated
taxonic data, (Table 1; Figure 2, middle panel). The L-Mode graph was unimodal and was
more similar to the simulated dimensional data, (Table 1; Figure 2, bottom panel).

Because the full sample included both a clinical sample and a healthy control group, we
repeated the taxometric analyses limited to the 432 clinical subjects. In this clinical sample
28.7 met the diagnostic criteria for ODD. These analyses also yielded consistently
dimensional results (Table 1).

The results from both a large community-based child sample and a large mixed psychiatric/
control adult sample converged on a dimensional model of ODD. These findings, which
included robust indicator validity coefficients and consistently low CCFls, indicate that
ODD should be assessed and diagnosed along a continuum and that attempts to distinguish
between clinical and subclinical levels of ODD are likely to be arbitrary. Diagnostic
classification systems need to better recognize the dimensionality of constructs, such as
ODD, in an effort to improve how such systems are used in guiding decisions for individuals
(Frick and Nigg, 2012). The recently published DSM-5 (APA, 2013) still yields a discrete
diagnosis of ODD based on meeting a criterion number of symptoms and, thus, passing the
symptom threshold for the disorder (versus not having the diagnosis). That is, a DSM-5
diagnosis of ODD is based on a dichotomized, categorical decision. Somewhat improved
over its predecessor, an ODD diagnosis in DSM-5 includes a current severity index (mild,
moderate, or severe, which is a required specifier for the diagnosis; APA, 2013), which at
least recognizes dimensionality within the disorder. However, severity is based on number
of settings in which symptoms and impairment take place (i.e., pervasiveness) once an
individual meets the diagnostic cut-off for the condition of ODD, rather than considering
subclinical levels of ODD. The latter consideration is the more pertinent one for a
dimensional latent structure of ODD.

Notably, our dimensional results converged with previous taxometric analyses of other
childhood externalizing disorders including childhood aggression (Walters et al., 2010),
childhood psychopathy (Edens et al., 2011; Murrie et al., 2007), and ADHD (Marcus and
Barry, 2011) as well as with FMM results of lifetime (child and adult) externalizing
disorders, which included ODD (Witkiewitz et al., 2013). Certainly, our findings for the
isolated construct of ODD within a child and adult cross-sectional sample using taxometric
analyses, combined with the Witkiewitz et al.”s (2013) findings for broadly defined
externalizing disorders (including ODD) within a longitudinal sample spanning from
childhood to adulthood using FMM, provide robust evidence for the dimensional structure
of ODD. Thus, it can be concluded that a diagnosis of ODD reflects a deviation in severity
of behaviors that are found, at some level, in typical development, rather than reflecting the
presence of some qualitatively distinct behavior that is typically not present.

Our findings of a higher base rate of ODD among the adult sample (20.7%) compared to the
child sample (9.7%) most likely reflects the different ways in which each sample was
recruited (i.e., an attempt to recruit a cross-section of children in the SECCYD samples
versus an attempt to oversample individuals with impulse and aggression problems in the
adult sample). However, the overall finding of a dimensional structure of ODD for both the
child and adult samples suggests that, the underlying structure of the construct remains the
same. Our findings have important implications for the assessment and diagnosis of ODD
across the lifespan and can inform further developments for treatments of the disorder for
children and adults. Specifically, dimensional approaches to the assessment of ODD, with
items that assess the full range of ODD symptomatology should be superior to assessment
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instruments designed to determine if respondents meet a diagnostic threshold (i.e.,
determining the ideal cut score for identifying those with ODD is likely to be a futile
exercise). Additionally, because dimensional constructs likely result from the combination
of multiple etiological factors, research on the etiology and treatment of ODD should focus
on identifying various risk factors that may contribute to the development of this set of
behaviors, instead of focusing on a single causal factor. Furthermore, research on ODD does
not need to be limited to clinical samples. Instead, community samples that include the full
range ODD severity may help inform this literature.

Despite its clear implications, our study has several limitations. We may have missed a very
low base rate ODD taxon. However, this possibility is unlikely given the size of the samples
and the expected base rate of ODD. Although a strength was the use of multiple informants
(mother and teacher), thereby circumventing the issue of mono-informant bias, data were
missing from one respondent for 398 of 969 (over 40%) of the children. Thus, the indicators
in the child study were a mix of mother/teacher-report [with the only the highest rating
considered for each item], mother-report only, or teacher-report only (the latter two taken
indiscriminately because data from the other respondent was missing). Although the ODD
items based on taking the highest rating at the item level (or taking the only item rating
available in the event one was missing) yielded excellent internal consistency, such a finding
is only a precursor for validity. Future research should continue to examine the latent
structure of ODD using multiple methods from multiple informants to provide further
evidence of the dimensional nature of this construct.
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Categorical Comparisonbata ~ Dimensional Comparison Data

Figure 1.
Average MAMBAC, MAXEIG, and L-Mode curves for the research data along with taxonic

and dimensional comparison data for the eight Disruptive Behavior Disorders Questionnaire
Oppositional Defiant Disorder items. For MAMBAC, the x-axis represents the cases ordered
along the input indicator, and the values along the y~axis are the mean differences on the
output indicator between those above the cut and those below the cut on the x-axis. For
MAXEIG, the data were ordered along the x-axis by the scores on the input indicator and
then grouped into 25 subsamples using overlapping windows (0.90 overlap). The y~axis is
the eigenvalue of the first principle component from a principal component analysis of the
output variables for each subsample. For L-Mode the x-axis is the scores on the first factor
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of a factor analysis of the indicator set, and the y~axis is the relative frequency of each score.
For all of the graphs, dark lines on the curves represent the actual data, the outer lines show
the minimum and maximum values generated by the 100 simulated data sets, with the grey
band containing the middle 50% of data points from these simulated data.
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Figure2.

Average MAMBAC, MAXEIG, and L-Mode curves for the research data along with taxonic
and dimensional comparison data for the eight Self-Report Wender-Reimherr Adult
Oppositional Defiant Disorder items. The axes of these graphs are the same as in Figure 1.
Dark lines on the curves represent the actual data, the outer lines show the minimum and
maximum values generated by the 100 simulated data sets, with the grey band containing the
middle 50% of data points from these simulated data.
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