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Abstract


Trauma and substance use disorders commonly co-occur, are clinically complex, and are associated with poorer outcomes. This study applies mixture modeling methods in a co-occurring model to examine group membership patterns across trauma and substance use to identify differences in treatment outcomes. Using the constructs of trauma and substance use, a co-occurring model was conducted to examine group membership patterns at intake and identify differences in outcomes among court-mandated participants in a trauma-informed substance abuse treatment program. This approach uses a joint/cross-classification of two independent Latent Profile Analyses (LPAs) to examine patterns. Findings from the LPA identified three trauma and four substance use profiles. Classes from each LPA were regressed in the co-occurring model, resulting in 12 unique pattern combinations, which were then compared to examine the differences in graduate rates. The results demonstrated that those in the Minimal Trauma/Alcohol Use group were more likely to complete treatment than other higher drug-using populations. Given the complexity of the clinical treatment and the prevalence of co-occurring disorders, the application of this approach can provide a means to examine different grouping patterns across two diagnostic criteria that can guide and tailor treatment efforts.
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1. Introduction


Mental health and substance use conditions often co-occur, with approximately 21.5 million adults falling into this category [1]. Co-occurrence can be difficult to diagnose, as symptoms of substance abuse can mask symptoms of mental illness and symptoms of mental illness can often be confused with symptoms of addiction. Of those with co-occurring disorders, only 18.6% received treatment for both conditions and 37.6% received no treatment at all [1].



Co-occurring disorders present many unique challenges and generally have a poorer prognosis compared to those with a single disorder [2,3]. Individuals with co-occurring disorders experience poorer medication compliance, a decreased likelihood for successful completion of treatment, higher rates of hospitalization and suicidal behavior, and more rapid recurrence of symptoms following release from treatment [3,4]. Undiagnosed and untreated co-occurring disorders are associated with an increased likelihood of additional difficulties such as homelessness, medical illness, suicide, incarceration, and early mortality [1]. Studies have demonstrated that more than half of jail inmates with mental disorders also have co-occurring substance use disorders [5,6]. Additionally, researchers and health care providers have come to recognize the heterogeneity among individuals with co-occurring disorders [7].



Studies have documented the high rates of co-occurrence between trauma and substance use disorders specifically, with a trauma history present in more than half of patients with a substance use disorder (SUD) [8,9] and nearly half of those with a PTSD diagnosis also meet the criteria for a SUD [10]. The association between trauma and substance use is clinically significant because of the frequency with which they co-occur and the difficulty to treat them, with such patients being reported as being extremely challenging, experiencing many crises, and requiring more complex and costly clinical courses of treatment [11,12,13].



Several theories have been developed to explain the functional association between trauma and substance use, varying in which diagnosis preceded the other. The most prominent theory is the self-medication theory, which posits that substance use serves as an attempt to alleviate trauma or PTSD symptoms [14]. Alternative theories, such as the high-risk hypothesis, suggest that the lifestyle accompanying substance use involves engaging in high-risk behaviors in dangerous environments, thereby increasing the likelihood of experiencing a traumatic event [15]. The susceptibility hypothesis proposes that increased anxiety and arousal occurs in tandem with chronic substance use and increases the biologic vulnerability to develop PTSD following trauma exposure [16]. The shared vulnerability hypothesis suggests that the shared risk factors may account for both PTSD and SUDs and, as such, the two are not causally related once shared risk factors are accounted for [17]. While research and theory have linked trauma and substance use, they remain distinct variables that impact treatment outcomes.



1.1. Mixture Models


Mixture modeling is an approach to examine patterns of data and can be used to explore trauma and substance use as distinct variables to capture how these co-occurring conditions can be best addressed in treatment. Mixture models refer to statistical approaches in which individuals are classified into unobserved subpopulations or latent classes, based on similar patterns of observed cross-sectional and/or longitudinal data. This is achieved by examining the profiles of responses from individuals to identify relationships between observed dependent variables and categorical or continuous latent variables [18]. Several methodologies fall under the umbrella term of mixture models, all of which are person-centered analytic approaches that focus on similarities and differences among people instead of relationships among variables [18,19]. Latent Profile Analysis (LPA) and Latent Class Analysis (LCA) are subsumed under this larger category of statistical mixture models and are ideal methods to model heterogeneity in populations by identifying different latent profiles or classes based on response patterns [18]. The statistical method is similar to cluster analysis, classifying responses into homogenous groups that have similar profiles for the variables of interest; however, the classification of individuals into groups is done using a latent variable, based on unobserved heterogeneity in the data [20]. These methods group individuals based on the shared response patterns of continuous (LPA) or categorical (LCA) observed variables in cross-sectional datasets. The resulting profiles of individuals are characterized by the means (LPA) or frequency of endorsement (LCA) for specific indicators [21]. The latent classes can then be used to examine differences in outcomes based on class membership.




1.2. Applying Mixture Models to Co-Occurring Conditions


Latent analysis can be used to identify different grouping patterns across a single construct. For example, Cleveland and colleagues conducted a LCA to examine substance use among 12th grade high school students [22]. The authors used five categorical indicators to measure lifetime and recent alcohol, tobacco, and marijuana use. They found six latent classes of substance use that differed by degree (non-user, user, heavy user) and type of use (i.e., alcohol, marijuana, tobacco). Thus, in this context, LCA helped to identify different classes or groupings of substance use and to support the value of distinguishing between moderate and problematic use, particularly for older adolescents [23]. Similarly, Breslau and colleagues used LCA to identify how persons who experience traumatic events might be sorted into classes based on posttraumatic stress disorder (PTSD) symptom profiles [24]. Seventeen indicators of PTSD were used and resulted in three classes of trauma that differed by level of disturbance (none, intermediate, and pervasive). In this trauma context, LCA shed light into the ordinal nature of PTSD and identified emotional numbing as differentiating the class with pervasive disturbance.



The examples above demonstrate how latent analysis can be used to identify different grouping patterns across a single construct. However, there may be contexts when multiple theoretically distinct variables are of interest. In these cases, combining the variables into a single latent class analysis may mask patterns. If two distinct constructs are combined, fewer classes may be found, as some indicators may be related and thereby would be grouped together in the same class. Vaughn and colleagues demonstrated this in their study, using LPA to identify subgroups of over 700 juvenile offenders based on clinically relevant measures of psychiatric symptoms (including past traumatic experiences), lifetime substance use, and drug- and alcohol-related problems [25]. Despite the range and number of variables used, only four profiles emerged representing a severity-based gradient of symptom and substance use endorsement, ranging from mild, to moderately low, to high, to severely distressed. The advantage of latent analysis is the ability to identify unique profiles based on response patterns; however, interesting profiles may be missed if items from distinct constructs are mixed.



1.2.1. Joint Model


Traditionally, LTA has been used as a longitudinal extension of LPAs or LCAs. LTA builds on LPAs or LCAs, using longitudinal data to identify movements across latent groups over time by regressing one latent class variable onto another [26]. The movement of individuals between latent classes is expressed using transition probabilities, which are the probability of being in a particular latent class during the second occasion, which is conditional on their status in a particular latent class during the previous occasion. The LTA model is used in a longitudinal context to model change over time in latent groupings; however, this framework can be applied to examine patterns across two independent latent class variables as a way to observe different patterns across latent groups. The relationship of latent variables can be expressed using the following equation:


τikm = P(Cit = k|Ci(t−1) = m)








where   τ  ikm is the transition probability for an individual i to be in latent class k at time point t, given that the individual was in latent class m at the preceding time point, t − 1 [19]. An examination of the statistical equation reveals that there is no requirement within the equation that the two latent class variables be longitudinal measures. Thus, we can use this framework as a way to study the relationship of two latent class variables that capture heterogeneity in distinct constructs, examining the probability of an individual i to be in latent class k for one construct, given that the individual was in a latent class m on another construct. That is, we apply this framework to conduct a joint/cross-classification model of two latent class variables. This allows us to examine patterns across two independent latent class variables as a way to observe different patterns across latent groups [19]. When working with distinct constructs, such as in co-occurring disorders, two latent profile analyses can be conducted for each theoretical construct, resulting in two sets of profiles. While the two profiles are distinct, given that the two conditions co-occur, the profiles can be cross-classified to examine patterns across construct groups.





1.3. Current Study


The purpose of this research was to apply a joint/cross-classification model to examine patterns across two independent latent profile variables. This approach will be referred to as the co-occurring model. Using the constructs of trauma and substance use, the co-occurring model examined group membership patterns to identify differences in treatment outcomes among individuals who were court-mandated to participate in a trauma-informed substance abuse treatment program. Two separate LPAs were conducted for trauma and substance use and then regressed in the co-occurring model, highlighting different membership patterns. It is anticipated that the trauma profiles will reflect the severity of trauma symptoms and that the substance use profiles will differ by drug of choice and extent of drug use. It is projected that by regressing each set of profiles onto each other, unique and interesting patterns will emerge, which will reflect the differential rates of treatment success. With the complexity of clinical treatment and prevalence of co-occurring disorders, this application provides a means to examine different grouping patterns across two diagnostic criteria, which can guide and tailor treatment efforts that would not have been identified if analyzed in a single LPA model.





2. Materials and Methods


2.1. Participants


The participants were 407 adults (n = 122 or 30% men and n = 285 or 70% women) who were court mandated to participate in a trauma-informed substance abuse treatment program located in Southern California. Approximately 57% of participants were living in a controlled environment (i.e., jail, psychiatric treatment, or alcohol or drug treatment). Over half of the participants identified as European American, 38% Latino, 4% Native American, 3% Asian, and 3% African American. Ages ranged from 18 to 59 (M = 30.24; SD = 8.72). Years of drug use ranged from 0 to 47 (M = 12.80; SD = 8.46). All participants received trauma-informed substance abuse treatment as a part of drug court.




2.2. Measures


2.2.1. Trauma


The Trauma Symptom Inventory (TSI) measures acute and chronic posttraumatic symptomatology, including the effects of abuse, assault, major accidents, and disasters [27]. The TSI assesses a range of symptoms, including symptoms associated with posttraumatic stress disorder (PTSD), as well as interpersonal difficulties that are often associated with more chronic psychological trauma. The TSI consists of 100 items, assessing each symptom item according to its frequency of occurrence over the past six months, using a four-point scale from 0 (“never”) to 3 (“often”). The measure yields ten clinical subscales: anxious arousal, depression, anger/irritability, intrusive experiences, defensive avoidance, dissociation, sexual concern, dysfunctional sexual behavior, impairs self-references, and tension reduction behavior. The raw scores for each subscale were converted to sex and age normalized T-scores. The TSI has been standardized across clinical, university and military samples and the ten clinical scales are internally consistent: 0.86, 0.87, and 0.84, respectively [28].




2.2.2. Substance Use


The Addiction Severity Index (ASI) is a semi-structured interview for substance abuse assessment and treatment planning [29]. The ASI examines seven potential problem areas—medical status, employment and support, drug use, alcohol use, legal status, family/social status, and psychiatric status—assessing both lifetime and use in the last 30 days. Since all participants were actively involved in treatment, 30-day composite scores were not used, as most were in sober/clean settings (residential program, jail, etc.). Lifetime drug use was transformed into a lifetime ratio to account for age differences, with years of drug use divided by age to determine a lifetime ratio of drug use. Ratios were continuous, ranging from 0 to 1.




2.2.3. Graduation


Graduation or completion of the mandated treatment program was captured as either terminating prematurely (0) or successfully graduating or completing the treatment program (1).





2.3. Procedures


All participants were enrolled in a Substance Abuse and Mental Health Services Administration (SAMHSA)-funded study examining trauma-informed substance abuse interventions. All staff members attended yearly training on the goals of trauma-informed treatment and counselors attended in-depth training on implementing Seeking Safety, a trauma-informed substance abuse treatment program. Seeking Safety is a cognitive-behavioral treatment program developed to build coping skills for adults with a trauma history and substance abuse problems [30]. Groups help clients to understand the co-occurrence of trauma and substance use, as well as the impact of both on daily functioning. Research has yielded promising results for the program in reducing trauma symptoms and substance use [31,32].



All participants were mandated to attend weekly Seeking Safety groups through drug court (n = 267) or a treatment program for perinatal women (n = 114). Participants in the drug court received court supervision and substance abuse treatment by a community-based treatment provider. The drug court followed the key guidelines established by the National Association of Drug Court Professionals, including the use of a non-adversarial approach toward offenders, frequent drug and alcohol testing, use of graded incentives and sanctions in response to compliance with treatment, and ongoing judicial involvement [33]. In addition to trauma-informed treatment groups, the program provided case management, relapse prevention groups, individual counseling, vocational assessment, and drug testing. The perinatal program was designed for women with substance abuse problems and their young children. It provided 6 months of residential treatment, followed by outpatient treatment. Interventions included individual and group counseling, parenting classes, childcare services, drug testing, relapse prevention groups, and case management and assessment and developmental interventions for the children as needed. All measures used in this analysis were gathered from intake assessments. Graduation was determined once the participant completed treatment or terminated.




2.4. Data Analysis


Prior to conducting the co-occurring model, data were screened for violations of multivariate assumptions. Visual inspections of graphical tests were conducted to examine the normality distribution for each variable and identify outliers. Cutoff values of |2.0| for skewness, and |7.0| for kurtosis were used [34,35]. All values of skewness and kurtosis were within the acceptable limits for each of the indicator variables. Descriptive statistics were conducted for the indicator and outcome variables (see Table 1).



2.4.1. Latent Profile Analysis


The LPA and co-occurring models were estimated in Mplus, Version 7 [36], using full information maximum likelihood estimation, which allowed for item-level missing data [36,37]. Two latent profile analyses were conducted separately for each latent profile variable. Indicators of the LPA for the Trauma Severity Index (TSI) were: anxious arousal, depression, anger/irritability, intrusive experiences, defensive avoidance, dissociation, sexual concern, dysfunctional sexual behavior, impairs self-references, and tension reduction behavior. Based on the preliminary findings described below, the following five indicators were eventually used for the trauma LPA, as the additional variables did not assist in differentiating class: anxious arousal, depression, intrusive experiences, dissociation, and tension reduction behavior. Indicators for substance use assessed addiction over the course of the participant’s lifetime. The five indicators were: number of years using any drug, number of years using alcohol, number of years using marijuana, number of years using methamphetamines, and years using polysubstances. The five indicators were transformed, dividing years using the substance by age to create a ratio of lifetime use, controlling for age.



LPA models were fitted in a series of steps, starting with a one-class model and then increasing the number of classes. As the number of classes increased, each model was compared to the previous model. The model with the greatest number of classes was only selected if increasing the number of classes led to conceptually meaningful groups and provided a good statistical fit. Several indicators were used to determine the model fit, as no single indicator is recommended to assess the model fit, combining statistical indicators and substantive theory to determine the best fitting model [38]. The Bayesian Information Criterion (BIC) was used, as it is the most commonly used and trusted fit indices for model comparison, with lower values of the BIC indicating a better fit. In addition to the BIC, models were compared using the Lo–Mendell–Rubin (LMR) test and the bootstrap likelihood ratio test (BLRT) to determine if adding an additional class significantly improved the model fit [38,39]. Entropy values were also used, which ranged from 0 to 1, where 1 is a perfect classification and values approaching 1 indicate a clear delineation of classes [40].




2.4.2. Co-Occurring Model


The co-occurring model uses a joint/cross-classification model of two latent profile analyses to examine different membership patterns across two latent class variables: trauma and substance use. In the co-occurring model, the measurement parameters are the conditional item means and variances that are estimated for each class on the two different constructs. The latent class variables for each construct were regressed onto each other, producing the odds of being in a particular trauma class, given membership to a particular substance use class.




2.4.3. Column Proportions


After classifying patterns in the co-occurring model, pattern groups (i.e., individual drug and trauma statuses) were analyzed to examine differences in graduation (i.e., completed or did not complete treatment). A chi-square test was conducted to determine if the two categorical variables, the trauma and drug use groups, varied together. After conducting a chi-square test, column proportion tests were used to determine the relative ordering of categories of categorical variables tested against each other in terms of the proportions of successful graduation, comparing column proportions using a z-test. Finally, a logistic regression was conducted to control for demographic variables.






3. Results


3.1. Trauma Latent Profile Analysis


Two separate LPAs were conducted for trauma items. Table 2 presents model fit information for the trauma LPA models, with one to five latent classes for all indicators. In this analysis, the BIC never reached a minimum value (see Figure 1); however, the first non-significant p-value of the LMR occurred at the four-class model, suggesting that a three-class model was preferable. Figure 2 presents the item profile, with the TSI scales along the x-axis and the mean TSI T-scores on a given item along the y-axis. The profile helps us to understand and label the emergent latent classes. The figure demonstrates that the individual indicators did not help to classify the profiles, with all indicators varying by level of trauma (low, moderate, high). Given the number of parameters being estimated, the limited sample size, and the fact that indicators presented consistent patterns that did vary by profile, a more parsimonious analysis was conducted, selecting five of the indicators to see if the same profile classes would emerge.



Table 3 presents model fit information for five indicators. In this analysis, the BIC never reached a minimum value; however, an “elbow” or the last relatively large decrease in the BIC value occurred within the three-class model (see Figure 3) [38]. The first non-significant p-value of the LMR occurred in the five-class model, suggesting that a four-class model was preferable. There was never a non-significant p-value for the BLRT, so this did not help to inform model selection. Examining item plots for the three-, four-, and five-class models revealed that the three-class model was the most parsimonious and best explained the heterogeneity in trauma experiences, and it aligned with the analysis that included all the indicators. Given the statistical support of the three-class model and the substantive plausibility of the solution, this model was considered the final model. The entropy for this model was 0.86, an acceptable value. Figure 4 presents the item profile with the five TSI scales along the x-axis and the mean TSI T-scores for a given item along the y-axis.



The latent profile analysis for the 10 subscales and five subscales both yielded a three-class solution and a visual inspection of the conditional trauma means demonstrated the same patterns. Therefore, to reduce the number of parameters being estimated in subsequent analyses, the three-class solution for the five indicators was used. The profile plot (Figure 4) was used to understand and label the emergent latent classes for the final model. When interpreting and labeling the class, both the means for each class on particular trauma symptoms (i.e., anxious arousal, depression, intrusive experiences, dissociation, and tension reduction behaviors) were examined, as well as how a given item differentiated across the classes. Starting with the extreme class, denoted with the dashed line, this class was labeled as the Severe Trauma class. This class comprised 25.4% of the total sample and had a high means of experiencing Severe Trauma scores across all trauma indicators. At the other extreme, the Minimal Trauma class (31.3% of the total sample) had Minimal Trauma means for all the TSI items and was denoted with a dotted line. The middle class was Moderate Trauma, with moderate TSI means for all items. This class was denoted with a black line (43.43%).




3.2. Substance Use Latent Profile Analysis


As described previously, a series of LPA models that varied in the number of latent classes was fit. For each model, the fit statistics were collected and used to help inform the decision about how many classes were sufficient to describe the heterogeneity in substance use. Table 4 presents model fit information for the LPA models, with one to six latent classes considered. As in the analysis above, the minimum BIC value was never reached; however, an “elbow” or the last relatively large decrease in the BIC value occurred within the four-class model (see Figure 5) [38]. The first significant p-value of the LMR occurred in the five-class model, indicating that a four-class model provided a superior fit to the five-class model. There was never a non-significant p-value for the BLRT, so this did not inform the model selection. Examining item plots for the three-, four-, and five-class models revealed that the four-class model best explained the heterogeneity in substance use. Given the statistical support of the four-class model and the substantive plausibility of the solution, this model was considered the final model. The entropy for this model was 0.9, an acceptable value.



Figure 6 presents the item profiles with the five substance use items along the x-axis and the mean ratio of lifetime drug use along the y-axis. The profile plot was used to understand and label the emergent latent classes from the final model. When interpreting and labeling the class, the lifetime drug use ratios (i.e., alcohol, marijuana, methamphetamine) of a class were examined, as well as how a given item differentiated across the classes. Starting with the top extreme class, denoted with the dotted line, was the Polysubstance Use class. This class comprised 21.6% of the total sample, with the highest mean lifetime polysubstance, alcohol, marijuana, and any drug use. At the other extreme, the Alcohol Use class (39.4% of the total sample) primarily used alcohol with low lifetime drug use means across substance types and was denoted with a combined dashed and dotted line. The other classes demonstrated moderate drug use. One class, defined as Dual Use, primarily used alcohol and marijuana and had moderate lifetime drug use ratios on all items. The class was denoted with a black line (25.4%) and demonstrated moderate mean lifetime drug use. The final class was titled Methamphetamine Use and was moderate for most items, but had the highest mean lifetime methamphetamine use and the lowest marijuana use. This class was denoted by a dashed line (13.5%).




3.3. Co-Occurring Model


The two LPAs conducted above identified two sets of unique profiles for both the trauma and substance use variables, based on statistical model fit information. After the number of profiles for each measurement model was identified, the co-occurring model was fit to estimate different patterns in class membership across the two constructs (trauma and substance use). The profiles for each construct were estimated and then regressed onto each other to create a matrix of latent transition probabilities based on the estimated model, demonstrating patterns of membership across constructs.



Several patterns emerged from the transition matrix (see Table 5 and Figure 7). Latent probabilities demonstrate the probability that an individual with a certain trauma profile will have a certain drug use profile. Looking at the upper left-hand corner in Table 5, the value of 0.51 can be interpreted as follows. The probability that an individual who has a Minimal Trauma history also has low lifetime drug use is 0.51. Alternatively, the value can be interpreted as follows: 51% of those who were in the Minimal Trauma class were also in the Alcohol Use class. Examining the probabilities of drug use classes for Minimal Trauma participants demonstrated a pattern that those with low levels of trauma tended to also fall into the Alcohol Use class. The next greatest group represented in the Minimal Trauma group was those with Dual Use (27%). A small percent of participants fell into the Polysubstance Use class (12%) and less than 10% of the Minimal Trauma participants fell into the Methamphetamine Use class (10%). The prevailing pattern that emerged was that participants in the Minimal Trauma class had the highest conditional probability of belonging to the Alcohol Use class.



Looking at the probabilities of drug use classification across participants classified into the Moderate Trauma class, most participants with moderate levels of trauma had Alcohol Use (34%) or Dual Use (29.0%), with a smaller percent in the Methamphetamine Use (19%) and Polysubstance Use (18%) profiles.



Examining the probabilities of drug use classifications across participants classified in the Severe Trauma class demonstrated that those in this class had the highest conditional probability of belonging to Polysubstance Use (38%). The next most probable drug class for participants experiencing Severe Trauma was Alcohol Use (35%), followed by Dual Use (18%). A smaller percentage in the Severe Trauma group also fell into the Methamphetamine Use class (9%).



Overall examinations of the probabilities table demonstrate larger class patterns. Probabilities of trauma class membership across classes of drug use demonstrated that those who experienced Severe Trauma were most likely to have also had the highest lifetime rates of Polysubstance Use. Similarly, those with Minimal Trauma history had the highest conditional probability of belonging to the low drug use and were found in the Alcohol Use class. Those in the Methamphetamine Use class had the highest conditional probability of experiencing Moderate Trauma compared to the other trauma classes.




3.4. Column Proportions


After classifying patterns in the co-occurring model, the co-occurring grouping patterns were analyzed to examine differences in graduation by group (see Table 6). The chi-square test of goodness-of-fit was performed to determine whether the co-occurring groups were equally likely to graduate. Likelihood of graduation was not equally distributed in the population: X2 (11, N = 363) = 38.57, p < 0.01 (see Table 7 for observed vs. expected cell counts). The magnitude of the association between group patterns and graduation was moderate: Cramer’s V = 0.31.



Since the chi-square test revealed that graduation status and co-occurring groups were not independent, the column proportions were compared to determine which groups were responsible for this non-independent relationship. The results were based on two-sided tests with a significance level of 0.05 and area adjusted for all pairwise comparisons using the Bonferroni correction. A significant difference was found between the co-occurring groups. Participants in the Minimal Trauma/Alcohol Use group had the highest conditional probability of graduating compared to the following groups: Minimal Trauma/Dual Use, Minimal Trauma/Methamphetamine Use, Moderate Trauma/Polysubstance Use, Moderate Trauma/Alcohol Use, Moderate Trauma/Dual Use, and Severe Trauma/Polysubstance Use.



A logistic regression was completed to examine this finding further, controlling for relevant covariates (age, ethnicity, gender, and if the participant was living in a controlled environment at intake). The logistic regression model was statistically significant:   X  2 (19)= 34.5, p < 0.05. The model explained 13% (Nagelkerke R2) of the variance in graduation and correctly classified 73% of cases. Those in the Minimal Trauma/Alcohol Use group were 8.43 times more likely to graduate (OR =, 95% CI [1.80, 39.33], p < 0.05). No other variables were significant predictors for the model (p > 0.05).





4. Discussion


This paper applies a co-occurring model to better address the treatment complexities associated with trauma and substance use. Given the high rates of co-occurrence and the related treatment challenges of trauma and substance use, it is of great clinical importance to better understand how these co-conditions can be best addressed in treatment [7]. Results from the co-occurring model identified 12 unique grouping patterns with varying experiences of trauma and substance use.



Findings from the LPA identified three trauma and four substance use profiles. The trauma profiles were as hypothesized, reflecting the severity in trauma symptoms (Minimal Trauma, Moderate Trauma, and Severe Trauma). It is interesting to note that the largest percentage of participants fell into the Moderate Trauma class and over two-thirds of all participants fell into the Moderate Trauma and Severe Trauma classes. These findings are supported by previous studies, which demonstrate that inmates are more likely to experience trauma as children and young adults and subsequently often lead lifestyles in which violence and death are regularly confronted [41,42]. Furthermore, inmates report a higher prevalence of lifetime traumatic events compared to those in the general community [43]. Women in correctional settings are often disproportionally impacted by traumatic experiences, with some estimates as high as 85% (Gillece, 2009), and their PTSD rates are three times more higher than those of male prisoners [44,45]. Compared with the general population, PTSD rates are five times more likely for male inmates and up to eight times more likely for female inmates. Further, estimates suggest that of the 10.3 million prisoners worldwide, approximately 750,000 are likely to have a clinical diagnosis of PTSD. In the United States, this equates to roughly 300,000 of the 2.2 million prisoners in custody [45].



The substance use classes that emerged also reflected the anticipated profiles, differing in both the degree of lifetime use and substances of choice (Alcohol Use, Moderate Drug Use, High Methamphetamine Use, and Polysubstance Use). Nearly 50% of all participants fell into the Dual and Polysubstance Use classes. It is estimated that 65% of the U.S. prison population has an active substance use disorder, with another 20% who, while not meeting the diagnostic criteria, were under the influence of drugs or alcohol at the time of arrest [46]. Similarly, approximately half (52%) of those on probation and parole meet criteria for a substance use disorder [47]. Study findings further reflect the high rates of substance use among criminal justice populations.



The co-occurring model regressed the LPA classes, demonstrating 12 unique pattern combinations. As predicted, patterns demonstrated varying groupings of trauma and drug use. The highest percentage of Minimal Trauma participants fell into the Alcohol Use group. Among those with Moderate Trauma, participants were split between Alcohol and Dual Use. Finally, among those in the Severe Trauma group, participants were primarily split between the Alcohol and Polysubstance Use groups. Among all trauma groups, the largest representation of individuals in the Methamphetamine Use class was observed in the Moderate Trauma class. When examining patterned groups, over 40% of participants were in groups with Moderate to Severe Trauma and Dual or Polysubstance Use. This supports previous research, which has identified a trauma history occurring in 55–99% of patients with a substance use disorder [48].



The uncovered patterns of membership were compared to examine the differences in graduate rates. The findings highlighted that those in the Minimal Trauma/Alcohol Use group were more likely to graduate than any other group. The study results also suggest that the program employed was most successful for those in the Minimal Trauma/Alcohol Use group. The findings support the existing research, which has underscored the difficulty in treating co-occurring trauma and substance use disorders [49]. The results also indicate that more intensive programming or more specialized attention may be needed to address those with higher levels of trauma and greater and more complex drug use.



4.1. Limitations


This paper demonstrates the application of a joint latent model as a possible means to address the clinical complexities of co-occurring disorders; however, there are several limitations that are of note. The sample size is less than ideal, with just over 400 participants, and it lacked diversity, being predominately female and white. This may have been a contributing factor in the smaller cross-modeled groups. While the sample size needed to conduct the mixture models was not ideal, a larger sample size would be preferred. There are general “rules of thumb” (e.g., 5 to 10 observations per estimated parameter); however research suggests that these rules are not particularly useful and can lead to over- or underestimated samples [50]. Determining the sample size is complex and is dependent on many factors, including the size of the model, the distribution of variables, missing data, the reliability of variables and the strength of the relationships among variables [51]. Simulation studies have emerged as a method for estimating the sample size, with one simulation study examining the sample size for LCAs suggesting a sample of 500 as being sufficient [38]. Future studies using this co-occurring model would benefit from engaging in simulation studies to determine the optimal sample size.



Additionally, there were limitations within the variables. The fact that participants were court-mandated to receive treatment presents unique challenges, both in variable selection and interpretation. It is common to use 30-day measures for substance use; however, as many were in or coming from controlled environments, this was not a usable variable. The calculation of a lifetime ratio was less than ideal, as it can mask important differences, with individuals potentially having the same ratios but different cumulative exposure. This also presents the possibility that outcomes could be different with a population who are electing to seek treatment or are not from controlled environments, and 30-day measures can be used.



The comparison of graduation rates across the co-occurring model patterns looked at a dichotomous variable. To better examine the differences in outcomes, additional indicators of success would be beneficial, which would better inform treatment effectiveness. More thorough examination as to how the co-occurring model can be used to measure clinical progress and success is necessary. Despite these limitations, this paper helps to demonstrate the potential applications, using this methodology.




4.2. Clinical Applications


While this paper provides support for the use of an innovative methodological approach, perhaps one of the most compelling components of this approach is the ability to identify unique patterns of behavior. These patterns can be used to examine treatment outcomes to help individualize treatment and identify populations that may need more or less intensive treatment services. Clinical applications of the co-occurring model can extend to examinations of multiple distinct constructs, beyond trauma and substance use. This analysis method can help to direct treatment efforts to determine which clinical populations are in greater need. Given the difficulties in treating co-occurring disorders and the additional complications that can occur when untreated (homelessness, incarceration, medical illness, suicide, and early mortality), this approach can shed new light and specification in the treatment of such disorders [1,52].



This methodology can be applied to an array of coexisting conditions, which have become the increasing norm, with 4 in 10 Americans having two or more chronic conditions [53] (CDC, 2019). Comorbidity refers to the co-occurrence of mental and physical disorders within an individual. Within the United States, about 90% of the nation’s $3.5 trillion in annual health care expenditures are for people with chronic and mental health conditions [53,54]. Given the increase in comorbidity issues, there are many potential applications for this methodology. For example, bipolar disorder is highly prevalent and heterogeneous, with an increased likelihood of psychiatric comorbidity, impacting treatment [55]. Additionally, a majority of individuals with anxiety or mood disorders have at least one additional anxiety or mood disorder [56]. Research has highlighted the heterogeneity among those with comorbidity and the need to further examine variations in symptomatology to best guide treatment [57,58]. The co-occurring model provides a methodological approach to meet these clinical and research needs.
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Figure 1. BIC values for all 10 trauma subscales across classes. 
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Figure 2. Conditional trauma means for 10 subscales by class and proportions. 
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Figure 3. BIC values for the 5 trauma subscales across classes. 






Figure 3. BIC values for the 5 trauma subscales across classes.



[image: Sci 08 00078 g003]







[image: Sci 08 00078 g004] 





Figure 4. Conditional trauma means for 5 subscales by class and proportions. 






Figure 4. Conditional trauma means for 5 subscales by class and proportions.



[image: Sci 08 00078 g004]







[image: Sci 08 00078 g005] 





Figure 5. BIC values for substance use items across classes. 
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Figure 6. Conditional substance use means by class and proportions. 
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Figure 7. Proportions of substance users in each of the three trauma classes. 
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Table 1. Correlation matrix, means, and standard deviations for indicators (N = 407).
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	1
	2
	3
	4
	5
	6
	7
	8
	9
	10
	11





	1. Graduation
	__
	−0.21 **
	−0.20 **
	−0.24 **
	−0.17 **
	−0.17 *
	−0.24 **
	−0.13 *
	−0.20
	−0.19 **
	−0.26 **



	2. Anxious Avoidant
	
	__
	0.74 **
	0.71 **
	0.78 **
	0.61 **
	0.16 *
	0.16 *
	0.04
	0.14 *
	0.18 **



	3. Depression
	
	
	__
	0.67 **
	0.69 **
	0.59 **
	0.15 **
	0.17 **
	0.03
	0.12 *
	0.14 **



	4. Intrusive Experience
	
	
	
	__
	0.77 **
	0.56 **
	0.21 **
	0.16 **
	0.08
	0.22 **
	0.21 **



	5. Disassociation
	
	
	
	
	__
	0.62 **
	0.17 **
	0.16 **
	0.06
	0.21 **
	0.22 **



	6. Tension Reduction Behaviors
	
	
	
	
	
	__
	0.18 **
	0.11
	0.04
	0.15 **
	0.17 **



	7. Year Using any Drugs
	
	
	
	
	
	
	__
	0.21 **
	0.62 **
	0.72 **
	0.60 **



	8. Years Using Alcohol
	
	
	
	
	
	
	
	__
	0.04
	0.21 **
	0.40 **



	9. Years Using Methamphetamines
	
	
	
	
	
	
	
	
	__
	0.27 **
	0.41 **



	10. Years Using Marijuana
	
	
	
	
	
	
	
	
	
	__
	0.58 **



	11. Years Using Polysubstances
	
	
	
	
	
	
	
	
	
	
	__



	M
	0.56
	55.93
	56.33
	58.22
	57.14
	58.47
	0.34
	0.27
	0.20
	0.22
	0.16



	SD
	0.50
	11.00
	11.00
	12.11
	13.22
	13.47
	0.19
	0.23
	0.19
	0.23
	0.19







Note: ** p < 0.01 and * p < 0.05.













 





Table 2. Fit information for trauma LPA model with 10 subscales for 1–5 classes.
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	Classes
	Log Likelihood
	BIC
	ABIC
	LMR

p-Value
	BLRT

p-Value
	Entropy





	1
	−19,681.69
	39,541.67
	39,446.48
	
	
	



	2
	−18,187.89
	36,649.16
	36,503.21
	0.01
	0.01
	0.95



	3
	−17,544.27
	35,456.99
	35,212.53
	0
	0
	0.96



	4
	−17,261.74
	34,987.01
	34,739.53
	0.70
	0.70
	0.97



	5
	−17,083.70
	34,726.03
	34,427.78
	0.16
	0.16
	0.96







Note: Bold indicates the preferred class model solution.













 





Table 3. Fit information for trauma LPA model with 5 subscales for 1–5 classes.






Table 3. Fit information for trauma LPA model with 5 subscales for 1–5 classes.














	Classes
	Log Likelihood
	BIC
	ABIC
	LMR

p-Value
	BLRT

p-Value
	Entropy





	1
	−7452.81
	14,965.05
	14,933.32
	
	
	



	2
	−7011.22
	14,117.52
	14,066.75
	0
	0
	0.88



	3
	−6856.29
	13,843.32
	13,773.52
	<0.01
	0
	0.86



	4
	−6790.20
	13,746.80
	13,657.96
	<0.01
	0
	0.86



	5
	−6766.20
	13,734.45
	13,626.56
	0.30
	0
	0.82







Note: Bold indicates the preferred class model solution.













 





Table 4. Fit information for substance use LPA model with 1–6 classes.
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	Classes
	Log Likelihood
	BIC
	ABIC
	LMR

p-Value
	BLRT

p-Value
	Entropy





	1
	307.36
	−555.31
	−587.04
	
	
	



	2
	554.15
	−1013.26
	−1064.02
	0.00
	0
	0.86



	3
	636.68
	−1142.67
	−1212.47
	<0.01
	0
	0.81



	4
	748.99
	−1331.65
	−1420.49
	0
	0
	0.90



	5
	799.09
	−1396.21
	−1504.09
	0.07
	0
	0.90



	6
	845.16
	−1452.71
	−1579.62
	0.06
	0
	0.92







Note: Bold indicates the preferred class model solution. 













 





Table 5. Cross-tabulated co-occurring probability estimates for trauma and substance use classes.
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	Alcohol Use
	Dual Use
	Methamphetamine Use
	Polysubstance Use





	Minimal Trauma
	0.51
	0.27
	0.10
	0.12



	Moderate Trauma
	0.34
	0.29
	0.19
	0.18



	Severe Trauma
	0.35
	0.18
	0.09
	0.38










 





Table 6. Number and percent of graduates by co-occurring pattern group.
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	N
	Graduated (%)





	1. Minimal Trauma/Polysubstance Use
	7
	58%



	2. Minimal Trauma/Alcohol Use
	71
	91%



	3. Minimal Trauma/Dual Use
	16
	57%



	4. Minimal Trauma/Methamphetamine Use
	3
	33%



	5. Moderate Trauma/Polysubstance Use
	14
	50%



	6. Moderate Trauma/Alcohol Use
	41
	62%



	7. Moderate Trauma/Dual Use
	27
	54%



	8. Moderate Trauma/Methamphetamine Use
	18
	55%



	9. Severe Trauma/Polysubstance Use
	22
	50%



	10. Severe Trauma/Alcohol Use
	21
	62%



	11. Severe Trauma/Dual Use
	11
	61%



	12. Severe Trauma/Methamphetamine Use
	3
	43%










 





Table 7. Observed number of graduates vs. expected by co-occurring pattern group.






Table 7. Observed number of graduates vs. expected by co-occurring pattern group.










	
	Observed
	Expected





	1. Minimal Trauma/Polysubstance Use
	7
	7.5



	2. Minimal Trauma/Alcohol Use
	71
	48.7



	3. Minimal Trauma/Dual Use
	16
	17.5



	4. Minimal Trauma/Methamphetamine Use
	3
	5.6



	5. Moderate Trauma/Polysubstance Use
	14
	17.5



	6. Moderate Trauma/Alcohol Use
	41
	41.2



	7. Moderate Trauma/Dual Use
	27
	31.2



	8. Moderate Trauma/Methamphetamine Use
	18
	20.6



	9. Severe Trauma/Polysubstance Use
	22
	27.5



	10. Severe Trauma/Alcohol Use
	21
	21.2



	11. Severe Trauma/Dual Use
	11
	11.2



	12. Severe Trauma/Methamphetamine Use
	3
	4.4
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