Latent variable mixture modeling in psychiatric and psychological research – a review
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Abstract 
Latent variables are commonly used in psychiatric and psychological research to measure constructs that are impossible to measure directly. Latent variable models are mathematical representations of the relation between continuous or categorical latent distributions as outcome variables, and a set of manifest indicators of the latent variable. This is a selective review of the theory and applications of two latent variable methods: latent class analysis and factor mixture models. Latent class analysis is used to classify individuals into homogeneous subgroups (latent classes). Factor mixture models are relative new adaptable modeling techniques that represent a fusion of latent class analysis and factor analysis, which are advantageous in many situations because they are adaptable to representing categorical and dimensional state of affairs. As an example, we present the application of these methods to study the latent structure of psychosis in the general population. The complexity of psychiatric and psychological phenomena offers possibilities to apply these methods include for various research questions and designs. Latent variable mixture models are developing fast and they offer substantial advantages over more traditional statistical methods and use of these methods is recommended.
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Introduction
Researchers in the fields of psychiatry and psychology are fundamentally interested in the nature of individual differences that explain variability observed among people, objects, relationships, and other entities. The forms of heterogeneity that are of interest are features of observations obtained from experimental, psychopharmacological, physiological, clinical, genetic, epidemiological, and psychometric data. In many cases, the sources of population variability are observable and directly measurable (e.g., classifications based on handedness, sex, and ethnicity). In other context however, researchers are interested in measuring constructs or entities that are not quite tangible and are impossible to measure directly. These scenarios are especially common in the social and behavioral sciences where these latent variables are often in the form of abstract or hypothetical constructs (MacCorquodale & Meehl, 1948). In psychiatry and psychology, such latent entities include constructs such as psychiatric diagnoses, personality organization, intelligence, religiosity, quality of life, stress reactivity, authoritarianism, and attributional style. Manifest or outcome variables are the observable effects of latent variables and are measured as indicators or representations of an individual’s attribute on the latent variable (Muthén, 2001). Thus, although latent variables are not observable, their effects on measurable variables are observable and possible to study (Everitt 1984). When certain strict statistical assumptions are adhered to or controlled, researchers are able to make inferences about latent constructs using a set of latent variable models discussed shortly. Researchers interested in the sources of individual differences are faced with an added conundrum of distinguishing among kinds of latent heterogeneity. That is whether the observed pattern of responses is best explained by a few set dimensions or domains or non-arbitrary boundaries that distinguish “types” of responders. In theory, each latent variable is defined by a “universe” manifest indicators that are monotone increasing functions of the latent variable such that levels on the latent variable correspond to the stochastic ordering of respondents on manifest indicators. The universe of indicators (e.g., item-level responses) and their pattern of covariances represent outcomes from underlying latent dimensions. The common factor model reduces the number of manifest indicators needed to define the latent variable by summarizing covariance patterns and modeling the “common content” observed among the manifest indicators. The common factor model assumes that respondents “differ in degree” along the identified factors or domains of the latent variable and these differences in degree reflect one source of population heterogeneity. The factor model has been used to demonstrate the multidimensionality of several psychiatric and psychological constructs by unveiling their domains or facets. These include normal personality dimensions, substance use criteria, schizotypy, depression, and attention deficit hyperactivity disorder (ADHD) (Digman, 1990; Hardy et al. 2007; Asai et al. 2011; Jackson et al. 2014; Li et al. 2014).  
The common factor model is however limited in that in its traditional sense, it is not designed for testing hypothesis that the data is underpinned by separable subpopulations.  The identification of non-arbitrary boundaries within data is of particular interest to nosologists and psychopathologists seeking to identify disease subtypes that may differ in meaningful ways with regard to etiology, pathophysiological profiles, and/or treatment response. The DSM’s attempt at developing a nosological system of psychiatric disorders is the most well-known attempt at reducing heterogeneity in psychiatric diagnoses using a categorical model. Unlike factor analytic models, the capacities of latent variable mixture models are more closely aligned with the aims of classification systems. Latent variable mixture models can produce structural models that can inform nosological efforts at creating well-defined, quantifiable, homogeneous categories. While factor model reduce the number of manifest indicators needed to describe the latent construct, latent variable mixture models reduce the heterogeneity of responses on manifest indicators by clustering individuals into subpopulations. Mixture models therefore assume that individuals differ on the latent variable by “type” or a hybrid combination of “type and degree.” Latent variable mixture models have been applied heavily in psychopathology and psychiatric genetics (e.g., Ahmed et al. 2013; Ahmed et al. 2014). 
Previous reviews that discussed the application of latent variable models in psychiatry or psychology research (Raykov et al. 1991; Crowley & Fan, 1997; MacCallum & Austin, 2000; Curran & Hussong, 2003; Streiner, 2005; Streiner, 2006; Nelson et al. 2008) are often quite old or focus on specific latent variable methods. The more recent reviews include those by Masyn et al. (2010), Sterba & Bauer (2010), Hallquist & Wright (2014), and Wright & Hallquiest (2014). In this article we will give an update on the current status and development of latent variable mixture models with a focus on latent class analysis and factor mixture modeling. We will not discuss taxometric methods (Meehl, 1999), a family of mixture models that distinguish between categorical and dimensional structures by computing and plotting conditional curves of relationship patterns among sets of indicators of the construct. The prospects of taxometric methods for the investigation of taxonicity and dimensionality of psychiatric constructs have been recently reviewed in the Psychological Medicine (Lubke & Miller & Lubke, 2015). We present a novel interpretational framework for determining whether a psychiatric construct is best viewed as categorical, dimensional, or both (such that it conforms to a hybrid model). This framework seeks evidence of the best structural model by seeking converging evidence latent variable mixture models (see for example, Ahmed et al. 2013; Wright et al. 2013; Ahmed et al. 2014; Eaton et al. 2014; Lubke & Miller, 2015). We will illustrate the use of mixture models to study the latent structure of psychotic symptoms using data from the National Comorbidity Survey (Kessler et al. 1994). 	Comment by Jouko Miettunen: maybe this could be edited, see comment R2.4	Comment by Jouko Miettunen: maybe more references, see R1.5 & R2.2

A Brief Primer on Latent Variable Mixture Models
Fundamentally, all latent variable models involve mathematical representations of the relation between continuous or categorical latent distributions as outcome variables, and a set of manifest indicators of the latent variable. Latent variable mixture modeling is the modeling of one or more categorical latent variables in relation to a set of manifest indicators. Whereas factor analysis may represent the most common method of modeling dimensional constructs, latent class analysis represents a prominent method for modeling categorical constructs. More complex latent variable models may incorporate causal or path relations (structural equation models, structural equation mixture models) or combine multiple latent variable models into hybrid models (e.g., factor mixture models, growth mixture models) (Hoyle, 2012). Figure 1 provides a decision tree for selecting among several psychometric models for studying heterogeneity in datasets.	Comment by Jouko Miettunen: correct, see comment R2.6.
 
Latent Class Analysis
Latent Class Analysis (LCA) is a statistical procedure that can be used to classify individuals into homogeneous subgroups (latent classes). LCA is commonly used to determine the number of classes needed to sufficiently explain the differences in observed response patterns and summarize the data in meaningful way (Geiser, 2013). In this sense, LCA is inherently a finite mixture model in which two or more probability density distributions underlie an overall mixture distribution of response outcomes in the population. In mixture models, response outcomes or indicator types can be categorical, continuous, ordered, unordered, nominal, censored, or count variables. The latent class model is essentially a regression of observed indicator variables onto a set of one or more latent class variables (with dummy coded variables representing individual categories of the latent class variable). The latent class model can be configured for outcome indicators that are binary, polytomous, ordered/unordered categorical, count, or a combination of these response types. The model parameters are (1) the conditional item probability, which indicates the probability that a class member would endorse an item at its threshold value, and (2) the mixing proportion, base rate, or class probabilities, which indicate relative proportion of individuals in the population belonging to each level of latent class variable. In latent class models, posterior probabilities, which represent the probability that an individual belongs to each class, can be obtained and used to determine the individual’s appropriate class. It is often expected that posterior probabilities may be non-zero for many classes (i.e., partial membership); however, case assignment to classes is based on the highest posterior probability. 	Comment by Jouko Miettunen: Response 1.6….  Should we drop this (ref?) and add on local independence…
Latent profile analysis is an extension of LCA to situations in which the indicator variables are continuous rather than categorical (Marsh et al. 2009). In this case, because the indicators are continuous, the means and the variances within each class become relevant parameters. Each latent class has its own mean, variance, and covariance matrix. The assumptions of latent class models also hold for latent profile models including equal covariance matrices across latent classes, diagonal covariance matrices (which amounts to assuming local independence), and multivariate normality (Nylund et al. 2007). 	Comment by Jouko Miettunen: Response 1.9

Check grammatical errors, p. 7-8…
Some similarities between latent class/profile analysis and factor analysis are noteworthy. Whereas a latent class variable accounts for the observed relationships among the response outcome indicators in LCA, a latent factor accounts for the relationships observed among response outcome indicators in FA (Muthén, 2001). Whereas latent class/profile analysis involves determining the number of classes that best account for the observed relationship among a set of indicators, FA typically deals with situations in which the researcher is interested in determining the number of factors that best account for the observed relationships among a set of indicators. It is noteworthy that although originally conceived to unveil latent dimension underlying a set of data, FA can also unveil latent classes in distributions made up of two or more classes; thus clustering cases rather than factors (e.g., Thurstone’s categorical factors). In confirmatory factor analysis (CFA) researcher must provide the factor model for example based on literature, it can be used to compare competing models, e.g. based on different theories. More on LCA can be found from previous reviews (Hagenaars & McCutcheon, 2002; Collins & Lanza, 2010).
LCA have seen some application in the refinement of medical diagnostic practice (Rindskopf & Rindskopf, 1986; Albert & Dood, 2004). In psychiatry there has been application to several psychiatric disorders such as ADHD and schizophrenia (Rasmussen et al. 2002; Linscott et al. 2010). Interestingly, when compared to diagnostic categories, the classes based on LCA have been found to be associate more strongly to various predisposing factors, e.g. in schizophrenia (Leask et al. 2009). LCA have been recently used also for characterization of course (Uher et al. 2013) and subtypes of different disorders (Kendler et al. 2013; Rhebergen et al. 2014).	Comment by Jouko Miettunen: add somewhere here a new chapter on importance of psychiatric theory etc… see comments R1.1 & R1.8

Factor Mixture Models
[bookmark: OLE_LINK1][bookmark: OLE_LINK2]AMuthén and colleagues (e.g., Muthén, 2006) have developed a collection of modeling techniques that represent a fusion of LCA and FA has been developed quite recently (Arminger et al. 1999; Lubke & Muthén 2005; Muthén, 2006; Yung's Psychometric paper, Dolan & vd Maas, some of Vermont's papers, etc). This family of factor mixture models (FMM) is advantageous because they are capable of representing categorical and dimensional state of affairs (Muthén, 2006). FMM can provide the numbers of latent classes that best describe the data. FMM can also provide factor scores, which may aid in determining whether differences across groups on indicators are best viewed as qualitative or quantitative through an examination of class differences in factor scores. Factor mixture models are based on the premise that the observed relationship among a set of indicators is influenced by one latent class variable and one or more continuous factors. Factor mixture models draw from LCA in their assumption that a latent class variable influences the observations in the population, but depart from LCA in that they do not assume conditional independence, but rather suggests that within classes, one or more factors influence the indicator variables, causing them to covary. As enumerated by Muthén and colleagues, factor mixture models vary in their degree of complexity (Lubke & Muthén, 2005; Clark et al. 2013). 	Comment by Jouko Miettunen: check these and add to references?
Latent Class Factor Analysis (LCFA; Muthén, 2006) represents a simple configuration of factor mixture analysis. Relative to other factor mixture models, LCFA is characterized by invariant factor loading and item thresholds – LCFA and other simple configurations of factor mixture models may fix factor loadings and item thresholds to be equal across classes. In this case, the computed factor variance and covariance is zero although group means remain unequal. In more complex configurations, factor variance/covariance across categories can be relaxed and item thresholds may be unequal across classes (Clark et al. 2013). The flexibility of factor mixture models also allows the researcher to incorporate the effect of covariates on latent variables. For example, if a researcher is interested in whether a family history of alcoholism contributes to the likelihood of group membership in a particular class, this variable may be incorporated into the model as a covariate and regressed onto the factor and class variables. Lubke and Muthén (2007) conceptualize the final step as a multinomial logistic regression with the covariate predicting the log odds of the probability of belonging to one class as compared to belonging to the reference category.	Comment by Jouko Miettunen: ass on Response 1.11
distal outcome vs. covariate?

add also on comment R1.12 (too many classes?)
Interpretational framework. The family of latent variable mixture models allow researchers to compare the relative fits of competing structural models to the research data. The structural hypotheses to be compared often vary by the number of classes to be imposed on the data and the number of underlying factors or dimensions that explain the covariance among outcome variables. Suppose a researcher was interested in the optimal number of classes and dimensions that underlie data. One strategy would be to run a series of CFAs to compare the relative fits of factor solutions to the data. The best factor structure can be selected informed by relevant fit indices that include information criteria (discussed below), CFI, Tucker-Lewis Index (TLI), and the RMSEA. The available fit indices would depend on the estimator selected to analyze the model. The next step would be to run a series of LCAs testing various class solutions. In the final step, factor mixture models can be conducted, informed by the best factor solution from CFA while imposing several class solutions. Given the propensity of LCA to favor models with a larger number of classes and extract too many classes from the data, it is suggested that LCA set an upper limit for the number of extracted classes in the factor mixture model (see for example, Ahmed et al. 2013). 	Comment by Jouko Miettunen: comment alsp here importance of psychological/psychiatric theory?

Model fit. The preferred class model is selected using fit indices. The fit criteria available in most software include the loglikelihood, which is the logarithm of the likelihood that the presented model accounts for the relationships among the indicator variables. Overall, models with larger loglikelihood values are considered better fits than models with lower values. Three sets of information criteria including the Akaike Information Criteria (AIC; Akaike, 1987), Bayesian Information Criteria (BIC; Schwartz, 1978), and sample size adjusted BIC (aBIC; Sclove, 1987) are also available (e.g. in Mplus) as fit indices (Nylund et al. 2007). Overall, models with larger AIC, BIC, and aBIC values are poorer in comparison to models with lower values. Also otherThree likelihood ratio-based statistics – the Vuong-Lo-Mendell-Rubin (LMR), the Lo-Mendell-Rubin adjusted LRT test (aLMR; Lo et al. 2001), and the Bootstrapped Likelihood Ratio Test (BLRT; McLachlan & Peel, 2000) are also commonly used. The LMR, aLMR, and the BLRT are produced for models with two or more classes for comparing a higher class model with one that has one less class than the estimated model. The p-values produced represent the exact probability that the less complex model nested within the estimated model generated the data. Only when the p-values exceed 0.05, do the tests fail to reject the model with one less class in favor of the estimated model. Studies using Monte Carlo samples suggest that the BIC may be the most reliable of the information criteria whereas the BLRT may be the most reliable of the likelihood-based statistics (Nylund et al. 2007; Lubke & Tueller, 2010). Overall, judgment about the preferred structural model is based on a comprehensive evaluation of information criteria and likelihood-based statistic evaluated within and across latent variable models. Recent applications of factor mixture models include the characterization of alcohol use subtypes (Jackson et al. 2014), a demonstration of a dimensional structure of schizotypal personality disorder (Ahmed et al. 2013), identification of panic symptom heterogeneity (Roberson-Nay & Kendler, 2011), and the identification of boundaries in the schizophrenia spectrum when persistent negative symptoms and deficit features are examined (Ahmed et al. 2014).	Comment by Jouko Miettunen: new chapter (after this?)

Data requirements?
sample size, class-specific loadings…
many possible models…
importance of theory?	Comment by Jouko Miettunen: Check comment R1.15

add Lubke & Neale (2008), BIC also uncertain…
selecting correct number of classes (Lubke & Miller?)

Mixture Modeling of Psychosis Data from the National Comorbidity Survey
This section illustrates the use of the mixture modeling interpretational framework to examine the latent structure of psychosis in the National Comordity Survey (NCS; Kessler et al. 1994). The NCS was completed by the Survey Research Center of the University of Michigan between 1990 and 1992. The epidemiological survey assessed several psychiatric symptoms in 8,098 non-institutionalized individuals aged 18-54, living in the United States. The NCS obtained information about psychotic experiences from 5,908 respondents using survey questions drawn from the World Mental Health Composite International Diagnostic Interview (WMH-CIDI). The NCS psychosis questionnaire comprised 90 items that assessed positive symptoms, age of onset, duration, rule outs, and treatment seeking. 	For the ease of running the mixture models, we selected 20 symptom items from the psychotic disorders section (Table 1). The selected items assessed hallucinations of all sensory domains although many more items focused on auditory hallucinations. Other items assessed delusions of persecutory, referential, and influential nature. Participants’ responses to the 20 items were submitted to LCA, CFA, LCFA, and a less restrictive form of FMM. All analyses were completed using Mplus 5 (Muthen & Muthen, 2008). Annotated syntaxes are presented in an Appendix. 

Latent Class Analysis of NCS Psychosis Data  	Comment by Jouko Miettunen: see response 1.16

comment in detail why the fitted models make sense for your research question and sample. It looks like you fitted factor models with different numbers of factors, where these exploratory factor models? Please clarify, and provide a good example of how a mixture analysis should be carried out!
The 20 psychosis items were submitted to LCA with class solutions ranging from 2 to 5. Table 2 summarizes the fit statistics obtained from all analytic models including maximum loglikelihood estimates, information criteria, LMR, aLMR, and the BLRT. Examination of the fit statistics obtained from LCA suggests that the three class model is the preferred model. First, the increase in loglikelihood with each additional class added to the model levels off beginning with the three-class model. The BIC, which is the most reliable of the information criteria, is lowest for the 3-class model. In addition, the aBIC only decreases by 9 points going from the 3-class to the 4-class model, suggesting that not much is gained beyond the 3-class model. Figure 2 depicts the item profiles of the three-class solution with the item numbers on the x-axis and the item probability on the y-axis. The item endorsement profile across classes is parallel with the classes appearing to be ordered from lowest to highest in item endorsement probabilities. The mixing proportions of the three classes from class 1 which has the highest endorsement probability to class 3 which has the lowest are 2.34%, 81.95%, and 15.71%. The classification quality (entropy) or the degree to which classes could readily be distinguishable is adequate at 0.826.

Confirmatory Factor Analysis of NCS Data
The psychosis symptom items were submitted to factor analysis. Each factor model was tested using two estimators—maximum likelihood parameter estimates with standard errors robust to nonnormality (MLR) and robust weighted least square (WLSM), which is the program default. The fit statistics for various factor models are presented in Table 2 including maximum loglikelihood estimates, information criteria, CFI, TLI, and RMSEA. Examination of the fit statistics suggests that a 3-factor model is the preferred model. The information criteria are lowest for a 3-factor model. Moreover, examination of the CFI, TLI, and RMSEA shows little improvement from a 3-factor to a 4-factor model.	Comment by Jouko Miettunen: drop this, see comment R2.6

Factor Mixture Modeling of NCS Psychosis Data
Next the NCS psychosis items are submitted to a simple form of factor mixture modelling with class invariant factor loadings and item thresholds (LCFA). We set a three-factor structure as the upper limit for the number of factors to be imposed on the data and a three-class structure as the upper limit for the number of classes. This is informed partly by the preferred models from LCA and CFA and by the computation capacity of the program (i.e., the number of acceptable integration points in the factor mixture model). The results of the LCFA and the fit statistics are summarized in Table 3. Examination of the results suggests that the three-factor, 1 class solution (redundant with the 3-factor CFA) is the preferred LCFA solution. This solution produced the lowest BIC and aBIC estimates. An examination of the LMR and aLMR p-values for the 3-factor-1-class solution nested within the 3-factor-2-class solution produced p-values that indicate high probabilities that the less complex 3-factor-1-class model produced the data.  Across all latent variable models (CFA, LCA, and LCFA), the fit indices suggest that the psychosis data is best described by three factors and one population.

On the Latent Structure of the Psychosis Phenotype
Responses to psychosis items on the NCS conform to a 3-factor-1-class structure, suggesting that psychotic experiences exist on continua of severity in the general population. The absence of distinct boundaries in psychotic experiences is consistent with dimensional models of the psychosis phenotype (Allardyce et al. 2007; Ahmed et al. 2012). The result from our LVMM approach is remarkably similar to previous findings of the latent structure of psychosis in the NCS using taxometric methods (Ahmed et al. 2012). Meehl and colleagues developed taxometric methods to directly compare the relative fit of taxonic (two-class) and dimensional (one-class) structures to data using graphical modeling (Meehl & Yonce, 1994, 1996; Waller & Meehl, 1998). The conformity of the results using LVMM to previous results using taxometrics provides strong confirmation of the dimensionality of psychotic experiences.      	Comment by Jouko Miettunen: see comments (R1.1, R1.3), discuss also if similar in clinical samples etc… psychiatric theory?

multiple testing?  caution in interpretations?

Statistical Software for Latent Variable Modeling limit to those which do mixture analyses?
There are several software developed for latent variable models (Kline, 2011; Byrne, 2012). Commercial software are e.g. Lisrel, IBM SPSS Amos, Mplus, and EQS. Lisrel (www.ssicentral.com) is one of the first software developed directly to analyze latent variable models. These days, Lisrel has been developed with other features to different type of data analysis. It is syntax-based but it also has some graphical user interface features. IBM SPSS Amos (www.ibm.com/software/products/fi/spss-amos) provides a graphical approach (also programmatic interface is available) to latent class analysis and is very popular among some users. Mplus (www.statmodel.com) provides a wide range of different statistical tools and is especially useful in latent variable modeling. Mplus is syntax-based as well but has also some graphical user interface features. Byrne (2012) and Wang and Wang (2012) have written guides especially for Mplus programming. 
Beside these (and other) commercial software, there are also some software that is free of charge, such as Lavaan and OpenMx (openmx.psyc.virginia.edu). Lavaan is a syntax-based, free open-source (based on R software) package for latent variable modeling. OpenMx is also based on R software and as well free and open-source software that can be used to estimate advanced multivariate statistical models, including latent variable models. Latent Gold (statisticalinnovations.com/products/latentgold.html‎) is developed especially for LCA and latent factor mixture analysesmoeling. Note that also some other statistical software have their specific procedures for latent variable modeling, such as SAS (LCA and LTA procedures), Stata (GLLAMM command, LCA Stata plugin), and R (the poLCA package).

Conclusions
Latent variable models are a family of flexible procedures that allow researchers to describe the associations that exists among latent variables, their manifest indicators, and their covariates. The flexibility of latent variable models allow the latent variables of interest and their manifest indicators to be continuous, categorical, or both. Factor analytic models depict associations between a continuous latent variable and a set of categorical and/or continuous manifest (outcome) variables. In contrast, latent class analysis depicts the association between a categorical latent variable and its categorical and/or dimensional manifest variables. The family of factor mixture models combine factor analysis and latent class analysis to estimate models that conjecture the existence of co-occurring categorical and dimensional latent variables that both influence manifest variables. 
Latent variable models have seen an increased use in their application to study psychiatric and psychological constructs no doubt due to the simultaneous development computer capacity and the availability of analysis software. Latent variable models however remain underutilized. For instance, although ideal for this sort of investigations, very few studies have used the novel factor mixture models to study discontinuities in psychiatric disorders. An unfavorable contrast to the wide application of latent class analysis and multivariate taxometric methods (Meehl, 1999; Haslam et al. 2012) to the study of discontinuous hypotheses about psychiatric disorders. The current application of latent variable mixture modeling to NCS psychosis data demonstrates that it can provide results that are consistent with those from taxometric methods. Specifically, the dimensional structure of psychotic experiences in the general population is further supported by the current demonstration.  
All the latent variable methods require several choices from the researchers— the variables are to be used in analyses, the associations to be modeled and how the latent variables are named and interpreted. All these choices should be well justified. Latent variable methods, including latent mixture modeling, offer substantial advantages over more traditional statistical methods and use of these methods is recommended for various research questions and designs in psychiatric and psychological research.
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Table 1. Selected National Comorbidity Survey Items, endorsement rates, and loading from exploratory factor analysis
	 
	Item
	 
	 
	 

	National Comorbidity Survey item
	Probability
	F1
	F2
	F3

	U1: Have you ever believed that people were spying on you or following you?
	12.70
	0.546
	-0.213
	-0.157

	U2: Have you ever believed that you were being secretly tested or experimented on, that someone was plotting against you, or that someone was trying to poison you or hurt you?
	3.70
	0.741
	-0.527
	-0.177

	U3: Have you ever believed that someone was reading your mind?
	7.10
	0.634
	0.201
	0.053

	U4: Have you ever believed that others could hear your thoughts?
	3.70
	0.611
	0.229
	0.100

	U5: Have you ever believed you could actually hear what another person was thinking even though that person was not speaking
	6.50
	0.638
	0.297
	0.163

	U6: Have you ever been convinced that you were under the control of some power or force, so that your actions and thoughts were not your own?
	3.20
	0.748
	0.073
	-0.022

	U7: Have you ever been convinced that strange thoughts, or thoughts that were not your own, were being put directly into your mind, or that someone or something could steal your thoughts out of your mind?
	2.40
	0.757
	0.089
	-0.016

	U8: Have you ever believed that you were being sent special messages through television or the radio, or that a program had been arranged just for you alone?
	2.30
	0.809
	-0.069
	0.006

	U9: Have you ever felt strange forces working on you, as if you were being hypnotized or magic was being performed on you, or you were being hit by laser beams or X-rays?
	1.20
	0.641
	0.257
	-0.112

	U10: Have you ever had the experience of seeing something or someone that others present could not see that is, had a vision when you were wide awake?
	8.40
	0.524
	0.200
	-0.161

	U11:Have you ever had the experience of hearing things that other people could not hear, such as noises or a voice?
	7.90
	-0.142
	0.118
	-1.150

	U12: Did you ever hear voices others could not hear?
	0.30
	0.147
	-0.231
	-0.748

	U13: Did this voice come from some part of your body?
	0.80
	0.215
	0.470
	-0.430

	U14: Did you ever hear voices that other people could not hear that were commenting on what you were doing or thinking?
	1.20
	0.375
	0.367
	-0.456

	U15: Did you ever hear two or more voices talking to each other that other people could not hear?
	1.10
	0.376
	0.140
	-0.573

	U16: Were these voices discussing you?
	0.50
	0.348
	-0.059
	-0.748

	U17: Did you ever carry on a two-way conversation with the voices just as though someone was there with you?
	1.10
	0.321
	0.526
	-0.409

	U18: Did you ever actually see who you were talking to when you carried on a conversation with the voices?
	0.40
	0.174
	0.797
	-0.289

	U19: Have you ever been bothered by strange smells around you that nobody else was able to smell, perhaps even odors coming from your own body?
	4.40
	0.410
	-0.053
	-0.298

	U20: Have you ever had unusual feelings inside or on your body, like being touched when nothing was there or feeling something moving inside your body?
	7.20
	0.517
	0.101
	-0.246


Note. Loading are generated from a Quartimin rotation. Bolded values represent preferred factor assignment. 


Table 2. Factor analysis of National Comorbidity Survey psychosis data: model fit results 
	 
	LL
	k
	AIC
	BIC
	aBIC
	k
	CFI
	TLI
	RMSEA

	Psychosis CFA
	
	
	
	
	
	
	
	
	

	1-factor
	-7202.51
	41
	14487.03
	14732.56
	14602.29
	41
	0.964
	0.976
	0.034

	2-factor
	-7150.69
	42
	14385.37
	14636.89
	14503.44
	42
	0.976
	0.984
	0.028

	3-factor
	-7121.96
	44
	14331.93
	14595.42
	14455.62
	44
	0.981
	0.987
	0.025

	4-factor
	-7137.22
	47
	14401.55
	14688.74
	14564.19
	47
	0.982
	0.988
	0.024

	Psychosis EFA
	
	
	
	
	
	
	
	
	

	1-factor
	-7310.30
	41
	14702.60
	14948.13
	14817.86
	20
	0.978
	0.976
	0.034

	2-factor
	-7128.10
	60
	14376.21
	14735.52
	14544.88
	39
	0.990
	0.988
	0.024

	3-factor
	-7079.97
	78
	14315.95
	14783.05
	14535.22
	57
	0.996
	0.994
	0.017

	4-factor
	-7086.39
	95
	14362.78
	14931.69
	14629.84
	74
	0.998
	0.997
	0.011


Note. LL = loglikelihood; k = number of free parameters; AIC = Akaike Information Criterion; BIC=Bayesian Information Criterion, aBIC = sample size adjusted BIC; 
CFI = Confirmatory Fit Index; TLI = Tucker Lewis Index; RMSEA = Root Mean Square error of Approximation; CFA = Confirmatory Factor Analysis; 
EFA = Exploratory Factor Analysis. The preferred model is in bold font


Table 3. Latent variable mixture modeling of National Comorbidity Survey psychosis data: model fit results
	 
	LL
	k
	AIC
	BIC
	aBIC
	LMR
	aLMR
	BLRT

	Psychosis LCA
	
	
	
	
	
	
	
	

	1-class
	-8661.57
	21
	17365.14
	17490.90
	17424.18
	
	
	

	2-class
	-7431.81
	43
	14949.62
	15207.13
	15070.50
	2459.53 (p =0.000)
	2441.55 (p = 0.000)
	2459.53 (p =0.000)

	3-class
	-7188.81
	65
	14507.62
	14896.88
	14690.35
	485.99 (P = 0.000)
	483.24 (p = 0.000)
	485.99 (P = 0.000)

	4-class
	-7131.57
	87
	14437.13
	14958.13
	14681.70
	114.50 (p=0.001)
	113.85 (p=0.001)
	114.50 (p=0.000)

	5-class
	-7080.85
	109
	14397.69
	15050.44
	14704.11
	83.44 (p= 0.023)
	82.97 (p=0.023)
	83.44 (p = 0.000)

	Psychosis LCFA
	
	
	
	
	
	
	
	

	1-factor, 1-class
	-7202.51
	41
	14487.02
	14732.55
	14602.28
	
	
	

	1-factor, 2-class
	-7081.36
	82
	14326.72
	14817.78
	14557.24
	242.30 (p=0.019)
	241.57 (p = 0.019)
	239.42 (p=0.000)

	1-factor, 3-class
	-7036.9
	123
	14319.8
	15056.39
	14665.58
	94.50 (p = 1.000)
	94.23 (p = 1.000)
	94.50 (p = 0.000)

	2-factor, 1-class
	-7150.68
	42
	14385.36
	14636.88
	14503.43
	
	
	

	2-factor, 2-class
	-7089.8
	83
	14345.59
	14842.64
	14578.92
	11438 (p = 0.0043)
	11403.67 (p = 0.0043)
	11438 (p = 0.0043)

	2-factor, 3-class
	-7039.48
	124
	14326.96
	15069.54
	14675.54
	137.99 (p = 1.000)
	137.64 (p=1.000)
	163.89 (p=0.086)

	3-factor, 1-class
	-7121.96
	44
	14331.93
	14595.42
	14455.62
	
	
	

	3-factor, 2-class
	-7088.57
	85
	14347.15
	14856.17
	14586.10
	3142.34 (p = 1.000)
	3132.78 (p = 1.000)
	3142.34 (p = 0.444)

	3-factor, 3-class
	-7045.84
	126
	14343.69
	15098.25
	14697.90
	62.59 (p = 0.134)
	62.39 (p = 0.135)
	62.59 (p = 0.118)


Note. LL = loglikelihood; k = number of free parameters; AIC = Akaike Information Criterion; BIC=Bayesian Information Criterion, aBIC = sample size adjusted BIC; 
LMR = Lo Mendell Rubin test; aLMR = sample size adjusted LMR; BLRT = Bootstrap Likelihood Ratio Test.


Figure legends 

Fig. 1. A decision tree for selecting among different psychometric models for studying heterogeneity in datasets.

Fig. 2. Item profiles of the three-class solution with the item numbers on the x-axis and the item probability on the y-axis.



