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Chapter 1: Introduction  

1.1 Categories versus dimensions: The problem of classification 

Consider the following two statements: “Donald is more psychotic than Hillary” 

and “Donald is a schizophrenic while Hillary is not”. These statements have one thing 

in common: they both refer to a psychological attribute, which are psychoticism and 

schizophrenia, respectively. However, there is also an important difference between 

these statements. The first statement suggests that the difference between Donald 

and Hillary with respect to psychoticism is a matter of degree, meaning that the 

attribute is represented by a dimension on which Donald and Hillary can be ordered 

from high to low. The second statement suggests that the difference in schizophrenia 

between Donald and Hillary is a matter of type because Hillary does not belong to the 

class of schizophrenics whereas Donald does belong to this class. 

The example illustrates an enduring issue in psychology, which is the question 

whether psychological attributes can be best represented as dimensions or categories 

(Haslam, Holland, & Kuppens, 2012; Meehl, 1995a; Widiger & Samuel, 2005). This issue 

originates from theoretical, methodological, and clinical considerations. Theoretically, 

small variations in genetic, biological, and environmental influences together may 

cause gradual differences between persons on an underlying attribute, which 

corresponds to the dimensional view. However, for other attributes, influences may 

cause persons to belong to different homogeneous groups, suggesting a discontinuity 

along a quantitative scale. For example, there may be a discrete genetic factor such as 

a having a third copy of chromosome 21 (Down syndrome), causing persons to 

differentiate into different groups on particular attributes (Golden, 1991). Another 

possibility is that multiple factors interact, such that they create qualitative differences 

between clusters of persons on the attribute (Magnusson, 1990).  For example, the 

way in which persons tend to cope with negative emotions may be explained by a 

constellation of factors such as gender, personality characteristics, and education level 

of one’s parents. These interacting biological, psychological, and environmental 

influences may cumulate into typical qualitatively distinct coping style patterns. In this 

example, the latent variable that represents coping is really about how people cope 

differently with negative situations, but in this context it is meaningless to say that one 

person copes ‘more’ than another. Distinguishing latent dimensions from latent 

categories is relevant for theoretical understanding and for (clinical) practice, 

particularly when the attributes relate to psychological dysfunctions. 

Statistically, it is also important to properly align the analysis with the theory of 

the attributes that are being studied (DeCoster, Iselin, & Gallucci, 2009; Ferguson et 

al., 2009; Kraemer, Noda, & O'Hara, 2004). For instance, if the theory suggests that an 

attribute is dimensional one may use statistical methods such as factor analysis 

(Thurnstone, 1947) and item response theory (Embretson & Reise, 2000), which 

assume that attributes are dimensional. These methods focus on explaining the 

relationships between symptoms by imposing a dimensional structure (for a different 
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perspective, see Borsboom & Cramer, 2013; Schmittmann et al., 2013). If the theory 

of an attribute suggests that a categorical structure, one may use latent class analysis 

(LCA; Lazarsfeld & Henry, 1968). LCA assumes that respondents belong to mutually 

exclusive classes, which can be qualitatively different and hence do not necessarily 

assume an underlying dimension or even an ordering. Categorical models aim at 

classifying respondents in groups. 

The relevance of the categories versus dimensions debate in psychology has 

been most prominent in psychopathology and personality psychology, where it also 

referred to as the classification problem (Meehl, 1995a). Notably, since the first 

release of the Diagnostic and Statistical Manual for Mental Disorders (DSM-I American 

Psychiatric Association, 1952) it is debated whether categories of mental disorders 

defined in the DSM should also be conceived as categories with respect to the 

underlying psychological attributes, or whether the categories should be viewed as 

discrete levels of a dimension (American Psychiatric Association, 2013). Different 

views on the attribute may result in, for example, different ways of diagnosing 

disorders, different approaches to treatment, and different ways of evaluating patient 

progress throughout treatment. Hence, an important question is which conception is 

most appropriate given the envisaged attribute? Most often, the question is ignored 

and researchers and clinicians follow the common practice in their field without 

further empirical evidence. However, several statistical methods have been developed 

to find empirical evidence for one view over the other. In this dissertation, we explain, 

compare, and test the performance of these statistical methods in assessing whether 

psychological attributes are best represented by categories or dimensions. 

 

1.2 Statistical methods and the classification problem 

The categories versus dimensions debate pertains to the unobservable 

psychological attribute. Typically, psychological attributes can only be measured by 

means of observable behavior and measurement instruments such as questionnaires 

that consist of observable indicators (also referred to as items) that reflect different 

aspects of the attribute such as symptoms or personality facets. Whether the items 

adhere to the theory of the psychological attribute can be assessed by means of 

various statistical models, which are based on the notion of an underlying variable (i.e., 

a latent variable) representing the psychological attribute. These statistical models are 

based on a common principle; that is, the latent variable explains the associations 

between the observed indicators. Hence, the items share a common cause, which is 

the latent variable (Borsboom, Mellenbergh, & Van Heerden, 2003). This latent 

variable can be either a continuous latent variable representing a dimension or a latent 

class variable representing underlying categories, depending on the statistical method 

one uses.  

Several additional statistical models assume either a dimensional latent variable 

or a categorical latent variable. Researchers may want to use statistical methods that 

explicitly test whether a latent variable is dimensional or categorical. Two statistical 
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methods that are commonly used for this purpose are taxometrics (Meehl, 1965, 1968, 

1973) and latent variable mixture models (Dolan & van der Maas, 1998; Jedidi, Jagpal, 

& Desarbo, 1997a, 1997b; Lubke & Muthén, 2005; Magidson & Vermunt, 2003; 

Muthén & Asparouhov, 2006). However, these methods stem from different 

traditions, and therefore little is known about the relative performance of both 

methods and whether both methods are equally suitable for distinguishing 

dimensional latent variables from categorical latent variables, particularly in 

psychological scales and questionnaires. The investigation of this issue is the topic of 

this dissertation.  
 

1.3 Outline of the dissertation 

This dissertation discusses commonly used statistical methods to study 

whether psychological attributes are best represented by categories or dimensions, 

which are taxometrics and latent variable mixture modeling. By reviewing these 

methods, studying their performance by means of simulation studies and applying 

these methods to empirical psychological data, we explore whether these methods 

are equally suitable for distinguishing dimensional from categorical psychological 

attributes. 

Chapter 2 reviews the formal properties of taxometrics and latent variable 

mixture modeling. By comparing these methods head to head, we explore the 

communalities and distinct features of both statistical frameworks. By focusing on the 

distinct features, we aim to derive whether the conception of categories is the same 

for both frameworks, and hence whether both frameworks are equally suitable for 

studying the categorical and dimensional features of psychological attributes. 

The aim of chapter 3 is to study the performance of taxometrics in detecting 

categorical latent structures under various data conditions. Specifically, by using the 

measurement properties of clinical scales as a point of departure, we assess the 

performance of several taxometric methods by means of both analytic examples and 

simulated data.  

Chapter 4 explores the use of latent variable mixture models including an IRT 

measurement model for studying dimensional and categorical properties of distressed 

(Type D; Denollet, 2005) personality using empirical data. We discuss the conceptual 

underpinnings of latent variable mixture modeling, followed by the steps for building 

latent variable mixture models. Moreover, we explain how one decides between 

competing latent variable mixture models. An additional power study is performed to 

explore the generalizability of the empirical results. 

Chapter 5 explores the use of latent variable mixture models for the analysis of 

complex high dimensional personality attributes using empirical data. In particular, the 

hypothesis of Alexithymia (Sifneos, 1973) subtypes is explored by fitting a set of factor 

models with a higher order latent class structure to the data. This chapter also 

highlights the issues researchers may encounter when fitting complex latent variable 

mixture models. 
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Chapter 2: Latent Variable Mixture Modeling 

Versus Taxometrics: Differences and 

Communalities 

 
Abstract 

The longstanding debate whether psychological attributes are represented by 

dimensions or categories is considered an important issue in psychology. To resolve 

this debate, researchers have turned to statistical methods that are aimed at detecting 

whether attributes are categorical or dimensional. This chapter provides a comparison 

of two frequently used methods, which are latent variable mixture modeling (LVMM) 

and taxometrics. Although the methods pursue the same goal of distinguishing 

between categories and dimensions, we show that there are a number of key 

differences between the methods, both conceptually as well as in their statistical 

approach. Notably, dimensional variation within classes can be representative of a 

meaningful factor structure, which can be modeled using the LVMM framework, while 

in taxometrics this variation is considered a nuisance. Based on the mathematical 

foundations of the methods, we show that the notion of taxonicity constitutes 

quantitative group differences whereas the notion of mixtures in LVMM is more 

flexible, because groups can also differ qualitatively. Researchers should be aware of 

the differences and should preferably make their choice of statistical method based 

on the type of group differences that that they expect theoretically.   
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2.1 Introduction 

 The question whether psychological attributes can be best represented by 

dimensions or categories is often associated with different research fields of 

psychology. For instance, in the field of personality psychology the view on 

psychological attributes has been predominantly dimensional, such that people are 

thought to vary with respect to traits like neuroticism on a continuous scale (Eysenck, 

1967; McCrae & Costa, 1997; Widiger & Costa Jr, 1994). However, in psychopathology 

and psychiatry the view on psychological attributes has been predominantly 

categorical (Kraemer, 2007; Meehl, 1995a). For instance, the psychopathology of 

schizophrenia is assumed to be found in a specific population of individuals that are 

separable from a population of healthy individuals (Lenzenweger, 2006; Meehl, 1962, 

1990). The question whether attributes in psychopathology and psychiatry are 

categorical or dimensional is also known as the classification problem (Meehl, 1995a) 

and has been debated since the first release of the Diagnostic and Statistical Manual 

for Mental Disorders (DSM-I; American Psychiatric Association, 1952). The essence of 

the classification problem is that it is unclear whether mental disorders, which the 

DSM defines as manifest categories of symptoms, should also be viewed as categories 

with respect to the underlying psychological attributes or that they should be viewed 

as dimensional consistent with personality disorders as defined in the DSM-V 

(American Psychiatric Association, 2013). This distinction is important because 

different conceptions of psychological attributes may imply different approaches to 

research, diagnosis, and treatment in clinical practice.  

In this chapter, we provide a head-to-head comparison of two commonly used 

statistical methods for distinguishing latent categories from latent dimensions, which 

are latent variable mixture models (LVMM’s) and taxometrics, respectively. We 

compare the different frameworks with respect to formal properties, such as whether 

the methods are model-based or data-driven, and whether the methods operate at 

the level of the total score or the item scores from questionnaires or tests. By 

comparing the two frameworks formally, the goal of this chapter is to evaluate 

whether taxometrics and LVMMs are equally suited for studying whether 

psychological attributes are categorical or dimensional. Because LVMM is a more 

general modeling framework, we hypothesize that taxometrics may be less suitable 

for solving the classification debate in psychology. 

 

2.2 Taxometrics 

Taxometrics was developed to solve the classification problem, starting from 

the following premise. The population consists of two exhaustive and mutually 

exclusive subpopulations: one subpopulation consisting of those people ‘possessing’ 

the conditions of interest (i.e., the taxon) and the complement subpopulation not 

possessing the conditions of interest (i.e., the non-taxon). The causal definition of a 

taxon (Meehl, 1992) posits that there is a dichotomous causal variable explaining these 

conditions of interest. Meehl (1962) gave schizophrenia as an example: the population 
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consists of healthy persons and schizophrenics, where schizophrenia is caused a by the 

presence of a particular gene. Meehl (2004) later gave a more practical definition of 

taxonicity by stating that the goal of taxometrics is to establish whether a latent 

variable consists of a single distribution or whether it refers to two (or multiple) groups 

each characterized by their own distribution. If a population consists of two 

subpopulations with respect to a latent variable of interest, we speak of taxonicity and 

a taxonic latent variable. The subpopulations (taxon and non-taxon) are referred to as 

taxa. In order to test the hypothesis of taxonicity, Meehl and his colleagues developed 

a family of taxometric procedures known as MAXCOV (Meehl, 1973; Meehl & Yonce, 

1996), MAMBAC (Meehl & Yonce, 1994), MAXEIG (Waller & Meehl, 1998), and the less 

popular L-Mode (Waller & Meehl, 1998) and MAXSLOPE (Grove, 2004; Grove & Meehl, 

1993).  

All taxometric procedures are based on the notion that if a psychological 

attribute of interest is taxonic, then the attribute’s indicators also reflect taxonicity. 

These indicators are typically items, composites of items, or summed scores on 

subscales that are measured on a continuous or polytomous scale. Taxometric 

procedures evaluate whether summary statistics of observable indicators such as 

covariances (MAXCOV), means (MAMBAC), and eigenvalues (MAXEIG) are indicative 

of an underlying taxonic or dimensional latent structure. We emphasize that 

taxometrics is limited to detecting taxonic latent structures consisting of two taxa 

(McGrath, 2008; Walters, McGrath, & Knight, 2010).  

Because MAXCOV is the most frequently used taxometric procedure, we briefly 

explain how the MAXCOV procedure uses summary statistics (covariances) to reveal a 

taxonic latent structure. A formal and technical description of MAXCOV, MAMBAC, 

and L-Mode is provided in Appendix A. We do not provide more details concerning 

MAXEIG, because this method has been shown to be mathematically identical to 

MAXCOV in specific circumstances (Beauchaine, Lenzenweger, & Waller, 2008) and 

produces almost identical results as MAXCOV in most other circumstances (Ruscio, 

Walters, Marcus, & Kaczetow, 2010). We also do not focus on the MAXSLOPE 

procedure because this procedure is rarely used (Haslam et al., 2012). 

The MAXCOV procedure is based on the general covariance mixture theorem 

(GCMT). Under the assumption of taxonicity, the GCMT states that the observed 

covariance between two indicators X and Y is a function of the covariance between 

indicators X and Y, denoted ��(��), within one class (taxon), the covariance between 

indicators X and Y, denoted ��(��), within the other class (non-taxon), and the 

product of the unstandardized mean differences between the two taxon indicators � 

(denoted �	) and � (denoted �
). These three components are weighted (multiplied) 

by their respective mixture proportions, denoted � (i.e., proportional size of the taxon) 

and 1- � (i.e., proportional size of the non-taxon). The GCMT (at the population level) 

is defined as follows,  

 �(��) = ���(��) + (1 − �)��(��) + �(1 − �)�	�
.                     (1) 

 



 

 

8 

 

If indicators are pure markers of class membership, the covariance between 

indicators is 0 within the taxon and 0 within the non-taxon and hence the first two 

terms of the GCMT equal 0. This means that the covariance between indicators is 

entirely attributable to the unstandardized mean difference between the taxon and 

the non-taxon (i.e., to �� and �
). 

The key to the MAXCOV procedure is to manipulate � by creating ordered 

subsamples so that the �(��) varies as a function of �. The manipulation of � is 

achieved as follows. A third indicator other than � and � serves as input indicator � to 

create subsamples; that is, a selection of persons having a score within a particular 

range on �, also referred to as windows. Creating such subsamples is achieved by 

ordering cases by their scores on the input indicator, which is assumed to be a valid 

indicator of the attribute of interest. If the psychological attribute of interest is taxonic, 

then the ordering of the cases based on their indicator scores will put cases belonging 

to one group (the taxon) at the high end of the indicators’ score distribution and cases 

belonging to the other group (the non-taxon) at the low end of an indicators’ score 

distribution. Subsequently selecting subsamples of cases with increasing indicator 

scores thus results in subsamples with increasing proportions of taxon members. 

Specifically, as we move the window along the ordered input indicator from low to 

high scores, we move from selecting mostly cases from the non-taxon population to 

selecting mostly cases from the taxon. Next, one can evaluate how the covariance 

between the two output indicators � and � varies across the windows. If the attribute 

is taxonic, the covariance between � and � is low when the window contains mostly 

non-taxon members, then increases until it reach its maximum when the window 

contains an equal number of cases from the taxon and non-taxon (� = 0.5), and then 

decreases again until the window contains mostly taxon members. With the exception 

of the L-Mode procedure, the different taxometric methods all derive summary 

statistics (e.g., covariances) that are sensitive to the ratio of taxon and non-taxon 

members. 

The pattern of covariances across windows can be evaluated by plotting the 

covariance between the output indicators � and � for each subsequent window. If the 

plot shows a peaked curve, this is evidence that the psychological attribute of interest 

is taxonic (Figure 2.1). If a psychological attribute is dimensional, then the covariance 

between the two output indicators is entirely attributable to the dimensional variation 

of the psychological attribute and thus is constant across all windows, resulting in a 

horizontal curve (Figure 2.1). It is important to note that there are specific instances in 

which dimensional variation may not result in a horizontal curve (Maraun & Slaney, 

2005; Maraun, Slaney, & Goddyn, 2003).  

Whether taxometric curves indicate taxonicity or dimensionality has to be 

judged by the researcher. In practice, the number of MAXCOV curves that are 

generated may easily grow (e.g., for five indicators there are already 30 MAXCOV plots 

to be evaluated). Judging whether these curves are taxonic or dimensional can be a 

complex and subjective task. To aid interpretation, the comparison curve fit index 

(CCFI; Ruscio, Ruscio, & Meron, 2007) was introduced. The CCFI is useful, because it  
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Figure 2.1  

 

 

summarizes multiple taxometric curves into a single index from which one can infer 

whether the underlying latent variable is taxonic or dimensional. The CCFI is available 

for all five taxometric procedures and has been used in many studies since its 

introduction (Haslam et al., 2012). Several simulation studies have shown that the CCFI 

is accurate in distinguishing dimensions from taxonic latent structures under specific 

conditions (Meehl & Yonce, 1994, 1996; Ruscio & Kaczetow, 2009; Ruscio, Ruscio, et 

al., 2007; Ruscio et al., 2010; Waller & Meehl, 1998; Walters et al., 2010; Walters & 

Ruscio, 2009, 2010). 

The taxometric method is not a model-based method but rather a procedure 

consisting of several steps. Within the taxometric framework, one assumes that the 

probability of belonging to a taxon is a monotone increasing function of an indicator 

score (Meehl, 1992). Hence, the relationship between latent classes and observed 

responses is non-parametrically defined. The ordering of cases using the input 

indicator to create windows is based on this assumption. Taxometrics makes no 

additional assumptions, such as the normality of the indicators’ distributions, or a 

parametrically defined relationship between responses and latent classes, although 

the linear association of indicators is implicitly assumed in taxometric procedures that 

rely on covariance.  

However, taxometrics is restrictive with respect to what constitutes valid 

indicators. In particular, there are two indicator properties that are considered 

essential in taxometrics, which are high indicator validity and low nuisance covariance. 
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In taxometrics, indicator validity refers to the degree of class separation of the 

hypothesized taxa at the indicator level, and is expressed by means of Cohen’s d 

(Meehl, 1995a, 1995b, 1999). The term nuisance covariance refers to the covariance 

between two indicators within both taxa and is represented by the first two terms of 

the GCMT (Equation 1). Large degrees of nuisance covariance between indicators 

suggests continuous variation within taxa, which in taxometrics is considered a 

nuisance because it blurs the presence of taxa. In line with this view, Meehl (1995a) 

formulated a rule of thumb with respect to what the minimal indicator validity and the 

maximum nuisance covariance should be in applications of taxometrics. He argued 

that the minimum indicator validity should at least be equal to d = 1.25, and that the 

nuisance covariance expressed in terms of Pearson’s product-moment correlation 

coefficient should not exceed r = .3. Hence, taxometricians conceive indicator selection 

as an integral part of the taxometric procedure. Monte Carlo simulation studies have 

shown that the probability of detecting taxa decreases drastically when the indicator 

validity drops below d = 1.25 and when the nuisance correlations exceed r = .3 

(Beauchaine & Beauchaine, 2002; Ruscio et al., 2010).  

 

2.3 Latent Variable Mixture Modeling 

 Latent variable mixture modeling is known under various names such as finite 

mixture modeling (Dolan & van der Maas, 1998; Jedidi et al., 1997a, 1997b), factor 

mixture modeling (Lubke & Muthén, 2005), structural equation mixture modeling 

(Bauer & Curran, 2004), item response mixture modeling (Muthén & Asparouhov, 

2006), and latent class factor modeling (Magidson & Vermunt, 2003). Given the aim of 

this chapter, we adopt the more general term latent variable mixture modeling 

(LVMM; Lubke & Miller, 2014). 

 LVMMs are a hybrid of latent class models (Lazarsfeld & Henry, 1968) and 

dimensional latent variable models. Like latent class models, latent variable mixture 

models split the population into two or more mutually exclusive and exhaustive classes 

or subpopulations (Figure 2.2, left panel). However, instead of capitalizing on local 

independence within classes, LVMMs assume a dimensional model within classes. 

Hence, a LVMM with two classes represents a mixture of two subpopulations, each 

with their own dimensional model and latent trait distribution.  

First, we will first review the statistical foundations of LVMMs. Furthermore, to 

facilitate comparability with taxometrics, we specifically focus on two-class LVMM as 

a special case. Generalizations of the LVMM to more than two classes are 

straightforward. The LVMM is a population model for explaining the multivariate 

distribution of scores on a set of indicators, collected in vector X. Each possible vector 

of realizations �, has a probability of occurrence and using LVMMs one describes the 

multivariate distribution X. To formulate the model we first consider the dimensional 

model within classes. Let � be the number of classes, and let �(�� = ��|�,  ), � =1, … , � ,  be the response probability of response � on item ", as a function of class 

membership �, and nuisance factor  . For the sake of clarity, we assume a  
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Figure 2.2 

 

 

unidimensional  , although the model can also be extended to the multidimensional 

case. Let #$ %&'( be the density function of   within class q, defined by parameters &'. We assume that the density is the normal distribution with mean ()) and variance 

(�2). Letting �� denote the proportion of class members, the general LVMM models 

the distribution of � as 

 

�(�) = + �' ,- ./ �$�� = ��% (0
�1� 2 #$ %)' , �'�(3  4 5

'1� . 
 

 

Consider the two-class model, let �'1� (�) be the marginal probability of 6 in class �; 

that is, 

 

�'(�) = - ./ �$�� = ��% , �(0
�1� 2 #$ %)' , �'�(3 . 

 

The LVMM can be written as, 

  �(�) = ���� (�) + (1 − ��)(1 − ��(�)). 

 

Hence, the two-class version of the LVMM is a mixture of two multivariate 

distributions of �, each explained by a different dimensional model. 

Of particular interest are the item response functions, �$�� = ��%�,  (. 

Different models exist for �(�� = ��|�,  ). For continuously scored indicators, the 
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linear model (i.e., the factor model) is appropriate. For dichotomously scored 

indicators, the most common choice is the logistic function. Let 7(8) be shorthand 

notation for the logit transformation of z; that is, 7(8) = ln : ;�<;=. Then, there are 

different possibilities to describe the relationship between latent classes and 

dimensions. First, we define the (logistic) Item Response Function (IRF) as follows: 

 7>�$�� = ��%�,  (? = @A�' + @��    (Model 1) 

 

Under Model 1, @A�' models between-class mean differences at the item level, 

whereas @� models the association of item responses with  . An important issue in 

applying latent variable models is the so-called scale indeterminacy; that is, that the  -scale has no unit or zero-point. One way to solve this problem is by arbitrarily fixing 

the mean to 0 and the SD to 1 within each group. Each person in the population is then 

characterized by the latent-variable vector (�,  ). If  = 0, this means that the person 

is at the mean of his/her group. Hence, parameter   models within-group variance 

(i.e., heterogeneity). It is assumed that variation in   within groups has the same effect 

on the vector probabilities (in logit metric); that is, the relationship between   and 

response probabilities does not interact with class membership. Because of the scale 

indeterminacy, linear transformations of the  -scale do not change the predicted 

probabilities, thus rendering    interval-level measurements under the model. 

From Model 1, we can derive the special case when the differences between 

the intercept in Model 1 is a constant; that is @�A� − @�A� = )' for all indicators. Then, 

the model can be written as:  

 7>�$�� = ��%�,  (? = @A� + @��$ − )'(.                            (Model 2) 

 

In Model 2, the classes differ with respect to one parameter, thus showing one class 

effect on all items. Model 1 can also be generalized as,  

 7>�$�� = ��%�,  (? = @A�' + @��' .   (Model 3) 

 

Here, parameter   models within-group variance, but the effect of   varies across 

classes. It should be noted that some items should be constrained for necessary 

identification of the model. In Model 3, classes do not only vary with respect to the 

mean indicators, but also with respect to the extent to which the latent variable affects 

the responses; thus, Model 3 allows interaction between class membership and the 

effect of the continuous latent variable.  

Given that the LVMM constitutes a hybrid of latent class analysis and 

dimensional latent variable models, one can also impose restrictions on the LVMM to 

reduce the model to either a dimensional latent variable model or a latent class model. 

Specifically, by restricting the number of classes to one, the LVMM reduces to a 

standard dimensional model (i.e., factor model or IRT model; Figure 2.2, right panel). 

In addition, when each class is constrained such that there is no variation on the 
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dimension(s) within each class, the LVMM reduces to a latent class model (Figure 2.2, 

middle panel). Although latent class analysis and factor analysis/IRT are conceptually 

quite distinct modeling frameworks, latent variable mixture models combine both 

categorical features and dimensional features into one modeling framework. This 

framework offers a model-based way to study whether psychological attributes are 

categorical while incorporating substantively meaningful variation within each class.  

The LVMM framework is a confirmatory framework and should be used as such 

by fixing the number of classes a priori to be consistent with the theory of the attribute 

of interest. Showing that this model is the best fitting model is usually determined by 

fitting alternative models with fewer classes or more classes, rendering the approach 

more exploratory (Bauer & Curran, 2004). LVMMs can be estimated using different 

variants of maximum likelihood such as full information maximum likelihood 

estimation. These estimation procedures use likelihood functions, indicating how 

likely the data are as a function of the model parameters. The maximized likelihoods 

of the data given different models allow one to determine which models, and hence 

which number of classes, adequately describe the data. To determine which model fits 

best, researchers may use likelihood ratio tests (McLachlan & Peel, 2000; Muthén & 

Muthén, 2008; Vermunt & Magidson, 2013) or the Lo-Mendell-Rubin likelihood ratio 

test (Lo, Mendell, & Rubin, 2001; Muthén & Muthén, 2008). In practice, researchers 

also use various information criteria to infer the correct number of latent classes. 

Information criteria such as AIC (Akaike, 1987), BIC (Schwarz, 1978), and DIC 

(Spiegelhalter, Best, Carlin, & van der Linde, 2002) balance fit with parsimony as they 

penalize for the number of parameters in the model. Determining which model 

optimally fits the data based on multiple fit criteria can be difficult because different 

fit indices may favor different models. After deciding the number of classes that best 

describe the data, one should assess entropy-based criteria to judge whether the 

degree of class separation is meaningful (Bauer & Curran, 2004; Jedidi et al., 1997a, 

1997b; Vermunt, 2010).  

 

2.4 Comparing the Two Methods 

Although taxometrics and LVMM are two different frameworks that stem from 

two different traditions, both frameworks also resemble each other in several ways. 

For instance, it can be shown that the latent profile model, which is a latent class 

model for continuously measured items, uses a multivariate generalization of the 

GCMT (Bauer & Curran, 2004). Given that the latent class model is embedded in the 

LVMM, it follows that the LVMM and taxometrics are based on a similar mathematical 

principle. Specifically, the latent class model and the dimensional latent variable 

model, which together constitute the LVMM, are both based on the assumption of 

local independence; that is, indicators are uncorrelated within latent classes or given 

a continuous latent variable. Parameters of the LVMM are estimated under the 

assumption of local independence. Similarly, in the taxometric framework, local 

independence is a special case in the GCMT and is reflected in the first two terms of 
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Equation (1). Specifically, when the first two terms of the GCMT equal 0, the indicators 

are uncorrelated within taxa and thus are locally independent given the taxa. In 

taxometrics, the local independence assumption is imposed in the procedure for 

indicator selection. 

Local independence is not an assumption of the taxometric framework because 

the GCMT is merely a mathematical theorem that is true in general when the sample 

consists of two populations, but the GCMT does not constitute a statistical model. 

Stated differently, it is not a necessity of the GCMT that the first two terms (i.e., the 

nuisance covariance) equal 0. However, taxometric methods do not detect taxonicity 

well when there are strong local dependencies, because the taxometric curves will not 

have clearly visible peaks. From a taxometric viewpoint, the indicator covariance 

within taxa truly is a nuisance as the presence of the latent classes is no longer the 

only source of the indicator covariance. Because of the detrimental effect of nuisance 

covariance on the taxometric method, Meehl (1995a) introduced rules of thumb with 

respect to the maximum within-group correlations between indicators. Later, Ruscio, 

Haslam, and Ruscio (2006) replaced the term nuisance covariance with within-group 

covariance. According to these authors, the within-group covariance may be 

representative of a complex multidimensional factor structure that may vary across 

taxa thus constituting a mixture (Meehl, 2004). Hence, from this viewpoint the within-

group covariance cannot be considered a nuisance.  

Although the theoretical possibility of a complex latent structure within taxa is 

acknowledged, in practice Meehl’s rules of thumb with respect to maximum within-

group correlations of indicators are strictly employed in taxometric simulation studies 

(Meehl & Yonce, 1994, 1996; Ruscio & Kaczetow, 2009; Ruscio, Ruscio, et al., 2007; 

Ruscio et al., 2010; Waller & Meehl, 1998; Walters et al., 2010; Walters & Ruscio, 2009, 

2010). This means that the within-group correlations are still treated as a nuisance 

rather than a substantively interesting variation on the latent constructs within the 

taxa. Hypotheses concerning the structural model within taxa are rarely addressed in 

empirical taxometric studies. The absence of hypothesis testing concerning the latent 

structure can be explained with two reasons. First, taxometric researchers are 

primarily concerned with the general question whether a psychological construct is 

dimensional or categorical and to them, within-group dimensionality is not of 

immediate interest. 

Secondly, because one cannot test a structural model using taxometrics alone 

some researchers combine taxometric methods with exploratory or confirmatory 

factor analysis. For instance, one could apply taxometric methods and, if one finds 

evidence for a taxonic latent structure, one could further explore the factor structure 

within the taxa (Bernstein et al., 2007). Researchers have also applied an opposite 

approach, by estimating a common factor model and applying taxometrics to the 

estimated factors or the residuals of the estimated factors (Ferguson et al., 2009; 

Haslam, 1997). Whether the combination of taxometrics and factor analytic methods 

can accurately detect taxa and the structural model within taxa (i.e., the mixture) is 

unclear and remains to be investigated. What is clear is that taxometrics in itself is 
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unsuitable for assessing the structural model within latent classes. Moreover, too 

much variation within taxa resulting from the within-group structure may ultimately 

result in the taxonic structure going undetected by the taxometric method. 

A fundamental difference between taxometrics and LVMM is that the local 

dependencies in the latent class part of the LVMM are not considered a nuisance. 

Instead, these local dependencies suggest dimensional variation on a substantively 

meaningful latent variable and are modeled by the dimensional part of the LVMM 

(e.g., factor analysis or IRT models). The common factor model, which may be used to 

model the dimensional part in the LVMM, explicitly defines the linear relationship 

between the latent variable and the observed indicators with an intercept and a factor 

loading that expresses the strength of the relation. Given p observed indicators and k 

underlying factors, the B×B covariance matrix of the observed indicators is expressed 

as a function of the B×D factor loading matrix Λ, a D×D covariance matrix of the 

common factors Φ, and a B×B residual covariance matrix Θ, so that  

 E = FGFH + I. 

 

The assumption of local independence is also imbedded in this model by constraining 

the residual covariance matrix I to be diagonal, hence incorporating an implication of 

local independence, which is zero residual variance. 

LVMMs are flexible because the parameters of the factor model can be class-

specific as is shown in Model 1 through Model 3. Different class-specific parameters in 

these models also imply different conceptualizations of latent classes. For instance, 

Model 2 is the most restrictive model because the effect of the latent classes on the 

indicators is fixed to be equal for all indicators. This results in parallel profiles of the 

indicator means for the two classes, which can be considered to represent quantitative 

class differences (De Boeck, Wilson, & Acton, 2005). Model 1 is less restrictive, with 

class-specific effects on the indicators, resulting in non-parallel profiles of the indicator 

means for the two classes. These can be considered simple qualitative class differences 

(De Boeck et al., 2005). Model 3 is the least restrictive model, because it allows for 

direct class-specific effects on the indicators and class-specific effects of the latent trait  . This also results in non-parallel profiles of the indicator means for the two classes, 

which can be considered complex qualitative class differences (De Boeck et al., 2005). 

We note that Model 3 is most closely linked with the GCMT, because it follows both 

from the GCMT and Model 3 that the taxon and non-taxon can vary with respect to 

the within-group indicator covariance. Given that taxometric methods can only detect 

taxonicity given sufficient levels of class separation but cannot model class specific 

effects, it follows that taxometrics can only detect quantitative group differences. To 

detect more subtle qualitative group differences, one needs to model the within-group 

structure similar to the LVMM framework. To clarify this distinction, consider the 

example of two latent classes that do not differ with respect to their latent variable 

means but only with respect to the latent variable covariances (Figure 2.3). Such a 

latent structure would go undetected in taxometrics. Although LVMM offers more  
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Figure 2.3. Two mixtures of populations with equal  

means on both latent traits, but with different covariances  

between the latent traits. 

 

 

flexibility, it should be emphasized that modeling class-specific parameters, as is done 

in Model 3, can lead to estimation problems and can also produce results that are 

difficult to interpret substantively.  

In addition to explicitly modeling class-specific relationships between the 

indicators and the latent variable, LVMM also accounts for measurement error thus 

taking the reliability of indicators into account in the psychometric model. This is 

comparable with structural equation modeling (SEM) approaches in which the 

relationship between attributes is inferred from the latent variables, which are freed 

of measurement errors. However, in taxometrics, measurement error is disregarded, 

or at least not distinguished from structural variation within the classes due to latent 

factor(s). Several researchers have expressed their concerns about ignoring 

measurement error in the taxometric framework (Beauchaine et al., 2008; Borsboom 

et al., 2016; Lubke & Tueller, 2010). Disregarding measurement error may be 

particularly problematic in a field like psychology where measurement error is 

abundant. Crucially, without considering measurement error one cannot separate 

structural within-group variance from within-group error variance, thereby 

overestimating the total indicator variance within taxa. Unreliable indicators are 
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particularly problematic in taxometrics because measurement error obscures the 

ordering of cases along the input indicator when creating windows. Specifically, 

unreliable input indicators will produce a fuzzier separation of taxon and non-taxon 

members on the indicators’ score distributions. As a result, the windows at the low 

end and the high end of the indicators’ scales are more likely to contain cases of both 

the taxon and the non-taxon. Given that this mixture creates covariance, the tails of 

the MAXCOV curve are more elevated and the curve less peaked, thus making it harder 

to infer taxonicity if it exists.  

The psychometric properties of indicators in taxometrics are typically assessed 

using indicator validity and within-group indicator correlation. It is important to note 

that indicator validity and within-group indicator correlations are typically computed 

based on the hypothesized taxon and non-taxon. Specifically, the researcher has to 

make an a priori split of the sample by deciding which cases are in the taxon and which 

cases are in the non-taxon. The larger the degree of class separation (i.e., mean 

difference between taxon and non-taxon) is on an indicator, the more effectively the 

indicator separates the taxon from the non-taxon, hence the term indicator validity. 

Similarly, the smaller the within-group correlations between indicators, the better 

these indicators are considered to measure the taxonic latent structure. Based on this 

notion, Meehl (1995a) formulated his rules of thumb for indicator selection with 

respect to these two indicator properties, although we notice that these rules are 

often employed as if they were strict statistical assumptions.  

When items do not meet Meehl’s rules of thumb, several solutions are used. 

First, researchers may choose to omit these items from the analysis. From a 

psychometric perspective, this is undesirable, because disregarding certain facets of 

the attribute may ultimately change the substantive meaning of the attribute. 

Researchers using LVMM may also omit items from the analysis if the item shows poor 

fit with the postulated model. Secondly, when items in questionnaires do not meet 

Meehl’s rules of thumb, researchers may also use composites of these items to form 

taxometric indicators that do meet Meehl’s rules of thumb. For instance, an item with 

a low indicator validity and an item with a high indicator validity can be combined to 

form one composite with sufficient indicator validity.  

The use of composites of items is also used sometimes in factor analysis or 

structural equation modeling, where composites are often referred to as item parcels. 

Although the use of item parcels are considered somewhat controversial (Little, 

Cunningham, Shahar, & Widaman, 2002), item parcels may be used to reduce the 

number of items in situations where the number of items is large (Williams & O'Boyle, 

2008) or to obtain better distributional properties of the indicators (Bandalos, 2002). 

In taxometrics, there is no clear guideline to form composite indicators, and in practice 

the choice is often data driven. For instance, indicators may be paired to form 

composites when these two indicators show a higher correlation with each other than 

any other item pair (Ruscio, Ruscio, & Keane, 2002). The choice of which items to 

combine to form item parcels should ideally be substantively driven because different 
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ways of parceling may lead to different results. However, it is also not guaranteed in 

LVMM applications that item parcels are formed based on substantive theory. 

When taxometric researchers assess whether the indicators meet Meehl’s rules 

of thumb, they have to make an a priori split of the sample by deciding which cases 

are expected to be in the taxon and which cases are expected to be in the non-taxon. 

Researchers may make this split based on the mean, the median or another arbitrary 

value (Holm-Denoma, Richey, & Joiner, 2010; Okumura, Sakamoto, Tomoda, & Kijima, 

2009; Ruscio & Ruscio, 2002). When the taxometric study concerns a 

psychopathological attribute, the split is also often made based on the extraneous 

information such as diagnoses of the cases in the sample. This latter way of assigning 

cases to the taxon or non-taxon is often done when researchers use a specific sampling 

scheme that involves the sampling of cases with and without a diagnosis with respect 

to the psychopathological attribute. Using such a sampling scheme may result in 

artificial latent classes known as pseudo-taxa (Lenzenweger, 2004). We stress that 

using such a sampling scheme could also be used with LVMM, which would also result 

in artificial latent classes.  

Lastly, we note that LVMM also offers more flexibility than taxometrics in terms 

of the number of classes; while taxometrics is limited to two-group scenarios 

(McGrath, 2008; Walters et al., 2010), LVMM can be used to study two or more latent 

classes. LVMM also offers model-based comparisons of the relevant fit of the single 

class (continuous) model against models including multiple classes. Although the CCFI 

in taxometrics also offers a decision tool, LVMM can use several fit measures that take 

both model fit and parsimony into account.  

 

2.5 Discussion  

In this chapter, we discussed the differences and communalities between 

LVMM and taxometrics. Although both methods are commonly used for the same 

purpose, we conclude that there are important differences between the methods that 

make taxometrics less suitable for solving the classification debate in psychology. 

We showed that one of the most important differences between the 

frameworks is that local dependencies within taxa are considered a nuisance in 

taxometrics whereas in LVMM local dependencies within latent classes are of 

substantive interest and LVMM can model the local dependencies with a 

unidimensional or multidimensional model. Because LVMM imposes a model on the 

structure of the data within latent classes, the model parameters can also be class 

dependent. This property of LVMMs therefore allows for quantitative and qualitative 

differences between latent classes in various degrees. Consequently, within the LVMM 

framework the distinction between dimensions and categories is a matter of degree 

(De Boeck et al., 2005). Taxometrics on the other hand can only distinguish latent 

dimensions from latent taxa and cannot make the distinction between quantitative 

and qualitative group differences. In that sense, the differences between categories 

and dimensions within the taxometric framework are more distinct than in LVMM. 
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Although we agree with Meehl (2004) that taxometrics and LVMM would show similar 

results under favorable circumstances, we have also discussed possible scenario’s in 

which the two methods will most likely not show similar results. Such scenarios include 

the presence of qualitative class differences, which will go undetected in taxometrics. 

Moreover, because the selection of indicators also differs between the methods, this 

may also result in the analysis of different sets of indicators, which could also lead to 

different conclusions. We recommend the use of LVMM when researchers have clear 

expectations on a meaningful within-class structure.  

To sum up, we conclude that taxometrics and LVMM represent different 

conceptions of latent categories, which could lead to different conclusions about the 

latent structure of psychological attributes. In the next chapters, we will focus on the 

performance of taxometrics. Moreover, we also focus on the use of LVMMs in real 

psychological data applications and the degree to which LVMMs can help solve the 

debate whether psychological attributes can be best represented by dimensions or 

categories.  
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Chapter 3: A Critical Assessment of 

Taxometrics 

 
Abstract 

Taxometrics is a popular statistical procedure in the fields of psychopathology and 

psychiatry for studying whether disorders are categorical (taxonic) or dimensional. The 

performance of taxometrics in detecting latent categories has been frequently studied 

under various data conditions, but rarely for data with measurement properties typical 

of clinical scales. Such measurement properties include polytomous item responses 

and non-parallel items that are most informative in clinical populations rather than in 

normal populations. The goal of this chapter is to discuss how these typical properties 

relate to popular taxometric procedures like MAXCOV, MAMBAC and L-MODE, and to 

investigate the performance of these taxometric procedures in detecting latent 

categories. Analytical examples and data simulations reveal that taxometrics performs 

poorly when the measurement properties are typical of clinical scales and when there 

is substantial within-group variance on the latent trait. 
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3.1 Introduction 

Whether psychological attributes can be best represented by dimensions or 

categories has been a longstanding debate in psychology (Widiger & Samuel, 2005). 

Notably, since the first release of the Diagnostic and Statistical Manual for Mental 

Disorders (DSM; American Psychiatric Association, 1952) it is debated whether 

categories of mental disorders defined in the DSM should also be conceived as 

categories with respect to the underlying psychological attributes, or whether the 

categories should be viewed as discrete levels of a dimension (American Psychiatric 

Association, 2013). Different conceptions of psychological attributes may imply 

different approaches to research, diagnosis, and treatment in clinical practice. 

Whereas research on personality is largely driven by dimensional views on 

psychological attributes (Mischel, 1968), in psychopathology and psychiatry the 

categorical view has been dominant (Kraemer, 2007). In psychopathology, categories 

are often associated with a categorical causal factor such as a single genetic defect or 

a traumatic event, whereas dimensions are thought to arise from additive genetic and 

environmental factors (Meehl, 1992; Ruscio & Ruscio, 2008). Furthermore, the 

practical implications of the distinction between categories and dimensions include 

different diagnoses of mental disorders (Skodol, 2012) that may ultimately lead to 

different treatments.  

The question whether psychological attributes are categorical or dimensional is 

referred to as the classification problem (Acton & Zodda, 2005; Kendell, 1975; Lubke 

& Miller, 2014; Meehl, 1995a; Widiger & Samuel, 2005). In an attempt to solve the 

classification problem, Meehl (1965, 1968, 1973) introduced the statistical framework 

known as taxometrics. Taxometrics has increased in popularity in the last two decades 

(Ruscio et al., 2006, pp. 266-267) and has been particularly popular in psychiatry, 

psychopathology and personality psychology. Haslam et al. (2012) reviewed 177 

taxometric studies, and Ruscio’s webpage (Ruscio, 2012) reports more than 277 

papers on taxometrics. In the current study, we assess the performance of taxometrics 

in detecting latent categories in data, which is based on the measurement properties 

of typical clinical scales. Taxometrics’ performance is relevant not only because 

taxometrics is often used with data based on clinical scales, but also because there are 

reasons to suspect that taxometric procedures may not function well when analyzing 

such data. 

Our study was motivated by two alleged problems with taxometrics. First, 

taxometrics assumes that the observed indicators, such as the items in a 

questionnaire, are valid and reliable measures of the latent attribute but without 

modeling these strong assumptions. Contrary to, for example, modern latent variable 

mixture model approaches based on item response theory (Muthén & Asparouhov, 

2006; Von Davier, 2004), taxometrics does not comprise a measurement model that 

formally defines the relationship between the observable indicators and the latent 

variables. As a result, little is known about how differences in measurement 

properties, such as the degree to which items in a scale are tailored to certain (clinical) 

groups, affect the performance of taxometrics, and whether particular measurement 
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properties favor either a taxonic (categorical) inference, or a dimensional inference. 

Second, it is unknown whether the performance of the comparative curve fit index 

(CCFI, Ruscio, Ruscio, et al., 2007), a recent taxometric development that was 

introduced to aid interpretation, may also be affected by the measurement properties 

of items in clinical scales. The CCFI summarizes the results from taxometric analysis 

involving many indicators. Simulation studies using the CCFI produced good 

performance in distinguishing dimensions and categories, the latter also referred to as 

taxa. However, these simulation studies (Meehl & Yonce, 1994, 1996; Ruscio & 

Kaczetow, 2009; Ruscio, Ruscio, et al., 2007; Ruscio et al., 2010; Waller & Meehl, 1998; 

Walters et al., 2010; Walters & Ruscio, 2009, 2010) were based on measurement 

assumptions that are uncommon in clinical scales, and were arguably in favor of the 

taxometric procedures they intended to validate.  

Our aim was to study how well taxometrics identifies the correct outcome in 

psychological data that are consistent with the typical measurement properties of 

clinical scales (Reise & Waller, 2009). This chapter is structured as follows. First, we 

describe the rationale of taxometrics and explain three commonly used taxometric 

procedures. Second, we discuss critical issues in taxometrics with respect to the 

measurement properties of clinical scales. Using examples of items having different 

measurement properties, we focus on whether the taxometric results consistently 

indicate taxonicity or dimensionality. Third, we report the results of a simulation study 

in which we explored the degree to which the CCFI (Ruscio, Ruscio, et al., 2007) 

accurately detected taxonicity in data based on the measurement properties typical 

of clinical scales. Fourth, we discuss the implications of our results for future use of 

taxometrics.  

 

3.1.1 Rationale and Procedures of Taxometrics 

The Challenge of the Classification Problem 

The difficulty of the classification problem—that is, the question whether 

psychological attributes are categorical or dimensional—is often explained by means 

of an analysis of variance that compares observed between-group differences and 

observed within-group differences on a dependent variable (Bauer & Curran, 2004; 

Lazarsfeld & Henry, 1968). The essential difference between analysis of variance and 

taxometrics is that in the former method group membership is a manifest variable 

(e.g., gender) whereas in the latter method group membership is a latent variable and 

the number of groups is unknown. Suppose the population is a mixture of two groups, 

each with its own latent variable distribution. The larger the between-group 

differences with respect to the systematic within-group differences on the latent 

attribute, the more the latent attribute can be conceived as categorical (De Boeck et 

al., 2005), and the easier it is to detect the latent categories. The smaller the between-

group differences are relative to the within-group differences, the harder it becomes 

to distinguish these groups on the dependent variable. When the between-group 

difference equals zero, the variable is called dimensional-like (De Boeck et al., 2005). 
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In addition to systematic between-group differences and within-group differences, 

measurement error is a source of variance in psychological measurement. As 

measurement error increases, within-group variance increases also and, as a result, 

between-group differences seem smaller relative to within-group differences. Hence, 

the presence of measurement error complicates the classification problem. Although 

the distinction between within-group differences and measurement error is important 

to understand the latent structure, in taxometrics within-group differences due to 

measurement error are indistinguishable from systematic within-group differences at 

the latent-variable level. 

 The classification problem is further complicated, because latent variable 

models assuming continuous latent variables and latent variable models assuming a 

categorical latent variable may describe the variance-covariance matrix equally well. 

Notably, Bartholomew (1987) and Bauer and Curran (2004) discussed an example in 

which the variance-covariance structure in a dataset can be described equally well by 

a D-factor model and a (D + 1)-latent class model. This important result shows that 

analyses based on reproducing the variance-covariance matrices cannot solve the 

classification problem. However, although fundamentally different models may 

produce identical variance-covariance matrices, this does not imply that the higher-

order associations in the datasets are identical (Borsboom et al., 2003). Taxometrics 

goes beyond bivariate relations and, as we discuss next, taxometrics uses other 

structures in the data such as higher-order interactions. 

 

Popular Taxometric Procedures 

MAXCOV (maximum covariance; Meehl, 1973; Meehl, 1995b; Meehl & Yonce, 

1996) and MAMBAC (mean above minus below a cut; Meehl & Yonce, 1994) are the 

two most used and most thoroughly studied taxometric procedures (Haslam et al., 

2012). MAXEIG (maximum eigenvalue; Waller & Meehl, 1998) is also often used in 

taxometric studies (Haslam et al., 2012), and has been shown to produce results 

almost identical to MAXCOV (Ruscio et al., 2010). Because of the highly similar results, 

we do not provide further details on the MAXEIG procedure and exclude it from the 

analyses. L-Mode (latent mode; Waller & Meehl) is different from other taxometric 

procedures, and is commonly used (Haslam et al., 2012). Lastly, MAXSLOPE (maximum 

slope; Grove, 2004; Grove & Meehl, 1993) was applied in only 3 of the 177 taxometric 

studies reviewed (Haslam et al., 2012); hence we ignored this procedure. We briefly 

explain how the MAXCOV, the MAMBAC and the L-Mode procedures produce typical 

dimensional and taxonic results. Appendix A provides a more formal and detailed 

description of the three methods.  

 The MAXCOV procedure (Meehl, 1973, 1995b; Meehl & Yonce, 1996) can be 

used for three or more indicators, which are typically items, composites of items or 

subscales. One of the three indicators is the designated input indicator and the other 

two indicators are designated output indicators. Cases are ordered by their scores on 

the input indicator. This ordering is used to create ordered subsamples of 

approximately equal size, ranging from the low end to the high end of the indicator 
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scale. For each subsample, also referred to as a window, MAXCOV entails the 

computation of the covariance between the two output indicators. Assuming a perfect 

taxonic latent structure in which indicators have zero covariance within taxa, the 

covariance of the output indicators is absent in windows with only taxon members or 

in windows with only complement group (i.e., the non-taxon) members. Given 

between-group differences on the output indicators, the covariance is maximized 

when a window contains an equal number of taxon members and complement group 

members. As the window moves from the low end to the high end of the indicator 

scale, the indicator covariance will first be zero because the window only contains 

complement group members. The indicator covariance reaches its maximum when the 

number of taxon members and complement group members in a window are equal. 

Then the indicator covariance decreases again until it is zero, which is when the 

window only contains only taxon members. By plotting the covariance across 

windows, the curve will thus be peaked given a taxonic latent structure (Figure 3.1). 

For a dimensional latent structure, the covariance of the output indicators is constant 

across windows, thus resulting in a horizontal curve (Figure 3.1). The location of the 

peak depends on the relative size of the taxon and the complement group. In addition, 

the height of the peak depends on the unstandardized mean difference between the 

taxon and the complement group. Figure 3.1 is based on equally sized groups and 

shows means that differ such that the peak is in the middle of the scale of the input 

indicator. 

 The MAMBAC procedure is based on comparing means below and above a cut 

score on an input indicator (Meehl & Yonce, 1994). MAMBAC can be used for at least 

two indicators, one of which is the designated input indicator and the other the 

designated output indicator. Similar to the MAXCOV procedure, cases are ordered by 

their scores on the input indicator. Next, a series of cuts are made along the ordered 

input indicator scores that separate the cases into two subsamples. The cuts are 

separated by approximately equal numbers of cases. For each cut, MAMBAC computes 

the difference between the means of the output indicator in the two subsamples. 

Given a taxonic latent structure, the mean-difference is maximized where the cut best 

separates the taxon from the complement group with the smallest numbers of false 

positives and false negatives. The mean difference is minimized where the cut 

separates the taxon from the complement group with the largest numbers of false 

positives or false negatives. Plotting the mean differences on the output indicator for 

each cut thus results in a peaked curve (Figure 3.1). Assuming a dimensional latent 

structure, the observed mean-differences on the output indicators are almost 

constant across different cuts with values that are a little higher at the first and last 

cuts due to sampling error resulting in a concave curve (Figure 3.1). Similar to 

MAXCOV, the location of the peak in MAMBAC curves depends on the relative size of 

the taxon and the complement group, and the height of the peak depends on the 

unstandardized mean difference between the taxon and the complement groups.  

 The L-Mode procedure (Waller & Meehl, 1998) can be used for at least three 

indicators and directly attempts to depict the latent distributions in order to gain  
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Figure 3.1. Typical peaked MAXCOV curve for taxonic latent variable (top left), typical flat 

MAXCOV curve for dimensional data (top right) based on 50 windows with 90% overlap. 

Typical peaked MAMBAC curve for taxonic latent variable (middle left), typical concave 

MAMBAC curve for dimensional latent variable (middle right). Typical L-Mode curve with two 

peaks for taxonic latent variable (bottom left), typical single-peaked L-Mode curve for 

dimensional latent variable (bottom right). 

 

 

insight into whether these reflect taxonic or dimensional patterns. Specifically, 

assuming the one-factor model L-Mode computes factor scores, using Bartlett’s (1937) 

method. An L-Mode graph is equivalent to the density plot of the factor scores and can 

be argued to show two modes (bimodality) when a taxonic latent structure exists and 

one mode when a dimensional latent structure exists.  

 

3.1.2 Critical Issues in Taxometric Simulation Studies 

The goal of taxometrics is to explore whether individual differences with 

respect to a latent variable are taxonic or dimensional. Inferences are based on the 

distribution of the observed scores from fallible indicators. Taxometric procedures 

tacitly assume that the distribution of observed scores reflects the distribution of the 

latent variable, such that unbiased conclusions about the latent structure can be 

drawn from the observed data. However, we argue that the correctness of this 

assumption depends both on the relationship between the observed scores and the 

latent variable (as described in latent variable models) and on the population 
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distribution of the latent variable. Therefore, to understand taxometric procedures we 

incorporate latent variable measurement in our discussion of how taxometric 

procedures are expected to perform with typical clinical scales. In particular, because 

it lends itself so well for explaining some properties of taxometrics, we use item 

response theory (IRT; Embretson & Reise, 2000; Van der Linden & Hambleton, 1997) 

to describe the relationship between observed scores on an indicator and the latent 

variable, denoted by  . 

Consider a typical taxonic data set without within-group inter-indicator 

correlations, but including equal inter-indicator correlations across indicators in the 

total sample. Moreover, the indicators all show a large group separation (Cohen’s d = 

2). These are the observed data properties that are often found in taxometric 

simulation studies (Meehl & Yonce, 1994, 1996; Ruscio & Kaczetow, 2009; Ruscio, 

Ruscio, et al., 2007; Ruscio et al., 2010; Waller & Meehl, 1998; Walters et al., 2010; 

Walters & Ruscio, 2009, 2010). From an IRT perspective, Figure 3.2 illustrates the 

measurement properties of an item used in typical taxometric simulation studies using 

polytomous indicators (Walters & Ruscio, 2009). Note that we explicitly use the term 

items and not indicators. We do this because we refer to the measurement properties 

of individual items from a (clinical) scale in the context of item response theory (IRT). 

In addition, we do not use the term indicator because this term can also refer to 

composites of items or factors derived from principal component analysis. Figure 3.2 

shows the cumulative response functions (Samejima, 1969, 1997), also known as item 

step response functions, for a polytomously scored item with five ordered response 

categories. The curve furthest to the left provides the conditional probability of scoring 

at least 1 on the item. The location of each curve is denoted by �, which is the curve’s 

inflexion point corresponding to the   value for which the cumulative probability 

equals .50. The parameters of the item were chosen such that the thresholds (�) are 

equidistantly distributed along the   scale. The item shows good discrimination, J, as 

can be seen from the steep slopes of the item step response functions relative to the 

distribution of  . Typically, in simulation studies addressing taxometric research 

questions, one assumes that all items have the same parameters and are 

interchangeable. Hence, items are parallel (Lord & Novick, 1968), a property of items 

known to be unrealistically restrictive. Figure 3.2 also shows the distribution of the 

latent variable,  , which is a mixture of two non-overlapping normal distributions, 

each with a small variance. 

Taxometric studies based on data produced by means of parallel items and two 

non-overlapping normal   distributions have two important limitations. First, such 

parallel items do not formalize the measurement properties of items that are typically 

observed in clinical measurement scales. Clinical scales typically consist of non-parallel 

items that have different threshold parameters and discrimination parameters (Aggen, 

Neale, & Kendler, 2005; Chan, Orlando, Ghosh-Dastidar, Duan, & Sherbourne, 2004; 

Meijer & Baneke, 2004; Uher, Heyman, Turner, & Shafran, 2008). For example, the 

Beck Depression Inventory-II (Beck, Steer, & Brown, 1996) contains the item  
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Figure 3.2. Example of taxonic population model and measurement  

model typical of taxometric simulation studies. 

 

 

measuring “Suicidal thought” and the item measuring “Tiredness or Fatigue”. The item 

concerning suicidal thoughts has higher threshold parameters than “Tiredness or 

Fatigue”, because it refers to a more severe symptom experienced by fewer people 

(Aggen et al., 2005; Brouwer, Meijer, & Zevalkink, 2013; Paap et al., 2011). As a 

consequence, the item on suicidal thoughts tends to be most informative at the higher 

ranges of the latent variable scale (Figure 3.3) and the item on tiredness at lower 

ranges, and it follows that the items are non-parallel. Reise and Waller (2009) 

discussed the non-parallelism of items from clinical scales and argued that non-

parallelism represents a realistic choice for measurement of psychopathological 

constructs both from a substantive and a psychometric perspective. Using unrealistic 

parallel items rather than realistic non-parallel items renders the psychometric 

properties underlying the items in previous taxometric simulation studies perhaps too 

optimistic. 

A second limitation of typical taxometric studies (Meehl & Yonce, 1994, 1996; 

Ruscio & Kaczetow, 2009; Ruscio, Ruscio, et al., 2007; Ruscio et al., 2010; Waller & 

Meehl, 1998; Walters et al., 2010; Walters & Ruscio, 2009, 2010) is that they assume 

little within-group variance with respect to the latent variable. This assumption of 

within-group homogeneity may be inconsistent with latent attributes associated with 

actual psychological disorders. For example, even if we assume major depressive  
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Figure 3.3. Example of population model and measurement model typical  

of clinical scales. 

 

 

disorder (MDD) to be a taxonic construct, several research results suggest that persons 

diagnosed with MDD (i.e., the assumed taxon) vary with respect to the number and 

severity of symptoms (Keller, Neale, & Kendler, 2007; Kendler, Gardner, Neale, & 

Prescott, 2001; McGue & Christensen, 2003; Veiel, 1997). Assuming that symptoms 

are causally affected by the underlying latent variable (which is a debatable but 

common assumption; Borsboom & Cramer, 2013; Cramer, Waldorp, van der Maas, & 

Borsboom, 2010), the variation on item scores representing symptoms arises from 

variation on the latent variable   (Borsboom et al., 2003). This yields a taxon with 

considerable within-group variance on latent variable  , such that these taxa cannot 

be conceived of as pure latent classes. We expect this result to apply to many other 

psychological attributes for which a taxometric analysis would be valuable, because 

the state of knowledge about many psychological attributes is insufficient to measure 

them validly. Hence, one would expect more within-group variance with respect to   

(Figure 3.3) than taxometric simulation studies have typically assumed (Figure 3.2). 

Additionally, because of the large   variance within groups, the  -distributions in the 

taxon and the complement group may also overlap, resulting in standardized mean-

differences on   that are smaller than the differences studied in earlier taxometric 

simulation studies (Meehl & Yonce, 1994, 1996; Ruscio & Kaczetow, 2009; Ruscio, 
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Ruscio, et al., 2007; Ruscio et al., 2010; Waller & Meehl, 1998; Walters et al., 2010; 

Walters & Ruscio, 2009, 2010). 

The consequence of assuming parallel measures and taxonicity at the level of 

the   distribution is that results about the performance of taxometric methods were 

based on somewhat idiosyncratic but for taxometrics favorable observed-data 

characteristics. Examples of such favorable characteristics include low correlations 

between items within groups, high class-separation on observed indicators also known 

as indicator validity, low levels of item skewness, similar indicator-variances, and high 

inter-indicator correlations between groups (Meehl & Yonce, 1994, 1996; Ruscio & 

Kaczetow, 2009; Ruscio, Ruscio, et al., 2007; Ruscio et al., 2010; Waller & Meehl, 1998; 

Walters et al., 2010; Walters & Ruscio, 2009, 2010). The two data characteristics that 

are considered crucial for taxometric analysis are high indicator validity and low 

within-group inter-item correlations. Meehl (1995a) identified these data 

characteristics based on simulation studies, which indicated that the taxometric 

method did not detect taxonicity well for data with low indicator validity and high 

within-group inter-item correlations. Based on these results, Meehl proposed rules of 

thumb, such as minimum indicator validity (d > 1.25) and maximum within-group inter-

item correlations (r < .3) to ascertain maximum performance of taxometrics. 

Data obtained by means of clinical scales often do not meet these rules of 

thumb, but researchers who are interested in knowing whether the latent variable is 

taxonic or dimensional may not realize this. A sample of 25 studies drawn from a large 

taxometric review (Haslam et al., 2012), revealed that the research reported in 19 

studies was either based on data for which one of the rules of thumb was not met for 

at least one indicator, or did not address the possibility that the rules of thumb might 

not have been met (Appendix B). Assessing the tenability of Meehl’s rules of thumb in 

real data requires external information about the taxon, such as a diagnosis based on 

DSM-IV criteria. Hence, we suspect that in many applications of taxometrics Meehl’s 

rules of thumb are not met. Given that most simulation studies were limited to 

scenarios in which Meehl’s rules of thumb were met (Meehl & Yonce, 1994, 1996; 

Ruscio & Kaczetow, 2009; Ruscio, Ruscio, et al., 2007; Waller & Meehl, 1998; Walters 

et al., 2010; Walters & Ruscio, 2009, 2010), it is currently unknown how well the 

taxometric methods identify the true group structure when applied to data that fail to 

meet Meehl’s rules of thumb. 

We conclude that it is an open issue how well taxometrics distinguishes 

categories (taxa) from dimensions in data obtained from typical clinical tests. We 

hypothesize that the conditions typically used in simulation studies may have affected 

the outcomes of taxometric analysis such that expectations of the possibilities of 

taxometrics in psychological applications became too optimistic. In particular, we 

hypothesize that for measurement properties of clinical scales and clinical population 

distributions, taxometrics does not identify taxa as well as has been concluded thus 

far based on simulation studies. Inferences drawn in taxometrics often follow the 

competing hypothesis framework (Ruscio & Ruscio, 2004) in which a lack of evidence 

in favor of taxonicity is taken to imply more evidence for dimensionality (a lack of 
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evidence in favor of either taxonicity or dimensionality leads to an ambiguous 

inference). If taxometric techniques are less well equipped to find taxonicity in more-

realistic data patterns from clinical scales, taxometrics may be biased towards a 

dimensional inference. We study this potential bias analytically (Study 1) and by means 

of two simulation studies (Studies 2 and 3).  

 

3.2 Study 1: Evaluation of MAXCOV, MAMBAC, and L-Mode 

Curves 

3.2.1 Objective 

We investigated whether taxonicity could be unambiguously inferred from the 

MAXCOV curves, MAMBAC curves, and L-Mode curves when items have properties 

typical of items used in questionnaires for clinical assessment. Using IRT models, we 

generated several item sets having different measurement properties. These 

properties ranged from highly restrictive but expected to be favorable for taxometrics, 

to less restrictive being more typical of items of clinical scales yet arguably less 

favorable for taxometrics. Given that we hypothesize that taxometrics shows more 

evidence for a dimensional outcome for measurement properties of clinical scales and 

population distributions having greater variance, we focused on the performance of 

taxometrics to detect taxonicity in data based on a taxonic latent structure. 

 

3.2.2 Method 

Choice of person and item properties. We generated MAXCOV, MAMBAC and L-

Mode curves for three conditions. In each condition,   was normally distributed with ) = 1 and �� = 1 in the taxon group, and ) = −1 and �� = 1 in the complement group. 

The base rate of the taxon equaled P = 0.5; that is, half of the population belonged to 

the taxon. Furthermore, each condition contained four items with five ordered 

response categories. We used the graded response model (GRM; Samejima, 1969) to 

model the item properties. Consistent with real clinical scales, the items’ threshold 

parameters were chosen such that the items were informative at the high end of the   scale (e.g., Figure 3.3).  

The conditions differed with respect to the distributions of the threshold 

parameters and the discrimination parameters across the items. Appendix C 

summarizes the values of the model parameters. In the first condition, the threshold 

parameters and the discrimination parameters were equal for all items, thus 

producing parallel (or identical) items (Lord & Novick, 1968). This scenario is often used 

in taxometric simulation studies, and served as baseline condition. In the second 

condition, the threshold parameters and the discrimination parameters varied across 

items, producing non-parallel items. The threshold values were chosen such that every 

item was informative on a relatively broad range at the upper end of the   scale, so 

that the different items’ information ranges overlapped. Such thresholds are typical of 

items in clinical scales (Aggen et al., 2005; Chan et al., 2004; Meijer & Baneke, 2004; 
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Reise & Waller, 2009; Uher et al., 2008), and represent symptoms that are rare in the 

normal population but typical of the clinical group. In the third condition, the 

discrimination parameters were chosen to be unequal across items and the threshold 

parameters were chosen such that the items were informative at different ranges of 

the  -scale. Figure 3.4 shows the three conditions with 2 identical (parallel) items, 2 

non-identical items with overlapping thresholds (�) between items, and 2 non-

identical items with non-overlapping thresholds between items. Discrimination 

parameters (J) were fixed to 1.5 or 3, typical of clinical scales given a normally 

distributed   (Aggen et al., 2005; Chan et al., 2004; Meijer & Baneke, 2004; Reise & 

Waller, 2009; Uher et al., 2008). 

 

 

 
Figure 3.4: Two items having two thresholds each, for three conditions of overlapping 

thresholds, which are parallel (identical) items (left), non-parallel and partly overlapping items 

(middle), and non-parallel and non-overlapping items (right). 

 

 

Method of generating taxometric curves. For each condition, population level 

MAMBAC and MAXCOV curves were obtained using discrete approximations based on 

Gaussian quadrature points (Baker & Kim, 2004). Using numerical approximation 

rather than simulated data sets renders the generated curves free of sampling error, 

allowing us to study whether the MAMBAC and MAXCOV curves show systematic bias. 

See Appendix D for a more detailed description of this procedure. 

Because L-Mode uses the estimated factor scores, L-Mode plots could not be 

obtained by means of discrete approximations based on the theoretical   distribution. 

Therefore, we used data simulation to generate the L-Mode curve. Sampling error 

influences on L-Mode curves were reduced using a sample size of 1 million cases. 

Ruscio’s taxometric program in R (R Development Core Team, 2010) available at 

www.tcnj.edu/~ruscio/taxometrics.html was used to plot L-Mode curves.  

For all three taxometric methods, we used all items as taxometric indicators. 

For four reasons, we did not construct composite indicators by adding the item scores 

or leaving items out of the analysis if they did not meet Meehl’s rules of thumb. First, 

the computation of the MAXCOV curves and MAMBAC curves for items was analytic, 
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so that observed item scores and sum scores could not have been computed. Second, 

using composite indicators based on polytomous data has been shown to reduce the 

accuracy of several taxometric methods (Walters & Ruscio, 2009). Third, composites 

of indicators are often used when the individual indicators do not meet Meehl’s rules 

of thumb. However, Meehl’s rules of thumb can only be determined when one has a 

priori knowledge of group membership. Because in many applications a priori 

knowledge of group membership is lacking or speculative at best, we did not form 

composite indicators. Fourth, items from a clinical scale measure distinct attribute 

features, and excluding items as taxometric indicators may harm construct validity.  

 

3.2.3 Results 

Figure 3.5 (first column) shows the MAXCOV curves, the MAMBAC curves, and 

the corresponding mean curve for the four parallel items. Because the items are 

parallel, they produced identical taxometric curves showing peaks toward the right 

end. The curves for both methods were not typically peaked as expected under 

taxonicity (Figure 3.1, left column). For base rate P = .5, one would expect a peak 

located in the middle of the scale. The peak’s shift to the right resulted from the items 

being mostly informative in the taxon scale range of  . However, even though items 

were only informative in the taxon scale range of  , because the items were parallel, 

both MAMBAC and MAXCOV curves correctly suggest taxonicity. Figure 3.5 (first 

column) also shows the L-Mode curve, which only revealed one discernible peak to the 

left of the curve, hence suggesting dimensionality. Given the large effect of class 

separation and given the base rate of P = .5, one would have expected two peaks that 

were separated in the center of the scale. One peak at the left can be explained by the 

positively skewed distribution of item scores, which followed from the items being 

mostly informative in the taxon scale range of  .  

Figure 3.5 (second column) shows the MAXCOV and MAMBAC curves, and the 

corresponding mean curve for four non-identical items that had overlapping 

information ranges. Because items did not have identical item threshold and 

discrimination parameters, the peakedness, shapes, and locations of the curves varied 

across items. The mean of these curves was also not peaked in a way that suggests 

taxonicity (Figure 3.1, left column). Some of the MAXCOV and MAMBAC curves 

showed peaks towards the right end of the scale, albeit less clear than for the parallel 

items in the first condition. Some of the curves suggested a taxonic structure, whereas 

other curves did not allow an unambiguous interpretation. Similar to the scenario with 

parallel items, both MAXCOV and MAMBAC curves underestimated the base rate as 

reflected by a mean curve peak far to the right. Again, this result was caused by items 

being mostly informative in the taxon range on  . Figure 3.5 (second column) also 

shows the L-Mode curve, which had one discernible peak to the left of the range of 

factor scores, incorrectly suggesting dimensionality. The curve strongly resembled the 

L-Mode curve for parallel items, suggesting that small differences between the items’  
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Figure 3.5. MAXCOV, MAMBAC, and L-Mode curves for 4 identical items, 4 non-identical 

overlapping items, and 4 non-identical non-overlapping items. Gray curves represent all 

unique indicator pairs (MAMBAC) or triplets (MAXCOV). The bold black curves represent 

mean curves (MAXCOV and MAMBAC) or distribution of factor score (L-Mode).  

 

 

information ranges did not affect the shape of the L-Mode curve. Similar to the 

scenario with respect to parallel items, the single left-sided peak, incorrectly 

suggesting dimensionality, was caused by the items being mostly informative in the 

taxon scale range of  . 

Figure 3.5 (third column) shows the MAXCOV curves and the MAMBAC curves 

for the third condition in which threshold and discrimination parameters varied across 

items such that the information ranges of the four items were non-overlapping. The 

shapes of MAMBAC curves and the MAXCOV curves varied strongly. The curves 



 

 

35 

 

differed in particular with respect to the peaks’ location. As a result, the mean 

MAXCOV curve was oddly shaped, deviating strongly from typical MAXCOV curves that 

would have suggested taxonicity (Figure 3.1, left column). The curves and the mean 

MAXCOV curve did not show discernible peaks; thus, inferring taxonicity from these 

curves is difficult. Many MAMBAC curves showed a peak, but the peaks’ location 

varied strongly due to the items’ varying threshold parameters. As a result of this large 

variation, the mean MAMBAC curve was flat, incorrectly suggesting dimensionality. 

Figure 3.5 (third column) also shows the L-Mode curve, which had five peaks 

suggesting taxonicity. Specifically, the L-Mode curve suggested five taxa, thus 

overestimating the number of taxa. This result can be explained by the items being 

informative in a narrow range of  . As a consequence, the distribution of the sum score 

also shows five peaks. Hence, the modes in the factor distribution are an artifact of 

the data, because the modes reflect the distribution of the sum score on the items.  

 

3.2.4 Discussion 

The results of this first study suggested that the psychometric item properties 

strongly affected the shape of the MAXCOV, MAMBAC, and L-Mode curves. For items 

being mostly informative in the taxon scale range of  , the peaks of the MAXCOV and 

MAMBAC curves are found to the right of the scale. As a result, the base rate is 

underestimated, producing many incorrect classifications of taxon members as 

complement group members. When the parallel items were mostly informative for 

taxon members at the high end of the latent-variable scale, the L-Mode plot showed 

a positively skewed distribution of factor scores with only one clearly discernible 

mode, incorrectly suggesting dimensionality. This skewed distribution resulted from 

the positively skewed item scores of items that only were informative in the taxon 

group.  

Large variation in the threshold and discrimination parameters across the items 

produced MAMBAC and MAXCOV curves having diverging shapes. Particularly when 

the item-information ranges did not overlap, the location of the peaks of the MAMBAC 

and MAXCOV curves varied. Notwithstanding large variation of shapes, many 

MAMBAC curves had peaks, correctly suggesting taxonicity. However, the MAXCOV 

curves were not typically peaked as shown in the left column of Figure 3.1. The 

variation between the curves renders a taxonic inference ambiguous and thus 

produces an incorrect inference about the latent structure. When the item 

information ranges did not overlap between items, the L-Mode curve reflected the 

discrete distribution of the sum scores. Although the correct latent structure would be 

inferred in this case, the number of estimated taxa would be overestimated. These 

inconsistent results across different taxometric procedures are bound to create 

uncertainty rather than clarity in applications to data from clinical scales. 

The most surprising findings were that the L-Mode curves did not detect the 

correct number of taxa in any of the three conditions, and that the mean MAXCOV and 

MAMBAC curves showed a flattened shape when the items provided information at a 

limited range of   (i.e., non-parallel items). For the mean MAXCOV and MAMBAC 
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curves, we found that even if the population is taxonic, taxonicity would not be 

inferred because the flattened mean curve incorrectly suggested a dimensional 

structure. In taxometric studies the mean MAXCOV and MAMBAC curves usually are 

not interpreted, but the mean curves are incorporated in the CCFI (Ruscio, Ruscio, et 

al., 2007). Moreover, the single L-Mode curve is also incorporated in the CCFI. The CCFI 

assumes values from 0 to 1. Rules of thumb for interpretation are that CCFI < .5 

provides support of a continuous latent structure, and CCFI > .5 suggests a taxonic 

latent structure. CCFI = .5 suggests that the data are equally consistent with both 

categorical and dimensional latent structures (Ruscio et al., 2006; Ruscio, Ruscio, et 

al., 2007).   

The CCFI is useful in taxometric studies with a large number of items, denoted D, such that many curves has to be inspected, which may readily become too large for 

drawing unambiguous conclusions. For example, for ten items, a MAXCOV analysis 

yields D(D − 1)(D − 2) 2⁄ = 360 unique MAXCOV curves, and combining the often 

inconsistent information into one conclusion may prove to be a complicated task. For 

example, when the ten items have different measurement properties, the 360 

resulting curves are expected to show a wide variety of shapes, some of which are 

prototypically peaked while others are flat or nearly so. Consequently, the mean curve 

across the 360 curves may fail to show a discernible peak and the CFFI based on the 

mean curve may incorrectly suggest a dimensional latent structure. Applied 

researchers (Haslam et al., 2012) who use the CCFI may have been unaware of this 

potential bias, often drawing incorrect conclusions without realizing it. Because the 

CCFI was studied frequently under idealized conditions such as parallel items (Ruscio 

& Kaczetow, 2009; Ruscio, Ruscio, et al., 2007; Ruscio et al., 2010; Waller & Meehl, 

1998; Walters et al., 2010; Walters & Ruscio, 2009, 2010), this potential CCFI bias 

towards dimensionality has not been investigated. Study 2 addresses the question 

how well the CCFI detects taxonicity in simulated data with item parameters that are 

typical of items in clinical scales (Aggen et al., 2005; Chan et al., 2004; Meijer & Baneke, 

2004; Reise & Waller, 2009; Uher et al., 2008). These item parameters are similar to 

the parameters of item Set 2 of Study 1 and thus include threshold parameters that 

are informative on a relatively broad range at the upper end of the   scale, such that 

the items’ information ranges overlap.   

 

3.3 Study 2: Performance of the CCFI on Data Typical of Clinical 

Scales 

3.3.1 Objective 

In Study 2, we followed previous simulation studies (e.g., Ruscio & Kaczetow, 

2009; Ruscio, Ruscio, et al., 2007; Ruscio et al., 2010; Waller & Meehl, 1998; Walters 

et al., 2010; Walters & Ruscio, 2009, 2010) that investigated the accuracy of the CCFI, 

but instead of using parallel items, we simulated data based on item properties typical 

of items in clinical scales. Consistent with Ruscio et al. (2010), we focused on the CCFI 
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for MAXCOV, MAMBAC, and L-Mode but excluded MAXEIG which produced results 

almost identical to MAXCOV’s. We followed Ruscio et al.’s (2010) procedure to check 

whether using the mean CCFI across multiple taxometric methods improved accuracy 

rates. Furthermore, we investigated whether the use of dual thresholds on the CCFI 

improved accuracy rates.  

 

Computational Aspects of the Comparison Curve Fit Index 

The computation of the CCFI in an empirical data set works as follows. A 

bootstrap procedure is used to generate a large number of data sets, once for the 

dimensional conceptualization of attributes and once for the taxonic 

conceptualization, in both cases such that the variance-covariance matrix for each 

generated data set is as close as possible to the real-data observed variance-

covariance matrix. The data sets are generated using an iterative procedure (see 

Ruscio, Ruscio, et al., 2007). Dimensional data sets are generated using the linear one-

factor model. Taxonic data sets are generated assuming a two-group scenario and a 

linear one-factor model within the two groups. For the dimensional case, the samples 

are referred to as dimensional comparison data, and for the taxometric case, the 

samples are referred to as taxonic comparison data. The CCFI is based on the 

difference between the mean taxometric curve estimated from the empirical data and 

the mean taxometric curve estimated from the dimensional and taxonic comparison 

data. 

Formally, the CCFI is defined as follows. Let RMSRdim be the square root of the 

mean of the squared residuals between the observed curve and the curve obtained 

from the dimensional comparison data. Likewise, let RMSRtax be the distance between 

the observed curve and the curve obtained from the taxonic comparison data. The 

CCFI is defined as the ratio of the RMSRdim and the sum of RMSRdim and RMSRtax, that 

is 

 NOPNQRSNOPNQRS + NOPNTUV . 
 

The closer the CCFI is to 0, the more the curve agrees with the dimensional view, and 

the closer the CCFI is to 1, the more the curve agrees with the categorical view. 

Researchers sometimes employ dual CCFI thresholds at .45 and .55, or .40 and .60, 

values between the thresholds suggesting inconclusive support for either taxonicity or 

dimensionality. Dual thresholds reduce the numbers of false positives and false 

negatives, but come at the cost of deeming more data sets uninterpretable (Ruscio et 

al., 2010).  

 

3.3.2 Method 

 Study design: independent variables. Design factors were consistent with a 

taxometric simulation study using ordered polytomous item scores (Walters & Ruscio, 
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2009). The design included two independent variables at the item and the test level, 

which were number of response categories (M + 1 = 4, 5, 7) and number of items (k = 

5, 10). The design also included two independent variables referring to the population, 

which were taxon base rates (P = .1, .25, .5), and class separation (d = 1, 2, 3). In 

addition, the design included three sample sizes (N = 200, 500, 1000). The design was 

fully crossed, having 3W ∙ 2 = 162 cells. In each cell, 100 configurations of threshold 

parameters and item discrimination parameters were randomly sampled, resulting for 

the whole design in 16,200 data sets.  

 Data generation. The data sets were generated based on a mixture of the taxon 

group and the complement group. Class separation d was varied using the means of 

the group-specific distributions of  . For both the taxon and complement group,   

values were randomly drawn from a normal distribution with standard deviation equal 

to 1; hence, class separation d and distance between item thresholds � could be 

conceived as standardized values. The mean of the taxon equaled )3 = 1 and the 

mean of the complement group was adjusted according to the three different levels 

of class separation (d = 1, 2, 3), resulting in )3 = 0, −1, and − 2, respectively. Figure 

3.6 shows the distributions of   for the three levels of class separation.  

 
Figure 3.6. Population models of the taxon (solid curve) and the complement  

group (dashed curves) for three levels of class separation d on latent variable  .  

For the population model of the taxon, the mean equals  Y = 1 and the means of  

the complement group equal  Y = 0, −1, −2 corresponding to d = 1, 2, 3. 

 

 

Ordered polytomous item scores were generated using the GRM. We sampled 

the threshold parameters � such that they were located in the taxon range on latent 

variable  , producing items that were most informative in the taxon range of  . The 

threshold parameters of the first item step response function were sampled from a 

uniform distribution on [−1.5; −1]. The other threshold parameters were obtained by 

sequentially adding a randomly drawn number from a uniform distribution to the 
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threshold of the previous item step response function. The range of the uniform 

distribution varied with the number of response categories; that is, for O + 1 = 4 

thresholds were drawn from [.75; 1.5], for O + 1 = 5 the range equaled [.5; 1], and 

for O + 1 = 7 the range equaled [.3; .6]. Different uniform distributions were used for 

different number of thresholds to ensure that the total range of thresholds parameters 

of items was equal irrespective of the number of thresholds of the item. For each item, 

discrimination parameters J were randomly sampled from a uniform distribution on 

[1; 3].  

From the GRM model parameters, we derived the classical test theory statistics 

for each level of each design factor (Table 3.1). Cronbach’s alpha ranged from .78 to 

.98 (mean alpha = .92). Mean alpha in the taxon and complement groups taken 

together, increased as a function of class separation on  . As class separation 

increased, the items became less informative in the complement group range of  . As 

a result, the complement group contained many low item scores, producing strong 

positive skewness of the item scores and small item variance.   

 Keeping everything else constant, mean class separation at the item level 

expressed by Cohen’s d was substantially larger for a small taxon base rate (P = .10) 

than for a large taxon base rate (P = .50). This counter-intuitive result is explained from 

the pooled standard deviation of the items that was used to compute Cohen’s \, in 

which the within-group variances are weighted by sample size, which is standard for 

Cohen’s d. When the taxon base rate is small and floor effects cause the item-score 

variance in the complement group to be small, the pooled variance is small and 

Cohen’s \ becomes large. When the taxon base rate increases, the taxon, which 

contains more item variance receives more weight, and Cohen’s \ at the item level 

decreases.  

Dependent variables. Consistent with Ruscio et al. (2010), we report accuracy 

for MAXCOV (Meehl, 1973, 1995b; Meehl & Yonce, 1996), MAMBAC (Meehl & Yonce, 

1994), and L-Mode (Waller & Meehl). Accuracy is defined as the percentage of all data 

sets in which CCFI > .50, thus suggesting that taxonicity was correctly inferred. CCFIs 

were obtained using Ruscio’s taxometric program in R (R Development Core Team, 

2010) which is available from www.tcnj.edu/~ruscio/taxometrics.html. When running 

the computations, the program frequently terminated during CCFI computation due 

to one or more items having zero-variance. Consistent with Walters and Ruscio (2009), 

this problem was solved by adding a small value to the item score of a randomly 

selected case, thus artificially creating a small variance that facilitated the 

computations but did not affect the final results (which was checked to be true). When 

multiple items showed zero-variance, a small value was added to multiple random 

cases to generate small variance.  

Because Ruscio et al. (2010) showed that using multiple taxometric methods as 

consistency tests can enhance the number of correct inferences, we also computed 

the mean CCFI of all possible combinations of taxometric methods to study whether 

consistency testing produced more correct inferences. We also report accuracy rates 

with dual thresholds on the CCFI (.45 - .55) for which the accuracy rates are defined 
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Table 3.1: Mean Item Properties for Each Level of Each Factor in the Simulation Design of 

study 2: 

Fac-

tor Level 

Mean 

Cohen'

s d 

Mean 

item 

correla-

tion 

Mean 

item 

correla-

tion 

taxon 

Mean item 

correlation 

comple-

ment 

group 

Cron-

bach’s 

alpha 

Cron-

bach’s 

alpha 

taxon 

Cronbach’s 

alpha 

comple-

ment 

group 

Relia-

bility 

K 5 1.80 0.65 0.55 0.42 0.90 0.85 0.76 0.88 

 10 1.80 0.65 0.55 0.42 0.94 0.92 0.86 0.90 

N 200 1.82 0.65 0.55 0.42 0.92 0.89 0.80 0.89 

 500 1.79 0.65 0.55 0.42 0.92 0.89 0.81 0.89 

 1000 1.78 0.65 0.55 0.42 0.92 0.89 0.81 0.89 

D 1 0.76 0.57 0.55 0.52 0.90 0.89 0.88 0.92 

 2 1.68 0.64 0.55 0.44 0.92 0.89 0.83 0.89 

 3 2.96 0.73 0.55 0.30 0.95 0.89 0.71 0.86 

M+1 4 1.76 0.64 0.54 0.42 0.92 0.88 0.81 0.89 

 5 1.80 0.65 0.55 0.42 0.92 0.89 0.81 0.89 

 7 1.83 0.65 0.56 0.42 0.92 0.89 0.81 0.88 

P 0.1 2.15 0.61 0.55 0.42 0.91 0.89 0.81 0.85 

 0.25 1.80 0.66 0.55 0.42 0.92 0.89 0.81 0.89 

  0.5 1.44 0.67 0.55 0.42 0.93 0.89 0.81 0.92 
 

Fac-

tor Level 

Mean 

item rest 

corre-

lation 

Mean 

item rest 

corre-

lation 

taxon 

Mean item 

rest 

correlation 

comple-

ment 

group 

Vari-

ance 

ratio  

Skew-

ness 

Taxon 

Skewness 

Comple-

ment 

Group 

Kurto-

sis 

Taxon 

Kurtosis 

Comple-

ment 

group 

K 5 0.75 0.67 0.55 6.61 0 2.64 -1.21 10.4 

 10 0.78 0.71 0.6 6.63 0 2.64 -1.23 10.38 

N 200 0.77 0.69 0.57 7.83 0 2.64 -1.22 10.34 

 500 0.77 0.69 0.57 6.14 0 2.64 -1.22 10.35 

 1000 0.77 0.69 0.58 5.87 0 2.65 -1.22 10.49 

d 1 0.71 0.69 0.67 1.33 0 0.92 -1.22 -0.22 

 2 0.76 0.69 0.6 3.14 0 2.23 -1.22 4.75 

 3 0.83 0.69 0.46 15.38 0 4.78 -1.22 26.65 

M+1 4 0.76 0.68 0.57 5.13 0 2.36 -1.09 7.99 

 5 0.77 0.69 0.58 6.59 0 2.65 -1.23 10.44 

 7 0.77 0.7 0.58 8.13 0 2.91 -1.34 12.74 

P 0.1 0.74 0.69 0.57 6.24 0 2.64 -1.21 10.4 

 0.25 0.78 0.69 0.57 6.52 0 2.64 -1.22 10.39 

  0.5 0.78 0.69 0.57 7.09 0 2.64 -1.22 10.39 

Note: K = number of items; N = sample size; d =  effect size on latent variable, M+1 = number of 

response categories; P = taxon base rate.  
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as the percentage of data sets for which CCFI was in excess of the ambiguous range 

(CCFI > .55). 

 

3.3.3 Results 

 Single versus dual thresholds. Table 3.2 shows that accuracy rates using a single 

threshold were low. MAXCOV and L-Mode showed accuracy rates well below 50%, 

meaning that for more than half of the samples dimensionality was inferred when the 

true latent structure was taxonic. The accuracy rate of MAMBAC was highest but low 

(53%). Furthermore, Table 3.2 shows that when dual thresholds were used, MAXCOV 

and L-Mode had lower accuracy rates than when a single threshold was used. This 

result can be explained from the finding that the proportion of CCFI values for 

MAXCOV and L-Mode between .50 - .55 was larger than the proportion of CCFI values 

between .45 - .50. Moreover, these lower accuracy rates were also associated with a 

relatively large number of CCFI values that fell in the dual thresholds range and thus 

were uninterpretable. The accuracy rate of MAMBAC increased by 1.2%, but 22.2% of 

the CCFI values fell in the dual thresholds range rendering them uninterpretable.  

 

 
Table 3.2: Accuracy Rates (and Percentage of Interpretable 

Results) for CCFIs of Three Methods for One Threshold (.50) 

and Dual Thresholds (.45 - .55). 

Procedure Single Threshold: 

.50 

Dual Thresholds: .45 - 

.55 

MAXCOV 20.9 (100) 17.1 (85.8) 

MAMBAC 53.0 (100) 54.2 (77.8) 

L-Mode 28.3 (100) 24.3 (74.2) 

Note: For a single threshold of .50, 100% percent of the results 

were interpretable. For dual thresholds, less than 100% were 

interpretable as many CCFI values were in the ambiguous range of 

.45 - .55. 

 

 

Results for consistency testing. Table 3.3 shows the accuracy rates using the 

mean CCFI of all unique combinations of the three taxometric methods with a single 

threshold equal to .50. Accuracy rates were low for all combinations of the three 

taxometric methods. The mean CCFI for MAMBAC and L-Mode produced the highest 

accuracy rate which, however, was only 41%. Moreover, all combinations of 

taxometric methods showed a lower accuracy than the accuracy of MAMBAC alone, 

suggesting that different taxometric methods often were not consistently different 

from the .50 threshold.  
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To further evaluate the consistency between the three taxometric methods, we 

computed the product-moment correlation between the CCFI values from the three 

taxometric methods (Table 3.4). The correlations between all other pairs of taxometric 

methods were smaller than .50, suggesting that depending on the generated data 

type, CCFI values were not consistent between the taxometric methods. Hence, 

inconsistencies between the taxometric procedures are expected to invoke ambiguity 

in applications of these procedures. 

 

 
Table 3.3: Accuracy Rates for CCFIs of Three Methods 

and for the Mean CCFIs of All Possible Combinations 

of Taxometric Methods. 

Combination of procedures 

 

Single Threshold 

.50 

MAXCOV & MAMBAC 34.5 % 

MAXCOV & L-Mode 22.7 % 

MAMBAC & L-Mode 41.0 % 

MAXCOV, MAMBAC & L-Mode 32.3 % 

 

 

 
Table 3.4: Correlations Between CCFI values 

of Three Taxometric Methods.  

  MAXCOV MAMBAC L-Mode 

MAXCOV 1 .32 .34 

MAMBAC .32 1 .45 

L-Mode .34 .45 1 

 

 

Main effects results. To keep the discussion of the results simple, we 

concentrate on the main effects (Figure 3.7). Number of items had a small positive 

effect on the accuracy rates for MAXCOV and MAMBAC. Accuracy rates were a little 

higher for 10 items than for 5 items. For L-Mode, number of items had a small negative 

effect on the accuracy rates. The overall effect of number of items on the accuracy 

rates was negligible.  

For the three taxometric methods, sample size had a negative effect on the 

accuracy rates: Accuracy rates were largest for N = 200 and smallest for N = 1000. 

MAXCOV showed the largest (17%) accuracy decline and L-Mode the smallest (10%).  
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Figure 3.7: Accuracy rates for MAXCOV, MAMBAC and L-Mode, for each level of each factor 

in the simulation design 

 

 

For all methods, effect of class separation with respect to   on accuracy rates 

was positive, but accuracy rates were low for d = 1. For MAXCOV and L-Mode, accuracy 

rates did not exceed 9%. For the three methods, accuracy rates for d = 3 were 

considerably higher, and for L-Mode, the increase was 50%. However, overall accuracy  

for d = 3 was relatively low, particularly for MAXCOV, whereas MAMBAC showed 

reasonable accuracy just under 80%. 

For L-Mode, number of response categories had a small positive effect on 

accuracy rates, but for MAXCOV it had a small negative effect. However, for these 

methods the accuracy difference between 4, 5 and 7 response categories was 

negligible. MAMBAC showed the strongest effect as accuracy rate decreased 7% going 

from 4 to 7 response categories. 

 Base rate had an inconsistent effect on accuracy rates of the different 

taxometric procedures. MAMBAC and L-Mode showed an expected increase in 

accuracy as base rate increased to .5, with L-Mode showing the strongest increase in 

accuracy with a .5 base rate. Contrary to MAMBAC and L-Mode, MAXCOV showed a 
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strong decrease in accuracy as the base rate increased to .5; the accuracy rate dropped 

from more than 30% to 10%. An explanation for this decrease is that due to the low 

variance in the complement group, the mean Cohen’s d on the item level was 

considerably smaller for P = .5 than for P = .1 (Table 3.1). Interestingly, the opposite 

effect was found for MAMBAC and was even stronger for L-Mode, which showed a 

strong increase in accuracy as taxon base rates became larger.  

 

3.3.4 Discussion 

Results of this simulation study revealed that for none of the taxometric 

methods did the CCFI detect taxonicity accurately under conditions of large variance 

on the latent variable   and non-parallel items. MAMBAC was most accurate, 

suggesting more evidence for taxonicity in 53% of the cases. MAXCOV and L-Mode 

incorrectly suggested more evidence for a dimensional latent structure in more than 

70% of the cases. MAMBAC being the most accurate procedure followed by L-Mode 

and MAXCOV was consistent with results from previous simulation studies, but the 

overall low accuracy rates were inconsistent with previous simulation studies based 

on parallel items (Ruscio, Ruscio, et al., 2007; Ruscio et al., 2010; Walters et al., 2010; 

Walters & Ruscio, 2009, 2010).  

Compared to single threshold use, dual CCFI thresholds were often not 

beneficial, which also contradicted previous findings (Ruscio et al., 2010; Walters et 

al., 2010; Walters & Ruscio, 2009). The use of dual CCFI thresholds led MAXCOV and L-

Mode to detect fewer taxonicity cases. Moreover, the use of dual thresholds rendered 

many datasets uninterpretable. Only MAMBAC detected taxonicity slightly more 

accurately. Similarly, contrary to results reported by Ruscio et al. (2010) and Meehl 

and his colleagues (e.g., Golden, 1991; Grove, 2004; Meehl, 1995a; Meehl & Yonce, 

1994, 1996; Waller & Meehl, 1998), the use of multiple taxometric methods for 

consistency testing did not produce better detection of taxonicity as opposed to the 

use of the CCFI of only MAMBAC, mostly due to low correlations between the CCFI’s 

of the three methods. 

 An important reason for the low accuracy rates concerns the current indicator 

validity and maximum within-group inter-item correlations. As a consequence of the 

choice of the parameters, Meehl’s rules of thumb concerning the minimum indicator 

validity (Cohen’s d > 1.25) and maximum within-group item correlations (r < .30) were 

not always met (Table 3.1). Failure to comply with the rules of thumb is mainly a result 

of the larger within-group  -variance. Within-group variance of this magnitude may 

arise because psychological attributes are measured indirectly.  

Taxometric studies have emphasized the importance of checking whether 

Meehl’s rules of thumb are met prior to applying taxometrics (Meehl, 1995a; Ruscio 

et al., 2010). These rules of thumb are not model assumptions that can always be 

checked or are always checked prior to performing taxometric analyses. Our reading 

of 25 studies drawn from a large taxometric review (Haslam et al., 2012) showed that 

researchers often use taxometrics to study the latent structure of a particular attribute 

even when the psychometric properties of the clinical scales fail to meet Meehl’s rules 
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of thumb. Checking the tenability of the rules of thumb is only possible when one has 

prior knowledge of class membership (e.g., on the basis of diagnoses; Ruscio et al. 

(2006)). For these cases, and in light of Meehl’s (1995a) earlier work, we added a third 

study to assess how well taxometrics can detect taxonicity in data with item 

characteristics of typical clinical scales that meet Meehl’s rules of thumb.  

 

3.4 Study 3: Taxometrics in Clinical Data Consistent with Meehl’s 

Rules of Thumb 

 We performed a simulation study to investigate whether two typical aspects of 

clinical assessment, which are items that are non-equivalent and items that are mostly 

informative in the taxon range of  , affected the power of taxometric analyses to 

detect categorical (taxonic) structures when Meehl’s rules of thumb were met. The 

simulation design differed in two ways from the design used in the previous simulation 

study. First, we limited the design to fewer levels for each factor. Based on the results 

of the previous simulation study we did not expect this reduction to influence the 

results. Thus, we used two levels of response categories (M + 1 = 4, 7), one level for 

the number of items (k = 5; i.e., the number of items is fixed), two levels of taxon base 

rate (P = .1, .5), two levels of sample size (N = 500, 1000) and two class separation 

values (d = 3.125, 3.75). The resulting 4-factor fully crossed design had 2W = 16 cells. 

In each cell, 100 configurations of threshold parameters and item discrimination 

parameters were randomly sampled, resulting in 1,600 data sets. Note that due to the 

model-based generation of the data, Meehl’s rules of thumb were sometimes mildly 

violated. Therefore, we removed 138 datasets because they either had a mean 

indicator validity d < 1.25 or a mean within-group inter-item correlation of r > .3. The 

results are based on the remaining 1462 datasets. A second difference from Study 2 

was that the standard deviations of   in both groups equaled .4, resulting in smaller 

within-group inter-item correlations. Class separation d could not be conceived as a 

standardized value and was adjusted with respect to the values of class separation d 

in the first simulation design. From the GRM model parameters, we derived classical 

test theory statistics for each level of each factor (Table 3.5). Again, we considered the 

value of consistency testing and dual thresholds on the CCFI. 

 Table 3.6 shows the accuracy rates for detecting taxonicity for (combinations 

of) MAXCOV, MAMBAC and L-Mode, for both the use of a single CCFI threshold and 

dual CCFI thresholds. Results showed a low accuracy for L-Mode (43.4%), a reasonable 

accuracy for MAXCOV (68.5%), and a high accuracy for MAMBAC (91.2%).   

Almost all combinations of the three taxometric methods showed a lower 

accuracy than the accuracy of MAMBAC alone, although the mean CCFI for MAMBAC 

and MAXCOV was slightly higher (91.2%). The mean CCFI for all three methods 

produced an accuracy of 85.6%. The product-moment correlation between the CCFI 

values was low between MAXCOV and MAMBAC (r = -.18) and MAXCOV and L-Mode 

(r = -.28), but relatively high between MAMBAC and L-Mode (r = .65). Based on the  
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Table 3.5: Mean Item Properties for Each Level of Each Factor in the Simulation Design of 

study 3: 

Fac-

tor Level 

Mean 

Cohe

n's d 

Mean 

item 

corre-

lation 

Mean 

item 

corre-

lation 

taxon 

Mean item 

correlation 

comple-

ment 

group 

Cron-

bach’s 

alpha 

Cron-

bach’s 

alpha 

taxon 

Cronbach’s 

alpha 

comple-

ment 

group 

Relia-

bility 

K 5 1.63 0.38 0.19 0.12 0.74 0.51 0.39 0.84 

N 500 1.63 0.38 0.19 0.12 0.74 0.51 0.39 0.84 

 
1000 1.62 0.38 0.18 0.12 0.74 0.51 0.39 0.84 

D 3.125 1.45 0.35 0.18 0.14 0.72 0.51 0.42 0.83 

 
3.75 1.8 0.41 0.19 0.11 0.76 0.52 0.37 0.84 

M+1 4 1.57 0.37 0.17 0.13 0.73 0.49 0.4 0.84 

 7 1.69 0.39 0.2 0.12 0.75 0.54 0.38 0.84 

P .1 1.8 0.32 0.19 0.12 0.69 0.51 0.39 0.8 

  .5 1.46 0.44 0.18 0.12 0.79 0.52 0.39 0.88 

 

 

 

Fac-

tor Level 

Mean 

item 

rest 

corre-

lation 

Mean 

item rest 

corre-

lation 

taxon 

Mean item 

rest 

correlation 

comple-

ment group 

Vari-

ance 

ratio  

Skew-

ness 

Taxon 

Skewness 

Comple-

ment 

Group 

Kurto-

sis 

Taxon 

Kurto-

sis 

Comple

-ment 

group 

K 5 0.6 0.41 0.33 2.63 0.22 2.09 -0.63 4.74 

N 500 0.6 0.42 0.33 2.66 0.22 2.09 -0.63 4.78 

 
1000 0.59 0.41 0.33 2.61 0.22 2.08 -0.64 4.69 

d 3.125 0.57 0.41 0.35 2.18 0.22 1.79 -0.63 3.21 

 
3.75 0.62 0.41 0.31 3.08 0.22 2.38 -0.63 6.26 

M+1 4 0.59 0.4 0.33 2.11 0.19 1.74 -0.46 2.9 

 7 0.61 0.43 0.33 3.16 0.25 2.44 -0.81 6.57 

P 0.1 0.55 0.42 0.33 2.63 0.22 2.09 -0.63 4.74 

  0.5 0.65 0.41 0.33 2.64 0.22 2.09 -0.64 4.73 

Note: K = number of items; N = sample size; d =  effect size on latent variable, M+1 = number of response 

categories; P = taxon base rate.  
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Table 3.6: Accuracy Rates for CCFIs of Three Methods and for the Mean CCFIs of 

All Possible Combinations of Taxometric Methods for a single threshold and for 

dual thresholds.  

Combination of procedures 

 

Single Threshold 

.50 

Dual Thresholds .45 - .55 

MAXCOV 68.5 (100) 74.1 (77.4) 

MAMBAC 91.2 (100) 94.7 (90.4) 

L-Mode 43.4 (100) 43.1 (85.1) 

MAXCOV & MAMBAC 92.9 (100) 97.4 (85.3) 

MAXCOV & L-Mode 70.9 (100) 77.6 (64.0) 

MAMBAC & L-Mode 76.9 (100) 84.7 (71.8) 

MAXCOV, MAMBAC & L-Mode 87.3 (100) 93.9 (74.4) 

 

 

results from Study 2, the high correlation between MAMBAC and L-Mode was 

expected, but the negative correlations were unexpected. 

Except for L-Mode, the use of dual thresholds improved the accuracy for all 

methods and all combinations of methods. A large percentage of CCFI values (between 

9.6% and 25.7%) fell in the ambiguous range for the different (combinations of) 

methods.  

Main effects on accuracy rates were negligible for sample size and number of 

response categories (Figure 3.8). The effect of class separation on accuracy rates was 

positive, particularly for MAXCOV. The effect of base rate was similar to the first 

simulation study, showing a strong negative effect for MAXCOV and a positive effect 

for MAMBAC and L-Mode. L-Mode produced an increase in accuracy by more than 

80%. 

To conclude, in data with item characteristics of typical clinical scales it matters 

whether the data meet Meehl’s rules of thumb. Compared to results from Study 2, 

MAMBAC, MAXCOV and L-Mode better detected taxa when Meehl’s rules of thumb 

were met. Although MAMBAC performed well under these conditions, MAXCOV and 

particularly L-Mode did not perform well. L-Mode’s low accuracy was mostly due to its 

substandard performance in strongly skewed data with small base rates.  

 

3.5 General Discussion 

We studied how well taxometric methods identify the existence of taxon and 

complement groups on the basis of data with item characteristics of typical clinical 

scales. Study 1 suggested that the MAXCOV, MAMBAC, and L-Mode curves deviated 

from typical taxometric curves when item properties were typical of clinical scales.  
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Figure 3.8: Accuracy rates for MAXCOV, MAMBAC and L-Mode, for each level of each factor 

in the simulation design when Meehl’s rules of thumb were met. 

 

 

These typical item properties produced averaged MAMBAC and MAXCOV curves that 

were either ambiguously shaped or biased toward dimensionality when the underlying 

latent structure was taxonic. L-Mode curves reflected the distribution of mean item 

scores and led to incorrect inferences concerning the latent structure. Studies 2 and 3 

showed that when Meehl’s rules of thumb concerning indicator validity and within-

group inter-item correlations were met, the CCFI performed well for MAMBAC, 

reasonably for MAXCOV but poorly for L-Mode. However, for conditions of larger 

within-group variance on the latent trait  , the CCFI performed poorly in detecting 

taxonicity for all three taxometric methods. Study 1 partly explains this result by 

showing that the CCFI compares the L-Mode curve, the averaged MAMBAC curve, and 

the averaged MAXCOV curve with a dimensional population curve and a taxonic 

population curve. Because the L-Mode curve and the averaged curves often incorrectly 

suggested dimensionality, the CCFI was biased towards favoring a dimensional 

outcome over a taxonic outcome given the item properties typical of clinical scales and 

larger within-group variance on the latent trait  . The use of averaged curves 

(MAXCOV and MAMBAC) by the CCFI appears to add to this bias. Hence, we suggest 
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computing the CCFI for each individual curve prior to computing the mean CCFI. This 

procedure would take the information of each individual curve into account, thereby 

reducing bias, but would also be computationally demanding. Future research may 

aim at reducing bias in the CCFI. 

Contrary to earlier simulation studies (Meehl & Yonce, 1996; Ruscio & 

Kaczetow, 2009; Ruscio, Ruscio, et al., 2007; Ruscio et al., 2010; Waller & Meehl, 1998; 

Walters et al., 2010; Walters & Ruscio, 2009, 2010), we found neither clear consistency 

between the different taxometric methods, nor much improvement due to the use of 

dual thresholds when using the CCFI. This can in part be attributed to the use of a data-

generating program (Ruscio & Kaczetow, 2008) used in many earlier simulation 

studies, as this program involves an iterative approach to obtain highly similar datasets 

(i.e., fixed class separations, inter-item correlations, and within-group item 

correlations). In our simulation studies, we randomly sampled item parameters for 

each generated dataset in the design cells, producing different curves and varying 

values of CCFI that seek to summarize the curves. Moreover, our choice of model 

parameters sometimes resulted in high inter-item correlations within the taxon (a 

psychometrically desirable property), low levels of observed class separation for some 

data sets, and differences in within-group variances between the taxon and the 

complement group, which all exceeded Meehl’s rules of thumb (Meehl, 1995a). 

Because the performance of the individual taxometric methods depends on the 

specific item characteristics, none of the methods consistently works best or worst 

across the data sets. The inconsistency might explain low correlations between the 

methods and thus the lower accuracy of consistency testing compared to the accuracy 

of individual taxometric methods. The implication is that different taxometric methods 

will yield much more varying results when applied to data typically observed in clinical 

scales, thereby lowering considerably the usefulness of these methods with such data. 

In short, earlier simulation studies used model characteristics that painted an overly 

positive picture of the usefulness of taxometric methods with data from clinical scales.  

Our results further showed that for all three taxometric methods, class 

separation on latent variable   most strongly affected accuracy of detecting taxonicity. 

As class separation on   increased, class separation at the observable-score level 

increased and the inter-item correlations within the complement group decreased. 

Effect of class separation on the accuracy agreed with findings of previous simulation 

studies. Number of response categories and number of items had a minor effect on 

the accuracy of detecting taxonicity.  

Our second study revealed that the three taxometric methods detected 

taxonicity less accurately when sample size increased, which contradicted previous 

simulation studies (Meehl & Yonce, 1994, 1996; Ruscio & Kaczetow, 2009; Ruscio, 

Ruscio, et al., 2007; Waller & Meehl, 1998; Walters & Ruscio, 2010). This unexpected 

effect may be due to the influence of sampling fluctuation, in combination with bias 

towards dimensionality in the mean curve used in CCFI computation. As sampling 

fluctuation is larger for small sample sizes (particularly when the taxon base rate is 

small) this produces more variation in observed class separation. In turn, this produces 
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more instances with large class separation associated with more typically shaped 

taxometric curves. Furthermore, we found that for MAXCOV a larger taxon base rate 

strongly decreased the accuracy of detecting taxonicity which contradicted earlier 

results (Ruscio & Kaczetow, 2009; Ruscio, Ruscio, et al., 2007; Walters & Ruscio, 2010). 

A possible explanation was that the item-score variance in the complement group was 

smaller than the item variance in the taxon due to the items being mostly informative 

in the taxon range of  . With larger taxon base rates, this lead to a decrease of the 

observed class separation, leading MAXCOV to find fewer instances of taxonicity. 

According to Meehl (1992, p. 140) “… the long term fate of a taxometric method 

will depend on its ability to solve real data real problems“. Therefore, the point of 

departure of our study was generating data using the properties of typical clinical 

scales. We concluded that taxometrics does not identify taxa as well for this type of 

data as for the type of data used in previous simulation studies (Meehl & Yonce, 1994, 

1996; Ruscio & Kaczetow, 2009; Ruscio, Ruscio, et al., 2007; Waller & Meehl, 1998; 

Walters & Ruscio, 2010). Particularly when groups showed larger within-group 

variance on the latent trait  , the CCFI incorrectly identified many different types of 

categorical latent structures as latent dimensions. Haslam et al. (2012) found that 

taxometric studies using the CCFI less likely identified taxonicity than studies not using 

the CCFI and attributed this effect to the superior methodological quality of taxometric 

studies using the CCFI. Our studies show that this effect could also have resulted from 

a dimensional bias of the CCFI or from taxonic psychological attributes having larger 

within-group variance rendering it harder (Bernstein, Zvolensky, Stewart, Nancy 

Comeau, & Leen-Feldner, 2006) for the CCFI to detect taxonicity. We conclude that 

taxometrics is not an ideal method for solving the classification problem in psychology. 

Alternatively, we suggest using psychometric methods for investigating 

whether attributes are categorical or dimensional that match the prior knowledge of 

the data, such as sample and item properties (Lubke & Miller, 2014). Given the 

measurement properties of clinical scales and the properties of latent variable   in 

clinical populations, we advocate investigating the feasibility of latent variable mixture 

models that describe the relationship between items and   based on item response 

theory or factor analysis (Hancock & Samuelsen, 2008). Latent variable mixture models 

include mixture IRT models (Muthén, 2006; Muthén & Asparouhov, 2006; Von Davier, 

2004) and factor mixture models (Dolan & van der Maas, 1998; Heinen, 1996; Lubke 

& Muthén, 2005, 2007) that, contrary to taxometrics, allow for heterogeneity in the 

data and facilitate one to model the latent structure within groups.  
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Chapter 4: Integrating trait dimensions and 

person categories: The Case of Type D 

Personality 

 
Abstract 

This study explores the use of latent variable mixture models for studying dimensional 

and categorical properties of distressed (Type D) personality. We discuss the 

conceptual underpinnings of latent variable mixture modeling, illustrate the steps in 

defining latent variable mixture models (LVMMs), and explain how to decide between 

competing LVMMs. Three different LVMMs were fitted to distressed personality data 

from a large (N = 1,587) sample from the general Dutch population, each representing 

different conceptions of Type D personality. These conceptions include a purely 

dimensional view, a hierarchical view including first-order dimensions of negative 

affectivity and social inhibition and higher-order Type D categories, and a dimensional 

view with an interacting Type D construct. The model with two latent classes fitted 

best, but inspection of the classes showed small between-class differences compared 

to the within-class variability. A follow-up simulation study on the power and 

sensitivity of the fit indices to class separation showed that a combination of fit indices 

performed moderately in detecting the two-class model. Overall, our findings warrant 

further research on both the categorical and dimensional approach to Type D 

personality and health outcomes.  Future research may focus on improved methods 

to gauge the within-class and between-class differences within latent variable mixture 

modeling to aid substantive interpretation. 
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4.1 Introduction 

Type D personality refers to a general propensity to psychological distress that 

is defined by the combination of high levels of negative affectivity (NA) and social 

inhibition (SI; Denollet, 2005). Both constructs are conceived as dimensional; that is, 

persons show gradual differences on these constructs. The theory of Type D 

personality suggests that the combination of NA and SI rather than the isolated traits 

associates with increased risk of poor health outcomes (Denollet, Schiffer, & Spek, 

2010; Mols & Denollet, 2010; Versteeg, Spek, Pedersen, & Denollet, 2012). Evidence 

for this relationship was based on a dichotomous operationalization of Type D, thus 

adopting a categorical view on Type D personality. 

 However, the question whether persons can be meaningfully and non-

arbitrarily grouped in two discrete classes labeled Type D and non-Type D on the basis 

of the combination of the dimensional NA and SI traits has been challenged (Coyne et 

al., 2011; Grande et al., 2011; O'Dell, Masters, Spielmans, & Maisto, 2011; Pelle et al., 

2010; Smith, 2011). Ferguson et al. (2009) performed a taxometric study and 

concluded that the underlying structure of Type D personality was dimensional and 

not taxonic (categorical). We contend that taxometrics is not the most suitable 

framework to study both the dimensional and categorical features of Type D 

personality for the following reasons. First, taxometrics assumes that an attribute is 

either categorical or dimensional and cannot be both. Second, although the question 

whether the latent structure of Type D personality is truly categorical or dimensional 

is considered an important one in the clinical field, we emphasize that this issue is 

almost impossible to solve (Bartholomew, 1987; Bauer & Curran, 2004; Borsboom et 

al., 2003; Molenaar & Von Eye, 1994) and that the distinction between categories and 

dimensions is more subtle than for instance the taxometric literature suggests 

(Borsboom et al., 2016; De Boeck et al., 2005). Moreover, even if personality types are 

not clearly distinguishable into taxa or latent classes, the use of personality types may 

still be meaningful because such types may have more long-term predictive value than 

a dimensional approach (Asendorpf, 2003). Hence, the dichotomy of dimensional 

versus categorical latent structures that is imposed by taxometrics may not be the 

most fruitful approach.   

A more promising way of looking at categorical versus continuous descriptions 

of inter-individual differences is to use latent variable models in which hypothesized 

categorical and continuous aspects are modeled simultaneously. Although the 

categorical and dimensional representations of latent variables are often considered 

two mutually exclusive perspectives forcing a choice between them for a given latent 

attribute, we agree with other scholars that the two perspectives represent two 

complementary but not necessarily contradicting ways of explaining inter-individual 

differences on psychological variables (Asendorpf, 2003; Asendorpf & van Aken, 1999; 

Chapman, Duberstein, & Lyness, 2007; Chapman & Goldberg, 2011; Loken & 

Molenaar, 2008; Masyn, Henderson, & Greenbaum, 2010; Molenaar & Von Eye, 1994). 

One could even argue that both a categorical and dimensional approach provide 

unique and interesting perspectives on the same attribute without one providing the 
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final verdict on which representation is most appropriate (Asendorpf, 2003; Chapman 

et al., 2007; Loken & Molenaar, 2008). Given the available evidence, this approach 

seems to be the most fruitful. 

In this chapter, we explore the possibilities and the limitations of fitting the 

latent variable mixture model (LVMM) to shed light on the dimensionality versus 

categorization issue regarding Type D personality. In particular, different specifications 

of the LVMM with different conceptual meanings can be used to study Type D 

personality. We study the dimensionality of the data collected by means of a set of 

items assessing NA and SI and subsequently, whether there are subgroups of persons 

that cluster together in the two-dimensional space of NA and SI. We focus on a set of 

substantively driven models for which we will elaborate on the statistical features 

further on. Furthermore, we also address the statistical power of LVMMs to detect the 

categorical features of a LVMM by studying which goodness of fit measures are 

sensitive to detecting these categorical features under various conditions. These 

results may help to further develop theory for Type D personality. 

 

4.2 Method 

Sample 

We analyzed Type D data obtained in a community sample of 1,587 adults from 

the general Dutch population, predominantly from the Southern part of the 

Netherlands. The data resulted from quota sampling in order to ensure that different 

age (between 20-80 years) and gender (equal numbers of men and women) strata 

were equally represented. The sample included 50.5% men and 49.5% women. The 

mean age was 51.1 years and the standard deviation was 16.2 years. Research 

assistants approached participants in person or by phone. After explaining the purpose 

of the study, participants received an informed consent form and a questionnaire, 

which were later returned in closed envelopes. Returned questionnaires were coded 

by number for purposes of data collection tracking but did not contain any explicit 

identifiers (i.e., names). Participants we not provided with any financial compensation. 

The institutional ethics advisory committee of Tilburg School of Social and Behavioral 

Sciences approved the study protocol (protocol number: 2006/1101). All participants 

provided written informed consent, as stipulated in the Helsinki Declaration. 

 

Measures 

Data were collected by means of the DS14 (Denollet, 2005), which is a self-

report questionnaire assessing NA and SI. The questionnaire contains a seven-item 

scale measuring NA (e.g., “I often feel unhappy”) and a seven-item scale measuring SI 

(e.g., “I am a closed kind of person”). Item scores were ordered rating-scale scores: 0 

= false, 1 = rather false, 2 = neutral, 3 = rather true, 4 = true. The NA scale covers three 

lower-level facets: dysphoria, anxious apprehension, and irritability. The SI scale also 

covers three lower-level facets: discomfort in social situations, reticence, and lack of 
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social poise. Table 4.1 (Columns 1 to 3) lists the items and the lower-level facets 

(Straat, Van der Ark, & Sijtsma, 2012). The DS14 scale was validated in different 

populations (Denollet, 2005; Denollet et al., 2010; Mols & Denollet, 2010) and has 

adequate psychometric properties (Denollet, 2005; Emons, Meijer, & Denollet, 2007). 

  

 

 
Table 4.1: Items, Facets, Item Content, Item Means of the DS14 and Standardized Between-

Class Differences in Means for the Second-Order Latent Class Model With Two Classes (Model 

B). 

Notes. a Expressed as Cohen’s d. NA = negative affectivity; SI = social inhibition; R= reversed coded. 

 

 

 

Item Facet Item Content Item Mean  

(N =1,587) 

Between-

Class Mean 

Differencea 

SI-1 Lack of social poise makes contact easily (R) 0.99 0.75 

SI-3 Lack of social poise often talks to strangers (R) 1.07 0.52 

SI-6 Social discomfort inhibited in social interactions 1.2 0.97 

SI-8 Social discomfort difficulties to start a 

conversation 

0.71 0.97 

SI-14 Social discomfort does not find things to talk 

about 

0.62 0.99 

SI-10 Reticence closed kind of person 0.57 0.83 

SI-11 Reticence keeps others at a distance 1.43 0.85 

NA-4  Dysphoria  often feels unhappy  1.11 0.79 

NA-7 Dysphoria takes a gloomy view of things 1.23 1.09 

NA-13 Dysphoria 
is often down in the dumps 

1.19 1.03 

NA-2 Anxious 

apprehension 

worries about unimportant 

things 

1.65 0.58 

NA-12 Anxious 

apprehension 

often worries about things 1.27 0.98 

NA-5 Irritability is easily irritated 1.03 0.76 

NA-9 Irritability is often in a bad mood 0.72 0.93 
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Statistical Analyses  

Defining LVMMs for Type D personality 

In our model for Type D personality, we postulated two continuous latent-trait 

variables, one that explains the relationship between the NA items, and another that 

explains the relationship between the SI items. Additionally, we add a categorical 

latent variable model representing latent classes of persons. The latent class variable 

can have two different conceptual roles, representing two different categorical views 

(Bauer & Curran, 2004). The latent class variable can be used to model heterogeneity 

in the multivariate distribution of the latent traits; that is, one assumes that the 

population is a mixture of subpopulations (e.g., non-Type D and Type D), and that each 

subpopulation is defined by its own mean vector and covariance matrix for the latent 

traits. This model may also be conceived as a second-order factor model or multiple 

group IRT model in which the first-order latent variables consist of two latent traits 

(NA and SI) and the second-order factor consists of the latent class variable that 

explains the relationship between the lower level traits (Figure 4.1a). The model 

assumes that each person belongs to a subpopulation, but membership has to be 

inferred from the latent variables. The class-specific distributions of NA and SI latent 

variable values may or may not be partly overlapping. The smaller the overlap, the 

more category-like the attribute is (De Boeck et al., 2005).  Figure 4.2 gives an example, 

in which the population differentiates into two populations on the combination of NA 

and SI, and large class separation.  

The latent class variables in the LVMM can also be included as causal factors of 

the responses, which means that we assume a direct effect of the classes on the 

response probabilities (see Figure 4.1b). This model defines Type D at the level of the 

items; membership is directly inferred from the person’s constellation of behaviors 

described by the items. Under this model, the latent variables (NA and SI) and the 

latent class variable are at the same conceptual level. This model is consistent with the 

bifactor model which is commonly encountered in the literature (Caspi et al., 2013; 

Chen, Hayes, Carver, Laurenceau, & Zhang, 2012; Reise, Morizot, & Hays, 2007), except 

that the general factor is now a latent class variable. In the bifactor model, the latent 

classes explain the association between the items not accounted for by the continuous 

latent variables. In other words, individual differences on the items are not only 

explained by a direct effect of the latent class variable Type D but also by the latent 

traits SI and NA. The bifactor model is statistically flexible, in that the main-effects-

only model can be extended by allowing interactions between the latent class variable 

and the latent traits. This model can be visualized by adding an effect of the latent 

class variable to the effects of the latent traits SI and NA on the items (dotted lines, 

Figure 4.1b). This means that the relationship between the traits and the responses 

depends on class membership. In this model, the latent class variable describes 

qualitative differences between persons in the way in which NA and SI manifest 

themselves in feelings of distress and behavior in social context, whereas the latent 
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Figure 4.1. Path diagram for Model B (upper panel) and for Model C (lower  

panel). Note. Squares indicate observed variables, ellipses indicate latent  

variables, and e stands for error. 
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Figure 4.2. Multivariate categorical conception of Type D personality. 

 

 

variables represent inter-individual variation on the construct NA and SI itself. Figure 

4.3 illustrates this view for a single item. Specifically, Figure 4.3 shows that in the 

different classes the same depressive symptom has a different relationship to the 

latent variable. De Boeck et al. (2005) discussed this situation for manifest populations 

and described the dependence of the measurement model on the populations as 

evidence of qualitative between-group differences. In the case of Type D personality, 

this entails that the NA and SI items not only reflect quantitative differences in NA and 

SI but also qualitative differences on a distinct discrete latent attribute that is referred 

to as type D. Although the theory of Type D personality does not make specific 

predictions with respect to qualitative differences, such a model can also be used to 

explore which facets of NA and SI may be stronger indicators of a Type D and non-type 

D class. 

In practice, this distinction between the two conceptual roles of the latent class 

is often not clear-cut and a more exploratory approach is needed. Consequently, we 

adopt the following strategy. We start with the model that only includes continuous 

latent variables that model quantitative variation on the items (i.e., the dimensions-

only model). This model serves as the baseline model. Next, the baseline model is 
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extended by introducing a discrete latent variable to assign the persons to latent 

classes, allowing each class to have their own distribution on the latent traits, and we 

test whether the extended model improves in terms of model fit with respect to the 

baseline model. Finally, we fit the more complex model in which the latent class 

variable also directly affects the items.  

 

 
Figure 4.3. Latent classes showing qualitative between-class differences  

In the relationship between the latent attribute and the observed item. 

 

 

Measurement model 

Model A (Baseline Model): Correlated dimensions only. The baseline model 

represents a dimensional conceptualization of Type D personality. The model 

assuming two continuous correlated latent variables NA and SI that describe all 

systematic between-person variation in the item responses. To link the continuous 

traits to observed responses we used the graded response model (Samejima, 1997), 

which is a suitable item response model for rating-scale data. The graded response 

model defines the relationship between the probability of having a particular item 

score and the latent variable by one slope parameter and a set of threshold 

parameters. The threshold parameters provide the location on the latent-variable 

scale where the probability of scoring at least in category x (x = 1,…, 4) equals .50. See 

Emons et al. (2007) for an analysis of DS14 data using the graded response model, and 

see Figure 4.4 for an example of four functions describing the probabilistic 

relationships between the item scores and a continuous latent variable. 
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Figure 4.4. Cumulative response functions for an arbitrary item  

under the graded response model. Note. Slope parameter was 2  

and the four threshold parameters were equal to −2, −0.5, 0.5,  

and 2, respectively. 

  

 

Model B: Second-Order Latent Class Model. Model B extends baseline Model A by 

including a categorical variable that divides the population into latent classes. Each 

class has its own class-specific bivariate distribution for the NA and SI traits. The graded 

response model, which produces estimates of continuous NA and SI traits, has the 

same item slope and item threshold parameters in the different classes. Persons are 

assigned to latent classes based on their estimated latent NA and SI values. This model 

is also referred to as a finite latent distribution mixture model (Dolan & van der Maas, 

1998). Figure 4.1a gives a graphical representation of Model B.  

 Model C: Bifactor Model (Main Effects Only). Model C extends Model A and B 

by including a categorical variable that has a direct, additive main effect on the item 

means. The lower panel of Figure 4.1b shows the corresponding path diagram. Model 

C allows the mean and the variance of the NA and SI traits to vary across classes. 

Hence, Model C assumes that persons are sampled from a population that is a mixture 

of subpopulations, each characterized by their own mean vector and covariance 

matrix. In Model C, class membership is derived directly from the item scores; that is, 

persons are assigned to latent classes based on NA and SI item-score patterns. The 

three models are nested as follows: Model C includes Model B, and Model B includes 

Model A. The restrictions when comparing A and B bear on the latent distributions 

only, while the restrictions when comparing B and C relate to the item parameters 

being identical across the latent classes. Therefore, comparing Models B and C bears 
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on the issue of measurement invariance across the latent classes. In cases where item 

parameters are equal across classes, Model B is sufficient to explain the data, and the 

more complex Model C does not add to interpretations of the data. We fitted the 

models using LatentGOLD5.0 (Vermunt & Magidson, 2013). Appendix E provides the 

corresponding syntax. 

 

Interpretation of latent classes and assessing model fit 

To determine the final number of classes to retain, we rely on descriptive 

information criteria such as the BIC and the AIC3 to assess the fit, with lower values 

indicating a better model fit. These fit measures have the property of balancing fit with 

parsimony as more complex models tend to explain more variance (McLachlan & Peel, 

2000). We consider pseudo R2 measures to assess how much variance the model 

explains. Furthermore, we consider the reduction of the squared likelihood L2 and the 

mean reduction of the bivariate residuals (Vermunt & Magidson, 2013). These 

measures express how much the fit improved after adding classes, relative to the one 

class model (empty) which does not impose restrictions on the data. Finally, 

researchers may employ statistical tests, such as likelihood ratio tests (McLachlan & 

Peel, 2000; Muthén & Muthén, 2008; Vermunt & Magidson, 2013) and the Lo-

Mendell-Rubin likelihood ratio test (Lo et al., 2001; Muthén & Muthén, 2008), to test 

whether adding a class significantly improves the fit. Unfortunately, there is no 

commonly accepted methodology for comparing and testing models with different 

numbers of classes. Nyland, Asparouhov, and Muthén (2007) recommend the BIC and 

the LMR-LR test, whereas other studies recommended the AIC3 (e.g., Lukociene & 

Vermunt, 2010). Thus, we carefully assessed multiple criteria in choosing our final 

model. 

 

4.3 Results 

Table 4.2 shows the fit results for the three models. Compared with the empty model, 

Model A (the correlated dimensions-only model) produced a reduction of 26.6% of L2, 

which indicated an improved fit to the data. The NA and SI latent variables correlated 

.46. Compared with Model A, Model B (Second-Order Latent Class Model, 2 classes) 

produced an additional reduction of L2 of 0.1% and a small reduction of the bivariate 

residuals for single NA and SI dimensions and the bivariate residuals between the NA 

and SI items. The BIC, which penalizes models most for lack of parsimony, supported 

Model A, while the AIC3 supported Model B. Adding more classes to Model B 

marginally improved model fit based on AIC3, L2 reduction and entropy N�. However, 

the proportion of classification errors increased rapidly and there was no additional 

reduction in bivariate residuals for single NA and SI dimensions and the bivariate 

residuals between the NA and SI items. Hence, models with more than two classes 

were rejected. 
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Table 4.2: Model-Fit Statistics, Classification Errors, and Mean Proportional Reduction in Bivariate Residuals for Six Latent Variable Models (N = 

1,587).  

      No. of 

Para-

meters 

BICa AIC3a Prop. L2 

Reductionb 

Entropy 

R
2 

Classifica- 

tion Errors 

Mean Proportional Reduction 

Bivariate Residualsc 

        
Total SI NA NA×SI 

A Correlated Dimensions Model 

(Baseline Model) 

71 15152.82 21777.14 26.6% --- --- --- --- --- --- 

B Second-Order Latent Class 

Model (2 classes) 

77 15157.2 21755.3 26.7% 0.18 0.21 1.05 0.99 0.97 1.11 

 Second-Order Latent Class 

Model (3 classes) 

83 15176.31 21748.18 26.8% 0.4 0.26 0.96 0.97 0.84 1.0 

C 2-class Bifactor Model (Main 

effects only) 

89 14988.11 21533.77 27.4% 0.54 0.14 2.04 1.04 1.15 3.48 

 3-class Bifactor Model (Main 

effects only) 

107 14896.82 21363.83 28.0% 0.57 0.16 2.89 1.14 1.52 5.68 

Note. aBIC and AIC3 are based on L2. bProportional reduction in L2 relative to the intercept model. cProportional reduction with respect to correlated 

dimensions only model (baseline model) expressed as multiplication factor by which the residual reduction decreased. 
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Model C with two classes led to an additional reduction in L2 of 0.8% relative to 

Model A, with an entropy N� that equaled 0.54. The proportional reduction of 

bivariate residuals suggested that Model C explained the association between NA and 

SI better than Models A and B. Adding a third class to Model C led to a better model 

fit according to most fit indices although the gain in model fit was smaller and the 

classification errors increased. The BIC and AIC3 values were lower than the 

corresponding values for the two-class model, but the proportional reduction of L2 and 

the proportional reduction of the bivariate residuals were not substantial. Therefore, 

we continue with Model C with two classes.      

Figure 4.5 shows the class-specific item-mean profiles for the two-class version 

of Model C. The abscissa lists the DS14 items and the ordinate shows the expected 

item scores. Fifty-seven percent of the sample belonged to Class 1 and 43 percent to 

Class 2. The class-specific item- mean profiles coincided for SI-1 (i.e., DS14 Item 1 that 

measures SI) and SI-3. For all other items, persons in Class 1 averaged higher scores 

than persons in Class 2. Except for items SI-1 and SI-3, the different item-mean profiles 

were almost parallel, which is typical of quantitative between-class differences (De 

Boeck et al., 2005; Lubke & Tueller, 2010; Muthén, 2006). Because the item-mean 

profiles indicated little evidence of qualitative differences between classes as in Model 

C, we discarded Model C and continued additional class inspections based on the 

categorization of Model B.  

 

 
Figure 4.5. Class-specific item-mean score profiles for Model B (2 classes). 

 

 

The next question is how well the classes can be distinguished by a sharp 

boundary. The proportion of classification errors was .21, and the entropy N� equaled 

.18 and together these results suggest low to moderate class separation (Meehl, 

1995a; Ruscio et al., 2006). To further evaluate class separation, we compared the 
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standardized between-classes mean differences with within-class variation using 

Cohen’s d (see Ruscio et al., 2006, p. 74). All d-values were below 1.09 (Table 4.1, 

Column 5). The distance between the class profiles was small compared to the within-

class heterogeneity meaning that the classes had considerable overlap. 

To explore between-class and within-class variability of the two classes in 

Model B, we inspected the multivariate distributions of the SI and NA total-scores for 

the Type D class (Figure 4.6) and for the Non-Type D class (Figure 4.7). The multivariate  

 

 

 

 
Figure 4.6. Class-specific multivariate frequency distributions for SI and NA total 

scores for the Type D class. Classes were obtained from model B (2 classes). 

 

 

total-score distribution for both classes spanned a considerable range of both the SI 

and the NA scale (i.e., large within-class variability) and thus showed considerable 

overlap (i.e., low class separation). Moreover, the Non-Type D class was characterized 

by a strongly skewed multivariate distribution, most persons in this class score very 

low on both latent traits. Interestingly, some individuals in the Non-Type D class scored 

high on one of the traits but low on the other trait. With respect to the Type D class, 

the multivariate distribution also was somewhat skewed with the majority of 

individuals scoring in the low range of both latent traits.  

The combination of this information and the shapes of the class-specific 

frequency distributions suggests that the latent classes in Model B may have been 
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artificial because they were needed to adequately accommodate non-normality in the 

continuous joint NA and SI distributions (Bauer & Curran, 2004; McLachlan & Peel, 

2000). To conclude, the LVMM did not provide unambiguous evidence of clearly 

distinguishable categories of Type D personality. 

 

 

 

 
Figure 4.7. Class-specific multivariate frequency distributions for SI and NA total 

scores for the Non-Type D class. Classes were obtained from model B (2 classes). 

 

 

4.4 Discussion 

We found some empirical support for a categorical conceptualization of 

distressed personality, such that the two classes show quantitative differences on a 

continuous dimension. However, evidence for this view was not clear enough to speak 

of a clearly distinguishable Type D class and a non-Type D complement. According to 

Meehl (1995a), standardized item-mean differences of d < 1.25 are considered 

insufficient levels of class separation to validly distinguish classes. Additional 

exploration of the class-specific characteristics indicated that results may be 

confounded by violations of distributional assumptions of the DS14 total scores within 

the Type D class (taxon) and the non-Type D complement. Therefore, the question 

remains to what degree LVMMs can accurately distinguish a dimensional 
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conceptualization from different categorical conceptualizations with respect to 

distressed personality. Furthermore, we based our conclusions on rules of thumb for 

class separation statistics, but it is unclear whether these guidelines are useful in our 

context. This means that there is no clear benchmark for our results. In order to create 

such a benchmark, we performed a simulation study and investigated the degree to 

which LVMMs can detect classes with quantitative differences on continuous 

dimensions (Model B).   

 

4.5 Study 2: Power and Sensitivity Analysis 

4.5.1 Objective 

 The objective of this study was to determine the power of LVMMs to detect the 

categorical conceptualization of Type D personality as conceptualized in the second-

order latent class model. In particular, we studied the power to detect two distinct 

classes for distressed personality for varying sample size, base rate and class 

separation using different goodness of fit indices. Moreover, we also studied which 

goodness of fit indices performed best in detecting the categorical features of Type D 

personality. We performed this study by simulating data under a categorical 

conception of Type D personality (Model B, two classes) and by fitting the selection of 

models used in Study 1 to the data. Hence, this power study of LVMMs is specific to 

Type D personality and serves as a benchmark to interpret the results obtained in 

Study 1.  

 

4.5.2 Method 

Study Design 

The design of the simulation study was based on features of the distressed 

personality data collected by means of the DS14 (Denollet, 2005); that is, 14 items and 

five ordered item responses. The following design factors were varied: class-

separation (four levels), sample size (N = 500, 1000, 2000), and proportion of persons 

in the Type D population (base rate; P = .1, .25, .5). The independent variables were 

fully crossed, producing a design having 3×3×4 = 36 cells. The design was replicated 

100 times, where in each replication newly drawn item parameters were used, 

resulting in 100 configurations of item parameters and 3,600 data sets in total.  

 

Data generation  

The data sets were generated under Model B. To generate data, we first 

randomly drew (]×�) pairs of  ^_ and  `a  for the taxon, and ]×(1 − �) pairs for the 

complement class. For each class,   bc and  de were assumed to be bivariate normally 

distributed with class-specific means )3^_ and )3`a, variance �� = 1, and class-specific 

correlation f. Class separation d was manipulated by varying the class-specific means )3^_ and )3`a. In particular, for the distressed personality class the means on NA and 
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SI were chosen to be 
�� d (d  = .5, 1, 1.5, and 2) and those for the complement group 

equaled − �� d, resulting in four levels for the means for NA and SI in the taxon (i.e., )3^_ = )3`a = .25, .5, .75, 1) and its complement ()3^_ = )3`a = −.25, −.5, −.75, −1). Because the standard deviations of  ^_ and  `a  were fixed to 1 

in both classes, class separation d at the level of the individual traits has the same 

interpretation as Cohen’s d.  

The within-group correlation f between the latent variables representing NA 

and SI was chosen such that in combination with class separation d the overall 

correlation equals about .47, which was the estimated correlation from Model A in 

Study 1. Technically, f was found using an iterative process in which we generated  ^_ 

and  `a  in each iteration, starting with f = .47 and each time reducing f by .01 until g3hi,3jk in the total sample was approximately 0.47. Because of this iterative 

procedure, g3hi,3jk showed minor variation (Pl =  .0026) across datasets. 

Furthermore, the within-group correlation decreased as class separation increased. It 

should be noted that with a class separation of d = 2 and a base rate of P = .5, the mean 

within-group correlation between  ^_ and  `a  had to be equal to −.045, thus slightly 

negative, to realize an overall correlation of f = .47. Because within-group correlation 

decreased as class separation increased, and negative within-group correlations do 

not follow logically from Type D theory, we did not include larger levels of class 

separation than d = 2 in the simulation study. The mvrnorm function of the MASS 

package (Venables, 2002) in R (R Core Team, 2015) was used to randomly sample from 

the bivariate distribution of SI and NA. 

We generated ordered polytomous item scores with five response categories 

using the GRM (Samejima, 1997). The item threshold parameters (�) and item 

discrimination parameters (J) were based on the estimates obtained from Model B 

of Study 1. In particular, in each iteration, item parameters were sampled from normal 

distributions with the mean equal to the estimated item parameters of Model B (2 

classes) and the standard deviation equal to the standard error of the estimated item 

parameters. Specifically, we used the sampled  ^_ values and the sampled NA items’ 

parameters to generate NA item scores and we used the sampled  `a  values and the 

sampled SI items’ parameters to generate SI item scores.  

For each level of each factor in the design, we report classical test theory statistics, 

namely the observed class separation, Cronbach’s alpha and the mean item 

correlation for SI and NA (Table 4.3). Table 4.3 also shows the descriptive statistics of 

the multivariate distribution of the latent variables expressed by means of the 

Mahalanobis distance (MD) and the overall correlation between  ^_ and  `a. Using 

these statistics, we checked whether the generated data were typical of data used in 

Type D applications (Denollet, 2005) and to check whether the three design factors 

had the expected effects on the afore-mentioned statistics. All trends were in the 

expected direction. Cronbach’s alpha of the NA scale ranged from .78 to .92 (mean 

alpha = .86) and Cronbach’s alpha for the SI scale ranged from .84 to .94 (mean alpha 

= .89). For both the NA items and the SI items, coefficient alpha on average increased 

as a function of class separation on  . Sample size did not affect the observed class 
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separation, Cronbach’s alpha, the mean item correlation for SI and NA, and the 

Mahalanobis distance. The within-class correlation between  ^_ and  `a  was larger for 

a small base rate than for a large base rate, whereas the mean correlation of the SI 

items and the NA items was smaller for a small base rate than for a large base rate. As 

expected, as class separation increased, observed class separation, the Mahalanobis 

distance, the mean class separation on the item level and the mean correlation of the 

items increased. 

 

Dependent variables  

Each of the nested Models A, B (two and three classes) and C (two and three 

classes) from Study 1 were fitted to the data set. We report the accuracy of LVMMs in 

two different ways. First, we report the accuracy as the proportion of data sets in 

which the data generating model, which was Model B (2 classes), was the best fitting 

model according to the BIC and AIC3. Second, we report the mean fit indices as 

reported in Table 4.2 in study 1, which are the proportional m� reduction, the entropy N�, the classification errors and the proportional reduction of the bivariate residuals. 

Both results are reported separately for each factor level. We fitted the models using 

LatentGOLD5 (Vermunt & Magidson, 2013). Appendix E provides the corresponding 

syntax.  

 

4.5.3 Results 

Accuracy based on BIC and AIC3 

A total of 2.48% of the models that were run did not converge. We increased 

the number of iterations and the number of starting values and reran these models 

after which 0.31% of the models to be fitted on 55 datasets did not converge. The 

modeling results on these 55 datasets were treated as missing values. Table 4.4 

reports the percentage of iterations for the models that, based on the lowest AIC3 and 

BIC, fitted best compared to a number of competing models.  

Overall, the BIC and the AIC3 showed a moderate accuracy of detecting the true 

model, which was Model B (two classes), with 56.6% and 66.0 %, respectively. 

Alternatively, the BIC often produced the lowest value for Model A (42.4%), thus 

underestimating the number of classes. The AIC3 often selected Model B (three 

classes) as best fitting model, thus overestimating the number of classes. Model C (two 

and three classes) rarely showed the best fit to the data. To study the conditions under 

which the BIC and AIC3 detected the correct model, we show the accuracy rates based 

on BIC and AIC3 for each factor level (Figure 4.8). For the purpose of clarity and brevity, 

we only discuss the main effects of the design factors. 
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Table 4.3: Mean Item Properties for Each Level of Each Factor in the Simulation Design 

Factor Level )nohi,ojk  

Within-group )nohi,ojk  MD 

Mean 

difference 

on SI 

items 

Mean 

difference 

on NA 

items 

Mean 

Correlation 

of SI items 

Mean 

Correlation 

of NA 

items 

Cronbach’s 

alpha SI 

items 

Cronbach’s 

alpha NA 

items 

N 500 0.48 0.3 2.56 0.96 0.91 0.55 0.49 0.89 0.86 

 
1000 0.48 0.3 2.55 0.96 0.91 0.55 0.49 0.89 0.86 

 
2000 0.48 0.3 2.55 0.96 0.91 0.55 0.49 0.89 0.86 

P .1 0.48 0.39 2.56 1.02 1 0.52 0.46 0.88 0.84 

 
.25 0.47 0.29 2.54 0.96 0.92 0.56 0.5 0.9 0.86 

 
.5 0.48 0.23 2.56 0.89 0.82 0.58 0.52 0.9 0.88 

D .5 0.48 0.45 0.35 0.35 0.33 0.5 0.44 0.87 0.84 

 
1 0.48 0.38 1.37 0.73 0.69 0.53 0.47 0.88 0.85 

 
1.5 0.48 0.27 3.08 1.14 1.1 0.57 0.5 0.9 0.87 

 
2 0.48 0.11 5.4 1.6 1.53 0.62 0.55 0.92 0.89 
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Table 4.4: Percentage of Cases for Which Each of The Five Models 

Was The Best Fitting Model According to BIC and AIC3. 

Model BIC AIC3 

1-class IRT factor model (baseline model) 42.38% 8.64% 

2-class IRT factor model (true model) 56.58% 66.03% 

3-class IRT factor model 1.04% 24.04% 

2-class IRT item-means MM 0% 1.21% 

3-class IRT item-means MM 0% 0.08% 

 

 

 

 
 

Figure 4.8. Accuracy levels (AIC3 and BIC) for each level of each factor of the design. 
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Sample size had a strong positive effect on the accuracy based on the BIC. As 

sample size increased from N = 500 to N = 2000, accuracy increased from 33.6% to 

over 80.3%. When sample size was low, Model A was often incorrectly selected as best 

fitting model. The AIC3 outperformed the BIC in terms of accuracy when sample size 

was small with 65.3% versus 33.6%. However, the accuracy based on the AIC3 

decreased to 61.9% when sample size equaled N = 2000. This counterintuitive effect 

followed from the result that as sample size increased, the AIC3 often suggested 

Model B (3-classes) fitted better, which may be due to AIC3’s smaller penalty for 

adding parameters.  

 Base rate had a positive effect on the accuracy based on the BIC. As base rate 

increased from P = .1 to P = .5, accuracy based on the BIC increased from 44.0% to 

66.1%. The opposite effect occurred for the AIC3, as accuracy decreased from 68.7% 

to 60.7% for base rates of P = .1 and P = .5, respectively. This counterintuitive effect 

followed from the result that as base rate increased, the AIC3 more frequently 

suggested better model fit for Model B (3-classes).  

Class separation had a strong positive effect on the accuracy of the BIC for 

detecting the true model. As class separation increased from d = .5 to d = 2, accuracy 

based on the BIC increased from 21.6% to 88.8%. With respect to the AIC3, accuracy 

first showed a small increase followed by a decreasing trend as class separation 

increased to d = 2. This counterintuitive effect can be explained by the AIC3 often 

producing lower values for Model B (three classes) as class separation increased.  

Although the overall accuracy was higher for the AIC3 than for the BIC, the BIC 

showed higher accuracy when sample size and class separation were large. Conversely, 

the AIC3 showed a higher accuracy when sample size and class separation were small. 

These results emphasize the importance of not relying on a single fit criterion to 

establish the best model fit. To that effect, we also report additional fit criteria that 

were also used in Study 1. The results are reported separately for each sample size 

(Table 4.5), base rate (Table 4.6) and class separation (Table 4.7). We also use the same 

approach as in Study 1 in that we base the initial model selection on a combination of 

the BIC and AIC3 and then use additional fit criteria to judge whether the number of 

latent classes is adequately chosen.  

 

Results for Sample Size 

The mean BIC was lowest for Model B (2 classes) for varying sample sizes except 

when N = 500 for which Model A was lowest (Table 4.5). The mean AIC3 was lowest 

for Model B (2 classes) for all sample sizes. Based on the mean BIC and mean AIC3 

alone, one would choose the correct model when sample size is sufficiently large (i.e., 

N ≥ 1000). Further inspection of the fit indices showed that the proportional reduction 

of the squared likelihood L2 with respect to the 1-class Model (empty) model was 0.3% 

higher for Model B (classes) than for Model A, for all sample sizes. This result suggested 

little improvement of fit when a latent class variable was added to the model. This was 

also reflected by a small reduction of the bivariate residuals for the NA dimension and 

the bivariate residuals between the NA and SI items. Interestingly, the reduction of the  
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bivariate residuals for the SI dimension were relatively large, and grew larger as sample 

size increased. These results showed that the BIC and AIC3 often suggested the correct 

model given the chosen range of sample sizes but that there was only little 

improvement of model fit based on additional fit criteria. For all sample sizes, the 

entropy N� and the classification errors were almost equal for Model B (2 classes). The 

larger the sample size, the stronger the evidence was in favor of Model B (2 classes). 

However, it should be noted that the standard errors of all fit indices were relatively 

large, implying that the model results were not stable and that the evidence in favor 

of Model B was not unambiguous, even for large sample sizes.  

 

Results for Base Rates 

The mean BIC and the mean AIC3 were lowest for Model B (2 classes) for all 

three levels of base rate (Table 4.6). Based on the mean BIC and the mean AIC3 alone, 

one would choose the correct model for all base rate levels. Further inspection of the 

fit indices showed that the proportional reduction of the squared likelihood L2 with 

respect to the 1-class (empty) Model was higher for Model B (2 classes) than for Model 

A for all base rates, with a larger base rate showing a larger reduction. This indicated 

a slight improvement of fit when a latent class variable was added to the model, 

particularly when the classes had equal size. This was also reflected by a small 

reduction of the bivariate residuals for the NA dimension and the bivariate residuals 

between the NA and SI items. Interestingly, the reduction of the bivariate residuals for 

the SI dimension was relatively large, and grew larger as base rate increased. These 

results showed that the BIC and AIC3 indicated the correct model for all base rates and 

particularly for a base rate of P = .5. However, there was only a slight improvement of 

model fit based on additional fit criteria, particularly for a small base rate. As the base 

rate increased, the entropy N� increased considerably and the classification errors 

decreased slightly. Again, the standard errors of the fit indices were relatively large, 

implying that the model results were not stable and that the evidence in favor of 

Model B was not unambiguous, for all levels of base rate in the design.  

 

Results for Class Separation 

The mean BIC and the mean AIC3 were lowest for Model B (2 classes) for the 

levels of class separation except d = .5 for which Model A showed the lowest mean BIC 

and AIC3 (Table 4.7). Based on the mean BIC and the mean AIC3 alone, one would 

choose the correct model when class separation is sufficiently large (d ≥ 1). Further 

inspection of the fit indices showed that the proportional reduction of the squared 

likelihood L2 with respect to the 1-class Model (empty) model was 0.2% higher for 

Model B (2 classes) than for Model A for a class separation of d = 0.5 and this reduction 

increased to 0.9% reduction for d = 2. This indicated a slight improvement of fit when 

a latent class variable was added to the model, particularly when class separation was 

large. Furthermore, adding a latent class variable also led to a small reduction of the 

bivariate residuals for the single NA dimension and the bivariate residuals between  
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Table 4.5: Mean Model-Fit Statistics and Standard Errors for Each Level of Sample Size in the Simulation Design for Different Latent 

Variable Models.  

 

Level 

of N 

Model No. of 

Para-

meters 

BICª AIC3ª Prop. L² 

Reductionᵇ 

Entropy 

R² 

Classifi-

cation 

errors 

Mean Proportional Reduction 

Bivariate Residualsc 

         Total SI NA NA*SI 

500 A Correlated Dimensions 

Model (Baseline Model) 

71 5508.2 

(203.9) 

6887.9 

(203.7) 

26.9% 

(1.3) 

--- --- --- --- --- --- 

 B Second-Order Latent 

Class Model (2 classes) 

77 5509.6 

(206.3) 

6870 

(206.1) 

27.2% 

(1.3) 

0.41 

(0.13) 

0.2  

(0.06) 

1.14 

(0.21) 

1.69 

(1.05) 

1.16 

(0.49) 

1.06 

(0.22) 

  Second-Order Latent 

Class Model (3 classes) 

83 5535.4 

(206.4) 

6876.6 

(206.2) 

27.3% 

(1.3) 

0.39 

(0.11) 

0.28 

(0.06) 

1.15 

(0.22) 

1.71 

(1.06) 

1.17 

(0.54) 

1.08 

(0.27) 

 C 2-class Bifactor Model 

(Main effects only) 

89 5563.3 

(206) 

6885.1 

(205.8) 

27.4% 

(1.3) 

0.54 

(0.11) 

0.14 

(0.05) 

1.5 

(0.46) 

2.03 

(1.36) 

1.4 

(0.76) 

1.58 

(0.75) 

  3-class Bifactor Model 

(Main effects only) 

107 5636.6 

(206.4) 

6900.6 

(206.2) 

27.8% 

(1.3) 

0.55 

(0.09) 

0.19 

(0.05) 

1.7 

(0.55) 

2.29 

(1.57) 

1.59 

(0.97) 

1.83 

(0.91) 

1000 A Correlated Dimensions 

Model (Baseline Model) 

71 8751.5 

(317.3) 

12381.9 

(317.3) 

28.3% 

(1) 

--- --- --- --- --- --- 

 B Second-Order Latent 

Class Model (2 classes) 

77 8730.3 

(320.2) 

12337.3 

(320.1) 

28.6% 

(1) 

0.39 

(0.11) 

0.2  

(0.05) 

1.23 

(0.24) 

2.28 

(1.53) 

1.17 

(0.45) 

1.09 

(0.26) 

  Second-Order Latent 

Class Model (3 classes) 

83 8758.3 

(320.7) 

12341.8 

(320.6) 

28.7% 

(1) 

0.34  

(0.1) 

0.31 

(0.06) 

1.24 

(0.25) 

2.35 

(1.51) 

1.23 

(0.55) 

1.09 

(0.27) 

 C 2-class Bifactor Model 

(Main effects only) 

89 8794.5 

(320) 

12354.6 

(319.9) 

28.7% 

(1) 

0.48 

(0.11) 

0.17 

(0.05) 

1.67 

(0.47) 

2.74 

(1.85) 

1.35 

(0.7) 

1.74 

(0.82) 
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  3-class Bifactor Model 

(Main effects only) 

107 8878.8 

(320.2) 

12368.6 

(320.1) 

28.9% 

(1) 

0.46 

(0.09) 

0.23 

(0.05) 

1.92 

(0.6) 

3.07 

(2.01) 

1.67 

(0.98) 

2.01 

(1.02) 

2000 A Correlated Dimensions 

Model (Baseline Model) 

71 13360.5 

(505.9) 

22235.7 

(505.9) 

29.9% 

(0.9) 

--- --- --- --- --- --- 

 B Second-Order Latent 

Class Model (2 classes) 

77 13289.7 

(511.6) 

22137.2 

(511.6) 

30.2% 

(0.9) 

0.38  

(0.1) 

0.21 

(0.05) 

1.44 

(0.32) 

3.68 

(2.37) 

1.36 

(0.69) 

1.15 

(0.32) 

  Second-Order Latent 

Class Model (3 classes) 

83 13318.4 

(512) 

22138.4 

(512) 

30.3%  

(0.9) 

0.31 

(0.09) 

0.32 

(0.06) 

1.47 

(0.34) 

4.01 

(2.66) 

1.43 

(0.77) 

1.17 

(0.35) 

 C 2-class Bifactor Model 

(Main effects only) 

89 13364.5 

(511.3) 

22156.8 

(511.3) 

30.3% 

(0.9) 

0.44  

(0.1) 

0.18 

(0.05) 

2.02 

(0.62) 

4.29 

(2.86) 

1.5 

(0.83) 

1.98 

(0.93) 

  3-class Bifactor Model 

(Main effects only) 

107 13458.5 

(512.1) 

22168 

(512.1) 

30.4% 

(0.9) 

0.39 

(0.09) 

0.26 

(0.06) 

2.33 

(0.77) 

5.32 

(4.23) 

1.78 

(1.1) 

2.28 

(1.15) 

Note. aBIC and AIC3 are based on L². ᵇProportional reduction in L2 relative to the intercept model. cProportional reduction with respect to 

correlated dimensions only model (baseline model). 
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Table 4.6: Mean Model-Fit Statistics and Standard Errors for Each Level of Base Rate in the Simulation Design for Different Latent 

Variable Models.  

Level 

of P 

 Model No. of 

Para-

meters 

BICª AIC3ª Prop. L² 

Reductionᵇ 

Entro-

py R² 

Classifi-

cation 

errors 

Mean Proportional Reduction 

Bivariate Residualsc 

         Total SI NA NA*SI 

.1 A Correlated Dimensions 

Model (Baseline Model) 

71 7101.2 

(349.3) 

11714.3 

(349.1) 

27.7  

(1.1) 

--- --- --- --- --- --- 

 B Second-Order Latent 

Class Model (2 classes)  

77 7096.3 

(352.1) 

11685.9 

(351.9) 

27.9 

(1.2) 

0.31 

(0.11) 

0.22 

(0.06) 

1.19 

(0.23) 

1.74 

(0.99) 

1.21 

(0.56) 

1.11 

(0.27) 

  Second-Order Latent 

Class Model (3 classes) 

83 7125.8 

(352.4) 

11692 

(352.2) 

28  

(1.2) 

0.3  

(0.1) 

0.32 

(0.07) 

1.21 

(0.24) 

1.8 

(1.09) 

1.26 

(0.63) 

1.12  

(0.3) 

 C 2-class Bifactor Model 

(Main effects only) 

89 7159.1 

(351.6) 

11701.8 

(351.4) 

28.1  

(1.1) 

0.43 

(0.11) 

0.18 

(0.05) 

1.6 

(0.45) 

2.28 

(1.48) 

1.43 

(0.77) 

1.68 

(0.77) 

  3-class Bifactor Model 

(Main effects only) 

107 7244.6 

(352.1) 

11717.1 

(352) 

28.3  

(1.2) 

0.43 

(0.09) 

0.23 

(0.06) 

1.82 

(0.54) 

2.51 

(1.77) 

1.67 

(0.96) 

1.97 

(0.99) 

.25 A Correlated Dimensions 

Model (Baseline Model) 

71 8845.7 

(342.5) 

13467.8 

(342.5) 

29 

(1.1) 

--- --- --- --- --- --- 

 B Second-Order Latent 

Class Model (2 classes)  

77 8814.5 

(345.6) 

13413.2 

(345.6) 

29.3  

(1.1) 

0.41 

(0.12) 

0.2  

(0.06) 

1.33 

(0.29) 

2.74 

(1.79) 

1.29 

(0.58) 

1.14 

(0.31) 

  Second-Order Latent 

Class Model (3 classes) 

83 8842.7 

(346.2) 

13417.9 

(346.1) 

29.4  

(1.1) 

0.35 

(0.11) 

0.3  

(0.07) 

1.35 

(0.3) 

2.82 

(1.8) 

1.33 

(0.68) 

1.16 

(0.34) 

 C 2-class Bifactor Model 

(Main effects only) 

89 8879 

(345.5) 

13430.8 

(345.5) 

29.4 

(1.1) 

0.49 

(0.11) 

0.16 

(0.05) 

1.82 

(0.56) 

3.25 

(2.15) 

1.48 

(0.81) 

1.84 

(0.86) 

  3-class Bifactor Model 

(Main effects only) 

107 8963 

(345.6) 

13444.5 

(345.5) 

29.6  

(1.1) 

0.46 

(0.09) 

0.23 

(0.06) 

2.06 

(0.69) 

3.83 

(2.76) 

1.72 

(1.07) 

2.07 

(1.03) 
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.5 A Correlated Dimensions 

Model (Baseline Model) 

71 11617.7 

(335.3) 

16238.6 

(335.3) 

28.4 

(1) 

--- --- --- --- --- --- 

 B Second-Order Latent 

Class Model (2 classes)  

77 11563.8 

(340.4) 

16161.3 

(340.3) 

28.8  

(1) 

0.46 

(0.11) 

0.19 

(0.05) 

1.28 

(0.25) 

3.16 

(2.17) 

1.19 

(0.49) 

1.05 

(0.22) 

  Second-Order Latent 

Class Model (3 classes) 

83 11588.7 

(340.6) 

16162.8 

(340.5) 

28.9  

(1) 

0.39  

(0.1) 

0.28 

(0.06) 

1.31 

(0.27) 

3.43 

(2.33) 

1.24 

(0.55) 

1.06 

(0.25) 

 C 2-class Bifactor Model 

(Main effects only) 

89 11629 

(340.2) 

16179.6 

(340.2) 

28.9  

(1) 

0.54  

(0.1) 

0.15 

(0.04) 

1.77 

(0.54) 

3.51 

(2.43) 

1.35 

(0.7) 

1.78 

(0.87) 

  3-class Bifactor Model 

(Main effects only) 

107 11711.1 

(341) 

16191.4 

(341) 

29.1  

(1) 

0.51 

(0.08) 

0.21 

(0.05) 

2.07 

(0.69) 

4.31 

(3.28) 

1.65 

(1.02) 

2.08 

(1.07) 

Note. aBIC and AIC3 are based on L². ᵇProportional reduction in L2 relative to the intercept model. cProportional reduction with respect to 

correlated dimensions only model (baseline model). 
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Table 4.7: Mean Model-Fit Statistics and Standard Errors for Each Level of Class Separation in the Simulation Design for Different 

Latent Variable Models. 

Level 

of d 

 Model No. of 

Para-

meters 

BICª AIC3ª Prop. L² 

Reductionᵇ 

Entropy 

R² 

Classifi-

cation 

errors 

Mean Proportional Reduction Bivariate 

Residualsc 

         Total SI NA NA*SI 

.5 A Correlated Dimensions 

Model (Baseline Model) 

71 11067.2 

(381.2) 

15694 

(381) 

23.7% 

(1) 

--- --- --- --- --- --- 

 B Second-Order Latent 

Class Model (2 classes) 

77 11077 

(383.1) 

15680.4 

(383) 

23.9% 

(1) 

0.28 

(0.12) 

0.24 

(0.06) 

1.08 

(0.18) 

1.46 

(0.84) 

1.07 

(0.35) 

1.03 

(0.21) 

  Second-Order Latent 

Class Model (3 classes) 

83 11107.4 

(383.5) 

15687.4 

(383.3) 

23.9% 

(1) 

0.31  

(0.1) 

0.32 

(0.06) 

1.08 

(0.18) 

1.45 

(0.8) 

1.1 

(0.44) 

1.03 

(0.23) 

 C 2-class Bifactor Model 

(Main effects only) 

89 11138.3 

(383.2) 

15694.8 

(383.1) 

24% 

(1) 

0.41 

(0.12) 

0.19 

(0.05) 

1.48 

(0.41) 

1.9 

(1.23) 

1.38 

(0.75) 

1.58 

(0.76) 

  3-class Bifactor Model 

(Main effects only) 

107 11225 

(383.4) 

15711.2 

(383.3) 

24.2% 

(1) 

0.44 

(0.09) 

0.23 

(0.05) 

1.68 

(0.53) 

2.1 

(1.39) 

1.61 

(0.99) 

1.83 

(0.92) 

1 A Correlated Dimensions 

Model (Baseline Model) 

71 9853.4 

(358.9) 

14447.3 

(358.8) 

26% 

(1.1) 

--- --- --- --- --- --- 

 B Second-Order Latent 

Class Model (2 classes) 

77 9852.8 

(360.5) 

14423.2 

(360.4) 

26.2% 

(1.1) 

0.3  

(0.13) 

0.24 

(0.06) 

1.14 

(0.19) 

1.72 

(1.04) 

1.14 

(0.41) 

1.05 

(0.21) 

  Second-Order Latent 

Class Model (3 classes) 

83 9882.5 

(360.4) 

14429.6 

(360.4) 

26.3% 

(1.1) 

0.31 

(0.11) 

0.32 

(0.06) 

1.15 

(0.21) 

1.75 

(1.06) 

1.16 

(0.46) 

1.06 

(0.24) 

 C 2-class Bifactor Model 

(Main effects only) 

89 9915.3 

(360.1) 

14438.9 

(360) 

26.3% 

(1.1) 

0.42 

(0.12) 

0.19 

(0.05) 

1.56 

(0.46) 

2.21 

(1.5) 

1.38 

(0.72) 

1.62 

(0.74) 

  3-class Bifactor Model 

(Main effects only) 

107 10000.8 

(360.2) 

14454.2 

(360.1) 

26.5% 

(1.1) 

0.44 

(0.09) 

0.23 

(0.05) 

1.78 

(0.57) 

2.46 

(1.66) 

1.57 

(0.91) 

1.93 

(0.98) 
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1.5 A Correlated Dimensions 

Model (Baseline Model) 

71 8602.1 

(324.8) 

13237.5 

(324.7) 

29.6% 

(1.1) 

--- --- --- --- --- --- 

 B Second-Order Latent 

Class Model (2 classes) 

77 8574 

(329.4) 

13185.9 

(329.3) 

29.9% 

(1.1) 

0.4  

(0.12) 

0.2  

(0.06) 

1.28 

(0.26) 

2.5 

(1.62) 

1.19 

(0.49) 

1.11 

(0.28) 

  Second-Order Latent 

Class Model (3 classes) 

83 8601.1 

(329.4) 

13189.6 

(329.3) 

30% 

(1.1) 

0.34 

(0.11) 

0.31 

(0.07) 

1.29 

(0.28) 

2.59 

(1.8) 

1.24 

(0.56) 

1.12 

(0.29) 

 C 2-class Bifactor Model 

(Main effects only) 

89 8639.2 

(328.8) 

13204.3 

(328.7) 

30% 

(1.1) 

0.49 

(0.12) 

0.16 

(0.05) 

1.69 

(0.48) 

3 

(2.04) 

1.36 

(0.7) 

1.7  

(0.72) 

  3-class Bifactor Model 

(Main effects only) 

107 8722.2 

(329.5) 

13217 

(329.4) 

30.3% 

(1.1) 

0.46 

(0.09) 

0.23 

(0.05) 

1.97 

(0.61) 

3.41 

(2.34) 

1.65 

(1) 

2.01 

(0.96) 

2 A Correlated Dimensions 

Model (Baseline Model) 

71 7266.9 

(304.6) 

11885.4 

(304.6) 

34.1% 

(1.1) 

--- --- --- --- --- --- 

 B Second-Order Latent 

Class Model (2 classes) 

77 7165.7 

(311.1) 

11760.8 

(311.1) 

34.7% 

(1.2) 

0.58 

(0.08) 

0.13 

(0.04) 

1.57 

(0.39) 

4.5 

(3.1) 

1.51 

(0.91) 

1.22 

(0.38) 

  Second-Order Latent 

Class Model (3 classes) 

83 7188.5 

(312.2) 

11760.2 

(312.2) 

34.8% 

(1.2) 

0.42  

(0.1) 

0.26 

(0.06) 

1.62 

(0.41) 

4.95 

(3.31) 

1.61 

(1.02) 

1.23 

(0.42) 

 C 2-class Bifactor Model 

(Main effects only) 

89 7233.5 

(311) 

11781.7 

(311) 

34.8% 

(1.2) 

0.62 

(0.08) 

0.11 

(0.03) 

2.19 

(0.72) 

4.95 

(3.33) 

1.55 

(0.88) 

2.16 

(1.11) 

  3-class Bifactor Model 

(Main effects only) 

107 7313.6 

(311.9) 

11791.5 

(311.8) 

35% 

(1.2) 

0.53 

(0.08) 

0.2  

(0.05) 

2.51 

(0.86) 

6.24 

(5.03) 

1.89 

(1.15) 

2.39 

(1.26) 

Note. aBIC and AIC3 are based on L². ᵇProportional reduction in L2 relative to the intercept model. cProportional reduction with respect to 

correlated dimensions only model (baseline model). 
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the NA and SI items, and a large reduction of the bivariate residuals for the single SI 

dimensions. The reduction of all bivariate residuals increased as class separation 

increased. These results showed that the BIC and the AIC3 often indicated the correct 

model given the chosen range of class separation but that there was only a slight 

improvement of model fit based on additional fit criteria. However, the larger the class 

separation, the stronger the evidence for Model B (2 classes) was. As class separation 

increased, entropy N� increased greatly and the classification errors decreased 

considerably. Again, the standard errors of the fit indices were relatively large, 

implying that the model results were not stable and that the evidence in favor of 

Model B (2 classes) was not unambiguous, even when class separation was large. 

 

4.5.4 Discussion 

Overall, the BIC did not perform very well in detecting the true model, which 

was a categorical conception of Type D personality; instead, the BIC often favored the 

dimensional model. However, Model B (3 classes) was rarely the best fitting model and 

Model C (2 and 3 classes) was never the best fitting model when considering the BIC. 

The AIC3 performed somewhat better in detecting the true model. Contrary to the BIC, 

the AIC3 often suggested Model B (3 classes) to be the best fitting model, and thus 

often overestimated the number of classes. The conservativeness of the BIC in 

detecting the correct number of classes and the tendency of the AIC3 to detect too 

many classes due to a weaker penalty on model complexity has been previously 

reported (McLachlan & Peel, 2000).  

The BIC was accurate in detecting the categorical conceptualization of Type D 

personality when sample size, class separation and base rate were large. Interestingly, 

the AIC3 was less accurate under these conditions, due to its tendency to overestimate 

the number of classes. When the BIC and the AIC3 provide inconsistent results, one 

should always inspect additional fit criteria to ascertain the value of additional latent 

classes. 

 The average fit indices showed that the BIC and AIC3 usually detected the 

correct model, but the standard errors of these mean fit indices were high. This 

indicates that the BIC and AIC3 are consistent in detecting the correct model but show 

a lot of variation. However, BIC and AIC3 cannot be compared across samples as they 

are not population parameters and thus the large observed standard errors are 

uninformative. Particularly when sample size, base rate and class separation were 

small, the evidence in favor of a categorical conceptualization of distressed personality 

was weak. However, when sample size, base rate and class separation were large, the 

evidence in favor of a categorical conceptualization of distressed personality grew 

stronger.  

 

4.6 General Discussion 

Based on Study 1, we concluded that latent variable mixture modeling provided 

some empirical support for quantitative categorical differences in distressed 
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personality, but that we did not find a clearly distinguishable Type D class and a non-

Type D complement. Study 2 showed that under various conditions the power to 

detect this categorical conceptualization of Type D personality was modest to 

moderate when BIC and AIC3 were used individually. Whereas the BIC tended to 

underestimate the number of classes, the AIC3 tended to overestimate the number of 

classes, indicating the importance of a balanced decision based on both fit criteria. 

Additional fit criteria indicated that the latent class variable often did not substantially 

improve the model fit. This means that one should be cautious when drawing 

conclusions. 

Whereas Study 1 showed that both the BIC and the AIC3 indicated a better fit 

for a categorical conception of Type D personality thus allowing for qualitative 

differences, the results of Study 2 showed that more complex models were rarely 

preferred based on these fit measures. Again, this result might mean that the addition 

of latent classes in Study 1 was necessary to adequately accommodate non-normality 

in the continuous joint NA and SI distributions, because skewed distributed continuous 

variables may result in substantively meaningless artificial classes (Bauer & Curran, 

2004). However, in Study 2, items also showed skewed distributions, particularly when 

class separation was large. Hence, there may be an alternative reason that the addition 

of classes lead to an improved model fit in Study 1. It is important to note that non-

normality can also arise from a specific measurement property of clinical scales, which 

is that such scales contain items that are only sensitive to inter-individual differences 

at the high end of the trait range (Reise & Waller, 2009). This characteristics also holds 

for the DS14 (Emons et al., 2007), hence complicating the study of possible categorical 

features of Type D personality. This complexity illustrates that the discussion whether 

a latent variable is categorical or dimensional cannot be viewed separately from the 

way this latent variable is measured. Interestingly, the empirical analysis in Study 1 

showed that adding latent classes mainly led to a strong proportional reduction of 

bivariate residuals between the NA and SI items whereas the simulations in Study 2 

showed the strongest proportional reduction of bivariate residuals for the SI items. 

The reduction in the bivariate residuals for NA items was also somewhat higher in the 

simulation studies than in the empirical analysis, but differences were much smaller 

than for SI items. These results suggest that if categorical features of Type D 

personality would be present, this would be revealed by the noticeable bivariate 

residual reduction in SI items. Absence of this pattern in Study 1 corroborates our 

conclusion that the categorical features of Type D personality were most pronounced 

in the NA dimension. Together these findings led us to conclude that it remains unclear 

whether Type D personality can best be conceptualized as an attribute having only 

dimensional features or both dimensional and categorical features and how 

categorical differences are related to each dimension.  

New evidence indicates that the classification of individuals in discrete Type D 

personality categories still warrants further investigation. In 2013, a prospective 

follow-up study of patients with coronary artery disease showed that both 

dimensional and categorical representations of Type D were associated with an 
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increased risk of cardiovascular events (Denollet, Pedersen, Vrints, & Conraads, 2013). 

A recent study reported that the dimensional representation of Type D was not 

associated with all-cause mortality at 10-year follow-up, whereas the categorical Type 

D dichotomy was significantly associated with an increased mortality risk (Dulfer et al., 

2015). Regarding biological risk factors, another study found that the categorical 

representation of Type D, but not its dimensional representation, was associated with 

increased coronary plaque vulnerability as a mechanism that may explain the 

increased risk of adverse events in patients with coronary artery disease (Wang et al., 

2016). In addition, a number of studies of behavioral risk factors in patients with 

chronic diseases such as asthma (Van de Ven, Witteman, & Tiggelman, 2013), heart 

failure (Wu & Moser, 2014), and diabetes (Li et al., 2016) showed that Type D 

personality predicted poor medication adherence when it was analyzed as a 

categorical variable, but not when analyzed as a dimensional variable. Future research 

may focus on the conceptualization of Type D personality improving the predictive 

validity with respect to the dimensional conceptualization.  

LVMMs offer many possibilities for modeling data, but also have their 

limitations. We consider a few practical issues with respect to the models’ 

applicability. First, the flexibility of LVMMs allow many different models to be fitted to 

the data, although not every model may have a meaningful substantive interpretation. 

The approach’s flexibility also readily allows one to increase the models’ complexity, 

for example, by adding more latent classes based on statistical model-fit information. 

However, this purely statistical approach has the disadvantage that one complicates 

the model without any substantive justification. This may not only lead to a 

meaningless model but also a model that may rely too much on sampling error, 

without the possibility of a replicable result in a new sample. Furthermore, several 

authors argued that latent classes might arise from technical problems, such as non-

normally distributed data, rather than the existence of substantively meaningful 

groups (Bauer & Curran, 2004, pp. 14-17; McLachlan & Peel, 2000). Ideally, the choice 

of models should be based on substantive considerations, preferably well-developed 

theory about the attribute of interest (e.g., Sijtsma, 2012). In the absence of such a 

well-developed theory, researchers should do follow-up analyses and/or replications 

in fresh data to ascertain whether the identified latent classes are replicable and 

meaningful. We addressed this problem by a post-hoc comparison of the between-

class and within-class differences and an additional power study. Future research may 

focus on better methods to study contrasts between within- and between-class 

differences to distinguish spurious from meaningful classes. Decisions between 

different conceptual views have to be substantiated by theory about the attribute one 

measures and validated using information about predicted latent class membership 

from external covariates, replicability of the classes across samples, and predictive 

validity of the identified classes. 
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Chapter 5: Alexithymia Subtypes: A Latent 

Variable Mixture Modeling Approach 

 
Abstract 

Alexithymia is defined by the combination of five continuous traits, which are 

emotionalizing, fantasizing, identifying, verbalizing, and analyzing of emotions. 

Variation on these traits may form subtypes of alexithymia. The aim of this study was 

to investigate whether there is empirical support for subtypes of alexithymia, which 

are differentiated by means of the affective and cognitive higher-order factors as 

proposed by Vorst and Bermond (2001), Bermond et al. (2007), and by Moormann et 

al. (2008). We used data from a large student sample collected between 1996 and 

2013. Using latent variable mixture modeling, we fitted models that incorporate 

dimensional differences in alexithymia while also accounting for a possible higher-

order group structure. Various second-order and third-order latent variable mixture 

models were estimated but some models did not converge to a stable solution, thus 

rendering the results meaningless. A second-order latent class model with five 

correlated factors fitted the data best. We conclude that there is weak evidence but 

no clear support for the subtypes of alexithymia proposed by Moormann et al. (2008).  
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5.1 Introduction 

Alexithymia was originally defined as a personality construct characterized by 

reduced emotional functioning, a poor fantasy life, and an inability to find 

appropriate words to describe one’s emotions (Sifneos, 1973). The alexithymia 

construct is widely studied; it has been shown to be related to somatic and affective 

complaints (Kauhanen, Julkunen, & Salonen, 1991; Parker, Bagby, & Taylor, 1989; 

Wise, Jani, Kass, Sonnenschein, & Mann, 1988) and to multiple psychological disorders 

(Bankier, Aigner, & Bach, 2001; Hendryx, Haviland, & Shaw, 1991; Honkalampi, 

Hintikka, Tanskanen, Lehtonen, & Viinamaki, 2000; Lumley, 2000; Sexton, Sunday, 

Hurt, & Halmi, 1998; Wise et al., 1988). Given the multidimensional nature of 

alexithymia, different subtypes of alexithymia were suggested based on the 

alexithymia dimensions included in the Bermond-Vorst Alexithymia Questionnaire 

(BVAQ; Bermond et al., 2007; Bermond, Vorst, & Moormann, 2006; Moormann et al., 

2008; Vorst & Bermond, 2001). The goal of this study was to investigate whether there 

is empirical support for these subtypes. In light of the debate about the definition of 

alexithymia (Parker, Taylor, & Bagby, 2003; Vorst & Bermond, 2001; Watters, Taylor, 

& Bagby, 2015), we first give a brief overview of the development of different 

alexithymia questionnaires.  

A number of questionnaires have been developed to measure alexithymia. 

Notably, Bagby, Parker, and Graeme (1994) developed the 20-item Toronto 

Alexithymia Scale (TAS-20) in which alexithymia is operationalized by three 

components, which include a difficulty in identifying one’s feelings and emotions, 

difficulty in verbally describing one’s feelings to others, and externally oriented 

thinking. Bagby, Taylor, Parker, and Dickens (2006) later developed the Toronto 

Structured Interview for Alexithymia (TSIA), which also assesses impaired fantasizing 

abilities. Vorst and Bermond (2001) developed the BVAQ to include both reduced 

fantasizing abilities and reduced experience of emotions (emotionalizing) for the 

measurement of a more comprehensive alexithymia construct (Figure 5.1, Model A). 

The BVAQ thus measures five components of alexithymia, which are verbalizing, 

analyzing, identifying, emotionalizing and fantasizing. Alexithymia researchers 

disagree whether emotionalizing should be considered a core component of 

alexithymia given the original definition of Sifneos (1973). We are not going to enter 

into this discussion because it is beyond the scope of this study. Rather, we adopt the 

conceptualization of alexithymia as operationalized by the BVAQ, because this is the 

most comprehensive conceptualization and because the theory of alexithymia 

subtypes have been defined using this conceptualization. 

The five components of the BVAQ can be grouped into two second-order 

components, including a cognitive component consisting of identifying, verbalizing 

and analyzing and an affective component consisting of fantasizing and emotionalizing 

(Vorst & Bermond, 2001). Later, Bermond et al. (2007) also identified analyzing to have 

an affective component. This result was based on the notion that analyzing emotions 

should also be linked to emotionalizing, because one has to experience emotion  
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Figure 5.1. Error terms have been omitted for clarity. I = Identifying;  

V = Verbalizing; A = Analyzing, F = Fantasizing; E = Emotionalizing. 
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before one can analyze them (Figure 5.1, Model B). The second-order cognitive and 

affective components explain the relationships between the first-order components.  

The cognitive and affective components were originally identified using 

principle component analysis followed by orthogonal rotation, implying that these 

factors do not correlate. Bermond (1997) distinguished cognitive and affective 

components based on neuropsychological evidence, suggesting the possibility of two 

subtypes of alexithymia. Whereas Type I alexithymia is characterized to have severe 

reductions in both emotionalizing and emotion-accompanying cognitions, Type II 

alexithymia is characterized by a normal to high degree of emotionalizing but a severe 

reduction in emotion-accompanying cognitions. Bermond et al. (2007) also 

distinguished a third type (Type III), which is characterized by a normal to a high degree 

of emotion-accompanying cognitions but a severe reduction in emotionalizing. 

Persons scoring high on the affective and cognitive dimensions have been 

characterized as the lexithymic subtype (Bermond et al., 2007; Bermond et al., 2006; 

Vorst & Bermond, 2001). Lastly, Moormann et al. (2008) suggested a fifth subtype 

referred to as “modals” having average scores on both the cognitive and affective 

components of alexithymia. It should be noted that the subtypes proposed by 

Moormann et al. (2008) were based on the categorization of the second-order 

components using specific percentile scores. Yet these five alexithymia subtypes have 

not been empirically supported as actual underlying categories. Such a categorization 

may have practical relevance because it is easier to describe persons as a certain type 

than to describe persons based on their scores on a multidimensional construct. 

However, a categorization based on percentile scores is also arbitrary and can 

potentially lead to spurious associations (MacCallum, Zhang, Preacher, & Rucker, 

2002). 

Different subtypes of alexithymia are related to different kinds of personality 

disorders. For instance, subtype I alexithymia is positively related to schizoid 

personality disorder (Millon & Davis, 2000; Moormann et al., 2008), whereas subtype 

II alexithymics are prone to high levels of anxiety. Furthermore, subtype II alexithymia 

is related to borderline personality (Millon & Davis, 2000; Moormann et al., 2008). For 

a comprehensive overview of the profiles and behavioral manifestations of the five 

alexithymia subtypes, see Moormann et al. (2008).  

Although subtypes of alexithymia are associated with different kinds of 

personality facets and disorders, this does not imply the existence of alexithymia 

subtypes. Few studies have focused on the validity of these subtypes. Bagby et al. 

(2009) looked for empirical evidence for alexithymia subtypes I and II by using a 

combination of confirmatory factor analysis and model-based cluster analysis on the 

subscales of the BVAQ. Cluster analysis on the BVAQ subscales supported a nine-

cluster structure, which was inconsistent with any of the subtype theories previously 

proposed. However, cluster analysis was performed at the level of BVAQ subscales, 

and not at the level of the estimated factor scores. Moreover, the BVAQ subscales 

represented the first-order alexithymia dimensions and not the higher-order cognitive 

and affective dimensions on which the alexithymia subtype theories were based. 



 

 

85 

 

Mapping the results based on five alexithymia dimensions on the hypothesized 

subtypes, which are based on two dimensions, may also be less intuitive. Moreover, 

the theories on the different subtypes also warrant a confirmatory approach in which 

the different latent variable mixture models are tested. 

The goal of this paper was to examine whether there is empirical support for 

the four (Bermond et al., 2007) or five (Moormann et al., 2008) subtypes proposed in 

the literature. To accomplish this goal we used a confirmatory latent variable mixture 

modeling framework. Our approach differs from the approach used by Bagby et al. 

(2009) in that our approach integrates both the dimensional features of alexithymia 

and the proposed categorical features. More specifically, we adopted the first-order 

factor model proposed and validated cross-culturally by Bermond et al. (2007), and 

extended this model with a latent class structure. By estimating a set of factor mixture 

models to a large student sample and assessing the fit of these models, we studied 

whether there is empirical support for the alexithymia subtypes proposed by Vorst and 

Bermond (2001), Bermond et al. (2007), and Moormann et al. (2008).  

   

5.2 Method 

Sample 

We analyzed BVAQ data that were collected at the University of Amsterdam1. 

The sample consisted of 4,423 Dutch-speaking psychology freshmen, who participated 

for course credits. The data were collected in 10 different cohorts in the period 1996 

until 2013. The data sets we had at our disposal did not include descriptive information 

of the sample, hence we obtained the mean age and the gender ratio from the data of 

Smits, Dolan, Vorst, Wicherts, and Timmerman (2013). Their data largely overlapped 

with our data because their data contained seven of the ten cohorts that were used in 

our study. Given that we have no reason to assume that the three remaining cohorts 

that were not in the data of Smits et al. (2013) differ systematically from the other 

seven cohorts with respect to age and gender ratio, we report the mean age and 

gender ratio of these seven cohorts. The mean age and the gender ratio were 

consistent across these seven cohorts, with an overall mean age of 19.92 (SD = 1.74). 

The sample consisted of 71% females and 29% males.  

All data were collected during a mandatory testing session in which the 

students had to complete multiple questionnaires. These testing sessions are part of a 

longstanding testing program at the University of Amsterdam (Smits, Dolan, Vorst, 

Wicherts, & Timmerman, 2011). One hundred and twenty respondents were removed 

due to missing values, which resulted in a total sample of 4,303 students. Additional 

data quality checks were performed to detect students with deviating item-score 

patterns, which may suggest carelessness and inattention. These checks included a 

person-fit analysis, the details of which are described in the Results section.  

 

Measures 

                                                           
1 Data were collected by H.C.M. Vorst and colleagues  
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The BVAQ (Vorst & Bermond, 2001) was used to assess alexithymia. The BVAQ 

comprises five subscales including Identifying, Verbalizing, Analyzing, Fantasizing and 

Emotionalizing, each subscale comprising eight items, resulting in 40 items. The BVAQ 

is a balanced scale, because it contains four indicative items and four contra-indicative 

items per subscale. Responses on all BVAQ items are scored on a five-point Likert scale 

ranging from 1 (“This definitely applies”) to 5 (“This in no way applies”). The BVAQ has 

shown high reliability and its validity is well supported (Houtveen, Bermond, & Elton, 

1997; Muller, Buhner, & Ellgring, 2004; Naring & Vanderstaak, 1995; Vorst & Bermond, 

2001; Zech, Luminet, Rime, & Wagner, 1999).  

 

Data Analysis  

To examine whether there is empirical support for alexithymia subtypes, we 

compared the fit of a series of latent variable mixture models to the BVAQ data. The 

models represent different hypotheses about dimensional and categorical differences 

in alexithymia. Our approach for fitting these latent variable mixture models was to 

start with a first-order model and to fit increasingly complicated models by adding 

higher-order latent variables representing different dimensional or categorical 

conceptualizations of alexithymia (to be discussed below). Specifically, we started 

fitting the least complex model that only includes continuous latent variables. The 

model includes five first-order continuous latent variables, representing the 

dimensions identifying, verbalizing, analyzing, fantasizing and emotionalizing. Each 

item loads on one of the dimensions (Figure 5.1, Model A). Next, we added two 

second-order latent variables, a cognitive factor and an affective factor, which explain 

the associations between the first-order latent variables (Figure 5.1, Model B). The first 

two models adhere to a dimensional conception of alexithymia. Next, we replaced the 

two second-order latent variables of Model B with a latent class model (Figure 5.1, 

Model C). Lastly, we added a third-order latent class variable to the model (Figure 5.1, 

Model D). This latent class variable models heterogeneity in the multivariate 

distribution of the first-order continuous latent variables (Model C) and the first and 

second-order continuous latent variables (Model D) ; that is, we assume that the 

population consists of a mixture of subpopulations (i.e., alexithymia subtypes), and 

that each subpopulation is defined by its own mean vector and covariance matrix for 

the continuous latent variables.  

The models were estimated and for each model several fit indices (e.g., AIC, 

BIC) were obtained to assess which model fitted best. With respect to the mixture 

model solutions, we also inspected the latent class specific profiles of items to assess 

whether the latent classes were also substantively meaningful. In the next section, the 

four structural models will be explained in more detail. Notice that the names of the 

models indicate whether the highest-order latent variable is dimensional or a latent 

class variable. 
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Latent Variable Models 

Model A: Correlated Dimensions Model: Model A (Figure 5.1, top panel) represents a 

dimensional conception of alexithymia. The model contains five continuous latent 

variables (dimensions) representing identifying, verbalizing, analyzing, fantasizing 

and emotionalizing. Hence, in this model, alexithymia is considered a five-

dimensional attribute, which explains all the systematic between-person variation in 

the item scores. No restrictions on the correlations between dimensions were 

imposed. All items loaded on one dimension only. Thus, the model did not include 

cross loadings meaning that the model assumes that the BVAQ is composed of five 

unidimensional subscales. To identify the latent variable scales, within each subscale 

the loading of one item was fixed to 1.   

Model B: Second-Order Dimensions Model: Model B (Figure 5.1, second panel) 

extends Model A by adding two continuous second-order latent variables. The two 

first-order dimensions identifying and verbalizing loaded only the cognitive dimension, 

the two first-order dimensions emotionalizing and fantasizing on the affective 

dimension, and analyzing loaded on both. Thus, this model explains the associations 

between the first-order latent variables by dimensional differences on the second-

order latent variables. The second-order dimensions represent a cognitive dimension 

and an affective dimension. It may be noted that even though analyzing loaded on 

both second-order dimensions, the second-order structure is a simple structure 

(Gorsuch, 1983).  

Model B did not impose a priori restrictions, on the correlation between the 

second-order latent variables. This means that in contrast to Vorst and Bermond 

(2001) we do not assume orthogonal second-order dimensions. For identification 

purposes, we imposed restrictions on the first-order and second-order factor loadings. 

In particular, we fixed the factor loading of one item within each subscale to 1. In 

addition, we fixed the factor loading of fantasizing on the affective dimension and the 

factor loading of verbalizing on the cognitive dimension to 1. The association between 

the first order dimensions is explained by the two higher-order latent variables. 

Model C: Second-Order Latent Class Model. Model C (Figure 5.1, third panel) 

also extends Model A by adding a second-order latent class variable. Model C is a 

modification of Model B in the sense that the second-order dimensions are replaced 

by a latent class variable. Hence, this model explains variation on the first-order latent 

variables and the association between first-order latent variables by assuming discrete 

classes, thus adopting a categorical view of alexithymia. Within each class, the five-

dimensional structure (Model A) is assumed to hold, but each class has its own specific 

multivariate distribution of first-order latent variables. Hence, the first-order latent 

variable means and inter-variable covariances within each class were estimated freely. 

Notice that this model infers class membership from the first-order latent variables 

and not from the second-order affective and cognitive components, (i.e., the second-

order latent variables) on which the alexithymia subtype theories are based. This 

model resembles the cluster analytic approach by Bagby et al. (2009). We added this 

model because this model allows one to study the mean class differences across all 
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five first-order latent variables. Hence, this model can reveal more-specific differences 

between classes in alexithymia than when class membership is inferred from the 

second-order affective and cognitive component.   

Model D: Third-Order Latent Class Model:  Model D (Figure 5.1, lower panel) 

extends model B by adding a third-order latent class variable. In this model, the third-

order latent class variable divides the population in classes with different profiles of 

the second-order factors. Within each class, the second-order factor structure of 

Model B holds, but each class has its own specific bivariate distribution of second-

order factors. Hence, the means of the second-order factors and the covariance 

between the second-order factors within each class are estimated freely. Model B is 

nested in Model D, but Model C is not nested in D. Model D differs from Model C by 

only allowing the latent classes to differ in the distribution of the second order 

cognitive component and the second-order emotional component, while Model C 

allows classes to differ on each of the first-order latent factors. Model D aligns best 

with the model proposed by Vorst and Bermond (2001). 

 

Measurement Models 

Latent variable mixture models also include a measurement model, which 

defines the relationship between the item responses and the latent variables. Initially, 

we used the graded response model (GRM; Samejima, 1997) to relate item responses 

to the latent variables. The GRM is suited for ordered polytomously scored items and 

models the multinomial distribution of item responses as a function of the latent 

variable. However, due to the high dimensionality of alexithymia and the complexity 

of the GRM, these models were computationally too demanding to be estimated in 

reasonable time. To reduce the computational burden, we treated the responses on 

the BVAQ items as responses on a continuous (interval level) scale and assumed a 

linear relationship with the latent variables. Treating five (or more) ordered categories 

as interval level generally has little effect on the outcomes of factor analysis if variables 

are not too strongly skewed (Dolan, 1994). However, given that the distributions of 

the item scores were often skewed and therefore violated the assumption of 

normality, we estimated all models using robust maximum likelihood estimation 

(MLR). All models were estimated using Mplus 7.11 (Muthén & Muthén, 2013).   

 

5.3 Results 

Person-Fit Analysis 

Because the data were collected among freshman psychology students during 

mandatory three-hour test sessions, we first checked the data for aberrant response 

patterns. Aberrant item-score patterns contain erratic patterns of scores (e.g., when 

persons only select the middle category, or have many high scores on unpopular items 

while having many low scores on popular items). Causes of deviating item-score 

patterns include carelessness and students’ inattention. This kind of response 

behavior may result in erratic item-score patterns, particularly when students fail to 
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see which BVAQ items are formulated positively and which items are formulated 

negatively. Hence, the validity of these item-score patterns is ambiguous and 

therefore these cases were removed. 

Data were screened for aberrant item-score patterns as follows. First, for each 

person, we computed the variance of the item scores across the 40 items of the BVAQ. 

For six persons the variance equaled 0, meaning that the person gave the same answer 

to all items. This either points at an extreme level of alexithymia (i.e., only scores of 5), 

an extremely low level of alexithymia (only 1 scores), or idiosyncratic response 

behavior (all other patterns containing 40 equal item scores). Because the persons 

with zero-variance of the item scores only used the middle point of the scale for all 

items, suggesting the students dit not complete the BVAQ seriously, we removed these 

cases from the sample. Next, we applied person-fit analysis to detect deviating item 

scores. Specifically, we used the number of Guttman errors denoted by pq (Hemker, 

Sijtsma, & Molenaar, 1995; Molenaar, 1991). The number of Guttman errors is a non-

parametric person-fit statistic defined in the context of Mokken scaling for polytomous 

items (Sijtsma & Molenaar, 2002). We computed the number of Guttman errors for 

each individual for each of the five BVAQ subscales. Given the relatively low power of 

person-fit statistics in general (Meijer & Sijtsma, 2001), we used a conservative cutoff 

point for each of the five BVAQ subscales to remove individuals from the data. 

Specifically, we visually inspected the histograms of Guttman errors for each subscale 

and determined that a cutoff point of 75 Guttman errors would remove the most 

extreme outliers in the data (Figure 5.2). This procedure lead to the removal of another 

204 cases from the data (4.7%), resulting in an effective sample size of 4,093. 

 

Descriptive statistics 

Because the data were collected in ten different cohorts, we examined whether 

merging the data of the different cohorts was justified by comparing the item means 

and the scale means across the different cohorts (Figure 5.3). Assessing whether there 

are cohort effects is important because this may result in artifical classes. The results 

showed that the mean alexithymia subscale scores increased slightly over the years, 

but that the differences between the cohorts were small. The cohorts 2012 and 2013 

showed somewhat higher mean subscale scores, particularly for the subscale 

Identifying, although the difference was not substantial. Overall, the scale means were 

similar across the different cohorts. 

Table 5.1 shows the means and standard deviations for all items of the five 

BVAQ subscales and Table 5.2 shows the means, standard deviations, Cronbach’s α 

and mean item-rest correlations for all the BVAQ subscales. The reliability estimates 

(Chronbach’s α) for the subscales Verbalizing, Fantasizing, Identifying and Analyzing 

exceeded .8, which is considered good reliability. The reliability estimate of the 

Emotionalizing subscale was reasonable with J = .74. 

 



 

 

90 

 

 
 Figure 5.2. Histogram of Guttman errors for the Analyzing subscale.  

 A cutoff of 75 errors was used to remove cases.  

 

 

 
Table 5.1: Means and Standard Deviations for Each of the Items of the BVAQ 

Subscales.  

Verbalizing Fantasizing Identifying Emotionalizing Analyzing 

Item Mean (SD) Item Mean (SD) Item Mean (SD) Item Mean (SD) Item Mean (SD) 

1 2.52 (1.22) 2 2.62 (1.39) 3 2.26 (1.03) 4 2.55 (1.18) 5 1.93 (1.01) 

6 2.91 (1.21) 7 2.08 (1.03) 8 2.24 (1.03) 9 2.88 (1.12) 10 2.28 (1.06) 

11 2.14 (1.25) 12 1.96 (1.03) 13 2.15 (1.08) 14 2.79 (1.22) 15 2 (0.98) 

16 2.64 (1.2) 17 2.18 (1.16) 18 2.16 (0.94) 19 1.8 (0.92) 20 2.2 (0.94) 

21 2.41 (1.31) 22 2.97 (1.33) 23 2.35 (1.13) 24 3.11 (1.15) 25 1.73 (0.89) 

26 2.39 (1.14) 27 2.29 (1.15) 28 2.31 (1.03) 29 1.98 (0.97) 30 1.89 (0.87) 

31 3.39 (1.13) 32 1.94 (1.04) 33 2.28 (1.04) 34 2.41 (1.09) 35 1.78 (0.84) 

36 2.23 (1.04) 37 1.99 (0.99) 38 1.97 (0.95) 39 1.97 (0.95) 40 1.83 (0.9) 
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Figure 5.3. Means of BVAQ subscales across cohorts. I = Identifying;  

V = Verbalizing; A = Analyzing, F = Fantasizing; E = Emotionalizing. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Model Fit 

We assessed model fit based on the root mean squared error of approximation 

(RMSEA), the standardized root mean square residual (SRMR) and the Comparitive Fit  

Table 5.2: Mean Total Scores, Standard Deviations, 

Chronbach’s α and Mean Item-Rest Correlations for the 

BVAQ Subscales 

Scale Mean (sd) Cronbach’s α   Mean item rest 

correlation 

Verbalizing 20.63 (7.08) 0.88 0.65 

Fantasizing 18.03 (6.27) 0.84 0.58 

Identifying 17.72 (5.43) 0.81 0.53 

Emotionalizing 19.49 (5.13) 0.74 0.43 

Analyzing 15.64 (5.03) 0.82 0.55 
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Index (CFI). Following Hu and Bentler (1999) we consider RMSEA < 0.06, SRMR < 0.08, 

and CFI > 0.95 as evidence of good fit. In order to compare models, we also report the 

BIC (Schwarz, 1978), the AIC (Akaike, 1987), and the reduction in log-likelihood relative 

to the one-class model. We do not report the results of the chi square differences 

tests, because given the large sample size these were all significant. Lastly, we also 

report the entropy for Models C and D as a measure of class separation (Bauer & 

Curran, 2004; Vermunt & Magidson, 2013) with higher values indicating better class 

separation.  

Model-fit statistics are given in Table 5.3. Model A showed good fit in terms of 

RMSEA and SRMR. The CFI suggested a somewhat poor fit. However, the low CFI is 

partly the result of low correlations between the different factors, meaning that there 

is not one dominant factor explaining most of the observed covariance. Therefore, the 

use of the CFI may not be optimal here (Rigdon, 1996). Hence, we concluded that 

Model A fitted the data adequately. The modification indices showed that the 

residuals of a number of items in the Emotionalizing subscale and the Verbalizing 

subscale were possibly positively correlated. However, these residual correlations may 

have resulted from the substantive similarity of items within the BVAQ subscales. 

Without any substantive reasons for doing so, we did not include these correlated 

residuals in the model. Interestingly, the modification indices also showed that 

allowing some Emotionalizing items to load on the identifying factor would improve 

the fit. However, because there was no substantive reason to include these 

relationships we did not adapt the model accordingly.  

 

 
Table 5.3: Model-Fit Statistics and Classification Errors for Models A and B on BVAQ Item 

Scores. 

Model Number 

of Para-

meters 

BICa AICa Prop. Log-

Likelihood 

Reductionᵇ 

CFI RMSEA SRMR 

A First-Order  

Dimensions 

Model  

130 437733.3 436912.1 10.1% 0.853 0.049 0.058 

B Second-Order  

Dimensions 

Model  

127 437786.4 436984.1 10.1% 0.852 0.050 0.059 

Note. aBIC and AIC are based on the log-likelihood. bProportional reduction in log-likelihood 

relative to the one class model. 

 

 

For Model B, the RMSEA and SRMR both suggested good fit, whereas the CFI 

indicated a poor fit, similar to Model A. However, the AIC, the BIC, and the proportional 

log-likelihood reduction all preferred Model A over Model B. This better fit of Model 

A suggests that the two second-order latent variables did not adequately explain the 
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covariance structure of the first-order latent factors. Again, the modification indices 

showed similar results as the modification indices of Model A, but they did not suggest 

any specific misspecification of the second-order model.  

The estimation of Models C and D led to several estimation problems, because 

not all models were emperically identified (Kenny, 1979). Increasing the number of 

iterations and trying different sets of starting values did not solve these problems. 

Because model A fitted the data adequately both in our sample and in previous 

samples (Bermond et al., 2007), we continued using the following strategy. We used 

the estimated factor scores of Model A as indicators for both Models C and D. Again, 

these factor scores were estimated by means of robust maximum likelihood. Hence, 

we considered the five BVAQ subscales as fixed and we focused on explaining 

multivariate inter-individual differences on the five dimensions of alexithymia. The 

advantage of this strategy was that it reduced model complexity and hence also 

computational time. To be able to compare the fit of Model B to the fit of Models C  

 

 
Table 5.4: Model-Fit Statistics and Entropy for Models Using First-Order Factor 

Scores 

Model No. of 

Para-

meters 

BICa AICa Prop. Log-

Likelihood 

Reductionᵇ  

Entropy 

R²  

B Second-Order 

Dimensions Model  

17 29923.4 29816.0 16.8% --- 

C Second-Order Latent 

Class Model (3 classes) 

62 28195.7 27804.0 22.7% 0.660 

 Second-Order Latent 

Class Model (4 classes) 

83 27902.9 27378.6 24.0% 0.641 

 Second -Order Latent 

Class Model (5 classes) 

104 27737.7 27080.7 25.0% 0.627 

 Second -Order Latent 

Class Model (6 classes) 

125 27615.2 26825.6 25.8% 0.645 

D Third-Order Latent 

Class Model (3 classes) 

--- --- --- --- --- 

 Third-Order Latent 

Class Model (4 classes) 

--- --- --- --- --- 

 Third-Order Latent 

Class Model (5 classes) 

--- --- --- --- --- 

 Third-Order Latent 

Class Model (6 classes) 

--- --- --- --- --- 

Note. aBIC and AIC are based on log-likelihood. bProportional reduction in log-likelihood 

relative to the intercept model. Because Mplus does not return CFI, RMSEA, and RMSR 

estimates for Models C and D, we do not report these fit indices for model B.  
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and D, we also re-estimated Model B, now using the five estimated factor scores of 

Model A as indicators of the two higher-order factors. The results are given in Table 

5.4.  

Compared to Model B, Model C with three classes showed an improved fit as 

the reduction in the proportional log-likelihood decreased by 5.9%. The BIC and the 

AIC also indicated that the model fit improved substantially. Adding a fourth class to 

the model again showed a proportional reduction in log-likelihood, and a reduction of 

the BIC and the AIC. However, the entropy R² indicated a slight deterioration of class 

separation. Adding a fifth latent class to the model again improved model fit, with the 

BIC and the AIC showing substantial reductions. However, the entropy showed a small 

decrease and the reduction of the proportional log-likelihood was small, suggesting 

that adding a fifth class may not explain much additional variance.  

Lastly, we included a sixth class in the model. The addition of a sixth class was 

not substantively driven but rather to evaluate whether adding classes to the model 

continued to improve the model fit. Interestingly, adding a sixth class to the model 

improved model fit with respect to the BIC and the AIC. There was also a reduction in 

proportional log-likelihood, albeit only a small reduction of 0.8%. Moreover, entropy 

improved a little with respect to the entropy of the five-class model but was almost 

identical to the entropy of the four-class model.  

Next, we proceeded by fitting Model D. Again, we ran into several estimation 

problems related to empirical non-identification such as the residual covariance matrix 

not being positive definite in each of the classes. The problem resulted from a negative 

estimate of the residual variance of analyzing. This result is referred to as a Heywood 

case, suggesting a misspecification of the factor model. This misspecification 

concerning the variable analyzing was most likely the result of this variable loading on 

both second-order dimensions, resulting in negative error variance on the variable 

analyzing. We note that the model has two correlated higher-order factors and five 

first-order factors (here: factor scores) as indicators. Dropping the factor loading of 

the affective factor on Analyzing would be a logical next step. However, this would 

have reduced the number of indicators of the affective factor to only two, which was 

insufficient to identify the variance of that factor. Hence, we did not change the factor 

model and proceeded with interpreting Model C.  

 Based on only model fit statistics, Model C with six latent classes produced the 

best fit. Although these six latent classes do not clearly align with any of the 

alexithymia subtype theories that predicted three to five subtypes, we assessed to 

what extent the latent classes corresponded to the hypothesized subtypes. To this 

end, we inspected the class specific profiles of factor means for each model (Figure 

5.4). It should be noted that high factor scores correspond to a high degree of 

alexithymia.  

 Overall, the profiles of the six classes of Model C (Figure 5.4; D) were most 

clearly differentiated by the factor scores on verbalizing and fantasizing. Class 6 

showed high scores on all five factors, thereby matching subtype I, and the profile of 

Class 1 matched the modal subtype. Furthermore, Class 4 showed moderate to low 
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scores on the cognitive factors and moderate scores on the affective factors, showing 

some resemblance to subtype III. Class 2 showed a similar pattern but with lower 

scores on all factors, therefore also showing resemblance to subtype III. Class 5 

resembled subtype II with moderate scores on the affective factors but high scores on 

the cognitive factors. Class 3 also resembled subtype II, with a parallel profile to class 

5 but with lower scores on all five factors. Interestingly, none of the estimated classes 

in the six-class model resembled the lexithymic subtype because none of the classes 

showed the lowest mean scores on all five dimensions.  

To examine whether adding a sixth class provided a substantively meaningful 

addition to the five class model, we also compared the class-specific profiles of Model 

C with six classes to those in Model C with five classes (Figure 5.4; C). Consistent with 

the six-class model, the profiles of the five classes of Model C differed most strongly 

on the verbalizing and fantasizing factors. Furthermore, the profiles of the five latent 

classes and the six latent classes were almost identical. Again, none of the latent 

profiles matched the lexithymic subtype in the five-class solution. However, Model C 

with five classes only revealed one profile matching subtype III (Class 5) whereas the 

six-class solution showed two classes with parallel profiles (Class 2 and Class 4) that 

both resembled subtype III. However, the five-class model still revealed two classes 

matching subtype II. Hence, the five-class solution also identified four qualitative 

distinct classes, and for subtype II also differences in degree. Given that the six-class 

solution only showed a slight improvement in fit with respect to the five-class solution, 

and the sixth class revealed no qualitative different profile, we considered the sixth 

class to be redundant and therefore focused on Model C with five latent classes for 

further inspection.  

Because the two parallel profiles resembled subtype II in the five-class solution, 

we also considered the four-class solution to see if the five classes reduced to four 

substantively meaningful classes consistent with the hypothesized subtypes. Model C 

with four latent classes (Figure 5.4; B) showed latent profiles matching subtype I (Class 

4), subtype II (Class 3), subtype III (Class 2) and the modals subtype (Class 1). Again, 

none of profiles matched the lexithymic subtype. Contrary to the five-class and six-

class solutions, none of the four latent classes showed parallel profiles. Hence, the 

four-class solution showed the most differentiating profiles. Moreover, with the 

exception of the lexithymic subtype, Model C having four latent classes corresponded 

closest to the hypothesized subtypes of alexithymia suggested by Moormann et al. 

(2008). However, even in this model, the overlap between the classes is considerable, 

as the within-class variance on all five factors is large within each class. The estimated 

means and standard deviations for of the four classes on the five factors are shown in 

Table 5.5. This result indicates that these classes cannot be seen as distinct classes as 

the class separation is relatively low. 

 

5.4 Discussion 

LVMMs on a large student sample revealed a five dimensional structure  
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Figure 5.4. Profiles of estimated factor scores on Identifying, Verbalizing, Analyzing, 

Fantasizing and Emotionalizing for 3, 4, 5 and 6 latent classes. I = Identifying; V = Verbalizing; 

A = Analyzing, F = Fantasizing; E = Emotionalizing. 

 

 
Table 5.5: Class Means and Standard Deviations of Estimated Factor Scores for the Four 

Class Solution 

 
Identifying  

Mean (sd) 

Verbalizing 

Mean (sd) 

Analyzing 

Mean (sd) 

Fantasizing 

Mean (sd) 

Emotionalizing 

Mean (sd) 

Class 1 -0.16 (0.43) -0.4 (0.5) -0.1 (0.32 -0.23 (0.32) -0.17 (0.42) 

Class 2 -0.21 (0.55) -0.78 (0.36 -0.3 (0.22) 0.31 (0.57) -0.07 (0.53) 

Class 3 0.13 (0.63) 0.41 (0.82) -0.05 (0.35) -0.7 (0.09) -0.06 (0.63) 

Class 4 0.24 (0.57) 0.73 (0.65) 0.29 (0.46) 0.33 (0.59) 0.26 (0.6) 
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underlying the BVAQ, but no evidence for a higher order cognitive and affective 

dimension was found. Given the estimation problems of certain LVMMs, we continued 

our search for subtypes of alexithymia based on the estimated factor scores of the five 

dimensional model of alexithymia. The combination of model fit statistics and class 

specific profiles revealed four qualitative distinct classes corresponding to the 

alexithymia subtypes of Moormann et al. (2008).  

An interesting finding was that none of the LVMMs included classes with latent 

profiles corresponding to the lexithymic subtype because this type would show a 

profile with lowest scores on all five latent variables. It could be the case that because 

the lexithymic subtype requires low scores on five weakly correlated factors, this 

subtype involves only a relatively small proportion of the population, making it hard 

to find using estimated factor scores. The absence of the lexithymic subtype may also 

imply that psychology students show an impaired ability on at least one of the five 

alexithymia components. The absence of the lexithymic subtype may also mean that 

the lexithymic subtype may only be a categorization that applies to the level of the 

second-order affective and cognitive components. More generally, our result 

indicated that alexithymia is a complex five-dimensional attribute that should be 

treated as such and perhaps not reduced to a two-dimensional attribute. More 

research is needed to validate the subtypes based on the first-order alexithymia 

dimensions, and to replicate the current results in novel samples. 

 Although the evidence with respect to the goodness of fit measures pointed in 

the direction of a second-order latent class model at the expense of the second-order 

factor model, it should be noted that there were some issues regarding the factor 

model. Firstly, the modification indices also showed that a cross loading from the 

factor Identifying on several Emotionalizing items would improve the model fit. 

Because such an adjustment to the model could not be substantively motivated, we 

left the model unchanged. However, this result suggested a source of misfit in the 

factor model that was perhaps not a problem in the latent class models. Secondly, we 

encountered multiple estimation problems for the second-order latent class model 

when estimated from the item scores and also for the third-order latent class model 

when estimated using the factor scores. The problem was caused by a negative 

residual variance in the analyzing factor scores, suggesting that the loading of 

analyzing on the affective factor might have made the model too complex to be 

estimated. However, this factor loading is required to reliably estimate the variance of 

the affective factor and should therefore not be excluded from the model. The third-

order latent class model is the model of interest, but the results indicated that the 

model cannot estimated because was not emperically identified (Kenny, 1979). From 

this result, we conclude that the latent classes are unlikely to exist at the level of the 

cognitive and affective factor. We therefore limited ourselves to interpreting of the 

second-order latent class model in which the latent classes, and thus possible subtypes 

of alexihtymia, are inferred from the first-order dimensions.  

Given that the latent class model is a more flexible model in the sense that extra 

classes can arise because of violations of normality assumptions (Lubke & Muthén, 
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2005), it is perhaps not surprising that the second-order latent class model produced 

a better model fit than the second-order dimensions model. However, the second-

order latent class model is also less parsimonious. As the BIC penalizes for the number 

of parameters in the model, one might expect the BIC to favor the more parsimonious 

second-order factor model. However, the BIC was also unambiguously in favor of the 

second-order latent class models, thus supporting the empirical evidence for the 

alexithymia subtypes. However, violations of normality could be due to a host of 

factors, such as the sample only including freshman psychology students, that the 

current study is not well equipped to address. More research with large samples from 

the general population might shed light on the robustness of the current results. 

A final issue was the use of the GRM, which is an IRT model, as a measurement 

model in the second-order latent class model and the third-order latent class model. 

Estimation of these models was not feasible, because the high dimensionality of 

alexithymia required large memory capacity. A possible solution to this problem would 

be to use Bayesian estimation techniques, or dedicated algorithms such as the 

Metropolis-Hastings Robbins-Monroe algorithm (Cai, 2010) instead of maximum 

likelihood estimation. The latter procedure is not implemented in Mplus. In addition, 

Bayesian methods require the specification of priors, which may not be trivial. Future 

research on alexithymia could focus on Bayesian or other estimation techniques for 

the estimation of IRT mixture models.  

In this chapter, we examined the existence of alexithymia subtypes using the 

LVMM framework. Although LVMMs are elegant because they can account for both 

the dimensional and categorical features of a construct in one integrated framework, 

we also conclude that estimating such models for multidimensional hierarchical 

constructs such as alexithymia also comes with some problems. We were unable to fit 

any of the mixture models at the item-level data, and we were also unable to fit the 

models at the level of the factor scores. Hence, the generalizability of our results 

requires some caution. Our results showed empirical evidence for some of the 

alexithymia subtypes, with the exception of the lexithymic subtype, which we did not 

identify in any of the latent class solutions. This conclusion followed from both 

statistical evidence and the substantive interpretation of the estimated latent classes, 

both of which should always count in furthering our knowledge on complex 

psychological attributes such as alexithymia.   
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Appendix A: MAXCOV, MAMBAC and L-Mode 
 

MAXCOV 

The MAXCOV procedure is based on the General Covariance Mixture Theorem 

(GCMT, Meehl, 1973; Meehl, 1995b). Let X and Y be observed variables (called 

indicators) and assume the existence of two latent groups, a taxon and a complement 

group. � and � provide the proportion of persons in the taxon group and the 

complement group, respectively, such that � + � = 1. Proportions P and Q are also 

the base rates of taxon and complement-group members. DX and DY denote the 

unstandardized mean differences between the taxon and the complement groups on 

manifest indicators � and �. The GCMT decomposes the covariance between � and � 

as follows,  rst(�, �) = � rst(�, �)u + � rst(�, �)v + �� l� l�. 
For perfect latent taxonicity, which means zero within-group covariance, rst(�, �)u = rst(�, �)v = 0, the observed indicator covariance is fully explained by 

between-group mean differences between the two latent classes (Bauer & Curran, 

2004; Lazarsfeld & Henry, 1968). Then, the GCMT reduces to rst(�, �) = �� l� l�. 
The GCMT also shows that rst(�, �) varies with the relative size of � and �. 

In particular, rst(�, �) = 0 if � = 0 or � = 0, and rst(�, �) is maximized if � =� = .5, yielding rst(�, �) = .25 l� l�. Hence, the relationship between � and rst(�, �) follows an inverse U-shape. For latent dimensionality, there are no 

between-group differences, hence l� = l� = 0. Note that the absence of group 

differences does not imply that the population consists of one latent group, because 

two groups can have the same mean latent variable but different variances. However, 

from a taxometric perspective such a scenario implies dimensionality, because the 

observed indicator covariance consists only of within-group indicator covariance. 

Hence, the relationship between � and rst(�, �) is a flat line. The manipulation of 

base rate � given the GCMT variance decomposition is the foundation of the MAXCOV 

procedure. 

MAXCOV requires data of at least three valid indicators of the latent variable, 

say, X, Y, and Z. In psychological measurement, examples of indicators include items 

or ratings assessing a latent variable, and physiological measurements. Indicators can 

also be a composite of two or more indicators. Persons are ordered by increasing 

scores on an input indicator (e.g., Z). By implication, the remaining two indicators X 

and Y, which are denoted output indicators, are also ordered. Because the taxon has 

higher mean indicator scores than the complement group, the latter ordering 

separates taxon members from complement group members. A large degree of class 

separation on the indicators and the absence of measurement error are required for 

a perfect ordering of complement group members and taxon members. This ordering 

is used to divide the total group into multiple subsamples of equal size, called 

windows. The windows slide along the input indicator so that the first window contains 

the cases having the lowest Z scores (complement group members) whereas the last 
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window contains the cases having the highest Z scores (taxon members). For each 

window, rst(�, �) is computed. One usually uses 50 windows having equal sample 

size. Adjacent windows show a 90% overlap (Ruscio et al., 2006). For small samples, 

fewer windows are used but the 90% overlap is maintained. The covariance in each 

window is used to generate a MAXCOV plot. From the plot, the researcher infers 

whether taxonicity of dimensionality is reasonable. For ideal conditions, such as 

perfectly valid and reliable indicators, Figure 5.1 shows MAXCOV curves for a taxonic 

and a dimensional latent variable. For a taxonic latent variable, the GCMT implies that 

MAXCOV plots typically are peaked. For a continuous latent variable, MAXCOV curves 

do not show a peak (i.e., l� = l� = 0 in the GMCT).  

 

MAMBAC 

MAMBAC assumes that for a taxon and a complement group the group 

indicator means are different. Let �Tw  be the taxon mean for indicator Y and �xw  the 

complement-group mean. The mean difference l
 equals l
 = �Tw − �xw . 

MAMBAC can be used for at least two valid indicators, X and Y. Let X serve as the input 

indicator, and order Y scores following the ordering on X. Similar to MAXCOV, the Y 

ordering is used to separate the high scoring taxon members from the low scoring 

complement group members. Given this ordering, a series of cuts are made on X, each 

cut separating the cases on Y into two samples. It is customary to use 50 cuts that are 

separated by an equal number of cases (Ruscio et al., 2006). As a rule, one chooses 

cuts so that at least 15 to 25 cases fall under the first cut and above the last cut, so 

that the base rate estimate is reliable (Meehl & Yonce, 1994; Ruscio et al., 2006). Let �yU(�) and �yz(�) be the mean above the cut and below the cut, respectively, and 

let \̅
(�) be the mean difference. For each cut, the mean difference \̅
(�) is 

computed as \̅
(�) = �yU(�) − �yz(�). 
The mean above the cut �yU(�) depends on the taxon proportion above the cut, also 

called the hit rate above ℎU, such that �yU(�) is expressed as �yU(�) = �yx + ℎUl
. 
Similarly, the mean below the cut �yz(�) depends on the complement group 

proportion below the cut, also called the hit rate below ℎz, such that �yz(�) is 

expressed as �yz(�) = �yT − ℎzl
. 
By rearranging the terms, the mean difference above and below a cut \̅
(�) can be 

expressed as a function of the mean difference between the taxon and the 

complement group l
, and the hit rate above ℎU and the hit rate below ℎz, \̅
(�) = l
(ℎU + ℎz − 1). 
If the psychological attribute is taxonic, the mean difference on the output 

indicator is maximized where the cut separates the groups on the output indicator 

with the smallest number of false positives and false negatives; that is, the difference 

is largest when the subsample below the cut comprises only complement-group 
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members and the subsample above the cut only taxon members; then, \̅
(�) equals 

exactly l
. This idealized scenario occurs only when latent classes are homogeneous 

and indicators are free of measurement error.  

By plotting the differences between the means above and below the 

cuts \̅
(�), the plot’s shape suggests whether the latent variable is taxonic or 

dimensional. Similar to the MAXCOV curves, a peaked MAMBAC plot suggests a 

taxonic structure (Figure 3.1). Contrary to the MAXCOV curves, a concave curve rather 

than a flat curve suggests a dimensional structure (Figure 3.1), because the curves 

often bend upwards at one or both ends due to sampling error (Meehl & Yonce, 1994; 

Ruscio et al., 2006). 

 

 

L-Mode 

The L-Mode procedure is based on Thurnstone’s (1935, 1947) suggestion that 

latent factors do not necessarily represent continuous latent variables, but may also 

reflect a categorical latent variable. Assume a taxon and a complement group, each 

having a unique latent variable distribution. The taxonic model assumes that the joint 

distribution of factor scores shows bimodality, one mode for each distribution, 

whereas the dimensional model assumes one mode. Latent mode or L-Mode, for 

short, is a factor-analytic taxometric procedure based on this notion. L-mode uses 

Bartlett’s (1937) method of factor score estimation, which produces unbiased 

estimates of the latent variable. L-Mode is different from the other taxometric 

procedures that use the so called coherent cut kinetics approach in which relations 

between indicators are studied given a number of cuts or windows in the data.  

L-Mode can be used to estimate the taxon base rate �, using the result that the 

factor scores can be expressed as a function of �. Consider the taxon and complement 

groups to be homogenous latent classes and consider the estimation of the factor 

scores to be free of estimation error. Let #; be the true standardized factor means that 

takes on two values, namely the true standardized factor mean of the taxon #;} and 

the complement group #;~. Both #;} and #;~ can be expressed as a function of � and � 

as follows, 

#;} = ���� , 
and 

#;~ = −���� . 
The true factor scores cannot be observed and are thus estimated using Bartlett’s 

(1937) method. The method contains estimation error, resulting in a distribution of 

factor scores. When the within-class distributions are approximately symmetrical, the 

upper mode #��<��Q� falls at ���� , 
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and the lower mode #��<��Q� falls at −���� . 
Given these modes, a base rate can be estimated for the upper mode and the lower 

mode, thus providing two independent estimates of the base rates. The upper mode �� is estimated from 

�� = 11 + #���<��Q�  . 
The base rate estimate for the lower mode �� is computed as follows, 

�� = 1 − 11 + #���<��Q�  . 
See Waller & Meehl (1998) for the exact mathematical derivations of these formulas. 
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Appendix B: Selection of Taxometric Studies From Haslam et al. (2012) 
 

Taxometric Study Psychological Disorder 
 

Meehl’s rules of thumb 

  Indicator 

validity 

 

Within-

group 

correlations 

Ambrosini, Bennet, Cleland, and Haslam (2002) Adolescent Melancholia Unknown 
 

Unknown 

Asmundson, Weeks, Carleton, Thibodeau, and Fetzner 

(2011) Anxiety Sensitivity 

Unknown Unknown 

Bernstein et al. (2006) Anxiety Sensitivity Met Met 

Broman-Fulks, Hill, and Green (2008) Perfectionism Met Met 

Denson and Earleywine (2006) Cannabis dependence Met Met 

Edens, Marcus, Lilienfeld, and Poythress (2006) Psychopathy Met Met 

Frazier, Youngstrom, and Naugle (2007) ADHD Violations Violations 

Gleaves, Lowe, Snow, Green, and Murphy-Eberenz 

(2000) Bulimia 

Met Violations 

Harris, Rice, and Quinsey (1994) Psychopathy Unknown Unknown 

Haslam (1997) Male sexual orientation Unknown Met 

Holm-Denoma et al. (2010) Dietry restraint, body 

dissatisfaction 

Met Met 

Ingram, Takahashi, and Miles (2008) Autism Met Unknown 

Longley et al. (2010) Hypochondriasis Violations Met 

Meyer and Keller (2003) Hypomanic temperament Unknown Unknown 

Okumura et al. (2009) Depression (self-reported) Violations Met 

Olatunji, Williams, Haslam, Abramowitz, and Tolin (2008) OCD symptoms Met Violations 
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Ruscio and Ruscio (2002) Depression (BDI) Violations Violations 

Ruscio, Brown, and Ruscio (2009) Major Depression Violations Violations 

Ruscio, Zimmerman, McGlinchey, Chelminski, and Young 

(2007) MDD 

Violations Met 

Slade and Grisham (2009) Agoraphobia Violations Violations 

Thomas and Locke (2010) Somatic complaints (MMPI) Met Unknown 

Tyrka, Cannon, Haslam, and Mednick (1995) Schizotypy Violations Unknown 

Walters (2010) Dementia Met Met 

Weeks, Carleton, Asmundson, McCabe, and Antony 

(2010) Social Anxiety Disorder 

Met Unknown 

Whisman and Pinto (1997) Hopelessness Depression Unknown Unknown 

Note: Met: all indicators in the study met Meehl’s rules of thumb; Unknown: Not mentioned whether the indicators in 

the study met Meehl’s rules of thumb; Violations: At least one of the indicators in the study did not meet Meehl’s rules 

of thumb.  
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Appendix C: Model Parameters Simulation Study 
 

# Identical items: 

 

Number of items = 4 

 

Threshold 1 =  [0, 0, 0, 0] 

Threshold 2 =  [.66, .66, .66, .66]  

Threshold 3 =  [1.33, 1.33, 1.33, 1.33] 

Threshold 4 =  [2, 2, 2, 2] 

Discrimination parameters =  [2, 2, 2, 2] 

 

 

# Non-identical overlapping items: 

 

Number of items = 4 

 

Threshold 1 =  [(-.25, 0, .5, .75] 

Threshold 2 =  [0, 0.5, 1.5, 1.25] 

Threshold 3 =  [.5, 1, 2, 1.75] 

Threshold 4 =  [1.25, 1.5, 2.5, 2] 

Discrimination parameters =  [1.5, 1.5, 2, 3] 

 

 

# Non-identical non-overlapping items: 

 

Number of items = 4 

 

Threshold 1 =  [-2, -1, 0, 1) 

Threshold 2 =  [-1.75, -0.75, .25, 1.25) 

Threshold 3 =  [-1.5, -.5, .5, 1.5) 

Threshold 4 =  [-1.25, -.25, .75, 1.75) 

Discrimination parameters = c(1.5, 1.5, 2, 3) 

 

 

# Select the population parameters: 

   

Complement group:  ) = −1, � = 1 

Taxon: ) = 1, � = 1 

Base rate = .50 

  



 

 

123 

 

Appendix D: Population Curves for MAMBAC and MAXCOV 
 

Let � and � be two discrete ordinal indicators (e.g., Likert items), each with O > 2 

response categories. Indicator � is designated as the input indicator and � is the 

designated output indicator. Furthermore, let �S� ( ) be the proportion of responses 

in category � of item " given  . This proportion results from the postulated IRT model 

(e.g., the GRM). The MAMBAC curve is obtained in two steps. First, we computed the 

univariate and bivariate marginal distribution of � and � given the distributions of   

within the taxon and complement group. In particular, we assumed normally 

distributed  , with mean )x  and variance �u� in the complement group, and mean )v 

and variance �v�  in the taxon group. Let ��S denote the marginal proportion, which is 

defined as  �S� = � � �S� ( )�( ; )v , �v�)\ + � � �S� ( )�( ; )u , �u�)\ ,  (1) 

where g denotes normal density function. In addition, let ��SR�
 be the marginal joint 

proportion of responses in category D of item � and category � of ". Using the local 

independence assumption, the marginal bivariate distribution is obtained as ��SR� = � � ��R ( )�S� ( )�( ; )v , �v�)\ + � � ��R ( )�S� ( )�( ; )u , �u�)\ . (2) 

The integrals in Equations (1) and (2) were approximated by means of 51 Gaussian 

quadrature points (e.g., Baker & Kim, 2004). 

Second, we computed the population-level MABMAC curves by dichotomizing 

the � distribution using many consecutive cuts. For each cutoff, from the bivariate �, � − distribution we determined the expected distribution of � for � below the 

cutoff, and also the distribution of � for � above the cutoff. Based on these conditional 

distributions of � we computed the MAMBAC value. To illustrate the second step, we 

will use a numerical example for two items with O = 3 response categories (see Figure 

A1; for convenience we show frequencies for an arbitrary population of 100 persons 

instead of proportions). The marginal univariate and bivariate distributions are given 

on the left. Suppose the population is dichotomized by � such that 25% score below 

the cut and 75% above the cut; that is, 25 observations below the cut and 75 above 

the cut. Because the number of observations of � = 0 is larger than 25, the expected 

distribution of � given � values below the cut is proportionally related to the number 

of respondents in � = 0. In particular, to have 25 observations below the cut, we need 

25/36 of the observations from � = 0. Hence, for this cut off we expect 25/36×30 =20.83 observations in � = 0, 25/36×6 = 4.17 observations in � = 1, and 25/36×0 = 0 observations in � = 2. Because the margins of � are fixed, we can easily find 

the conditional distribution of � above the cut off; that is we expect 15.17 

observations in � = 0, 28.83 in � = 1, and 36 in � = 2. The corresponding mean-

above minus mean below a cut value is 1.1. Now, suppose the cut is set at 50/50, such 

that 50 observations are below the cut and 50 above the cut. The distribution of � 

given � below the cut contains all 36 respondents of � = 0, plus (50 − 36)/28) of 

the observations from � = 1. Hence, below the cutoff we expect 33 observations 

for � = 0, 14 for � = 1 and 3 for � = 2. The observations above the cut are 3, 14, 33, 
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for � = 0, 1, 2, respectively. The corresponding mean-above minus mean below a cut 

value is 1.2. Finally, we also present the number for 25/75 cutoff. The MAMBAC curves 

in Figure 3.5 were obtained by taking 50 cuts.  

MAXCOV curves were obtained following the same logic as with the MAMBAC 

curves. The computations of the MAXCOV curves were slightly more advanced 

because MAXCOV involves three indicators (say, �, �, & �), an input indicator and two 

output indicators. Furthermore, MAXCOV uses a moving window to select subsamples. 

First, we computed the marginal trivariate distribution of �, �, and �, given the 

distributions  , again using 51 Gaussian quadrature points. Assuming local 

independence, the trivariate distribution is, ���SR�� = � � ��R ( )���( )�S� ( )�( ; )v , �v�)\ +� � ��R ( )���( )�S� ( )�( ; )u , �u�)\ . (3) 

From the trivariate distribution, we computed the bivariate distribution between 

output indicators � and � based on a subsamples defined by a window on input 

indicator X. The idea is the same; based on the window we can deduce the proportion 

of respondents for each level of �, and use those proportions to reconstruct the 

bivariate table between � and �. From that bivariate table we computed the 

covariance between � and �. By moving the window across � we obtained the 

MAXCOV curve. 

 

 
 Bivariate  Cut 1  Cut 2  Cut 3 

 X=0 X=1 X=2   <���� >����  <���� >����  <���� >���� 

Y=0 30 6 0 36  20.83 15.17  33 3  36 0 

Y=1 6 16 6 28  4.17 23.83  14 14  23.83 4.17 

Y=2 0 6 30 36  0 36  3 33  15.71 20.83 

 36 28 36 100  25 75  50 50  75 25 

 

Figure A1. Numerical example for deriving population-level MAMBAC curve based on a 

bivariate marginal distribution.  
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Appendix E: Latent Gold Syntax of Models in Chapter 4 
 

Set-up Model A (baseline model) 
  
LATENT 

      theta1 continuous, theta2 continuous, cluster nominal 2; 
EQUATIONS 

   DS01SI <- 1 + (1) theta1; 

   DS03SI <- 1 + theta1; DS06SI <- 1 + theta1; DS08SI <- 1 + theta1; 

   DS10SI <- 1 + theta1; DS11SI <- 1 + theta1; DS14SI <- 1 + theta1; 

   DS02NA <- 1 + (1) theta2; 

   DS04NA <- 1 + theta2; DS05NA <- 1 + theta2; DS07NA <- 1 + theta2; 

   DS09NA <- 1 + theta2; DS12NA <- 1 + theta2; DS13NA <- 1 + theta2; 

   theta1 <-> theta2; theta1; theta2; 

 

 

Basic Set-up Model B 
 
LATENT 

      theta1 continuous, theta2 continuous, cluster nominal 2; 
EQUATIONS 

   Cluster <- 1; 

   DS01SI <- 1 + (1) theta1; 

   DS03SI <- 1 + theta1; DS06SI <- 1 + theta1; DS08SI <- 1 + theta1; 

   DS10SI <- 1 + theta1; DS11SI <- 1 + theta1; DS14SI <- 1 + theta1; 

   DS02NA <- 1 + (1) theta2; 

   DS04NA <- 1 + theta2; DS05NA <- 1 + theta2; DS07NA <- 1 + theta2; 

   DS09NA <- 1 + theta2; DS12NA <- 1 + theta2; DS13NA <- 1 + theta2; 

   theta1 <-> theta2 |cluster;  theta1 | cluster;   theta2 | cluster; 

   theta1 <- cluster;  theta2 <- cluster; 

 

 

Basic Set-up Model C 
 

LATENT 

      theta1 continuous, theta2 continuous, cluster nominal 2; 
EQUATIONS 

   Cluster <- 1; 

   DS01SI <- 1 + (1) theta1 + cluster; 

   DS03SI <- 1 + theta1 + cluster; DS06SI <- 1 + theta1 + cluster;  

   DS08SI <- 1 + theta1 + cluster; DS10SI <- 1 + theta1 + cluster;  

   DS11SI <- 1 + theta1 + cluster; DS14SI <- 1 + theta1 + cluster; 

   DS02NA <- 1 + (1) theta2 + cluster; 

   DS04NA <- 1 + theta2 + cluster; DS05NA <- 1 + theta2 + cluster;  

   DS07NA <- 1 + theta2 + cluster; DS09NA <- 1 + theta2 + cluster; 

   DS12NA <- 1 + theta2 + cluster; DS13NA <- 1 + theta2 + cluster; 

   theta1 <-> theta2 | cluster; 

   theta1 | cluster;  theta2 | cluster;   
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Summary 
Are psychological attributes best seen as dimensions or categories? This 

enduring question has long been the topic of debate in psychology. Researchers have 

relied on several statistical methods to help resolve this issue for psychological 

attributes like depression, schizophrenia and borderline personality. In this 

dissertation, we investigated whether two commonly used statistical methods, which 

are Meehl’s taxometrics (Meehl, 1965, 1968, 1973) and latent variable mixture models 

(LVMM; Dolan & van der Maas, 1998; Jedidi et al., 1997a; Jedidi et al., 1997b; Lubke & 

Muthén, 2005; Magidson & Vermunt, 2003; Muthén & Asparouhov, 2006), are suitable 

for studying whether psychological attributes are dimensional or categorical.  

Taxometrics is a procedure that produces summary statistics (e.g., covariances, 

means) for subsamples of the data. Given the premise that an attribute is taxonic or 

dimensional, the summary statistics are expected to provide information based on 

which one can make the distinction. By plotting these summary statistics and 

graphically inspecting the resulting curves, one can assess whether the curves are the 

result of a taxonic of dimensional latent structure. LVMM’s are a hybrid of latent class 

models (Lazarsfeld & Henry, 1968) and dimensional latent variable models. Like latent 

class models, latent variable mixture models split the population into two or more 

mutually exclusive and exhaustive classes or subpopulations. LVMMs assume a 

dimensional model within classes. Hence, a LVMM with two classes represents a 

mixture of two subpopulations, each with their own dimensional model and latent 

trait distribution. 

 In Chapter 2, we studied the differences and communalities of taxometrics and 

LVMMs with respect to their formal properties, conceptual interpretation, and the 

way in which these methods are implemented in empirical studies. We showed that 

taxometrics and LVMMs are based on local independence, but that local 

independence is imposed in different ways. There are also a number of other 

important differences. Notably, taxometrics is a procedure that is limited to 

categorical attributes consisting of two taxa (latent classes), whereas the LVMM is a 

model-based method allowing one to test hypotheses about multiple classes. 

Moreover, the LVMM allows one to model the dimensional variation within classes, 

which can be representative of a meaningful factor structure. This property implies 

that classes can differ quantitatively but also differ in many qualitative ways. For 

instance, two groups of people may differ with respect to their coping styles. In this 

example, coping is really about how persons in these groups cope (qualitative 

differences) and not which groups shows more effective coping. In contrast, in 

taxometrics, dimensional variation within taxa is considered a nuisance; hence, 

taxometrics is limited to finding quantitatively discernible taxa. This goal also follows 

from the rules of thumb Meehl (1995a) formulated. He argued that the minimum 

indicator validity should at least be equal to effect size d = 1.25, and that the nuisance 

covariance expressed in terms of Pearson’s product-moment correlation coefficient 

should not exceed r = .3. We concluded that taxometrics and the LVMM entertain 
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different conceptions of latent categories and may thus lead to different conclusions 

regarding the latent structure of psychological attributes. Therefore, researchers 

should base their choice of which method to use on the type of group differences that 

that they expect based on theoretical considerations. 

 In Chapter 3, we studied the performance of the taxometric methods MAXCOV, 

MAMBAC and L-Mode, in detecting latent categories in data collected using indicators 

that have the measurement properties that are typical of items used in clinical scales. 

Such measurement properties include polytomous item responses, such as Likert 

scales, that are most informative in clinical populations. Moreover, items within 

clinical scales are non-parallel, meaning that they measure different symptoms of 

varying severity. Analytical examples and two data simulation studies revealed that 

popular taxometric methods MAXCOV, MAMBAC and L-Mode did not perform well in 

detecting latent categories with item characteristics that are typical of clinical scales. 

The taxometric curves produced under these data conditions were either ambiguously 

shaped or biased towards a dimensional inference. Given that the CCFI, a taxometric 

fit index, uses these curves in its computation, the CCFI also showed a bias towards a 

dimensional inference for the three taxometric methods. The bias of the CCFI towards 

a dimensional inference was strongest for L-Mode whereas MAMBAC performed 

reasonably well, particularly when Meehl’s rules of thumb were met. We conclude 

that when there is substantial within-group variance on the latent trait and the 

measurement properties are typical of clinical scales, taxometrics is not a suitable 

method for detecting latent categories in psychology. 

 In Chapter 4, we explored the use of LVMMs for studying the dimensional and 

categorical properties of distressed (Type D) personality. Type D personality refers to 

a general propensity to psychological distress that is defined by the combination of 

high levels of negative affectivity (NA) and social inhibition (SI; Denollet, 2005) and has 

been shown to be related to increased risk of poor health outcomes such as heart 

related diseases (Denollet et al., 2010; Mols & Denollet, 2010; Versteeg et al., 2012). 

We illustrated the steps in defining LVMMs, and explained how to decide between 

competing LVMMs. We estimated three different LVMMs on a large community 

sample that completed the DS14 (Denollet, 2005). The models represented different 

conceptions of Type D personality. The first conception represented a purely 

dimensional view of distressed personality. Given this view, persons cannot be 

arbitrarily placed in a type D and a non-type D class. The second conception 

represented a hierarchical categorical view, meaning that persons are assigned to a 

type D or a non-type D class based on their estimated latent variable scores on 

negative affect and social inhibition. The third conception also represents a categorical 

view of distressed personality, but with class assignment directly inferred from the 

item scores. The results indicated some evidence for the hierarchical view of 

distressed personality with a Type D class and a non-Type D class. However, the 

between-class differences were small compared to the within-class variability. A 

follow-up simulation study on the power and sensitivity of the fit indices to find 

separate classes showed that a combination of fit indices performed moderately well 
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in detecting such classes if they indeed exist. Overall, our findings warrant further 

research on both the categorical and dimensional approach to Type D personality. 

Future research may focus on improved methods to gauge the within-class and 

between-class differences within latent variable mixture modeling to aid substantive 

interpretation. 

 In chapter 5, we applied LVMMs to study whether there is empirical support for 

subtypes of alexithymia (Bermond et al., 2007; Moormann et al., 2008; Vorst & 

Bermond, 2001) using data from a large student sample. Alexithymia is a complex 

multifaceted attribute that is defined by the combination of five continuous 

dimensions, which are emotionalizing, fantasizing, identifying, verbalizing, analyzing 

of emotions (Vorst & Bermond, 2001). Moreover, an affective and cognitive second-

order dimension were introduced to explain the association between the five 

dimensional components. Based on the affective and cognitive dimensions, different 

theories of alexithymia subtypes were suggested (Bermond et al., 2007; Moormann et 

al., 2008; Vorst & Bermond, 2001). Using LVMMs, we estimated models that explain 

first-order dimensional differences in alexithymia and assume a higher-order 

categorical structure. We followed the same model-building steps as in Chapter 4 by 

expanding the LVMM with higher-order categorical and continuous latent variables. 

However, the models testing the hypotheses about subtypes based on the cognitive 

and affective component were too complex to be estimated. Based on the models that 

were estimated at the level of the first-order alexithymia dimensions and based on the 

inspection of the class-specific profiles, we found support for a four-class solution. 

With the exception of the lexithymic subtype, which would have shown low scores on 

all affective and cognitive dimensions, four-class specific profiles were consistent with 

the subtypes proposed by Moormann et al. (2008). We concluded that there is weak 

evidence but no clear support for the subtypes of alexithymia proposed by Moormann 

et al. (2008).  

In this dissertation, we explored whether taxometrics and LVMMs are suitable 

methods for distinguishing dimensional from categorical psychological attributes. We 

conclude that taxometrics is not a suitable method for solving the classification 

problem in psychology due to several important issues. Notably, taxometrics does not 

allow one to model dimensional variation within classes, which may represent a 

substantively meaningful factor structure. Moreover, the usefulness of taxometrics in 

psychopathology is limited, because the method does not detect taxonicity well in 

clinical scales. LVMMs are model-based and thus allow researchers to test hypotheses 

regarding the factor structure within classes. Whereas the distinction between 

categories and dimensions is very definitive in taxometrics, this difference is more 

gradual in LVMM, thus rendering the classification debate less black and white. 

However, when LVMMs are too complex, this may also lead to estimation problems. 

Researchers should be aware of issues concerning taxometrics and LVMMs and should 

always make their choice of statistical method based on the type of group differences 

that that they expect theoretically. 
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Dankwoord 
Geen proefschrift komt tot stand zonder de begeleiding, hulp en steun van 

anderen. Ik neem daarom de gelegenheid om een aantal mensen te bedanken.  

Allereerst wil ik graag mijn dank uitspreken naar mijn promotors en 

copromotor, zonder wiens begeleiding dit proefschrift niet tot stand was gekomen. 

Klaas, ook al zijn we het niet altijd met elkaar eens geweest, ben ik je begeleiding 

zeer dankbaar. Je bewaarde de rust aan het begin van het project en adviseerde me 

geregeld om mijn ideeën op te schrijven om zo mijn gedachten te ordenen, wat 

uiteindelijk heeft geleid tot de eerste twee artikelen. Je kritische blik, je oog voor 

detail hebben alle papers scherper en helderder gemaakt. Ik wil je ook graag  

bedanken voor je harde werk aan het eind van het project waardoor ik alles op tijd 

heb af kunnen ronden.  

Wilco, ik heb ontzettend veel aan je gehad als dagelijkse begeleider en ik wil je 

heel erg bedanken voor al het harde werk dat je verzet hebt om dit proefschrift te 

maken tot wat het is geworden. Ik kon altijd bij je binnen lopen en je was zeer 

betrokken bij al mijn projecten, ook als je omkwam in het onderwijswerk. Ik heb veel 

geleerd van je technische kennis van psychometrische modellen. Wat ik ook erg leuk 

vind is dat ondanks dat we totaal verschillende persoonlijkheden hebben en dat jij 

niks met Amsterdam hebt en ik niks met Tilburg heb, we toch bijzonder goed door 

één deur konden. Daarom ook ontzettend bedankt voor de gezelligheid! 

Jelte, het was erg fijn om je er bij te hebben als promotor. Wanneer Klaas en 

Wilco niet beschikbaar waren kon ik op je rekenen als vliegende keep. Het was voor 

mij als nieuweling in Tilburg ook erg fijn dat ik één van mijn begeleiders al kende 

vanuit mijn tijd op de Universiteit van Amsterdam. Ik kon me vaak goed vinden in je 

‘Amsterdamse’ visie en pragmatische oplossingen. Daarnaast kon ik ook altijd 

rekenen op je razend snelle feedback op mijn artikelen. Jelte, heel erg bedankt voor 

je begeleiding.  

Naast de begeleiders wil ik ook een aantal anderen bedanken. Allereerst wil ik 

mijn paranimfen, ‘der’ Florian en Alexander, bij voorbaat bedanken voor de steun 

tijdens de verdediging. Ik wil jullie ook erg bedanken voor het werk dat jullie mij uit 

handen hebben genomen in de organisatie rondom de promotie. Florian, bedankt 

voor je vriendschap, je “lessen” Duits en de gezellige avonden waarop we zijn wezen 

stappen. Ook al woon ik ver van Tilburg en zien we elkaar niet meer op werk, twijfel 

ik niet dat we elkaar zullen blijven zien. Alexander, je was mijn vaste thuiswerk 

partner in Amsterdam  op de woensdagen. De ochtenden en middagen in de Coffee 

Company op Javaplein of de Jonge Admiraal waren altijd heel relaxt. Het was heel fijn 

om bij je terecht te kunnen als mijn project even niet zo lekker liep, of om gewoon 

een goeie wetenschappelijke discussie te voeren. Hopelijk kunnen we deze 

thuiswerktraditie voortzetten. 



 

 

132 

 

Dan nu een hele grote shout out naar mijn roomies, Miggel (Michéle), Flore 

(Paulette) en Coosje. Van begin tot eind hebben wij het PhD avontuur samen 

beleefd. We hebben samen drie verschillende kamers versleten waar het overal heel 

gezellig was. Ik heb altijd genoten van alle laatste roddels en ontwikkelingen in de 

wereld van fraude, QRPs en stereotype threat. Ik wil jullie vooral heel erg bedanken 

voor alle hulp en steun die jullie me hebben gegeven wanneer ik het nodig had, ik 

heb daar heel veel aan gehad. Ik zal de weekend besprekingen op maandag, de 

cadeautjes op onze verjaardagen die we maanden later gaven, maar ook de 

paardenlamp en de mannenslinger erg missen. Ik weet zeker dat jullie het nog ver 

zullen schoppen in de wetenschap! 

Daarnaast wil ik ook de rest van mijn collega’s in Tilburg heel erg bedanken 

voor de leuke tijd. Ik heb mijn collega’s altijd een van de leukste aspecten aan mijn 

werk gevonden. Ook al kwam ik van boven de rivieren, ik heb me door jullie altijd 

heel erg thuis gevoeld in Tilburg. Ik heb met de andere PhD’s erg genoten van de 

borrels, de boswandelingen, de IOPS congressen en het slappe geouwehoer bij de 

koffie automaat. Pieter, we zijn samen naar aardig wat congressen geweest en 

hebben vaak de kamer gedeeld. Bedankt voor de gezelligheid! Verder wil ik Andries, 

Jesper, Pieter, Luc, en Paul bedanken voor de fijne samenwerking bij testtheorie. 

Geert, Robbie, Michèle, Coosje, Paulette, Pieter en Jelte, bedankt dat ik jullie pc’s 

kon gebruiken om mijn eindeloze simulaties te draaien. Dank ook aan Jelte, Jesper, 

Pieter, Paulette, Wilco, Guy, Eva, Eva, Paul, Marjan, Elise, Zhengguo en Ruslan voor 

jullie feedback in de psychometrie groep. Ook nog een bedankje aan Joris, Pieter, 

Mattis, Coosje, Niek, Eva, Jesper, Laura en andere collega’s die ik vergeet voor jullie 

gezelschap in de trein tijdens de lange ritten naar huis. 

Ik wil graag ook de vrienden bedanken met wie ik het geregeld over mijn 

project heb gehad. Tim, Joyce en Bob, bedankt voor jullie luisterend oor, steun en 

advies. Mats, jij ook bedankt hiervoor en voor je gezelschap wanneer je op woensdag 

bij Alexander en mij aansloot in de Coffee Company. Ook niet te vergeten de rest van 

de Boco, HHL, de Eetclab, de Houtense happen, de Reurisk en de rest van mijn 

vrienden. Ook jullie allemaal bedankt voor jullie luisterend oor, steun en advies. Jullie 

zijn allemaal top vrienden.  

Hier nog een speciaal bedankje voor Daniel, die de cover van dit proefschrift 

ontworpen heeft. Ook al was je mega druk, je hebt toch de tijd genomen om dit voor 

mij te doen en je hebt er echt wat cools van gemaakt. Thanks man! 

Ik wil ook graag mijn ouders en mijn zus bedanken voor de support en het 

advies de afgelopen vier jaar. Ik heb me altijd gesteund gevoeld door jullie in mijn 

keus om te gaan promoveren en jullie zijn altijd betrokken geweest bij hoe het me 

afging in Tilburg. Ook in mijn keus om buiten de wetenschap verder te gaan werken 

voel ik me door jullie gesteund. Ook mijn schoonouders wil ik bedanken voor de 

support die zij mij gegeven hebben.  



 

 

133 

 

Last but not least wil ik mijn vriendin Manon bedanken voor alles. Toen ik voor de 

keuze stond om aan dit project in Tilburg te beginnen wisten we beiden dat het niet 

altijd makkelijk zou gaan worden. Een PhD project gaat nou eenmaal gepaard met 

ups en downs en daarnaast zou er nog flink wat reistijd bij komen die beslag zou 

leggen op onze tijd samen. Toch heb je me toen en de rest van de vier jaar altijd 

onvoorwaardelijk gesteund, ook al vond jij het ook niet altijd makkelijk. Ik heb heel 

veel gehad aan je advies wanneer het niet lekker liep en ik heb ook veel bewondering 

voor het geduld dat je meestal op kon brengen als ik vertelde over mijn dag, wat 

vaak bestond uit het debuggen van R code of het oplossen van ander technisch 

geneuzel. Daarnaast stond er ook altijd een warm bord eten op me te wachten als ik 

thuis kwam, wat heel erg fijn was. Toen ik de laatste maanden erg druk was met de 

afronding van mijn proefschrift heb je me altijd mijn gang laten gaan en steunde je 

me ook weer onvoorwaardelijk, ook al hadden we toen niet zo veel tijd voor elkaar. 

Het harde werken werd gelukkig beloond, waarna we drie maanden alle tijd voor 

elkaar hadden op onze te gekke reis naar Zuid-Amerika. Ik heb weer heerlijk genoten 

met jou en ook al zijn we nu weer thuis en gaat alles weer z’n gangetje, ben ik blij dat 

je mijn vriendin bent. I love you. 

 

 

 


