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Opioid dependence latent structure: two classes with differing
severity?
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Abstract

Objective—To examine the structure of illicit opioid abuse and dependence within an opioid
dependent sample, and its relationship to other clinical variables.

Method—1511 opioid dependent participants underwent an interview covering substance use and
dependence, psychiatric history, child maltreatment, family background, adult violence and
criminal history. Dimensional, latent class and factor mixture models were fit to the abuse and
dependence data. Classes were then compared on a range of demographic and clinical covariates.

Results—A two class, one factor model provided the best fit of all the models tested. The two
classes differed with respect to endorsement probabilities on a range of abuse and dependence
criteria, and also with respect to the odds of other drug dependence diagnoses, antisocial
personality disorder, and non-fatal opioid overdose. Within class severity was associated with
similar variables: other drug dependence, borderline personality disorder, and opioid overdose.

Conclusion—In an in-treatment, opioid dependent sample, there appears to be two classes of
individuals exhibiting distinct patterns of abuse and dependence criteria endorsement and to differ
on externalizing but not internalizing disorders. This study provides preliminary evidence that the
proposed DSM-V opioid use disorder distinction between moderate and severely dependent
persons is valid. Class one participants were not only more severely dependent, but had greater
odds for opioid overdoses, other drug dependence, and ASPD.

1. Introduction

Opioid dependence is frequently associated with polydrug use, mental health disorders,
suicidality, overdose, criminal justice system involvement and early onset of substance use
and other externalizing behaviors [1-4]. The Diagnostic and Statistical Manual of Mental
Disorders (4™ edition, DSM-IV) assumes two hierarchically organized categories of opioid
use disorder: heroin abuse or heroin dependence [5]. To be diagnosed with opioid
dependence, three of seven dependence criteria must be met [5]. Thus, two people with
entirely different dependence symptoms may be given the same diagnosis [6]. An important
empirical and clinical question is whether or not these differences actually matter. Evidence
from the alcohol dependence diagnosis suggests that they do: different patterns of symptoms
and levels of severity are likely to be associated with different demographic and clinical
characteristics [7-9]. Thus, the current categorical approach to the diagnosis may not reflect
what could be a potentially variable expression of the disorder: many disorders, including
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opioid dependence, may be heterogeneous in both nosologically and clinically meaningful
ways. These differences may be important in understanding the course of the disorder and
treatment response. Moreover, there is increasing evidence that there is a dimensional aspect
associated with many mental disorders [10-13].

This raises a further empirical question of the most appropriate way to represent differences
within the opioid dependence diagnosis. One possibility is that the diagnosis is continuous
or dimensional and that the severity of opioid dependence is graded. For substance abuse
and dependence, most factor analysis studies have found that the criteria form a single
dimension [14-23].

A group of heterogeneous individuals may also be grouped into more homogenous classes
by applying latent class models. Latent class analysis is a categorical approach which
classifies individuals into more homogenous subgroups [24]. It has been used to examine
patterns of dependence symptom endorsement and other variables for cannabis, alcohol and
opioid analgesics [7, 9, 25, 26]. For both opioid analgesic dependence and cannabis use
disorder, the latent class models were suggestive of a severity spectrum [9, 26].

A third possibility is that there are discrete classes of individuals and that within each class
there is a dimensional trait that allows for within-class degrees of severity. This combination
of classes and dimensions has only recently been examined through factor mixture models
(otherwise known as hybrid models). The fit of these models can be compared with the fit of
dimensional and latent class models using fit indices such as likelihood-based tests or
information criteria [27, 28]. Such an approach has been used with alcohol, tobacco, and
performance and image enhancing drugs (PIEDs). These studies have found that the factor
mixture models provided the best fit when compared to dimensional and categorical models
[29-32].

These different conceptualizations of substance use disorders have implications for research
and clinical practice. Where a dimensional model provides a better fit than a categorical
model, it can provide richer information [33]. Within a unidimensional structure it is
possible to apply item response theory analysis to distinguish which criteria perform best in
terms of discriminating those who have the disorder versus those who don't, and whether the
criteria represent all levels of the severity spectrum. Such analysis has yielded useful
information about the performance of substance abuse and dependence criteria in the lead up
to DSM-V, [17-21, 34, 35] leading to the likely exclusion of the /egal criterion from
substance use disorders in DSM-V. However the application of a dimensional model to the
diagnosis will not provide valid information if it is not in fact a dimensional construct.

Earlier research has not directly compared dimensional, categorical and hybrid models of
opioid abuse and dependence criteria. If opioid abuse and dependence /s best represented as
a single latent severity trait, then increasing severity may be associated with other clinical
outcomes. Alternatively, if a categorical model provides the best representation of the
diagnosis and thus identifies more homogenous groups of individuals within the diagnosis,
those groups will have more similar opioid dependence symptoms but also potentially
different physical and mental health profiles [7, 25, 36]. Both models would provide
important clinical information and phenotypes for research that are not available under the
current diagnostic system. Therefore the aims of this paper are to:

1. Examine the structure of opioid abuse and dependence criteria within an opioid
dependent treatment sample using latent class analysis, factor analysis and factor
mixture modeling.
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2. Examine the relationship between severity or sub-types of opioid dependence and
other clinically relevant variables: other substance dependence diagnoses, mental
health, suicide attempts, opioid overdose, and demographic characteristics.
Examining the clinical covariates of opioid dependence is one way of externally
validating the structure identified in the first part of the analysis (comparing
categorical, dimensional and mixture models).

2.1. Procedure

This study used data from the Comorbidity and Trauma Study, a retrospective case-control
study examining genetic and environmental factors contributing to opioid dependence
severity. The study was funded by the National Institute of Drug Abuse, and was run in
collaboration with Washington University, the Queensland Institute of Medical Research,
and the National Drug and Alcohol Research Centre (NDARC), University of New South
Wales. Participants were recruited from opioid pharmacotherapy clinics in the greater
Sydney area. Written informed consent was obtained from all participants. Ethics approval
was obtained from the ethics committees of the University of New South Wales,
Washington University, the Queensland Institute of Medical Research, and the area health
service ethics committees governing the participating clinics. Participants were reimbursed
AU$50.00 for out-of-pocket expenses.

2.2. Participants

Participants were recruited from 34 out of 35 available public and private opioid
pharmacotherapy clinics in the greater Sydney region, New South Wales (NSW), between
November 2005 and March 2008. Participating clinics were located in urban, suburban,
regional and rural centres. An estimated 50% of opioid dependent persons in New South
Wales are in opioid replacement therapy (ORT) at any one time [37]. Participants in ORT in
New South Wales typically cycle in and out of treatment and many have tried several
treatment modalities, including drug-free residential rehabilitation, and detoxification [38].
Before being accepted for ORT in NSW, individuals are assessed for opioid dependence.
Respondents were eligible if they were aged 18 years or over; had an adequate
understanding of English (in order to provide informed consent and participate in a long
interview); and had participated in pharmacotherapy maintenance treatment for opioid
dependence. Participants reporting recent suicidal intent or who were found to be psychotic
were excluded from the study. A total of 1511 opioid dependent participants were
interviewed. An estimated 5900 patients were dosing at the 35 ORT clinics in the greater
Sydney area during the recruitment phase. Thus, the sample represents more than 25% of the
available clinical population.

Most participants (86.1 per cent) were in treatment at the time of interview. The median age
of initiation to heroin use was 18 years and the median age for first seeking treatment for
opioid dependence was 24 years. The median duration of opioid dependence was 8 years.
Males constituted 60.3 per cent of the sample (Table 1).

2.3. Structured interview

Each participant completed a 1.5 to 2.5 hour face-to-face structured interview. The
diagnostic sections of the interview were based on the Semi-Structured Assessment of the
Genetics of Alcoholism - Australia (SSAGA-0Z) and allow for lifetime DSM-1V and/or
DSM-I11-R diagnoses to be made for opioid abuse and dependence, alcohol, cannabis,
sedative, stimulants, and cocaine abuse and dependence, nicotine dependence, post-
traumatic stress disorder (PTSD), major depressive episode, panic disorder and antisocial
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personality disorder (ASPD) [39, 40]. A screener for borderline personality disorder (BPD)
was adapted from the International Personality Disorder Examination (IPDE) [41]. Sections
of the Christchurch Health and Development Study interview were modified to assess for
childhood trauma and adult victimization history [42]. Childhood trauma items assessed
sexual abuse and physical abuse and conflict between parents. Family history information
was collected using the Family History Assessment Module (FHAM) and the Family
History Screen (FHS) [43]. There was also an additional section on heroin use adapted from
the SSAGA-0Z [39, 40]. Information was also collected on suicidality, heroin overdose, and
heroin treatment history.

2.4, Statistical analysis

Confirmatory factor analysis (CFA), latent class analysis (LCA), and factor mixture models
(FMM) were applied to the 11 DSM-IV opioid abuse and dependence criteria (Table 3). The
models were also run without the /egal criterion, since it is likely to be excluded from
substance use disorders in DSM-V, in order to determine if this would make a difference to
the latent structure of the diagnosis. Although the DSM-1V separates abuse from
dependence, abuse and dependence criteria were included because many studies have found
that in general population and other samples, substance abuse and dependence criteria form
a unidimensional structure [15-17, 19, 21]. The abuse criteria were also included to provide
more information and an improved ability to grade people on a continuum of severity. In the
early stages of model development, exploratory factor analysis (EFA) is typically used
instead of CFA to determine the number of factors that best fit the data. However, many
studies over the past 20 years have confirmed that the substance abuse and dependence
criteria form either one or two factors [14-23]. In the current analysis, one and two factor
models were tested.

Latent class analysis is a person centred approach which is aimed at categorizing individuals
into groups where individuals are similar to one and another, and dissimilar across groups
[24]. Individuals are classified on the basis of a number of observed variables: in this
instance, their endorsement of opioid abuse and dependence criteria. Within each class,
conditional item probabilities provide information on the probability of an individual in that
class endorsing each item or criterion [28]. The current study tested latent class models with
two to five classes.

Factor mixture models combine a categorical representation of the data with dimensional
variation within each class [44]. The categorical latent variable identifies distinct groups in
the population, and the dimensional latent variable (or the factor) is used to describe a
continuum that exists within each class, for example, a severity continuum [28]. Models can
have different numbers of classes and factors. In this analysis, factor mixture models with
one to three classes were run. Conceptually, the 1 factor model can also be thought of as a 1
class, 1 factor model. To avoid confusion, the model will be referred to herein as a 1 class, 1
factor model. Models with one to three classes and one factor were tested: no further classes
were added as the 3 class, 1 factor model was an inferior fit compared to the models with
fewer classes.

A maximum likelihood estimator was used for all models. The Akaike Information Criterion
(AIC), the Bayesian Information Criterion (BIC), the sample size-adjusted Bayesian
Information Criterion (ABIC), and likelihood ratio tests (LRT) were used to choose the best
model. AIC, BIC and ABIC are global fit indices which combine goodness of fit (log-
likelihood value) and parsimony. A smaller value indicates better model fit. The bootstrap
likelihood ratio test (BLRT) and the Lo Mendell Rubin likelihood ratio test (LMR-LRT)
provide a p value which indicates whether the &1 class model is rejected in favour of the &
model [28]. Greater importance was given to the BIC and BLRT because they are typically
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more reliable than the AIC, and to a lesser extent, the ABIC and the Lo Mendell Rubin
likelihood ratio test (LMR-LRT) [28]. Although classification quality is not a useful means
of identifying the best fitting model, classification quality for the LCA and FMM was
evaluated using entropy. Entropy is a summary indicator of classification quality and ranges
from 0 to 1, with figures closer to 1 indicating higher classification quality [45].

FMM can be specified with class specific or class invariant parameters, such as factor
loadings, means, variances, and item thresholds. Different levels of measurement invariance
were tested for the 2 class, 1 factor model, including class specific thresholds, variances,
means and loadings, and various combinations of these (for instance, class specific
thresholds and loadings). In order to ensure that the model did not converge on local
maxima, all 2 class, 1 factor models were run with 200 initial stage random sets of starting
values, and 20 final stage optimizations. The best fitting FMM was subsequently run with
1000 initial stage random sets of starting values, 60 final stage optimizations and 60 initial
stage iterations. The final stage solutions all had the same loglikelihood value, suggesting
that the global maximum had been identified [45]. The model estimation terminated
normally.

Subsequently, the 2 class, 1 factor mixture model was run with covariates, with class
membership and the factor regressed on all covariates simultaneously. In Mplus, factor
mixture modelling with covariates takes into account the uncertainty of group membership
by using posterior class membership probabilities instead of taking class membership to be
certain. A more conservative alpha level of p<0.01 was used to correct for testing multiple
effects. The covariates were selected because the research literature indicates that they are
associated with long-term opioid dependence: age, male sex, a measure of opioid use (times
per day during heaviest period of use); suicide attempts; other substance dependence
diagnoses; and mental health variables (depression, PTSD, ASPD and BPD) [1, 46-48].
Some variables (alcohol, nicotine and stimulant dependence, employment status, and panic
disorder) were removed from the final model because they had not been significant in earlier
models. All analyses were conducted in Mplus version 5.0 [49].

3.1. Mental disorders and substance use characteristics

The average number of lifetime substance dependence diagnoses excluding opioids was two
(SD 1.3). Lifetime prevalence ranged from 31.9% for cocaine dependence to 55.5% for
cannabis dependence. Depression was the highest lifetime prevalence mental disorder at
60.7% (Table 1). The opioid abuse and dependence criteria were highly endorsed, with the
lowest endorsement being 73% for /egal problems, and the highest 97% for withdrawal.

3.2. Confirmatory factor, latent class and factor mixture model analysis

Latent class models were tested first. Of these, the best fitting were the 3 or 4 class models:
the BIC indicated the 3 class model; the ABIC and LMR-LRT indicated the 4 class model
(Table 2). However even the worst fitting factor mixture models were superior to the latent
class models.

A 2 factor model with abuse criteria loading onto one factor and dependence criteria loading
onto a second factor was rejected because the goodness of fit criteria (AIC, BIC and ABIC)
were almost identical to the 1 class, 1 factor model, and the correlation between the two
factors was high (0.91), suggesting that a 1 class, 1 factor model was a more parsimonious
solution. Having ruled out the 2 factor model, likelihood ratio tests confirmed that the 2
class, 1 factor model was marginally superior to the other factor mixture models and to the
latent class models. Overall, the 2 class, 1 factor model appeared to provide the best fit.
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Although the BIC for the 1 class, 1 factor model and the 2 class, 1 factor model was very
similar, the bootstrap and LMR likelihood ratio tests indicated that the 2 class, 1 factor
model was a superior fit to the 1 class, 1 factor model, but that adding a third class did not
improve model fit (Table 2). When the /ega/ criterion was excluded from the analysis, the 2
class, 1 factor model remained the best fitting model. The results shown in Table 2 pertain to
the models that included all 11 abuse and dependence criteria.

The 2 class, 1 factor model with class specific item thresholds and class invariant factor
loadings, means and variances proved the best fit when comparing levels of measurement
invariance. The 2 class, 1 factor model was either not identified or did not converge when
thresholds and factor means were class specific or when variances and thresholds were class
specific. All other models converged, albeit with an increased number of random starts and
final stage optimizations.

Class 1 (74% of the sample) had higher endorsement probabilities on most criteria than class
2 (26% of the sample) (Figure 1). The two classes differed on role, hazara, tolerance, longer,
give up, time, cut down, and harmful. The differences in endorsement probabilities were
reflected in the item thresholds which were different across classes, with class 1 having
lower thresholds than class 2 on all criteria except continue and /egal. Factor loadings on
most criteria were moderate to high (Table 3), with continue having the highest loading, and
harmful the lowest.

3.3. The relationship between opioid abuse and dependence and other clinical variables

Significant covariates of class membership were ASPD, cocaine dependence, sedative
dependence, and non-fatal opioid overdose (Table 4). Significant covariates of the factor
were BPD, cannabis dependence, cocaine dependence, and non-fatal opioid overdose.
Including covariates in the 2 class, 1 factor model improved entropy to 0.79 (from 0.51),
indicating that participants were more precisely classified once the covariates were taken
into consideration. The proportion of participants in each class changed very slightly once
the covariates were included: class one was 72%, and class two was 28% of the sample.

4. Discussion

This is the first study to compare categorical, continuous and mixed models of opioid abuse
and dependence in a large opioid dependent sample. Findings suggest that individuals with
opioid abuse and dependence are best represented as two separate classes with within-class
variation of severity.

This study provides preliminary evidence that the proposed DSM-V opioid use disorder
distinction between moderate and severe dependence is valid. Further, the classes are clearly
distinguished from each other by other externalizing disorders and multiple opioid
overdoses. The association between opioid dependence and other externalizing disorders is
consistent with the occurrence of a range of externalizing problems along a continuum [10,
11, 50-52]. As such, increasing severity of one externalizing disorder increases the chances
of having other externalizing disorders [11]. The more severe class 1 had an increased risk
of meeting criteria for sedative and cocaine dependence, and antisocial personality disorder,
as well as experiencing multiple non-fatal opioid overdoses. Removing cocaine and sedative
dependence from the model did result in cannabis dependence but not alcohol, nicotine or
stimulant dependence, becoming significantly associated with class membership. However,
in the final model cannabis dependence did not differ with respect to class membership,
perhaps suggesting that cocaine and sedative dependence are better indicators of more
severe polydrug dependence. The inclusion of the covariates demonstrates the usefulness of
factor mixture modeling, as several covariates were also associated with within-class
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severity. Interestingly, although BPD and cannabis dependence were not significantly
associated with class membership, they did vary within class according to severity.

Given the high levels of criteria endorsement, long-term opioid dependence and other
substance dependence observed in this sample it is likely that these participants represent the
most severe end of the spectrum. As such, it is not surprising to find such high levels of co-
occurring substance dependence and ASPD. Nevertheless, the prevalence of internalizing
disorders in the current study was also high and these disorders were not associated with
membership of the more severely dependent group; nor did they vary within class as
severity increased. Given this, one might speculate that there are different determinants of
internalizing and externalizing problems in this population. Nonetheless Krueger and others
have found that there is considerable correlation between the externalizing and internalizing
dimensions [10, 11, 50].

4.1 Implications

The variations in severity noted within this treatment sample and the problems associated
with increasing severity of opioid dependence highlight the importance of distinguishing
between more and less severely dependent individuals in a clinical setting. There are scales
available to assess severity of opiate and other dependence (for instance, the Severity of
Dependence Scale) [53]. The proposed substance use disorders category in DSM-V uses a
symptom count to specify severity, and recent evidence suggests that although not all
criteria are equal in terms of their capacity to measure severity, criteria counts are a
reasonable proxy for severity [54]. Whichever approach is used, a broader conceptualization
of opioid dependence which recognizes the increasing risk of other externalizing disorders
as severity of opioid dependence increases makes sense from both a clinical and research
perspective. In addition to a greater number of substance dependence diagnoses and
personality disorders, increasing severity both across and within classes greatly increased
the risk of opioid overdose, most likely due to greater opioid and other drug use [55].
Overdose is an independent risk factor for cognitive impairment which in turn has
implications for problem solving, behavioral disinhibition, capacity to comply with
treatment, and poorer functioning across several other domains [56].

4.2 Limitations

It is worth noting several limitations to the current study. The use of a treatment sample
means firstly that the results may not be generalizable to those opioid users who have never
been in treatment. All the same, there is evidence that most opioid dependent individuals in
Australia have been in treatment at some point [1, 37]. Secondly, using a dependent sample
means that the abuse and dependence data is restricted in range, which may be biased
towards lesser order factor solutions [57]. The same analysis on a general population sample
may yield different models. However because of the low population prevalence of opioid
dependence, applying this analysis to a general population sample would require a larger
sample size than is currently available. A further limitation is that the participants were
predominantly heroin dependent, not opioid analgesic dependent. Differences between these
two groups may mean that different subtypes and associations exist amongst opioid
analgesic users [58]. Nevertheless, there may be significant overlap between the two groups,
with almost half of IDU in one survey having injected morphine [59].

4.3 Conclusions

This study provides preliminary evidence that the proposed DSM-V opioid use disorder
distinction between moderate and severe dependence is valid. Further, the distinction has
clear implications for other clinical problems, particularly externalizing disorders and opioid
overdose. However, it is important to acknowledge that although class 2 had a lower
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prevalence of externalizing disorders, both classes exhibited high levels of Axis | and Axis

I
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disorders, suicidality and non-fatal overdose. Finally, given the co-occurrence of opioid
pendence with other externalizing disorders, research and treatment should be framed
thin an externalizing spectrum.
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