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Abstract 

Sexual scientists must choose from among a myriad of methodological and analytical approaches 

when investigating their research questions. How can scholars learn whether sexualities are 

discrete or continuous, how is sexuality constructed, and to what extent sexuality-related groups 

are similar or different from one another? Though commonplace, quantitative attempts at 

addressing these research questions require users to possess an increasingly deep repertoire of 

statistical knowledge and programming skills. Recently developed open-source software offers 

powerful, yet accessible, capacity to researchers wishing to perform strong quantitative tests. 

Taking advantage of these new statistical opportunities will require sexual scientists to become 

familiar with new analyses, including taxometric analysis, tests of measurement variability and 

differential item functioning, and equivalence testing. In the current paper, I discuss each of 

these analyses, providing conceptual and historical overviews. I also address common 

misunderstandings for each analysis that may discourage researchers from implementing them. 

Finally, I describe current best practices when using each analysis, providing reproducible 

coding examples and interpretations along the way, in an attempt to reduce barriers to the uptake 

of these analyses. By aspiring to explore these new statistical frontiers in sexual science, 

sexuality researchers will be better positioned to test their substantive theories of interest.  

Key words: Bayes Factors; DIF; equivalence testing; invariance; latent variables; measurement; 

taxometrics; theory testing 
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Expanding Statistical Frontiers in Sexual Science:  

Taxometric, Invariance, and Equivalence Testing 

Sexual science is tricky business. Lying at the intersection of medical science, social 

science, and the humanities, sexual scientists are in the somewhat unenviable position of 

attempting to make sense of one of the strongest—and most politicized—bases of human 

connection and meaning-making. All the while, we strive to achieve a sufficient (if not 

masterful) level of competency in the multi-disciplinary offerings of theories, methodologies, 

and means of data analysis (Wiederman & Whitley, 2002). It is an exciting, if not occasionally 

overwhelming, aspiration. 

For better or worse, much of sexual science has been conducted using a quantitative 

approach–ever since the earliest days in our field (e.g., Broderick, 1966)–in which researchers 

have attempted to infer generalizable qualities and patterns of association based on samples of 

collected data. Sexual scientists have certainly come a long way in terms of the sophistication in 

the methods of statistical inference that they use (e.g., Tabachnick & Fidell, 2012). Yet 

quantitative analysis is only one of many scholarly “languages” within sexual science, and it can 

be difficult for a multi-disciplinary field like ours to keep pace with methodological 

developments in any one area when there are so many ways of doing research to which we must 

attend. 

Methodological developments within quantitative psychological science have been 

particularly fast-moving in recent years, yielding and improving upon a number of techniques 

that could be used to produce new and informative insights on reoccurring research questions in 

sexual science. In the present review, I attempt to describe some of these new and improved 

statistical techniques, discuss their relevance for sexual science research questions, and provide 

instruction on the major analytic considerations to which sexual scientists must attend when 
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attempting to use these techniques. In doing so, I supply readers with analytic aids in the hopes 

of making it easier for sexual scientists to expand their methodological toolboxes to feature these 

exciting techniques. 

Recurring Research Questions in Sexual Science 

A review of all the emerging and improving statistical techniques that could be applied to 

sexual science would be, in a word, overwhelming. I therefore focus this review on three broad 

types of research questions that I see as recurring throughout the history of sexual science, which 

correspond to three new (or improved) forms of statistical modeling. These include: 

1. Are sexuality-related constructs best understood as discrete categories, or continuous 

dimensions? (analysis: taxometrics) 

2. How is sexuality constructed? (analysis: invariance testing) 

3. To what extent are sexuality-related groups similar to one another? (analysis: equivalence 

testing) 

These research questions and analytic techniques can be further understood as being 

situated in different locations within the trajectory of a research program, corresponding roughly 

to: (1) developing a rough, broad sense of the measurement structure of a construct; (2) 

understanding that construct’s measurement structure with a greater level of detail and nuance; 

and (3) testing theoretical claims about patterns of covariation between the construct and other 

variables. As I will later detail, these reoccurring questions in sex research (and their affiliated 

quantitative analytic techniques) are not only interesting in their own right, but are also crucial 

elements in the logical derivation chain required for more substantive theory testing (Meehl 

1990a, 1990b) that are often ignored in, or omitted from, most sexual science programs of 

research.  

Quantitative vs. Qualitative Approaches 
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That I elect to focus in this review on quantitative approaches to pursuing the described 

reoccurring research questions described above should not be confused to imply that quantitative 

approaches are the only or best approaches. Quantitative researchers are sometimes guilty of 

presuming that statistical forms of data analysis are somehow more “objective” and “scientific” 

than qualitative approaches, which they may view to be limited by the subjective decision 

making of the analyst and as bogged down in matters of philosophical minutiae. This kind of 

belief, however, is simply mistaken, and is not fair to our qualitative colleagues who are typically 

more transparent than their quantitative counterparts about the subjectivity and philosophical 

underpinnings of their analyses (e.g., Braun & Clarke, 2012; Gergen, Josselson, & Freeman, 

2015). 

Are quantitative approaches more objective than qualitative approaches? Evidence 

from meta-scientific research calls into question the ostensible “objectivity” of quantitative data 

analysis. There are numerous “researcher degrees of freedom” (see Wicherts et al., 2016) that 

scholars use across the research process–sometimes inadvertently, sometimes deliberately–to 

errantly increase the likelihood of an analysis (or set of analyses) yielding a significant effect 

(Agnoli, Wicherts, Veldkamp, Albiero, & Cubelli, 2017; John, Loewenstein, & Prelec, 2012). 

Different statistical approaches also often require researchers to choose from among numerous 

analytic options for model specification and estimation (e.g., Sakaluk & Short, 2017), leaving 

researchers with several layers of subjective flexibility. 

Are quantitative approaches less philosophically preoccupied than qualitative 

approaches? Even when quantitative researchers are constrained and make principled decisions 

with respect to their methodology and analytic approach, they are not immunized from 

considering–and locating their research within–thorny philosophical territory (e.g., defining what 

constitutes “truth”). Though beyond the scope of this review to discuss in detail, I offer the 
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following example of selecting among models of psychological measurement as a case where 

philosophy comes to bear on statistical practices. 

Sexual scientists interested in assessing a psychological construct, such as when using a 

self-report-based survey, could choose among different theories of psychological measurement, 

including classical test theory (Lord & Novick, 1968; Novick, 1966), latent variable theory 

(Spearman, 1904), and representational measurement theory (Narens & Luce, 1986). Though a 

seemingly innocuous consideration, Borsboom (2005) argued convincingly that each model is 

only defensible under different ontological positions (i.e., theories of the nature of being). 

Specifically, Borsboom (2005) stipulated that classical test theory is only justifiable under an 

operationalist perspective (i.e., that theoretical entities are equivalent to the methods used to 

measure them, Bridgeman, 1927), latent variable theory under a realist perspective (i.e., that the 

measured entities are, in fact, “real”, Devitt, 1997), and representational measurement theory 

under anti-realist perspectives such as instrumentalism (Toulmin, 1953), constructionism 

(Gergen, 1985; Hacking, 2000), and positivism (Carnap, 1956), which would suggest that 

measured entities are merely usual fictions for understanding the world, and/or need not be how 

they are currently understood to be. In other words, each of the (radically) different philosophical 

positions on the meaning of psychological variables should dictate to which quantitative model 

of psychological measurement a researcher aligns themselves. 

Why use quantitative approaches at all? If quantitative approaches to sexual science 

are not consistently more objective or any less philosophically preoccupied than approaches that 

are qualitative, why should a sexual scientist be motivated to adopt a quantitative approach to the 

reoccurring questions I have described? The strength of quantitative approaches, in my opinion, 

is that they uniquely enable researchers to estimate the (in)frequency or magnitude of things–a 

valuable form of descriptive research–and to predict future events while formally comparing the 
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predictive capacity of competing theories. These features make quantitative approaches a 

potentially powerful route for subjecting theories to falsifying tests, though the process of high-

quality quantitative theory testing is often more complicated than it first appears (see Meehl, 

1990a, 1990b). Quantitative approaches also enable researchers to describe other aspects of the 

phenomena they study and to test models explaining those phenomena, but these goals can also 

be–and are sometimes better–pursued using qualitative approaches (see Gergen et al., 2015). 

Still, many sexual scientists are interested in matters of estimation and prediction, and for those 

pursuits, quantitative approaches excel.  

The Present Methodological Review 

Throughout the remainder of this review, I discuss three broad classes of statistical 

analyses (taxometric, measurement invariance, and equivalence testing) corresponding to the 

recurring research questions in sexual science, with each section following a repeating 

organizational structure. I first provide overviews of a given analysis (including historical and 

contemporary references), followed by a brief description of its history of usage in sexual 

science in which I typically emphasize the presence (or absence) of these techniques being used 

in articles published within the Journal of Sex Research (JSR) and Archives of Sexual Behavior 

(ASB). These are widely-read journals that I think serve as reasonable convenience samples to 

appraise methodological trends in generalist sexual science. I then identify and clarify 

misunderstandings that are common to the analysis, before discussing best practices in its 

implementation, and providing a reproducible example analysis and interpretation of key 

statistical output.  

My coverage of each of the three analyses I have selected is potentially beyond the 

capacity of what a complete novice might be able to implement immediately, while 

simultaneously still leaving much to be learned for the more experienced analyst. This review is 



Running head: STATISTICAL FRONTIERS IN SEXUAL SCIENCE 8 

therefore for everyone, and no one, in particular. It is my hope that novices will find it a gentle 

introduction to new types of analyses while also providing them with a selection of 

methodological literature that they could use to further scaffold their understanding and 

application. Meanwhile, for those who are more experienced and in search of more technical 

details, I hope that some of the analytic resources and references discussed throughout this will 

nonetheless help to deliver an increased depth of understanding. In the bibliography I have 

therefore attempted to guide readers to references that may be of interest (and accessible) to 

readers of either level, as well as highlighting those that provide analytic resources, and those 

that constitute more “classic” references in the methodological literature. 

Given the heavy emphasis on the “doing” of statistics in this review, I will demonstrate 

the analyses by performing them on an example data set of the Sexual Compulsivity Scale (SCS) 

(Kalichman & Rompa, 1995), provided by the Open Source Psychometrics Project (2018). These 

analyses make use of the open-source, cross-platform statistical program R (R Core Team, 

2017), including freely-available external packages (for more specialized analyses) provided by 

leading developers. As R is a syntax-based statistical analysis program, I provide a set of 

supplementary scripts (one for general data importation and manipulation needs, and one for 

each type of analysis) which can be found on the Open Science Framework project for this 

review (https://osf.io/ug5hn/). Through providing these supplementary materials, I hope to help 

demystify R for those who are new to it, by demonstrating that its powerful statistical 

functionality does not always demand that users possess complex programming skills. 

Citing R and R packages. R and its packages (downloadable functions that expand R’s 

base functionality) are provided, free of charge, by talented and generous developers; it is 

therefore essential to cite R packages whenever possible to ensure developers (often fellow 

academics) get the credit they deserve. In preparing this manuscript, I used R (Version 3.4.2; R 
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Core Team, 2017) and the R-packages BayesFactor (Version 0.9.12.2; R. D. Morey & Rouder, 

2015), coda (Version 0.19.1; Plummer, Best, Cowles, & Vines, 2006), dplyr (Version 0.7.4; 

Wickham, Francois, Henry, & Müller, 2017), forcats (Version 0.2.0; Wickham, 2017a), ggplot2 

(Version 2.2.1; Wickham, 2009), lavaan (Version 0.5.23.1097; Rosseel, 2012), Matrix (Version 

1.2.11; Bates & Maechler, 2017), papaja (Version 0.1.0.9709; Aust & Barth, 2018), psych 

(Version 1.8.3.3; Revelle, 2018), purrr (Version 0.2.4; Henry & Wickham, 2017), readr 

(Version 1.1.1; Wickham, Hester, & Francois, 2017), RTaxometrics (Version 2.2; Ruscio & 

Wang, 2017), semTools (Version 0.4.14; semTools Contributors, 2016), stringr (Version 1.3.0; 

Wickham, 2018), tibble (Version 1.4.2; Müller & Wickham, 2018), tidyr (Version 0.8.0; 

Wickham & Henry, 2018), tidyverse (Version 1.2.1; Wickham, 2017b), and TOSTER (Version 

0.3.3; Daniel Lakens, 2017) for all of the analyses and data visualization, and even the 

preparation of the initial draft of this manuscript. 

In-text examples and data description. I also provide in-text samples of key syntax, 

when details of code are important to refer to. Readers wishing to follow along as a hands-on 

tutorial of sorts should have R and R Studio installed, and the folder of supplementary materials 

opened. Readers should then open the ARSR Stats Review.Rproj file, followed by the Data 

Preparation.R script. The example data from the SCS can then be imported and saved into R in a 

data frame object named (arbitrarily) scs.dat: 

scs.dat = read.csv(file = "./Data/scs.csv") 

The data frame contains responses from n = 3230 participants to the 10 SCS items (Q1 - 

Q10), rated on a 4-point scale (1 = not at all like me, 4 = very much like me). The data frame also 

already contains a sum-score of participants’ responses to the SCS items, as well as their 

described gender/sex (van Anders, 2015) (malen = 2200, femalen = 1015, othern = 15) and age 

(M = 31.27, SD = 20.64). 
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Categorical vs. Continuous Sexuality Constructs: Taxometric Analysis 

Males do not represent two discrete populations, heterosexual and homosexual. The 

world is not to be divided into sheep and goats. Not all things are black nor all things 

white. It is a fundamental of taxonomy that nature rarely deals with discrete categories. 

Only the human mind invents categories and tries to force facts into separated pigeon-

holes. The living world is a continuum in each and every one of its aspects. The sooner 

we learn this concerning human sexual behavior, the sooner we shall reach a sound 

understanding of the realities of sex. (Kinsey, Pomeroy, & Martin, 1948, p. 639) 

Overview of Taxometric Analysis 

Taxometrics are at the heart of the iconic quote of Kinsey et al. (1948); it is a form of data 

analysis that can be used to help answer the question of whether a set of observed scores are best 

understood as the product of an underlying set of discrete latent categories (i.e., classes, or 

profiles), or rather, one or more continuous latent dimensions (i.e., factors). That is, sexual 

scientists are rarely interested in studying the individual items that may collect from a particular 

self-report measure (e.g., the SCS); instead they are interested in studying the unobservable 

construct (i.e., the latent variable, e.g., sexual compulsivity) that is reflected in those items. 

Researchers can then use advanced forms of latent variable modeling (e.g., structural equation 

modeling, mixture modeling) to perform more conceptually precise and statistically powerful 

tests of their predictions, with latent (instead of observed) variables serving as the inputs and 

outputs of analysis. A researcher interested in the exemplar sexual compulsivity data, for 

example, might attempt to model responses to the 10 items as reflecting an underlying 

continuum of sexual compulsivity (a more variable-focused analysis, yielding a dimension 

somewhere along which everyone would be expected to fall), or conversely, as reflecting a finite 
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set of sexual compulsivity categories (a more person-focused analysis, yielding potential groups 

such as high SCS and low SCS). 

Categorical forms of latent variable analysis include latent class analysis (LCA, Collins & 

Lanza, 2009; McCutcheon, 1987), latent profile analysis (LPA, Pastor, Barron, Miller, & Davis, 

2007), and latent transition analysis (LTA, Collins & Lanza, 2009). Cluster analysis (CA, 

Clatworthy, Buick, Hankins, Weinman, & Horne, 2005; Sokal & Sneath, 1963) bears a 

superficial similarity to these analyses too, in that it is used to group observations into a set of 

clusters, though it does not attribute the cause of the clustering to some unobserved underlying 

latent variable. 

Continuous forms of latent variable analysis, meanwhile, include exploratory and 

confirmatory factor analysis (EFA/CFA, Brown, 2014; Fabrigar & Wegener, 2012; Spearman, 

1904; Thurstone, 1947) and item response theory (IRT) models (de Ayala, 2009; Masters, 1982; 

Rasch, 1960). Principal component analysis (PCA, Hotelling, 1933) is superficially alike these 

analyses, though it is not based upon a formal latent variable model. 

But while different forms of latent variable analysis have a long history of usage in 

sexuality research (e.g., Sakaluk & Short, 2017), the decision to either model categories over 

dimensions (e.g., using LPA instead of CFA) or dimensions over categories (e.g., using IRT 

instead of LCA) has typically been made by researchers without the use of any quantitative 

evidence to inform their decisions. Rather, sexual scientists seem to default to the latent models 

with which they are most familiar, seem the most intuitive, and/or are easiest to implement in 

their statistical software of choice (for a similar observation made in a different field, see Meehl, 

1979). All, I believe, may be reasons why factor analyses dominate in sexual science relative to 

other forms of latent variable analysis. 
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Development of Taxometric Analysis Techniques. Taxometric analysis methods 

introduced by Paul Meehl and his colleagues (Meehl, 1992, 1999; Meehl, 1995; Meehl & Yonce, 

1994, 1996; Waller & Meehl, 1998) were designed to enable researchers to make the decision to 

model latent dimensions or latent categories in a manner informed by the quantitative data. That 

is to say, latent dimensions and latent categories have different “signatures” or “finger prints” 

that are detectable in patterns of covariation between observed variables. Borsboom et al. (2016), 

for example, argued that if the underlying latent structure (e.g., for sexual compulsivity) is 

continuous, the correlation between two affiliated observed variables (e.g., SCS Item 1 and SCS 

Item 2) should be relatively consistent across levels of a third affiliated observed variable (e.g., 

SCS Item 3). If, conversely, the underlying latent structure is categorical, then the pattern of 

covariation between two affiliated observed variables across levels of a third affiliated observed 

variable will be inconsistent. Though there are different approaches to conceptualizing the 

continuous-ness or categorical-ness of a set of variables, which I discuss in greater detail later, 

each is essentially attempting to capture with which pattern the data are most compatible. 

Further refinements to taxometric analytic methods have been contributed primarily by 

Ruscio, Ruscio and their colleagues (Ruscio & Kaczetow, 2009; Ruscio & Ruscio, 2004a; 

Ruscio, Carney, Dever, Pliskin, & Wang, 2017; Ruscio, Ruscio, & Meron, 2007; Ruscio, 

Walters, Marcus, & Kaczetow, 2010). With only a few lines of code, contemporary forms of 

taxometric analysis (for overviews see Borsboom et al., 2016; Ruscio & Ruscio, 2004b, 2008; 

Ruscio, Haslam, & Ruscio, 2006) are able to provide users with both empirical and 

computationally rigorous simulation-based evidence of categorical versus dimensional structure, 

as well as rich visualizations to aid interpretation (Ruscio & Wang, 2017). 
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Why is determining latent structure important? Views on the structure of sexuality-

related variables, like those advanced by Kinsey et al. (1948), can be framed as quantitative 

questions in search of quantitative evidence. But are there substantive reasons for sexual 

scientists to begin their exploration of a latent construct by performing taxometric tests, beyond 

simply being able to do so? It seems there are. According to Ruscio et al. (2006), latent structure 

has important implications for how sexual scientists should theorize, measure their constructs of 

interest, and analyze their data (for a summary, see Table 1). Latent structure also matters if 

sexual scientists wish to design interventions targeting a particular construct. 

Social scientists typically specify reflective or common-cause latent variable models, 

which suggest that variation in observed indicator scores reflect or are caused by variation in an 

underlying latent variable. By distinguishing whether the underlying causal force(s) are 

categorical or continuous, taxometric analyses can therefore offer sexual scientists clues about 

preceding variables in their theoretical causal chain. Specifically, Ruscio et al. (2006) suggested 

that stronger, more isolated preceding causal variables (e.g., a particular gene, or powerful 

emotional experience, passing a particular threshold of resiliency, etc.) are needed to produce 

fundamental differences in kind (i.e., categories), whereas multiple smaller causal forces work 

together to produce incremental differences in degree (i.e., along a continuum). 

Taxometric analyses are also useful guides for guiding measurement decisions. With 

underlying continuous latent factors, researchers must use many varied indicators in order to 

assess and discriminate between participants all along the latent continuum. When assessing a 

group of latent categories, conversely, researchers can deploy efficient measures of indicator 

variables–perhaps only a handful–that discriminate categorical levels at their boundaries (Ruscio 

et al., 2006). 
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Analysis of data also depends, in part, on latent structure (Borsboom et al., 2016; Ruscio 

et al., 2006). After latent structure has been determined, researchers must use a different latent 

variable modeling approach when analyzing latent dimensions (e.g., traditional structural 

equation modeling) versus latent categories (e.g., mixture modeling). Researchers failing to 

adequately model the continuous or discrete nature of their latent variables of interest will risk 

making errors in statistical conclusions drawn from their inferential tests. 

Finally, taxometric analysis can inform the way sexual scientists design interventions for 

the processes they study. Much in the same way that taxometrics offer researchers clues about 

the magnitude of causal forces driving variation in their latent construct(s), so too does 

taxometrics suggest something about what kinds of intervention will be required to successfully 

shift a participant’s standing on the latent variable. That is, when attempting to shift an 

individual’s level of a latent category, sexual scientists will likely need to come equipped with an 

extremely specific and powerful intervention strategy, whereas shifting an individual’s standing 

on a latent dimension may require a more modest and generalizable intervention. 

History of Taxometric Analysis in Sexual Science 

The history of formal taxometric analyses in sexual science is relatively short, and mostly 

a recent development. One of the earliest exemplars of sexuality-focused taxometric analyses 

appears in the work on sexual offenders by Knight and Prentky (1990), who argued: 

Understanding the taxonomic structure of a deviant population is the keystone of theory 

building and the cornerstone of intervention. It provides a pivotal underpinning for 

research on a population…failure to take the taxonomic structure of a population into 

account can lead to serious practical, methodological, and theoretical errors. (p. 23) 

Despite the call for a greater role for taxometrics in sexual science, taxometrics was 

mostly absent from mainstream sexual science for nearly the next two decades (see Haslam, 
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1997 for an exception), eventually reemerging within the clinical literature on sexual offenders 

(Hanson, 2010; Knight, 2010; Mackaronis, Strassberg, & Marcus, 2011; Seto, 2008) and debates 

regarding gender identity and sexual orientation (Lawrence & Bailey, 2009; Veale, Clarke, & 

Lomax, 2008). Perhaps as a result of taxometric analyses becoming easier to conduct in 

statistical software (Ruscio et al., 2006), there appears to be a recent increase in the frequency of 

taxometric analyses appearing in journals like Archives of Sexual Behavior and Journal of Sex 

Research. Though I see this as largely a positive development, the subject matter of these 

taxometric investigations remains almost exclusively clinical (e.g., Graham, Walters, Harris, & 

Knight, 2016; Longpré, Guay, Knight, & Benbouriche, 2018; Stephens, Leroux, Skilling, Cantor, 

& Seto, 2017; Veale, 2014). There is also a tremendous amount of non-clinical sexual science in 

which latent variables are proposed, explored, and confirmed (see Milhausen, Sakaluk, Fisher, 

Yarber, & Davis, 2019), yet taxometric analyses are curiously absent from these investigations–a 

point I return to in the general discussion. 

Common Misunderstandings Regarding Taxometric Analysis 

Why have latent dimensional models (e.g., factor analysis) dominated within sexual 

science without corresponding taxometric evidence? Barriers in software implementation have 

surely played a role. But more substantively, I think the discipline-wide preference for latent 

dimensional models reflects some combination of various misunderstandings of latent 

categorical (versus latent dimensional) models that motivate an innocuous assumption of 

continuity, if not an active resistance to addressing the looming taxometric question. Some of 

these misunderstandings appear to be byproducts of the legacy of the research by Kinsey et al. 

(1948), while others appear to be a product of intuitive, but mistaken beliefs about the benefits of 

continuity, or philosophical schisms in sexual science. 
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Misunderstanding #1: Latent categorical models imply less diversity. As Kinsey et al. 

(1948) suggested, perhaps the world is not to be divided into sheep and goats, but what if we 

added cattle, pigs, chicken, and other animals to the categorical farm? Following Kinsey et al. 

(1948), sexual scientists seem to think that categorical solutions in concept translate to 

measurement dichotomies in practice—a  potentially inaccurate conflation that is made by both 

those objecting to categorical solutions (e.g., Ellis, Burke, & Ames, 1987; Epstein & Robertson, 

2014; Lorber, 1996; Savin-Williams, 2016) and those promoting them (e.g., Bailey et al., 2016). 

Lorber (1996) provided a prototypical argument of this kind, in which categorical and 

dichotomous structure are treated synonymously: 

But this variety, this continuum of physiological sex cannot be ignored. Sociologists may 

not want to explore the varieties of biological and physiological sexes or the psychology 

of the hermaphrodite, pseudohermaphrodite, or transsexual, but the rationales given for 

the categorization of the ambiguous as either female or male shed a great deal of light on 

the practices that maintain the illusion of clear-cut sex differences. (p. 148, emphasis 

added) 

Categorical solutions are therefore sometimes presumed to ignore or obscure diversities in 

sexualities. This is not necessarily the case. 

When a researcher fits a factor analysis model to a set of variables, they have some 

agency regarding how many factors to extract (Fabrigar & Wegener, 2012); the same is true of 

the researcher fitting a latent class or profile model in terms of how many discrete groups to 

model (Collins & Lanza, 2009). The question is then how many factors or classes are needed to 

adequately model the patterns of covariation between variables in a sample? The answer–in both 

sexual science, and abroad–is often more than one or two, especially when there is a reasonably 

large sample and a number of observed variables to analyze. Dichotomized class models, 
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therefore, would likely be suboptimal and obscurant of sexual diversity versus multidimensional 

factor models (e.g., a four-factor solution) in a number of instances, but there are many examples 

of latent categorical models with three (e.g., Davis et al., 2014; Rice, Norris Turner, & Lanza, 

2017), four (e.g., Card et al., 2018; Grov et al., 2015; King, Belsky, Mah, & Binik, 2011; 

Masters et al., 2015), five (e.g., Barra, Bessler, Landolt, & Aebi, 2017), and six (e.g., Thorsen, 

2018; Vasilenko, Kugler, & Lanza, 2016) discrete classes. In other words, though it is certainly 

the case that sexualities are diverse, and dichotomous models of sexuality are likely suboptimal, 

it remains unclear (and a somewhat separate question) whether this diversity is better captured 

statistically through the specification of discrete categories or continuous dimensions. 

This misunderstanding is sometimes further compounded by an auxiliary 

misunderstanding that latent categories must be mutually exclusive—with no overlap of 

experiences between categories (e.g., Savin-Williams, 2016). Although mutually exclusive 

categories could be the case in any given investigation, it is not a forgone conclusion or a 

consistent difference between models of latent categories and models of latent dimensions. Both 

types of models can yield categories or dimensions that are correlated with one another, and/or 

which have cross-loading variables that are valid indicators of more than one latent category or 

dimension. 

Misunderstanding #2: Latent categorical models are less accurate. Another common 

line of argumentation against latent categorical models of sexuality is that they fail to classify 

some number of cases within a sample and are therefore deemed inadequate. Usually, 

researchers taking this position (e.g., Savin-Williams, 2014) point to instances when some non-

zero percentage (e.g., 5%) of their sample either does not identify with a set of finite categories 

(e.g., heterosexual, bisexual, gay/lesbian), and/or selects an intermediate response option on a 

continuously scored version of the variable (e.g., scoring a 2 on a Kinsey scale, Kinsey et al., 
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1948). Though a latent categorical model is potentially undesirable in situations such as these, it 

is not necessarily undesirable, and proponents advancing this position often risk making some 

form of fallacious argument in the course of advocating for a continuous latent representation of 

the construct in question. 

Take, for example, a case in the measurement of sexual orientation, with Savin-Williams 

(2014) concluding that, “Based on data presented here, heterosexual, bisexual, and gay/lesbian 

labels do not constitute the universe of sexual orientations.” (p. 452) It seems an unusually high 

standard–if not a strawman argument entirely–to demand that a latent model of any description 

explain the full amount of observed variation in its affiliated indicators. Indeed, had a 

dimensional model been fit to these same data (as Savin-Williams, 2014, suggested), the amount 

of variation explained by any latent factor(s) (i.e., the communality values for each observed 

variable, Thurstone (1934)) would surely be less than 1.0. All latent models leave some amount 

of variation unexplained–not just those that are categorical. 

The question then becomes not which latent model is perfect, but which is better suited to 

the data at hand. In Savin-Williams (2014), however, only an analysis of the (in)adequacy of the 

categorical model of sexual orientation was discussed; there was no attempt to quantify to what 

extent the variables under study met certain assumptions or implications of continuity. Formal 

taxometric analyses, conversely, quantifies the fit of both latent categorical and latent continuous 

models of measurement, and compares them (Ruscio et al., 2010). 

The critical discussion of Savin-Williams (2014) is not meant to suggest that I think the 

three-category model of sexual orientation that he decries is adequate. Rather, I think it is a 

useful case for highlighting the need to demonstrate that continuous representations of data are 

appreciably better than categorical models, rather than assuming that they are. Without direct 

comparisons of the two, the researcher is unable to discern which type of latent model is more 
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desirable, and only with that evidence could they begin to evaluate a range of models of a certain 

latent structure type (e.g., a three-category vs. four-category vs. five category model, etc., or a 

two-factor vs. three-factor vs. four-factor model, etc.,). 

Misunderstanding #3: Latent categorical models are more subjective. Some may 

object to the specification of categorical measurement models of sexuality-related constructs 

because they feel as though drawing taxonic boundaries between groups is a mostly subjective or 

wholly arbitrary enterprise. Though this critique is sometimes deserving, it is not always the 

case, and moreover, it is not always clear that continuous measurement models are any less 

subjectively or arbitrarily selected by researchers. 

Categorical measurement models need not be entirely arbitrary creations of the 

researcher’s mind. Indeed, providing an evidence-based way of making these measurement 

decisions is one of the primary motivators for using techniques like LCA and LPA. Specifically, 

techniques like LCA and LPA can be used to compare the adequacy of categorical models with 

different numbers of categories and to better understand the specific composition of each 

category. Thus, latent categorical modeling strategies help to provide researchers with evidence 

to guide how many categories they model and the manner in which these categories are 

composed. Granted, most sexual scientists do not typically use these modeling strategies to guide 

their creation of categorical measurements. 

Continuous measurement modeling approaches also contain ample opportunities for 

researchers to make subjective and arbitrary decisions. Consider, for example, the use of 

heuristics like the eigenvalue-greater-than-one “rule” (Kaiser, 1960) and visual interpretation of 

a scree plot (Cattell, 1966) when determining how many factors to retain in an EFA; 

contemporary methodologists have routinely commented on the arbitrary nature of these (often 

misguiding) heuristics when determining continuous measurement structures (e.g., Fabrigar, 
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Wegener, MacCallum, & Strahan, 1999; Preacher & MacCallum, 2003; Sakaluk & Short, 2017). 

Even guidelines as sacred as what magnitude of factor loading to consider “substantial” (e.g., 

>.35, Tabachnick & Fidell, 2012), or what constitutes a good-fitting factor analysis model (e.g., 

RMSEA < .06, CFI > .95, Hu & Bentler, 1999) are worthy of critique for being subjective or 

arbitrarily designated as guidelines or rules for best practice (see e.g., Asparouhov & Muthén, 

2009; McNeish, An, & Hancock, 2018). In other words, there are plenty of opportunities for 

subjective decision making to creep into latent variable modeling, irrespective of whether a 

researcher is specifying a categorical or continuous structure. 

Misunderstanding #4: Latent categorical models require a realist ontology or 

biological perspective. Another misunderstanding–and perhaps a more nebulous one–

surrounding latent structure is that invoking categorical models of sexuality will oblige a 

researcher to a realist ontology, which is further assumed to walk hand-in-hand with an emphasis 

on the biological in shaping sexuality (e.g., Lorber, 1996). Latent dimensional models of 

sexuality, conversely, are positioned as being aligned with a constructionist or postmodernist 

ontology, and being more amendable to appreciating the social determinants of sexuality. 

Concerns about potential obligations to a biological perspective on sexuality when 

invoking latent categorical models should be laid to rest by exemplar LCAs in studies such as 

Card et al. (2018). Readers would have a hard time arguing that the identified latent classes of 

seroadaptation among gay and bisexual men (“condom users”, “multiple prevention users”, 

“viral-load sorters”, and “serosorters”) are predominantly biological in either their composition, 

or their correlates. The former are mostly behavioral (e.g., consistent condom use, use of 

withdrawal, anal sex avoidance), while the latter are mostly developmental (e.g., age), social 

(e.g., relationship status), and psychological (e.g., treatment optimism). The Sociosexual 

Orientation Inventory (Schmitt, 2005; Simpson & Gangestad, 1991), meanwhile, provides a 
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strong and widely-used counter-example of a latent continuum that is often couched in an 

evolutionary perspective. The use of latent categorical or latent dimensional models therefore 

does not commit a sexual scientist to any particular biology-heavy and social-deterministic 

leaning. 

Concerns about the obligations to a realist ontology when using latent categorical models 

may be better founded. However, as in the case of misunderstandings around the accuracy and 

subjectivity of categorical models, latent dimensional models may not fair any differently in this 

respect. According to Borsboom (2005), any form of latent variable model–be it categorical or 

dimensional–requires a realist ontology to connect the formal latent variable model and the 

operationalized latent variable. Thus, sexual scientists with particularly strong anti-realist 

leanings may need to look to other models of measuring and modeling sexuality-related 

constructs. It is worth noting and unappreciated that identifying as a constructionist need not be 

understood as an anti-realist position, by definition, as constructionist epistemologies vary in 

their arguments and come in many different forms, some of which can be aligned with realist 

ontologies (Godfrey-Smith, 2003; Hacking, 2000). So though latent categorical and latent 

dimensional models alike may require a realist ontology to be used in a way that is logically 

defensible, this issue may be less concerning than it originally appears.  

Misunderstanding #5: Latent categorical models assume stable entities. A final 

misunderstanding that is sometimes articulated is that categorical models of sexuality assume 

stable entities (Vance, 1989; Warner & Shields, 2013). Arguments of a stable construal in 

categorical models could be conceptualized in one of two ways: (1) the stability of an individual 

within a particular category; and (2) the stability of the number of categories and/or makeup of a 

particular category, itself. The program of research by Lisa Diamond (2009) offers a strong 

rebuttal to the first conceptualization of the stability concern, as people can–and do–transition 
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between categories related to sexuality. Moreover, there are statistical techniques to model the 

process of individual transition through latent categories over time, fittingly termed latent 

transition analysis (Collins & Lanza, 2009). The second conceptualization of the stability 

concern, meanwhile, can be explicitly tested through analyses of the invariance of latent 

categories (which I describe later). 

Still, it is fair to say that those espousing categorical models themselves often describe 

their categorical models as invariant and stable, without ever testing to see if either of these 

claims are justifiable. But that is an indictment of how categorical models are used and 

discussed, rather than an indictment of the inherent properties of latent categorical models, per 

se. Further–and continuing a theme of objection to these misunderstandings–instances in which 

latent dimensions of sexuality are treated as relatively stable and assumed to be invariant are 

readily available (e.g., Fisher, White, Byrne, & Kelley, 1988; Graham, Sanders, & Milhausen, 

2006; Rye, Serafini, & Bramberger, 2015). 

Summary of taxometric analysis misunderstandings. Sexual scientists may avoid 

consideration of latent categorical models–and thereby avoid conducting taxometric analyses–

because they believe latent categorical models ignore diversity, are more error-prone or arbitrary, 

oblige researchers to adopt potentially undesirable theoretical or philosophical positions, or 

assume stable entities. I also acknowledge it may be the case that sexual scientists have avoided 

latent categorical models not (solely) because of these misunderstandings, but rather because of 

their discomfort with how arguments of categorical structure have been (mis)used by others. 

Still, in absence of evidence for latent structure, it is possible—if not likely—that some scholars 

have also (mis)used dimensional structure as well. In challenging these beliefs, readers may be 

therefore left with the impression that I am generally advocating for a categorical construal of 

sexuality-related constructs; this is not the case. Reviews of taxometric analyses in the social 
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sciences (Haslam, Holland, & Kuppens, 2012) suggest that most (roughly 60%) underlying latent 

variables are continuous, a pattern even more common in methodologically strong studies, and I 

see no reason to anticipate that the rate of continuity among sexuality-related latent variables 

would be substantially different. Instead, what I am arguing is that the chronic assumption of 

continuous latent variables within sexual science is not justified, and as I soon demonstrate, 

taxometric analyses are now straightforward enough to perform that I see no scientific benefits to 

persisting in this assumption when there are accessible tools to empower researchers to evaluate 

claims of latent continuous vs. categorical structure. 

Implementing Taxometric Analysis 

When planning to conduct taxometric analyses, sexual scientists must attend to several 

elements of study design in order to maximize the informativeness of their investigation. These 

include: (1) determining an adequate sample size; (2) creating and/or selecting appropriate 

indicators of the construct in question; (3) determining a taxon base rate (i.e. what percentage of 

individuals are likely to fall in a particular group, such as “highly sexually compulsive”) should 

the underlying latent structure be categorical; (4) selecting, calculating, depicting, and 

interpreting various taxometric fit indexes; and (5) following up from the results of a taxometric 

analysis. 

Sample size planning. Planning for an informative sample upon which to conduct 

taxometric analyses is one area where methodological guidelines remain somewhat vague. The 

guidelines of n > 300 proposed by Meehl (1995) continues to circulate (e.g., Ruscio & Ruscio, 

2004a), though this sampling heuristic proves to be too liberal or conservative depending on the 

analytic circumstances. More recent suggestions (Ruscio & Ruscio, 2004b; Ruscio et al., 2006), 

though ambiguous, encourage researchers to simultaneously consider sample size and both the 

absolute (i.e., how many individuals in total) and relative (i.e., what percentage of individuals) 
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taxon base rate. All else being equal, larger samples make it easier for latent structure to be 

identified, but bona fide categorical solutions can be difficult to detect when the absolute taxon 

base rate is small (e.g., only 10 individuals of 100), whereas miniscule relative base rates (e.g., 

5%) can be reliably detected provided the overall sample is sufficiently large (e.g., 5000). 

Another way of making sample size planning decisions for taxometric studies is to 

consider what the necessary sample size requirements will be for the analyses that follow (e.g., 

LCA, LPA, EFA/CFA, IRT), depending on the taxometric results. For many of these follow-up 

analyses, samples of at least n = 200 – 300 are recommended for typical modeling conditions 

(see MacCallum et al., 1999; Nylund, Asparouhov, & Muthén, 2007; Sakaluk & Short, 2017), 

suggesting that, as Meehl (1995) suggested, a sample size of three-hundred participants ought to 

be thought as a reasonable minimal, though not optimal sample size. 

Selecting high-quality indicators. Indicators of latent dimensions or categories are not 

all created equal in the eyes of taxometric analysis, and typically, the less optimal the indicators, 

the more likely the researcher is to errantly select a dimensional structure, in cases when a 

categorical structure is more appropriate (Ruscio et al., 2006). 

What makes for high-quality indicator variables in a taxometric analysis? The first 

desirable property is a continuous scale of measurement. Continuity is not a formal assumption 

of taxometric analysis (Ruscio & Ruscio, 2004a), and it is possible to use dichotomous indicators 

in taxometric analysis both directly (Ruscio, 2000) and when certain transformations (i.e., 

combining dichotomous indicators in composites) have been applied (Ruscio et al., 2006). 

Continuous indicators with more than four response options, however, have been the most well-

vetted response format in the taxometric simulation literature, and therefore taxometric 

procedures can be applied to variables of this sort with the highest degree of confidence. 

Indicator skewness, relatedly, is one of the few distributional qualities that is known to 
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consistently interfere with valid inferences from taxometric analyses (Beach & Amir, 2003; 

Ruscio, Ruscio, & Keane, 2004). 

High-quality indicators variables for taxometric analyses should cover the breadth of the 

content domain being assessed–albeit in a non-redundant fashion (Ruscio et al., 2006). Selecting 

indicators that possess these qualities will require some changes to standard practice in 

measurement modeling in sexuality research, as researchers will need to avoid including all 

possible indicators for a set of factors, many of which will overlap to substantial degrees in both 

content and method, thereby inflating within-group correlations that undermine the statistical 

conclusion validity of taxometric analysis. Instead, a unique, efficient set of indicators should be 

selected for the purpose of detecting a taxonic boundary between groups (if one should be 

present in the data). Meehl (1995) offered that researchers could select non-redundant indicators, 

and thereby reduce these problematic within-group correlations, by relying on indicators from 

multi-method forms of assessment (e.g., self-report, interviews, clinician reports), which would 

eliminate the nuisance shared methods variance among a set of indicators (e.g., all drawn from a 

self-report measure). Given the methodological pluralism in sexual science (e.g., Wiederman & 

Whitley, 2002), Meehl et al.’s (1995) strategy may be more feasible in sexual science than in 

other fields. J. Ruscio (personal communication, August 13, 2018), meanwhile, suggested that 

somewhere between 3-5 indicators was typical of other taxometric analyses and desirable for the 

purpose of avoiding redundancy, inflating within-group correlations, and dramatically increasing 

computational run-time. 

Finally, indicator variables should possess good ability to statistically discriminate 

between members of different latent groups (should a latent categorical structure be supported) 

(Ruscio et al., 2006). Once a researcher has specified (or estimated) a taxonic base rate (a 

process described next), they can easily calculate an effect size measure (Cohen’s d) that can 
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capture the statistical discrimination ability of each indicator variable. The recommendation by 

Meehl (1995) of using indicators with between-group discriminant validity coefficients of d > 

1.25 has become a typically used standard, though all else being equal, weaker indicators could 

be used in larger samples. 

Specifying taxon base rate. One of the most subjective aspects of taxometric analyses to 

be determined by the researcher is what taxonic base rate to specify (i.e., what approximate 

percentage of a given sample are expected to be members of the first detected category, should a 

latent categorical model be supported). Specifying the taxon base rate is a necessity both for the 

appraisal of the quality of data for taxometric analysis, as well as for the execution of the 

taxometric procedures themselves.  One of the earliest attempts to systematically evaluate 

methods that could inform base rate specification was provided by Ruscio, Haslam, and Ruscio 

(2006). The authors simulated the accuracy of Bayesian approaches to estimating taxon base 

rates (e.g., Meehl & Yonce, 1996) against an approach where the researcher (somewhat 

haphazardly) specified a chosen taxon base rate. Surprisingly, the researcher-derived base rate 

performed at least as well as the formal Bayesian approach, so long as the researcher’s guessed 

base rate was not more than 25% in error. The reasonable accuracy of the researcher-specified 

base rate was further corroborated in a more intensive simulation by Ruscio (2009). These 

findings suggest that as long as sexual scientists are able to produce a very roughly informed 

guess of what percentage of participants might fall into a particular taxon (e.g., “highly sexually 

compulsive individuals”), then the results of their taxometric analysis should be relatively 

accurate. In practice, the initial estimate of the taxon base rate could reflect genuine 

“guestimates”, or could be better informed and justified by clinical assessments (e.g., clinical 

cutoffs), representative prevalence estimates, or some other form of evidence-based justification 

(e.g., the amount of resources available to put towards a potential taxon).  
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More recently, Ruscio et al. (2017) have developed computing-intensive multi-layered 

simulation methods, requiring the estimation of comparison curve fit index (CCFI) profiles, to 

estimate taxon base rates with greater accuracy. In essence, this approach involves repeatedly 

performing taxometric procedures at incrementally varying taxon base rates (e.g., .025, .05, .075, 

… 97.5), plotting taxometric fit indexes across the range of rates, and then using the peak of this 

fit/rate curve as the best estimate of the underlying true taxonic base rate. 

In terms of which base rate specification approach sexual scientists ought to use, the 

choice essentially amounts to deciding between the potentially-informed (gu)estimate (Ruscio, 

2009) versus the use of CCFI profiles (Ruscio et al., 2017). CCFI profiles provide the researcher 

with more accuracy estimating the underlying taxonic base rate, and some incremental gains in 

accuracy of distinguishing latent categorical from latent dimensional structures, relative to the 

simpler guestimate approach. However, constructing CCFI profiles with typical measurement 

data can be incredibly time consuming, and specifications with the simulations used by Ruscio 

and his colleagues limit the generalizability of their findings. Specifically, these simulations 

appear to consistently evaluate performance of taxometric analysis strategies for categorical 

population models only consisting of two latent classes (e.g., Ruscio et al., 2010). Moreover, 

simulations by McGrath and Walters (2012) highlight the limitations of taxometric analyses for 

the purpose of estimating the particular class/factor structure (i.e., how many factors or classes 

might be needed) after it has been determined which is most measurement structure is 

appropriate to investigate. The CCFI profile approach may therefore have limited incremental 

utility outside of the very specific case of when one is analyzing a truly dichotomous latent 

structure. Simply stated, CCFI profiles may be more accurate than potentially-informed 

(gu)estimates of base-rates when determining whether a latent categorical or dimensional 

structure is in place, but otherwise other analytic approaches (e.g., LCA) are more 
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computationally efficient, and better suited and more flexible for appraising how many 

categories exist and estimating their population prevalence (if, indeed, a categorical structure is 

supported). 

Taxometric procedures and model fit. The crux of modern taxometric analytic 

techniques involves calculating the relative fit of a researcher’s observed data against 

comparison data sets that are simulated based on populations that demonstrate ideal prototypical 

properties of a latent categorical or latent continuum model (Ruscio et al., 2007). The fit of the 

observed data against each set of simulated data is quantified using an adaptation of the root 

mean square residual (RMSR) index, common to structural equation modeling (Preacher, 2006). 

The fit to the latent continuum model relative to the fit of the latent categories model is then 

quantified in what is called the comparison curve fit index or (CCFI) (Ruscio et al., 2006): 

CCFI = RMSRCont/(RMSRCont + RMSRCat) 

CCFIs less than .50 indicate greater support for a dimensional model, whereas CCFIs greater 

than .50 indicate greater support for a categorical model, and CCFIs at or near .50 (i.e., .45 < 

CCFI < .55) are ambiguous. 

While the conceptual meaning of a CCFI is relatively clear, the underlying properties of 

data that would constitute “ideal” or “prototypical” of a latent categorical or a latent continuum 

model are more nuanced. Indeed, Ruscio et al. (2006) described five different taxometric 

procedures, each relying on distinctive criteria of what constitutes “prototypical” continuous and 

categorical data. CCFIs can therefore be calculated using any of these procedures, each resulting 

in a different CCFI value. 

Three of the most popular taxometric procedures include Mean Above Minus Below A Cut 

(MAMBAC), Maximum Eigenvalue (MAXEIG), and Latent Mode (L-Mode) (Meehl & Yonce, 

1994; Waller & Meehl, 1998). Using the MAMBAC procedure, the difference between scores on 
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an indicator variable (e.g., Q1 of the SCS) is calculated at different cut scores of a second 

indicator (e.g., Q2 of the SCS); a cut score on the second indicator which results in a maximal or 

peaked difference score is taken as evidence of a category boundary, whereas the absence of a 

clear peak is taken as evidence of dimensional structure. The MAMBAC procedure is then 

repeated alternating each of the variables being used as the cut-score variable or being used to 

calculate the difference score. 

In contrast to MAMBAC’s emphasis of difference scores between indicators, MAXEIG 

focuses on the pattern of association (captured in an eigenvalue) between outcome variables 

(e.g., Q1-Q9 of the SCS) along overlapping intervals of a variable chosen to be an input 

indicator (e.g., Q10 of the SCS). A peaked distribution of an eigenvalue along the range of the 

input indicator is taken as support of a categorical boundary, whereas a relatively consistent 

distribution of eigenvalues along the range of the input indicator is taken as evidence of 

dimensional structure. The MAXEIG procedure is then repeated alternating each variable being 

used as the input indicator and one of the outcome variables. 

L-MODE, finally, places emphasis (as the name implies) on the number of mode(s) 

within the distribution of a latent factor underlying the analyzed variables. Specifically, when 

using L-MODE, a unidimensional factor model is fit to the set of analyzed variables, and factor 

scores from that model are estimated. L-MODE then captures to what extent the distribution of 

estimated factor scores is unimodal vs. multimodal. The presence of multiple modes is taken as 

support of categorical boundaries, whereas a unimodal distribution is taken as support of 

dimensional structure. Unlike both MAMBAC and MAXEIG, which require the repetitious 

rotation of variables through each position in each procedure, L-MODE estimates a latent factor 

using all variables in a model, meaning the procedure needs to be performed only once. 
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The MAMBAC, MAXIEG, and L-MODE taxometric procedures therefore emphasize 

fairly distinctive attributes of indicators of categorical and continuous latent variables, relying on 

patterns of difference scores, covariation, and central tendency, respectively. Which, then, should 

sexual scientists rely on when conducting their own taxometric analyses? The answer, 

thankfully, is simple: all of them. As I soon show, the RTaxometrics() package automatically 

calculates CCFIs using all three procedures (each CCFI is presented separately, and then all three 

are averaged). Moreover, Ruscio et al. (2006) argued that relying on all three procedures can be a 

valuable form of consistency testing; given that each procedure uses a different standard, 

convergence of CCFIs between all three can give greater confidence to a researcher when 

making claims of latent structure, whereas major discrepancies between procedures should give 

researchers pause and encourage further investigation. 

Following up from taxometric analyses. Deciding what comes next, following the 

results of a taxometric analysis, is among the more straightforward considerations a researcher 

must make. The researcher’s scale of measurement for indicator variables was already 

determined to be either categorical or continuous, and the taxometric analysis should indicate 

what scale of measurement to specify for the underlying latent variable(s). Therefore, in the 

presence of a clear dimensional latent structure (i.e., CCFIs < .45 ), researchers should use 

common factor analysis models when indicators are continuously scaled, and IRT models when 

indicators are categorically scaled.1 In the presence of a clear categorical latent structure (i.e., 

CCFIs > .55), meanwhile, researchers should use LPA when indicators are continuously scaled, 

																																																								
1There is some flexibility on this point, as current methods enable researchers to use categorical 

indicators for estimating common factor models (e.g., Rhemtulla, Brosseau-Liard, & Savalei, 

2012) and continuous indicators for IRT models (e.g., Masters, 1982) if they wish.    
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and LCA models when indicators are categorically scaled. And finally, when latent structure is 

ambiguous (i.e., .45  CCFIs > .55), researchers ought to consider both possibilities–perhaps 

analyzing their data first using continuous scores, and then again using categorical values–until 

strong taxometric evidence is acquired. 

Reproducible Example Taxometric Analysis 

Though the analytic details of taxometric tests are numerous and nuanced, their execution 

through the available functions in the RTaxometrics() package is relatively simple. The 

researcher must first decide whether they will utilize a guesstimate of the taxon base rate 

(Ruscio, 2009), or whether they will construct CCFI profiles (Ruscio et al., 2017). 

If we were to take the guesstimate base rate approach to perform taxometric analysis of 

the Sexual Compulsivity Scale data, we might anticipate (e.g., based upon theory, clinical 

judgement, evidence from comparable measures, or simple intuition) that the base rate of a 

possible “highly sexually compulsive” taxon is approximately 20%. We would first use the 

ClassifyCases() function on a selection of the 10 SCS items, specify our desired base rate in the p 

argument, and save the resulting data file in a new data frame named (arbitrarily) tax.dat. We 

could then use the CheckData() function on our tax.dat data frame to automatically calculate 

indicator skewness, validity coefficients, and within-group correlations to determine whether our 

data are appropriate for taxometric analysis (Ruscio & Ruscio, 2004a).  

tax.dat = ClassifyCases(select(scs.dat, Q1:Q10), p = .20) 

CheckData(tax.dat) 

The output of CheckData() suggest that 10 SCS indicators possess negligible skewness 

(absolute skew = 0.00 – 0.75), good between-group validity (d = 1.02 – 1.91), and relatively low 

within-group correlations among indicators for those classified inside the taxon (absolute r = .00 

- .35, M = .05) and outside the taxon (i.e., the “complement”, absolute r = .13 - .59, M = .29). In 
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other words, these example SCS data are excellent candidates for taxometric analysis. Following 

J. Ruscio’s recommendation of retaining 3-5 indicators (personal communication, August 13, 

2018), I have selected items SCS3, SCS7 and SCS8 for taxometric analysis.   

Executing the taxometric analysis itself is then easily accomplished by running the 

RunTaxometrics() function on the reduced version of the tax.dat data frame, consisting of the 

three indicators and their assignment to the taxon or complement. When the qualities of the data 

are desirable for taxometric analysis and the number of indicators and data are more modest, this 

analysis may only require a handful of minutes. However, when the data are of lower quality, 

and/or the number of observations and/or number of indicators is large, a single taxometric 

analysis may require much more time to complete.  

RunTaxometrics(tax.dat) 

This function provides three groups of key output; the first two are essential to report 

irrespective of outcome, whereas the third is essential to report in the event that a categorical 

latent structure is supported. First are the CCFIs under MAMBAC (.12), MAXEIG (.25), and L-

Mode (.32), as well as the average CCFI across the three (.23), all of which suggest a 

dimensional structure.  

Secondly, there is the collection of plots visualizing the observed data against simulated 

dimensional and simulated categorical data, under MAMBAC, MAXEIG, and L-Mode, 

respectfully. Unfortunately, the automated plotting from RunTaxometrics() is relatively low 

resolution, and the plot is not stored in an object for a user to modify it later, nor are the 

taxometric simulations saved for a user to program these plots manually. Still, these plots are 

now a standardized element when reporting taxometric analyses, and so sexual scientists will 

need to provide them. Crude though it may be, I have found cropping a screenshot of the 



Running head: STATISTICAL FRONTIERS IN SEXUAL SCIENCE 33 

outputted plots to be the most reliable way to create a figure of sufficient resolution for 

publication (see Figure 1). 

Finally, there are the estimates of the taxon base rate under MAMBAC (38.30%), 

MAXEIG (42.90%), and L-Mode (62.90%). These should only be interpreted and reported if the 

CCFIs support a categorical latent structure, otherwise they are meaningless estimates. Still, 

sexual scientists may wish to re-run their taxometric analysis using the average base rates from 

MAMBAC, MAXEIG, and L-Mode, in order to perform a sensitivity analysis ensuring that their 

results are not appreciably dependent on their arbitrarily specified base rate, though simulation 

results from Ruscio et al. (2017) are cause for optimism that discrepancies will be rare 

(especially for MAMBAC). 

Conducting taxometric analyses using CCFI profiles (Ruscio et al., 2017) is even simpler 

in terms of the required code. We can use the RunCCFIProfile() function, using the selection of 

the three SCS items without the need to first classify cases using an estimated taxon base rate (as 

the ClassifyCases() function would accomplish). Researchers can also specify (amongst other 

conditions), the range of taxon base rates to consider (using the min.p and max.p arguments), 

within which taxometric analyses will be conducted in incremental increases in the base rate of 

2.5%. Without any such specification, the range of 2.5% - 97.5% will be evaluated. 

RunCCFIProfile(select(scs.dat, Q3, Q7, Q8)) 

Calculating CCFI profiles can be incredibly time-consuming, and if sexual scientists are 

to use them, they should either use an efficient set of non-redundant indicators, or anticipate 

leaving a dedicated computer running for an extended period of time. Once the CCFI profile 

analysis is complete, there will again be three key groups of output: (1) the aggregated CCFIs 

across taxon base rates under MAMBAC (0.15), MAXEIG (0.33), and L-Mode (0.40) and the 

average of the three (0.28); (2) a plot depicting the variation of the four CCFIs across the span of 
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taxon base rates examined (see Figure 2); and (3) the estimated taxon base rates (assuming 

CCFIs support a categorical structure) under MAMBAC (41.30%), MAXEIG (87.50%), and L-

Mode (80.80%) and the average of the three (83.10%). 

Summary of Taxometric Analyses 

Sexual scientists have a long history of assuming the sexuality-related constructs they 

study reflect continuous latent dimensions, and rejecting the possibility that they are studying 

latent categories–often on the basis of misunderstandings regarding the implications of latent 

structure. Taxometric analyses provide sexual scientists with a way of making an evidence-based 

decision for whether to model their constructs categorically or continuously, and this analytic 

decision has important consequences for theory, measurement, and subsequent analyses and 

intervention with sexuality variables. Before conducting taxometric analyses, sexual scientists 

need to give thought to sampling considerations, indicator selection, how they will determine a 

plausible taxometric base rate, and which taxometric procedures they will use (e.g., MAMBAC, 

MAXEIG, L-MODE). The RTaxometric() package provides users with accessible functions for 

evaluating data sets for taxometric analyses, and fitting taxometric models. The exemplar 

analysis of the SCS supports a continuous dimensional representation of sexual compulsivity, 

while also highlighting the importance of consistency tests among taxometric procedures, as well 

as the value of appraising latent structure across a range of potential taxon base rates using CCFI 

profiles. 

With taxometric evidence on their sides, sexual scientists can then proceed to using the 

proper techniques (i.e., EFA, IRT, LCA, or LPA) to determine the measurement model of their 

latent categories or dimensions. They can then shift their focus towards understanding the 

meaning of their sexuality-related constructs–a line of inquiry that can be evaluated using 

invariance testing, which I now describe. 
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How Is Sexuality Constructed?: Variability in Measurement 

When feminist theorists claim that gender is the cultural interpretation of sex or that 

gender is culturally constructed, what is the manner or mechanism of this construction? 

If gender is constructed, could it be constructed differently, or does its constructedness 

imply some form of social determinism, foreclosing the possibility of agency and 

transformation? Does “construction” suggest that certain laws generate gender 

differences along universal axes of sexual difference? How and where does the 

construction of gender take place? (Butler, 2006, pp. 10–11) 

Overview of Testing Variability in Measurement 

After a researcher has determined–hopefully with the help of a taxometric analysis–to fit 

a particular latent measurement model (e.g., LCA, CFA) to a set of observed variables, they may 

then wish to proceed with testing patterns of covariation between that latent variable and others, 

or testing differences in mean levels of the latent variable between groups. Before these other 

tests can be conducted validly, the researcher needs to somehow establish measurement 

invariance or equivalence, otherwise any moderated correlations or mean-differences between 

groups could be on account of the latent structure itself changing across levels of these other 

variables. Perhaps, for example, the numbers of underlying latent factors or classes change 

across different social groups, or maybe the magnitude of factor loadings, profile loadings, or 

class response probabilities change across the range of another continuous variable. Though 

forms of invariance testing are often treated as a nuisance within the research process (if not 

ignored entirely), they are powerful and underrated tools for evaluating variations in the meaning 

of concepts, and how and when that construction takes place. 

Though invariance testing is conceptually similar across modeling contexts, the 

application of invariance testing differs across the following features: (1) whether the latent 
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variable is discrete or continuous; (2) whether the observed variables are discrete or continuous; 

and (3) whether the variable(s) across which the differences in meaning are being tested are 

discrete or continuous. The combination of the first two features dictates within which latent 

variable modeling framework one must work: CFA, IRT, LPA, or LCA (see Borsboom et al., 

2016). The third feature introduces a new wrinkle, and determines whether one uses multi-group 

models (e.g., Collins & Lanza, 2009; Vandenberg, 2002; Vandenberg & Lance, 2000), or 

differential item functioning and multiple-group multiple-cause models (e.g., Holland & Wainer, 

2012; Kelderman & Macready, 1990; Woods & Grimm, 2011). Before describing the 

distinguishing features of these analytic approaches, I first give some consideration to what 

factors might be responsible for differences in the meanings of sexuality-related constructs. 

Where might differences in meanings of sexuality-related constructs come from? 

What could conceivably cause people to understand sexuality-related constructs in different 

ways? Why might a three-factor model of a sexuality-related construct suffice in one group of 

people, whereas a more complex or simplified structure of the same construct be present in 

another? What could be responsible for an indicator of central importance to a latent class 

suddenly changing the magnitude or even the direction of the association with its underlying 

latent construct? As the quote from Butler (2006) encourages us to consider, how and where does 

the construction—biological, social, or otherwise—of sexuality concepts take place? Thinking 

about variability in measurements and meanings in these ways–as bona fide quantitative 

outcomes of scholarly interest–is uncommon in sexual science. How then should sexual 

scientists theorize around this meaning-making process? 

One approach–and a rather intuitive pairing–is to consider invariance testing as an 

opportunity to quantitatively illuminate processes of social construction (e.g., Gergen, 1985; 

Godfrey-Smith, 2003; Hacking, 2000). Social groups that differ in their access to resources and 
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power, or their experiences of privilege, stigma, or prejudice, and therefore may come to 

understand and experience sexuality-related constructs in different ways (e.g., Allport, 1954; 

Eagly & Wood, 2012; Foucault, 1978;  Kraus & Stephens, 2012; Oyserman & Lewis, 2017; 

Triandis, 1993). Of course, multi-group comparisons of this sort rely on group membership as a 

proxy for other variables, and are therefore vulnerable to alternative interpretations. Researchers 

should therefore consider the use of direct indicators of these processes (e.g., a measure of 

experiences with stigmatization and discrimination) for invariance testing, when possible. 

Other ways of thinking about differences in meaning of sexuality-related constructs 

include as the result of distal evolutionary processes (e.g., Buss & Schmitt, 1993), variation in 

proximal biological variables (van Anders, Goldey, & Bell, 2014), social learning (Bandura, 

1977), and/or developmental trajectories (Arnett, 2000). Hormone fluctuation, sexual arousal, 

sexual experience, and developmental phases all might contribute to shaping sexual cognition 

and behavior patterns. These perspectives could offer an intuitive and powerful pairing with 

methods of testing invariance within-person over time (Little, 2013) in order to evaluate how 

meanings of sexuality change (or remain stable) for the same person across different states and 

throughout the lifespan. 

Testing variability in measurement across discrete groups. Differences in the meaning 

of latent dimensions with continuous indicators across groups are typically analyzed in multi-

group CFA models (Vandenberg, 2002; Vandenberg & Lance, 2000). In these models, 

measurement model features (i.e., the number of factors) and parameters (e.g. factor loadings, 

item intercepts) are constrained to be equal between specified groups. The fit of a constrained 

model is then compared against the fit of a model in which these features and/or parameters are 

free to vary across groups, and the extent to which the constrained model fits worse is evaluated 

in light of the gains in modeling parsimony. 
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Typically, multi-group CFA models to test invariance are fit in sequential order of how 

restrictive they are (Vandenberg, 2002; Vandenberg & Lance, 2000). Groups are first 

constrained to have the same number of factors and general pattern of factor loadings, a level of 

invariance testing referred to as configural invariance. Rejecting this level of constraint would 

indicate that the modeled groups have fundamentally different factor structures, and therefore, 

the latent variables being modeled are substantively different in their meaning. Next, if 

configural invariance is not rejected, factor loadings for indicators are constrained to equality 

between groups, a level of invariance testing referred to as weak, loading, or metric invariance, 

Rejecting this level of constraint would indicate that while the overall factor structure was 

similar between groups, groups differ in terms of the relative importance, centrality, or 

prototypicality of certain indicators to their underlying latent variables. Finally, if weak 

invariance is not rejected, item intercepts are constrained to equality between groups, a level of 

invariance testing referred to as strong, intercept or scalar invariance. Rejecting this level of 

constraint would indicate that while the overall factor structure and associations between 

indicators and latent factors were similar, latent means would artificially differ between groups if 

the scaling of the latent variables was dictated in terms of the varying indicators. A fourth level 

of invariance is sometimes indulged, in which the error variances for indicators are constrained 

to equivalence between groups (strict or residual invariance), but as Little (2013) described, 

testing whether random variation in indicators is equal between groups is of questionable value, 

and so I do not discuss it further. 

Tests of invariance between groups for latent dimensions are similar, for the most part, 

when indicators are categorical and the modeling is carried out within an IRT framework (for 

reviews, see Kim & Yoon, 2011; Reise, Widaman, & Pugh, 1993; Stark, Chernyshenko, & 

Drasgow, 2006; Tay, Meade, & Cao, 2015). Whereas in multi-group CFA, in which researchers 
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carry out tests of loading and intercept invariance, in multi-group IRT, researchers perform 

analogous tests of discrimination and threshold invariance. There are, however, two noteworthy 

differences. First, most IRT modeling is carried out on unidimensional models (i.e., only 

specifying one latent dimension at a time), and so an analogous test of configural invariance is 

not commonly conducted in the IRT framework; this may serve as a deterrent to sexual scientists 

who wish to investigate more substantive differences in meanings of latent dimensions between 

groups. And secondly, whereas the tests of loading and intercept invariance are carried out in 

separate steps within the multi-group CFA framework, invariance of discrimination and 

threshold parameters is carried out simultaneously within the IRT framework. 

The process of evaluating measurement invariance within latent categories, as in multi-

group LCA or LPA models, is similar, in principle, to the process when modeling continuous 

dimensions (for a review, see Collins & Lanza, 2009). Akin to the test of configural invariance, 

researchers can estimate models in separate groups that vary in the numbers of latent classes or 

profiles that are extracted. The categorical version of configural invariance would be supported if 

the same number of latent classes or profiles are retained within each group. And similar to the 

test of loading invariance, researchers can test the relative fit of a model in which class item 

response probabilities or profile item means are constrained to equality across groups against a 

model in which these parameters are freely estimated between groups. One exception to the 

similarities in invariance testing between models of latent dimensions and latent categories is 

that models analogous to intercept and residual invariance are rarely tested in multi-group LCA 

or LPA. 

Testing variability in measurement across continuous covariates. The meaning of 

latent variable measurement models may also shift across the range of continuous covariate(s), 

such as age, amounts of sexual experience, or even scores on other continuous sexuality-related 
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measures. Testing this possibility is referred to as an examination of differential item functioning 

(DIF, Holland & Wainer, 2012), including uniform DIF (reflecting differences in item thresholds 

or intercepts), and non-uniform DIF (reflecting differences in item discrimination or loading 

parameters). One increasingly popular approach to testing both uniform and non-uniform DIF is 

the specification of multiple-indicator multiple-cause (MIMIC) structural equation models 

(Woods, 2009; Woods & Grimm, 2011). In MIMIC models to test uniform DIF, users specify 

the measurement model of their latent variable and its indicators; both the latent variable and 

indicator variables are then regressed onto a covariate (see Figure 1 in Woods, 2009). Any 

residual association between the covariate and indicator variable(s) after the true association 

between the underlying latent variable and the covariate has been modeled is evidence for 

uniform DIF. Non-uniform DIF can then be tested by modeling an interaction between the 

covariate and latent variable, for predicting each of the indicator variables (see Figure 1 in 

Woods & Grimm, 2011). Though a relatively new method of appraising variability in 

measurement, MIMIC models of DIF have already been extended to analyzing multidimensional 

(Lee, Bulut, & Suh, 2017) and categorical latent constructs (Masyn, 2017). Most promising, as 

MIMIC models of DIF can accommodate the test of both uniform and non-uniform DIF for both 

categorical and continuous covariates in latent dimensional and categorical models, a unified 

approach for evaluating measurement variability is within reach, and may soon be accessible to 

sexual scientists (Bauer, 2017). 

History of Testing Variability in Measurement in Sexual Science 

The general application of invariance tests within sexual science, like taxometric 

analyses, appears to be a relatively recent development. The development of the Sexual 

Inhibition and Excitation Scales (Janssen, Vorst, Finn, & Bancroft, 2002) appears to be one of 

the first instances–if not the first instance–in which a test of “measurement invariance” or 
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“measurement equivalence” was published in either the Journal of Sex Research or Archives of 

Sexual Behavior. Invariance testing now appears to be an increasingly popular form of analysis 

in sexual science, across a range of topics (e.g., Bőthe et al., 2018; Deutsch, Hoffman, & Wilcox, 

2014; Dyar, Feinstein, & Davila, 2018; Eaton & Matamala, 2014; Emmerink, van den Eijnden, 

ter Bogt, & Vanwesenbeeck, 2017; Jardin, Garey, & Zvolensky, 2017; Milhausen, Graham, 

Sanders, Yarber, & Maitland, 2010; Sakaluk, Todd, Milhausen, Lachowsky, & Undergraduate 

Research Group in Sexuality (URGiS), 2014; Tran et al., 2018; Veale, 2016). 

Beyond its recent surge in popularity, there are at least three additional patterns that seem 

to characterize how sexual scientists’ use invariance testing. The first is that the bulk of 

published articles (see the examples above) utilize multi-group CFA models (for reviews see, 

Vandenberg, 2002; Vandenberg & Lance, 2000) as the means of evaluating invariance in latent 

dimensions between categorical groups. Other approaches of testing invariance, including DIF 

testing (Holland & Wainer, 2012), or tests of alternative forms or contexts of invariance (e.g., 

longitudinal invariance of latent dimensions, invariance of latent categories, Collins & Lanza, 

2009; Little, 2013) are much less common (for DIF see, Janulis, Newcomb, Sullivan, & 

Mustanski, 2018; Napper, Montes, Kenney, & LaBrie, 2016; Shaw & Rogge, 2016) if not almost 

entirely absent from the sexual science literature altogether (for longitudinal invariance, see 

Ioverno et al., 2018, for latent class invariance testing, see Card et al. 2018). This discrepancy 

between rates of multi-group CFA versus other forms of invariance testing suggests to me that 

either: (1) sexual scientists do not see the value in testing invariance across continuous individual 

differences, across time, and among latent categories; (2) they do not yet know that these tests 

are possible; and/or (3) they do not yet know how to apply these tests in their own research 

programs. 
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Another observable pattern in sexual scientists’ use of invariance testing is that it is 

largely construed as a nuisance test. That is to say, sexual scientists are not interested in 

measurement (in)variance as a substantive research question per se, but rather think of it as a 

measurement-related test that must be crossed off in order to convince themselves (and readers) 

that they may validly move on to statistical tests of their construct(s) that are perceived to be 

more interesting and important. In their earlier writing, however, Lewis and Kertzner (2003) 

seemed to anticipate the problematic byproducts of this construal, as sexual scientists forego the 

opportunity to explore the meanings made by their participants (or previous researchers) in 

depth. Taking their example of constructions of “real” sex as an example, today’s sexual scientist 

might conduct measurement invariance on a “perceptions of real sex” scale, hoping to find 

evidence of invariance to move on to other tests (e.g., comparing genders, sexual orientations, 

etc., on mean levels of the scale)–perhaps even removing items that failed to demonstrate 

invariance. What would be lost in this example is that differences in what constitutes “real sex” 

should be interesting in its own right, and further explored: how might groups differ in their 

understandings of “real sex”, and why?; what are the consequences of these different 

constructions of “real sex”?; what theories can inform our understanding of how different 

understandings of “real sex” are constructed? When invariance testing is merely treated as a 

boring task to cross off the list of measure development, important questions such as these are 

left, unexplored, on the proverbial table. 

Finally, there appears to be little effort made to synthesize the results of invariance tests 

across studies in sexual science. What would it say about sexuality if most groups (e.g., based on 

gender/sex, sexual orientation, relationship configurations, etc.) ascribed the same kinds of 

meaning to a swathe of sexuality-related constructs? Or what if those meanings of sexuality were 

consistently different between groups, or there was a more complex yet detectable pattern in 



Running head: STATISTICAL FRONTIERS IN SEXUAL SCIENCE 43 

invariance findings? Whatever the case may be, systematic differences and/or similarities in 

organization and structure of sexuality-related constructs ought to be of broad interest to the 

field. A useful example (albeit from a different area of scholarship) of how to conduct 

measurement syntheses of this sort is provided by Kerr et al. (2018). Yet, despite the need for 

invariance syntheses in sexual science, common practice in measure development and invariance 

testing would make it difficult to trust the outcome of a forthcoming review. The practice of 

removing items that fail to exhibit invariance, in particular (e.g., Dyar et al., 2018), would bias 

the findings of measurement syntheses towards fallaciously supporting claims of comparable 

meanings of sexuality-related constructs. More methodological scholarship is needed to 

determine how to reconcile the need to accurately appraise the state of invariance in the field 

with the need to create constructs that can be validly compared across groups and other 

individual difference variables. 

Common Misunderstandings Regarding Testing Variability in Measurement 

There are two common misunderstandings about invariance testing that I hope to have 

already dispelled. The first is that invariance testing is only possible with latent dimensions, or 

between categorical groups. By way of reviewing invariance testing within latent class and 

profile models (Collins & Lanza, 2009) and MIMIC models for DIF testing with continuous 

covariates (Woods, 2009; Woods & Grimm, 2011), it should be clear that variability in 

measurement can–and should–also be investigated in these modeling contexts. Increasing the 

usage of invariance tests using naturally continuous covariates, as opposed to researchers 

errantly dichotomizing covariates to facilitate comparisons of artificially created groups, would 

be a victory for improved statistical practice in its own right (DeCoster, Iselin, & Gallucci, 2009; 

MacCallum, Zhang, Preacher, & Rucker, 2002). 
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Second, and more importantly, I hope to have dispatched with the idea that variability in 

measurement is uninteresting or a nuisance for sexual scientists. Though invariance is necessary 

for valid group comparisons or tests of moderation across continuous covariates, sexual scientists 

could learn much about social construction, biology-shaped cognition, developmental and social-

learning processes, and clinical implications from the study of how measurement models change 

across variables in these domains. 

Two additional common misunderstandings remain. These include the notions that 

invariance need only be evaluated once (and then a measure has been “proven” to be invariant), 

and that invariance is only of concern when one is conducting their group tests or tests of 

moderation using latent variables (as opposed to performing these tests with observed 

aggregates, like average or sum scores). 

 Misunderstanding #1: Invariance only needs to be tested once. Recent examples of 

measure development papers in sexual science have included multiple samples featuring a 

multitude of statistical tests (e.g., EFA, CFA), among which invariance tests are included (Dyar 

et al., 2018; Kanamori, Cornelius-White, Pegors, Daniel, & Hulgus, 2017). This is a positive 

trend that I hope will continue. Rarely, however, is the matter of a sexuality measure’s invariance 

ever revisited. But whereas the absence of direct replication studies focusing on measurement 

structure is to be expected (Makel, Plucker, & Hegarty, 2012), that sexual scientists do not take 

the opportunity to reevaluate the invariance of a measure when they already have the needed data 

is a peculiar pattern. Imagine, for example, if a researcher wrote, “since the relationship between 

these X and Y was found to be significant [or not significant] in a previous study, we assumed 

this pattern replicated in our current sample, and therefore proceeded with our analysis relying 

on this assumption…”. Though a bit on the nose, this hyperbolic hypothetical effectively 

illustrates the point: the scientific community would not likely accept this line of argumentation 
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when made about non-measurement related claims, so why does our field find it acceptable when 

the subject matter is variability in measurement? 

Indeed, as invariance tests rely on traditional significance tests, the same kinds of errors 

of inference are possible; researchers could mistakenly claim that measurement is invariant (a 

Type II/false-negative error) or varying (a Type I/false-positive error) across a particular 

covariate. Moreover, these error rates can be inflated via the same common methodological 

mechanisms that compromise the statistical conclusion validity of other inferential tests 

(Maxwell, 2004; Simmons, Nelson, & Simonsohn, 2011), meaning that the possibility of making 

a mistaken inference with respect to invariance could be troublingly high. There is therefore a 

clear need for sexual scientists to become more comfortable with replicating tests of invariance 

in regular usage of a particular measure. 

Misunderstanding #2: Invariance is only a concern when testing latent variable 

models. A final misunderstanding regarding invariance testing is that it is only a concern that 

would-be latent variable modelers need to confront. Put another way, some believe that by 

avoiding latent variable analysis, one avoids the need to evaluate invariance. There may be an 

element of practical truth in this misunderstanding, as I think it would be incredibly unlikely for 

a reviewer or editor to demand invariance testing from a sexual scientist who used inferential 

comparisons of observed sum or average score of a measure. Ultimately, however, such an 

analysis does assume invariance of the measures involved. An independent sample t-test using an 

observed mean score, for example, requires invariance for its interpretation to be statistically 

valid, just as much as a test of latent means of the same construct requires; you cannot make 

valid comparisons about amounts of some entity–in either observed or latent space–when it turns 

out that you are comparing apples and oranges. 
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The reliance on sum and average scores as the primary inputs and outputs for statistical 

analysis obscures a number of underlying assumptions about the measure(s) being studied–

invariance is only one of these. For example, computing an unweighted sum or average score of 

a set of items assumes that each item is an equally strong, reliable indicator of its underlying 

construct, yet a quick factor analysis would quickly debunk such a belief in the majority of cases. 

As latent variable analysis methods become more accessible, the frequency with which 

assumptions like these will be made and relied upon will hopefully decline. But in the meantime, 

the opportunity to explore the variability in meanings of constructs across groups and other 

continuous variables will likely serve as sufficiently interesting to entice sexual scientists to 

conduct invariance tests, provided there are analytic resources to get started. 

Implementing Tests of Variability in Measurement  

Best practices for evaluating variability in measurement models (or lack thereof) depend 

greatly upon in which analytic framework one is working. Multi-group CFA is easily the most 

widely-utilized and well-developed framework for testing invariance, but it is limited in that 

continuous covariates cannot be evaluated. Multi-group LCA/LPA models, meanwhile, are more 

limited in the strategies one can use for testing invariance. DIF-testing via MIMIC models, 

finally, though fairly new, offer the potential capacity to simultaneously evaluate invariance 

across multiple covariates, while also being able to accommodate both continuous and 

categorical covariates. 

Multi-Group CFA. Evaluating invariance within the context of multi-group CFA is a 

well-established procedure, with two related features to which sexual scientists must attend when 

planning their own invariance studies: (1) sampling needs to ensure adequate statistical power to 

detect variability in measurement; and (2) what metrics–and magnitudes–of discrepancy in 

measurement models they will consider to be evidence of variability in measurement. 
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One way to approach the joint issues of statistical power and how to appraise invariance 

is to rely on traditional likelihood ratio tests for comparing nested models, sometimes referred to 

as Δ!2 tests (Brown, 2014). Using this invariance testing approach, a researcher would take the 

difference in the !2 statistics (and the difference of their respective df) between a more 

constrained invariance model (e.g., a weak invariance model) and a less constrained invariance 

model (e.g., a configural invariance model). The Δ!2 can then be tested as a new	!2, distributed 

with Δdf; a significant test statistic would indicate that the additional constraints result in the 

measurement model fitting significantly worse to the observed data. As an initial heuristic, Little 

(2013) recommended a minimum of n = 50 per group with this approach to invariance testing, 

and that seems a bare-minimum standard to adopt. Of course, the matter of statistical power for 

invariance testing presents a familiar dilemma; too small a sample, and sexual scientists will fail 

to detect appreciable differences in measurement models between groups, while too large a 

sample will leave sexual scientists vulnerable to fixating on increasingly trivial discrepancies in 

measurement models. 

Another approach to testing invariance in multi-group CFA models is to examine between 

increasingly stringent levels of invariance the magnitudes of change in other fit indexes, as 

researchers have long realized the limitations of relying on !2 (and by extension, Δ!2) as the sole 

gatekeeper of measurement modeling decisions (Brown, 2014; Little, 2013). Widely cited 

references of simulation work in this tradition (Chen, 2007; Cheung & Rensvold, 2002) suggest 

that researchers attend to changes between models in the root mean squared error of 

approximation (ΔRMSEA) and the comparative fit index (ΔCFI); both are widely utilized fit 

measures (Hu & Bentler, 1999), with RMSEA capturing the degree of misfit relative to a perfect 

fitting model, and CFI capturing the degree of improved fit relative to a deliberately poor-fitting 

model, respectively. The recommendation by Cheung and Rensvold (2002) is more 
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straightforward: researchers should reject a claim of invariance if ΔCFI ≥ .01 when comparing 

more constrained invariance models to less constrained. Chen (2007) offered a similar but more 

nuanced recommendation, whereby researchers should adopt a more conservative threshold for 

ΔCFI  (.005) when sample sizes are smaller (n < 300) than when they are larger (ΔCFI ≥ .015 

for n ≥ 300); ΔRMSEA can also be used to supplant the conclusions drawn using ΔCFI if the 

changes in RMSEA are drastic enough (ΔRMSEA ≥ .01 or ΔRMSEA ≥ .015 for 300 < n ≥ 300, 

respectively). 

A final–and the newest–approach to testing invariance in multi-group CFA models begins 

with an acknowledgment of the inadequacy of one-size-fits-all cutoffs for what constitutes a 

well-fitting model. A review by McNeish et al. (2018), for example, provides a helpful 

illustration of how a given fit index cutoff (e.g., CFI ≥ .95) can be too strict or too lax depending 

on the modeling circumstances (e.g., when standardized loadings are less than .75, or greater 

than .75, respectively). In response to this realization, Jorgensen, Kite, Chen, and Short (2017) 

now recommend a permutation randomization approach, in which a researcher repeatedly 

simulates samples based on their specified invariance model, with the exception that within each 

simulated sample, individuals are randomly assigned to group, and thus invariance is simulated 

to be true. Traditional fit indexes are then calculated in each simulated sample, and a tailor-made 

distribution of each fit index across simulated invariant samples for the specific model is 

compiled. The observed fit index from the specified model in which group measurement model 

parameters are freely estimated can then be compared against this simulated distribution in order 

to determine the degree of misfit when invariance is imposed. Researchers may also compile the 

distributions of modification indexes from individual measurement model parameters (e.g., 

loadings) that have been constrained to equality across samples, in order to better understand 

what individual indicators, if any, are driving variability in measurement. In addition to 
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improving upon the use of traditional “one size fits all” cutoffs for appraising model fit, the 

permutation randomization approach to testing individual measurement parameters provides the 

additional benefit of improved Type I/II error control when compared to the other approaches to 

multi-group CFA. 

Multi-Group LCA and LPA. The issue of testing measurement invariance between 

groups appears to have been given less attention within the context of models for latent 

categories (i.e., LCA and LPA). One of the few elaborated treatments of this topic was given by 

Collins and Lanza (2009). Testing configural invariance within latent categorical models (i.e., 

that groups have the same number of latent categories), they argued, would proceed by 

comparing fit statistics of models extracted with different numbers of classes or profiles within 

each group, and observing whether the same final number of latent groups is supported within 

each. Collins and Lanza (2009) noted that this process may become complicated if the sizes of 

groups being compared are discrepant (e.g., such that one is underpowered for the analysis), or if 

the underlying prevalence of certain latent classes or profiles differs between the groups. The 

equivalent of weak invariance testing can be conducted in multi-group LCA or LPA models, by 

containing indicator response probabilities (LCA) or means (LPA) to equivalency between 

groups, and comparing the fit of this model against a model in which these parameters are 

estimated without constraint. Researchers can then use the G  statistics and df  from each and a 

ΔG test to compare the relative fit of each model, much like the Δ!2 test in multi-group CFA. 

The descriptive indexes of model fit AIC and BIC can also be informative when performing these 

kinds of model comparisons, but they lack the same recommended cutoffs that indexes like 

RMSEA and CFI possess (Chen, 2007; Cheung & Rensvold, 2002; Hu & Bentler, 1999). 

MIMIC modeling of DIF. MIMIC modeling of DIF requires researchers to give 

consideration to two unique analytic features: (1) how to create the latent interaction term 
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between DIF covariate and latent construct, necessary for testing non-uniform DIF (i.e., 

variability in loadings); and (2) how to carry out the significance testing of uniform and non-

uniform DIF in individual items, while maintaining a reasonable Type I error rate. 

A common approach to the specification of latent interactions to test non-uniform DIF 

requires researchers to create indicators of the latent interaction from the product of each 

indicator of their latent variable (e.g., Q1 - Q10 of the SCS) and the covariate that is the target of 

their DIF examination (e.g., age). The latent interaction is then modeled using these product 

terms (e.g., Q1Xage, Q2Xage…Q10Xage), and original indicators and product terms sharing the 

same variable (e.g., Q1 and Q1Xage) are allowed to covary. The main analytic consideration in 

the creation of the product terms for the latent interaction is whether and how to transform the 

indicators to optimize the estimation and interpretation of the interaction, such as through mean-

centering indicators and covariates before computing product terms (Little, Bovaird, & 

Widaman, 2006). According to simulations by Lin, Wen, Marsh, and Lin (2010), the process of 

double-mean-centering indicators (e.g., centering Q1 and age to compute Q1Xage, and then 

centering Q1Xage) helps to simplify subsequent steps of the DIF-testing process, while requiring 

fewer assumptions about the indicators of the interaction compared to other indicator 

transformation methods (e.g., mean-centering, orthogonalizing). 

Though researchers can simply evaluate the significance of the individual uniform-DIF 

and non-uniform-DIF pathways, they risk inflating their Type I error rate by performing so many 

individualized significance tests. Sexual scientists can therefore use a similar permutation 

randomization approach to testing DIF, as described in Jorgensen et al. (2017). Using this 

approach, samples based on the specified model are simulated assuming that the association 

between measurement indicators and the DIF covariate and latent interaction term is zero. 

Distributions of modification indexes for each uniform-DIF and non-uniform-DIF pathway are 
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then compiled across the simulated samples, and can be used to provide better error control when 

making inferences of which indicators exhibit which particular forms of DIF (if any). 

Reproducible Example of Testing Variability in Measurement 

The previous taxometric analysis supports a continuous latent dimensional model of the 

SCS, and so for the reproducible example described here in text, I honour that continuous latent 

structure (and the continuous indicator variables) by evaluating measurement invariance in 

multi-group CFA (for gender/sex) and then within a MIMIC model to assess DIF (across 

participant ages). For the gender/sex analysis, I focus on comparison between men vs. women as 

the number of other-identified participants (n = 15) is well below even the most liberal 

minimums recommended for multi-group CFA (e.g., Little, 2013, who recommended min of n = 

50 per group). 

Multi-Group CFA for testing invariance in gender for the SCS. The tandem of the 

lavaan() (Rosseel, 2012) and semTools() (semTools Contributors, 2016) packages makes it 

incredibly easy to specify CFA models and perform tests of invariance, respectively. A 

researcher must first specify the measurement model of the latent dimension they wish to 

investigate for invariance (which I am arbitrarily saving as scs.model) using the lavaan() 

package syntax (see http://lavaan.ugent.be and Beaujean, 2014, for helpful introductions). As 

sexual compulsivity is operationalized as a unidimensional construct (Kalichman & Rompa, 

1995), I specify all 10 SCS items (separated by + signs) as loading (the =~ operator for lavaan) 

onto a latent variable I have labeled SCS. 

scs.model = ' 

SCS =~ Q1 + Q2 + Q3 + Q4 + Q5 + Q6 + Q7 + Q8 + Q9 + Q10 

' 
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With the measurement model defined, researchers can use the cfa function to specify their 

saved model object and data frame, as well as which estimator and missing data treatment they 

would like to use (robust maximum likelihood estimation, “MLR,” and full-information 

maximum likelihood, “ML” are good defaults); the output is then saved in an object I have 

arbitrarily named scs.model.fit. The summary function is then used on the output object, 

specifying the options that will request standardized estimates (e.g., for loadings) and the usual 

fit indexes. 

scs.model.fit = cfa(scs.model, data = scs.dat,  

                    estimator = "MLR", missing = "ML") 

summary(scs.model.fit, standardized = T, fit.measures = T) 

The unidimensional model for the SCS, as it turns out, does not fit the data especially well 

in this sample, !2 (35) = 1428.63, p < .001, CFI = .89, RMSEA = .12. Normally the process 

would stop here; it would make little sense to evaluate invariance between groups for a model 

that did not fit the entire sample reasonably well. The use of the SCS, however, is simply for 

example, and so I proceed to highlighting the invariance testing functionality of semTools(). In 

the past and with many other software options (e.g., Mplus), users would have had to manually 

write the measurement model syntax for each invariance model; the semTools() package 

automates the model syntax writing for each desired level of invariance in a single looping 

function, which can then be used for simple model comparisons of each invariance level.  

Descriptive indexes of model fit for the configural invariance model inform us of what we 

already knew; the unidimensional model does not fit especially well, !2 (70) = 1486.63, p < .001, 

CFI = .89, RMSEA = .13. Nested model comparisons further indicate that the weak invariance 

model fits significantly worse than the configural invariance model, Δ!2 (9) = 22.77, p = .007,  

as does the strong invariance model relative to the weak invariance model, Δ!2 (9) = 75.80, p < 
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.001.These comparisons would lead a researcher to be skeptical of comparisons between men 

and women’s means on the SCS, or any associations with SCS moderated by gender/sex, as they 

suggest we are not comparing sexually compulsive apples to sexually compulsive apples. 

Changes in the descriptive indexes of model fit, meanwhile, tell a different tale. Indeed, though 

the initial fit of the multi-group model is unacceptable, the additions of the weak invariance 

constraints do not appear to appreciably worsen the model fit, ΔCFI = -.001, ΔRMSEA = -.007, 

nor do the additions of the strong invariance constraints, ΔCFI = -.004, ΔRMSEA = -.005. These 

results, conversely, would therefore lead a researcher to think comparisons of men and women’s 

SCS scores were entirely justifiable. Given the large size of the example sample, I would be 

inclined to put more stock in the ΔCFI and ΔRMSEA tests, relative to the Δ!2 tests, but the 

possibility of conflicting results and researcher confirmation bias highlight the need for sexual 

scientists to decide a priori which they will use as their quantitative standard for making claims 

of invariance (Nosek, Ebersole, DeHaven, & Mellor, 2018; Simmons et al., 2011). 

MIMIC model for testing DIF of age for the SCS. MIMIC modeling for testing DIF via 

a continuous covariate is a bit more convoluted, in terms of coding, and therefore I present most 

of the necessary syntax in the supplemental materials instead of the main text. Recalling that one 

can test both uniform DIF (i.e., absence of strong invariance) and non-uniform DIF (i.e., absence 

of weak invariance) using a MIMIC model in which a latent variable and its indicator are 

regressed on a covariate, and the indicators are further regressed onto the interaction of the latent 

variable and the covariate (see Figure 3 for the visualization of the MIMIC model testing DIF in 

the SCS by age). The first necessary coding step is the creation of the double-mean-centered 

product terms between age and each indicator of the SCS (e.g., Q1*Age, Q2*Age, .. Q10*Age). 

lavaan() syntax is then used to save a model in which: 

1. the SCS items (Q1 – Q10) load onto the SCS factor; 
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2. the product terms between SCS items and age (e.g., Q1*Age) load onto the latent interaction 

term; 

3. the SCS factor and the SCS indicators are regressed onto the observed age variable; 

4. the SCS indicators are also regressed onto the latent interaction term; and 

5. the correlations between SCS indicators and product terms sharing an SCS item in common 

(e.g., Q1 and Q1*Age) are estimated 

The saved model is then fit with the cfa function with the normal arguments. Users can 

then extract the particular output that they are interested in: the residual relationship between 

each indicator of the SCS and age after true age differences in SCS have been held constant (i.e., 

uniform DIF), as well as the residual relationship between the latent interaction and each 

indicator of the SCS after true age differences in SCS have been held constant (i.e., non-uniform 

DIF). Two groups of output are returned: !2 tests of whether the items demonstrate either form 

of DIF, followed by a total test DIF score and separate !2 tests of uniform DIF (e.g., l.age=~Q1) 

and non-uniform DIF (e.g., age.by.scs=~Q1) for each indicator (e.g., Q1 of the SCS). The first 

group of output suggest that eight of ten SCS items exhibit some form of DIF across the range of 

age, suggesting that conducting subsequent age-based comparisons of SCS may be of 

questionable value. The second group of output, meanwhile, indicates that the entire test exhibits 

a significant amount of DIF, !2 (20) = 191.93, p < .001, and item-by-item analysis indicates that 

all items but Q7 either exhibit uniform DIF, non-uniform DIF, or both forms of DIF based on 

age. 

Implementation of the randomization permutation method (Jorgensen et al., 2017) to test 

the same DIF pathways is accomplished using the permuteMeasEq function, which requires 

researchers to indicate the number of random samples they wish to draw from the invariant-

version of their specified model, the covariate they wish to test for DIF, and the distributions of 
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fit indexes they wish to estimate based on their simulated randomly drawn samples. Re-

analyzing DIF within the SCS based on age using this method, indicates that there is appreciable 

DIF for the entire scale, and that measurement parameters vary across age for five items in 

particular (Q1, Q2, Q5, Q8, Q9, and Q10). 

Summary of Invariance Analyses 

Tests of measurement invariance evaluate whether measurement models remain constant 

across groups or continuous covariates, and can be fit using multi-group CFA/IRT, multi-group 

LCA/LPA, or MIMIC models. Often construed as a one-time nuisance test related to measure 

development and validation, I have argued that invariance tests can be conducted to understand 

how the meanings of latent sexuality-related constructs differ across groups and continuous 

individual difference variables. In the example of invariance testing of the SCS by gender/sex, 

multi-group analysis suggested that men and women’s understandings of sexual compulsivity 

were not radically different. An examination of DIF by age, however, suggested that what it 

means to be sexually compulsive differed across the age range of the current sample–an outcome 

that, in my opinion, ought to be of substantive (and not just nuisance) interest to our field. With 

the evidence of measurement invariance between men and women for the SCS, a researcher 

might be interested in testing whether these groups are equal or different on levels of SCS, which 

is a research question that brings us to the final test in this review: equivalence testing. 

How Similar Are Sexuality-Related Groups?: Equivalence Testing 

Evolutionary psychologists have been fascinated with gender differences and have 

latched on to the mechanism of sexual selection, originally proposed by Darwin, as an 

explanation. What these evolutionary theorists neglect is the mechanism of natural 

selection, which acts equally on males and females and should produce gender 
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similarities most of the time. That is the big picture that must be kept in view. (Hyde, 

2006, p. 642) 

Overview of Equivalence Testing 

Sexual scientists are routinely interested group comparisons on the basis of gender/sex 

(e.g., Petersen & Hyde, 2010; Schmitt, 2005), sexual orientations (e.g., Hatzenbuehler, 2009; 

Yule, Brotto, & Gorzalka, 2013), relationship configurations (e.g., Conley, Ziegler, Moors, 

Matsick, & Valentine, 2013; Rubel & Bogaert, 2015), and communities/behaviors (e.g., 

Connolly, 2006). And though many theories guiding these studies anticipate and emphasize 

differences between groups (e.g., Buss & Schmitt, 1993; Eagly & Wood, 2012), the quote by 

Hyde reminds us that other theories (or researcher intuitions) emphasize the likelihood and 

importance of similarities or even equivalencies between groups (e.g., Hyde, 2005, 2006). 

Unfortunately, the reliance of sexual scientists on traditional forms of null-hypothesis-

significance-testing (NHST) leaves researchers ill-equipped to validly appraise the extent of 

similarities and equivalencies (including tests of equivalencies for measures of association, like 

correlations and regression slopes, see Lakens, 2017). Indeed, and as I later review in more 

detail, it is fallacious to conclude similarity or equivalence on the basis of a non-significant (i.e., 

p > .05) group comparison (see Lakens, McLatchie, Isager, Scheel, & Dienes, 2018). Recent 

revitalizations of clever adaptations of NHST (i.e., the use of two one-sided tests, TOSTs, 

Schuirmann, 1987) and alternative statistical paradigms for group-testing (i.e., the use of Bayes 

Factors in lieu of p-values, Jeffreys, 1935; Kass & Raftery, 1995) now provide sexual scientists a 

way forward to test group similarities and equivalencies. With the emergence of accessible 

overviews of TOSTs and Bayesian inference via Bayes Factors (Etz, Gronau, Dablander, 

Edelsbrunner, & Baribault, 2018; Lakens, 2017; Lakens et al., 2018; Rouder, Haaf, & 

Vandekerckhove, 2018) as well as accompanying (and relatively straightforward) open-source 
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software (Lakens, 2017; Morey & Rouder, 2015; Wagenmakers et al., 2018), it should now be 

easier than ever for sexual scientists to conduct sound tests of equivalencies.  

TOSTs. When using TOSTs (see Lakens, 2017 for a review), researchers must first 

specify a range for an effect that would be deemed so trivial as to consider it equivalent to the 

null value (e.g., within ± 0.10 of d = 0.00). This null interval might be specified on the basis of 

theory (e.g., Hyde, 2005), or in order to ensure observed effects surpass those that might be 

produced on the basis of uninteresting statistical artifacts (Meehl, 1990b), or simply because it 

represents the range of the smallest effect that could be targeted with the resources at-hand 

(Lakens, 2014). Researchers then perform standard one-sided significant tests to determine if 

their observed effect (e.g., d = 0.08) is significantly larger than the lower limit (e.g., d = -0.10) 

and simultaneously significantly smaller than their upper limit (e.g., d = 0.10). If the null is 

rejected in both (and only both) of these tests, one can validly conclude that the observed effect 

is highly incompatible with the range of values outside of their null interval (see Lakens et al., 

2018, p. 6 for an intuitive visualization of how this approach flips the normal inferential logic of 

NHST). When paired with the use of traditional NHST-based group comparisons, TOSTs can 

leave researchers with one of four patterns of findings (Lakens, 2017): (1) groups that are 

equivalent (reject TOSTs) and not significantly different (fail to reject H0); (2) groups that are 

equivalent (reject TOSTs), but also significantly different from one another (reject H0); (3) 

groups that are neither equivalent (fail to reject TOSTs), nor significantly different from one 

another (fail to reject H0); or (4) groups that are not equivalent (fail to reject TOSTs) and 

significantly different from one another (reject H0). Whereas the first and fourth patterns are 

consistent in their implications and interpretation (i.e., either evidence of a difference or of 

equivalence), the second (both equivalent and different) and third (neither equivalent nor 

different) remain possibilities with a more ambiguous meaning that should prompt a researcher 
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to consider the adequacy of their sample and/or the sensibility of the bounds of equivalence 

which they have tested. 

Bayes Factors. Bayes Factors (Jeffreys, 1935; Rouder et al., 2018) are a form of 

likelihood ratio testing (Etz, 2018; Schönbrodt, Wagenmakers, Zehetleitner, & Perugini, 2017), 

which, like t-tests, analyses of variance (ANOVA), and their ilk, can be used to compare two or 

more groups’ scores on some outcome variable. Bayes Factors quantify the relative strength of 

evidence in favor of one specified hypothesis (e.g., H0: the groups are equivalent) vs. the strength 

of evidence in favor of another specified hypothesis (e.g., H1: the groups are somehow different), 

and are therefore somewhat more intuitive tools of statistical inference than frequentist p-values. 

A Bayes Factor (BF10) of 7, for example, would indicate that observed data are 7 times more 

likely under H1 than they are under H0; a BF10 of 1/5, conversely, would indicate that the 

observed data were 5 times more likely under H0 than under H1.  

Descriptive thresholds for the strength of evidence in a given Bayes Factor were 

recommended by Jeffreys (1961), including anecdotal evidence (1 < BF<  3), moderate evidence 

(3 < BF < 10), strong evidence (10 < BF < 30), and very strong evidence (BF  > 30). In this way, 

Bayes Factors provide a solution to some of the more noteworthy limitations of p-values (e.g., 

not quantifying any form of support for/against H1, see Schönbrodt & Wagenmakers, 2018; 

Wagenmakers, 2007, for the benefits of Bayes Factors), and are possible to compute for the 

standard group-comparison statistical tests that sexual scientists rely on, including t-tests 

(Rouder, Speckman, Sun, & Morey, 2009), one-way ANOVAs (Rouder, Morey, Speckman, & 

Province, 2012), and factorial ANOVAs (Rouder, Morey, Verhagen, Swagman, & 

Wagenmakers, 2017). Typically in these analytic contexts, Bayes Factors are used to evaluate the 

possibility of group differences against a strict null (i.e., nil) hypothesis of no group differences 

at all. However, similarly to TOSTs, Bayes Factors can be adapted to also test against 
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hypothesized trivial, but non-zero null hypotheses (Morey & Rouder, 2011). As methods of 

Bayesian inference (within which, Bayes Factors are but one approach) are likely new territory 

for most sexual scientists, readers may wish to consult Kruschke and Liddell (2018) and Etz et 

al. (2018) for accessible introductions. 

History of Equivalence Testing in Sexual Science 

Equivalence testing is almost entirely non-existent in published sexuality research. Key 

TOST references (e.g., Schuirmann, 1987; Wellek, 2010), for example, have not yet been cited 

in any articles published in Journal of Sex Research or Archives of Sexual Behavior. Bayes 

Factors, meanwhile, have been used in only two publications (Plöderl et al., 2014, 2013). The 

absence of equivalence testing in sexual science does not, of course, imply that sexual scientists 

have avoided making claims of similarity or equivalence. Rather, this absence–combined with 

the number of articles in which claims of “no effect” and “no difference” have been made in 

these journals (nJSR= 345, nASB = 517)–suggests that, like other social scientists (Finch, 

Cumming, & Thomason, 2001; Lakens, 2017), sexual scientists have largely relied on the 

(mis)interpretation of non-significant group comparisons in making claims of similarity or 

equivalence. Moreover–and unlike taxometric analyses and invariance testing–there is not any 

discernable acceleration in the recent usage of equivalence tests. 

Common Misunderstandings Regarding Equivalence Tests 

Misunderstanding #1: p-values can be used to support H0. Concluding support for H0 

on the basis of a non-significant p-value is a practice that is both logically and practically 

fallacious, and yet persistent and pernicious in its commonality (see Cohen, 1994; Cortina & 

Dunlap, 1997; Cumming, 2014; Kline, 2004; and Meehl, 1990b, for discussions). p-values are 

the conditional probability of observing a particular test-statistic (i.e., the data, such as a t, F, or 

!2 statistic) or one more extreme, given that H0 were true, or P(D| H0). To take this probability 
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and interpret it as P(H0|D) is a logical error; the probability that someone has had sex if they are 

pregnant is not the same probability of their becoming pregnant if they have had sex. 

And though a p-value could be non-significant because a given H0 is, in fact, true, it is 

also likely for a p-value to be non-significant because a statistical test was underpowered and 

therefore a false H0 was unlikely to be rejected (Cohen, 1988; Cohen, 1992). Underpowered 

studies have been historically rampant in both the psychological and medical sciences (see 

Cohen, 1962; Ioannidis, 2005; Maxwell, 2004, for reviews)–a trend that continues to be borne 

out in more recent meta-scientific reviews (e.g., Nuijten, van Assen, Augusteijn, & Crompvoets, 

2018). Though meta-scientific reviews of examining methodological features like statistical 

power are needed within sexual science (Sakaluk, 2016), a priori I see no reason to anticipate 

that the state of statistical power would be appreciably better in sexual science (as many sexual 

scientists have psychology or medical training backgrounds), and some reasons to anticipate that 

the state of statistical power may be worse in sexual science (e.g., targeting difficult-to-recruit 

populations). 

Finally, researchers may be especially prone to using a non-significant p-value to argue 

for H0 when the corresponding p-value is superficially large (e.g., p = .75). Though the intuitions 

guiding this practice as understandable, they are mistaken; when H0 is true, p-values are 

uniformly distributed (e.g., p = .06 and p = .95 are equally likely, see Simonsohn, Nelson, & 

Simmons, 2014). Thus, higher p-values are not indicative of a more convincing null effect.   

Misunderstanding #2: Effect sizes (and meta-analyses) can be used to support H0. 

Some researchers, notably Janet Hyde (Hyde, 2005, 2006), have encouraged the field of sexual 

science to place their faith in interpreting effect sizes and conducting meta-analyses, instead of 

relying on p-value. There was, and continues to be, a considerable amount of wisdom in this 

recommendation, as effect sizes–not p-values–are crucial to evaluating the truthiness of a theory 
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(see Meehl, 1990b), and meta-analyses of effect sizes have a uniquely powerful role to play in 

theory appraisal and the development of knowledge (Chan & Arvey, 2012). Despite these 

strengths, however, both descriptive interpretations of effect sizes and meta-analyses are poorly 

situated for the task of appraising similarities and equivalences. 

Effect sizes from singleton studies remain but estimates, calculated within some margin 

of sampling error in a particular study. Descriptively interpreting a given effect size in an effort 

to evaluate H0 therefore leads to two interrelated problems. First, there is the matter of 

determining to what extent a given effect size (e.g., d = 0.38) could be superficially discrepant 

from a null value (e.g., the recommendation by Hyde, 2005 for a small effect, d ≤ 0.35), before it 

is considered appreciably different (i.e., falsifying the gender similarities hypothesis). If one 

were testing a strict nil H0 (d = 0.00), would a d = 0.02 be taken as evidence for or against H0? 

What about d = 0.05? d = 0.07? And if d = 0.10 is adopted as a threshold (Hyde, 2005), why not 

d = 0.09 or d = 0.11? These examples are, of course, somewhat trite, but they underscore the 

limitation of relying on “intra-ocular” interpretations of any estimate. The second related 

problem is that, as most are aware, discrepancies of a particular magnitude between an estimate 

(e.g., d = 0.18) and any null value (e.g., d = 0.10) are expected to be larger in smaller samples 

(e.g., n = 100) and smaller in larger samples (e.g., n = 10,000). Stated simply, it is difficult–if not 

impossible–to make sound inferences from the descriptive estimates of samples without 

considering some knowledge of how small or large the generating sample was to begin with. 

And so though descriptive effect sizes deserve the emphasis and enthusiasm they continue to 

receive relative to p-values (Cumming, 2014), they will not solve the problem of evaluating H0. 

Meta-analyses suffer from a different and counter-intuitive problem when it comes to 

evaluating similarities and equivalencies: too much statistical power. By synthesizing across the 

effects from tens, hundreds, or sometimes even thousands of studies, meta-analyses afford 
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extremely high-powered statistical tests and are therefore able to reliably detect relatively tiny 

effects compared to individual studies. Thus, if anything, meta-analyses will enable sexual 

scientists in being over-eager in rejecting H0 for differences that are relatively trivial (see Cohen, 

1994). And because meta-analyses still predominantly rely on p-values for the evaluation of a 

synthesized effect, they entail the same logical trap awaiting researchers hoping to interpret P(D| 

H0) as P(H0|D). In fact, it is precisely because of these limitations for evaluating similarities and 

equivalencies that tests like TOSTs and Bayes Factors have been recently extended to the meta-

analytic context (see Lakens, 2017; Monden et al., 2018). 

Implementing Equivalence Tests 

Though TOSTs and Bayes Factors differ in their philosophy of probability, the questions 

they ask, and their practical implementation, they often yield similar answers, and researchers 

can implement both within the same study if they wish to avoid deciding between the two (see 

Lakens et al., 2018). TOSTs and Bayes Factors also share a requirement that researchers give a 

priori consideration to similar features of their analytic plan, namely how they determine their 

target sample size, and what kind of model they specify as corresponding to evidence of H1. 

Sample size planning. Sample size needs for TOSTs of group equivalencies can be 

demanding. Akin to the logic of traditional NHST–in which it’s harder to detect smaller effects–

sample sizes need to be larger when researchers are interested in evaluating more stringently 

specified similarities, versus when they are testing those that are more liberal. For example, a 

sexual scientist hoping to use TOSTs to test the gender similarities hypothesis (Hyde, 2005) that 

men and women differ in the “close to zero” range (-0.10 < d < 0.10) on some sexuality outcome 

would need nearly n = 2000 (Lakens, 2017); detecting equivalence to a “small” difference (-0.35 

< d < 0.35), meanwhile, would require approximately n = 150. Though sample sizes of these 

descriptions may be reasonably attainable for some sexuality-related groups of interest (e.g., 
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based on gender/sex, religiosity, broad groups of sexual orientations, etc.), the sampling needs of 

TOSTs may be overly demanding for comparisons of other more difficult-to-recruit groups (at 

least within any interesting bounds of equivalence). 

Sample size requirements for inference of equivalencies through Bayes Factors, in 

contrast, are more straightforward. When Bayes Factors are estimated with an inadequate amount 

of data, they will tend to support H0 (i.e., BF10 > 1); otherwise as sample size increases, the 

Bayes Factor will converge towards ∞ or 0 depending on whether H1 or H0 is true (Morey & 

Rouder, 2011). How then can sexual scientists ensure they have an adequate amount of data for 

informative inferences via Bayes Factors? Schönbrodt and Wagenmakers (2018) recommended 

one of three strategies for acquiring compelling evidence with Bayes Factors: 

1. Fixed-n sampling. Determine a particular sample size that is unlikely to yield both 

ambiguous Bayes Factors (e.g., 1/3 < BF10 < 3) and misleading Bayes Factors (i.e., BF10 < 1/3 

when H1 is true, or BF10 > 3 when H0 is true). With this strategy, simulations by Schönbrodt and 

Wagenmakers (2018) revealed that Bayes Factors calculated in designs of n = 146 with d = 0.50 

(or d = 0.00) met both of these criteria; sexual scientists could therefore use this n = 146 target as 

a reasonable minimum when comparing groups via Bayes Factors, and scale their samples 

upwards when anticipating smaller effects. 

2. Open-ended sequential Bayes Factor design. Use an open-ended sequential design 

(Schönbrodt et al., 2017), in which sexual scientists would pre-determine a minimal sample size 

(nmin) as well as thresholds for what they consider meaningful evidence for H0 and H1. 

Researchers would then calculate BF10 at nmin. If either Bayes Factor threshold is breached, 

sampling would stop; if either Bayes Factor threshold was not breached, then researchers would 

collect another wave of participants and recalculate the Bayes Factor, repeating this process until 

one of the thresholds is crossed. The major considerations for the researcher are therefore which 
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Bayes Factor thresholds to adopt, and what nmin to use. Schönbrodt and Wagenmakers (2018) 

recommended 1/6 <  BF10 < 6 for balanced thresholds for H0 and H1; researchers could also use 

asymmetrical thresholds, given that it is more difficult to acquire stronger evidence for H0 

without larger samples (e.g., 1/6 <   BF10 < 20). Schönbrodt and Wagenmakers (2018) also 

recommended nmin ≥ 20 per group noting that increasing nmin (e.g., ≥ 40 per group ) decreases 

the likelihood of misleading Bayes Factors. The main advantages of the open-ended sequential 

Bayes Factor design are that, if executed properly, it guarantees strong evidence for either H0 or 

H1, and that it often requires smaller samples than the fixed n design (Schönbrodt et al., 2017). 

3. Maximal n sequential Bayes Factor design. Use a sequential design with a maximal n. 

As sexual scientists often study difficult-to-recruit groups, the open-ended commitment of the 

previously described sequential design may be unreasonable. In cases like these, Schönbrodt and 

Wagenmakers (2018) suggested specifying a priori an nmax (e.g., nmax = 100), then going about 

the normal sequential process until either Bayes Factor threshold is passed or they reach nmax, at 

which point they would interpret their Bayes Factor. Uninformative and misleading Bayes 

Factors are a greater risk with this sampling approach–the former more so than the latter–and so 

Schönbrodt and Wagenmakers (2018) recommended the use of a higher nmin (e.g., ≥ 40 per 

group) and stricter Bayes Factor thresholds (e.g., 1/6 <  BF10 < 20). In many cases, this sampling 

approach will be more efficient than fixed n approaches and will not require researchers to reach 

their nmax. 

Specification of the alternative model. Both TOSTs and Bayes Factors require users to 

specify a model of data that would be expected if H1 were true (Lakens et al., 2018; Rouder et 

al., 2018); this will be new statistical territory for most sexual scientists, who, by relying on 

NHST, have only needed to consider what data ought to look like when H0 is true. TOSTs and 

Bayes Factors alike demand that researchers anticipate the size of the effect under H1 for their 
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group comparisons, while Bayes Factors additionally require researchers to specify the shape of 

the distribution for the effect under H1 (Lakens et al., 2018). 

In terms of specifying an effect size under H1 for TOSTs and/or Bayes Factors, sexual 

scientists can look to a number of sources for inspiration, including theory (e.g., Hyde, 2005), 

meta-analysis (e.g., Petersen & Hyde, 2010), and even previous individual studies (see 

Simonsohn, 2015). Otherwise, researchers might specify the smallest effect size that they find 

interesting, worthwhile, or possible (in terms of resources) to study (Lakens et al., 2018). 

Specifying the shape of the distribution under H1 for computing Bayes Factors of group 

comparisons is a more controversial, and sometimes complicated, matter. Rouder et al. (2018) 

have advocated for a “spike-and-slab” comparison (George & McCulloch, 1993) in 

psychological research, arguing that this particular approach to model comparison maps onto the 

ways that most psychologist theorize. Using this approach, a model for H0 consisting of a nil 

point estimate (or “spike”) of zero effect is compared against a model for H1 consisting of an 

interval estimate (or “slab”) for all non-zero effects of any direction. As Rouder et al. (2017) 

describe, the researcher using this approach must primarily concern themselves with specifying 

what range of effects they consider reasonable to indulge for the “slab” (via the parameter 

denoted h or sometimes r;  r2 = h), arguing that standardized effects within the range of .2 < h  < 

1.0 are reasonable defaults. Other statisticians (e.g., Dienes, 2014; Lakens et al., 2018), 

meanwhile, argue for the specification of more nuanced H1 models that are more precisely 

tailored to the research question(s) at hand (see Etz, Haaf, Rouder, & Vandekerckhove, 2018 for 

an accessible introduction to different specifications for H1 and computational tools). Meta-

scientific research reviewing the distribution of typical effect sizes within sexual science would 

be useful for informing this kind of nuanced model specification for H1 moving forward. 

However, until sexual scientists have this kind of information and more experience using Bayes 
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Factors, the use of Bayes Factors based on spike-and-slab comparisons (Rouder et al., 2018) with 

reasonable settings for h (and appraising the sensitivity of results to particular values of h) may 

still be a fruitful avenue for the field to begin its exploration of Bayesian inference. 

Reproducible Examples of Equivalence Tests 

Example analyses of equivalence testing via TOSTs and Bayes Factors for SCS scores 

from men, women, and those identifying as some other gender will hopefully reveal to sexual 

scientists just how easily equivalence tests can be performed, using the TOSTER() and 

BayesFactor() packages. 

TOSTs of men and women’s SCS scores.  

A traditional one-way ANOVA comparing SCS scores across the three gender groups 

reveals no significant differences, F (2, 3227) = 0.87, p = .42. At this point, a researcher might be 

tempted to errantly conclude there is good evidence the three groups are equivalent, but this is a 

claim requiring direct tests of equivalence for the three groups.  

The TOSTtwo function in the TOSTER() package will perform both traditional t-tests to 

compare two groups, while also supplying users with TOSTS of equivalence between those 

groups; all it requires are the sample means, standard deviations, group sizes. Users can calculate 

these in whatever manner they prefer; the psych() package’s describeBY function, below, is one 

way to easily calculate and save numerous descriptive statistics of a given variable (in this case, 

the SCS score column within our data frame) for different levels of a group variable (in this case, 

the gender column within our data frame) 

descriptives = describeBy(scs.dat$score, group = scs.dat$gender) 

The sample size, sample mean, and sample standard deviation for SCS scores for men are 

n  = 2200, M = 23.49, and SD =7.68, whereas for women they are n  = 1015, M = 23.75, and SD 

= 8.13, and for other-identified individuals, they are n = 15, M = 21.60, and SD = 9.49. 
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Users would then plug pairs of these descriptive values for the groups into the n1/n2, 

m1/m2, and sd1/sd2 arguments for the TOSTtwo function, specify their equivalence interval (in 

this example, -0.10 < d < 0.10) using the low_eqbound_d and high_eqbound_d arguments, 

indicate their desired $	for the TOSTs, and specify whether they wish to assume equal group 

variances (likely inadvisable, see Delacre, Lakens, & Leys, 2017) or not using the var.equal 

argument. For testing equivalence between men and women’s SCS scores, for example, a user 

would specify: 

tosts= TOSTtwo(n1=2200,n2=1015, 

               m1=23.49,m2=23.75, 

               sd1=7.68,sd2=8.13, 

               low_eqbound_d=-0.10, high_eqbound_d=0.10,  

               alpha = 0.05, var.equal=FALSE) 

 The TOSTtwo function returns the expected Welch’s t-test, indicating that SCS scores are 

not significantly different between men and women, t(1874.312) = -0.86, p = .39, but are the 

scores statistically equivalent within -0.10 < d < 0.10? The TOSTtwo function returns two one-

sided t-tests to answer this question, the first assessing whether a difference more negative than d 

= -0.10 can be rejected, and the second assessing whether a difference more positive than d = 

0.10 can be rejected; only if H0 is rejected for both of these tests can the claim of equivalence –

beyond the claim of “not significantly different”– be made validly. In this example, the 

possibilities of differences between women and men in SCS scores more negative than d = -0.10, 

t(1874.312) = 1.75, p = .04, and more positive than d = 0.10, t(1874.312) = -3.47, p < .001, are 

both rejected, and therefore we can reasonably claim that differences in women and men’s SCS 

scores are both not statistically different and statistically equivalent. 
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Testing the equivalence of SCS scores between men and other-identified participants, 

meanwhile, shows a different pattern. Namely, men and other-identified participants are both not 

significantly different from one another, t (14.31) = -0.83, p = .40, and not statistically equivalent 

to one another, t (14.31) = -0.51, p = .69. The uninformative nature of this pair of outcomes is 

likely owing to their only being 15 other-identified participants, which is a very modest amount 

of data when attempting to test such a precise equivalence range.    

Bayes factor comparison of men and women’s SCS scores. A user could rely on a 

Bayesian ANOVA (Rouder et al., 2012) to calculate a Bayes Factor for the omnibus group 

comparison of SCS scores between men, women, and other-identified participants. Users need 

only specify what variables to use as dependent variable and grouping variable using the formula 

argument (the dependent variable is specified to the left of the ~, and the grouping variable to the 

right), while the data frame to be used is specified using the data argument: 

gender.bf = anovaBF(data = scs.dat, score ~ gender)    

The resulting BF10 = 0.038 suggests strong evidence in favor of H0 (BF01 = 1/.038 = 26.32), 

supporting equivalency across the three groups. But what of the individual pairwise comparisons 

between men, women, and other-identified participants?  

The ttestBF function in the BayesFactor() package can be used to calculate a Bayes 

Factor for the relative strength of evidence for H1: d ≠ 0.00 versus H0: d = 0.00. By default the h 

parameter for the anticipated distribution of H1 is set to h = 0.50  (or r = 0.707), but users may 

specify alternative widths of H1 by setting the optional rscale argument to “wide” (h = 1.00, r = 

1.00) or “ultrawide” (h = 2.00, r = 1.414). For example, when comparing men and women’s SCS 

scores, a user could specify:  

bftest.default = ttestBF(formula = score ~ gender, data = filter(scs.dat, gender == 1 | gender == 

2)) 
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bftest.wide = ttestBF(formula = score ~ gender, data = data = filter(scs.dat, gender == 1 | gender 

== 2), rscale = "wide") 

bftest.ultrawide = ttestBF(formula = score ~ gender, data = filter(scs.dat, gender == 1 | gender == 

2), rscale = "ultrawide") 

These analyses yield good convergence in results using h = 0.50 – 2.00 , with BF10 = 0.03 

– 0.06 providing strong (BF01 = 1/0.06 = 16.67) to very strong (BF01 = 1/0.03 = 33.33) evidence 

in favor of the H0 of equivalency between men and women.  

The Bayesian comparison between men and other-identified participants reveals a 

different pattern: 

bftest.default.mo = ttestBF(formula = score ~ gender, data = filter(scs.dat, gender == 2 | gender 

== 3)) 

Initially, the BayesFactor() package indicates that there are not enough observations to calculate 

a Bayes Factor for the comparison. At this point, a user could instead use the previous traditional 

t-test output comparing the two, in order to estimate a Bayes Factor from these summary 

statistics (Ly et al., 2018): 

 ttest.tstat(t = -0.873, n1 = 15, n2 = 1015, nullInterval = c(-Inf, Inf), rscale = "medium", 

complement = FALSE, simple = T) 

The result, BF10 = 0.36, indicates anecdotal support for H0 (BF01 = 1/.36 = 2.78)—a fairly 

uninformative comparison. At the same time, this result highlights one of the strengths of Bayes 

Factors for evaluating equivalencies, as researchers have a clear way of distinguishing between 

meaningful and uninformative null results. This feature of Bayesian hypothesis testing may be 

especially useful in the context of sexuality research in which larger (or even medium-sized) 

samples are more difficult to recruit.  
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Summary of Equivalence Testing 

Equivalence tests can finally provide sexual scientists with a way of appraising evidence 

for null hypotheses of group comparisons–a possibility of frequent theoretical interest. The 

evidence for the null is quantified either in addition to evidence against null hypotheses (i.e., 

when TOSTs are paired with traditional NHST), or relative to evidence for research hypotheses 

(i.e., with Bayes Factors). The use of equivalence tests will help sexual scientists to avoid the all-

too-common mistake of inferring support for the null on account of non-significant statistical 

tests, but will require sexual scientists to give more thought to sample size planning and 

specifying distributions that map onto their research hypotheses. The TOSTER() and 

BayesFactor() packages should make their uptake in sexual science straightforward.   

Discussion 

Taxometric, invariance, and equivalence tests are statistical procedures that map onto 

reoccurring questions in sexual science regarding construct structure, construction and meaning 

making, and group equivalence. Despite their relevance to the field, these tests have seen 

relatively low uptake within sexual science, likely a product of multiple barriers including siloed 

scientific communication, and a lack of comprehensive tutorials and accessible software. I have 

attempted to mitigate some of these barriers by providing overviews, reviewing common 

misunderstandings, describing analytic best practices, and providing open-access code and 

reproducible exemplar analyses for each statistical procedure. What remains to be done is linking 

these statistical tests to the “big picture” of theory-testing in sexual science, identifying 

promising avenues for future scholarship, and making recommendations for reviewers, editors, 

and authors based on these practices. 
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The Dependency of Theory on Sound Statistical Inference 

One of the most frequent questions I overhear regarding statistical best practices is, “Why 

does this matter?” Readers may find themselves wondering the same thing; why do taxometric, 

invariance, and equivalence testing actually matter? A convincing imperative can be found in the 

writings on theory testing by Meehl (1990a, 1990b). According to Meehl, the process of 

attempting to falsify or corroborate a substantive theory (e.g., Sexual Strategies Theory, SST, 

Buss & Schmitt, 1993) does not occur in isolation; rather, it depends on a number of “auxiliary” 

and “instrumental” theories (e.g., theories of measurement for the variables involved), as well as 

certain assumptions of the state of the world when the theory is tested. If those auxiliary theories 

and assumptions are not in good order, the testing of the initial substantive theory is likely to be 

uninformative, as patterns of observable qualities predicted by the substantive theory may not be 

borne out for several reasons having nothing to do with the veracity of the initial theory.  

Taxometrics, invariance, and equivalence testing can all be situated as important components in 

this convoluted theory-testing, from substantive theory, through auxiliary theories and 

assumptions, and to predicted observable qualities. 

For example, perhaps a researcher attempts to test sexual strategies theory (SST, Buss & 

Schmitt, 1993), interpreting the theory to imply that men ought to be more sexually compulsive 

than women. The researcher would therefore expect a particular pattern of observable qualities 

(e.g., differences between men and women on a sexual compulsivity scale). If the predicted state 

of affairs between does not hold (e.g., if women and men have similar SCS scores), then the 

SST-derived prediction would be falsified (Popper, 1935)–at least in the ideal scenario. As 

Meehl (1990) described, the reality of theory testing is more complicated than that, particularly 

in the social sciences. The difficulty lies in the necessity of accompanying auxiliary theories and 

assumptions; if the predicted state of affairs that follows from SST does not hold, it could be on 
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account of SST being false, but it could also be on account of a false auxiliary hypothesis or 

assumption (or multiple ones), or an errant evaluation of observable entities. The integrity of our 

theory testing process therefore depends on maximizing the extent to which we can have faith in 

the veracity of the accompanying auxiliary hypotheses and assumptions. 

What is the place of taxometrics, invariance, and equivalence testing within the mess of 

evaluating a substantive theory? Taxometric structure is a core feature of one (of many) 

important auxiliary theories—an auxiliary theory of measurement for one of the qualities we 

wish to observe (e.g., SCS). If one cannot be sure to have properly modeled SCS as a 

dimensional or categorical factor, the predicted state of relations between gender/sex and SCS 

may fail to come about not because of a failure of SCS, but rather, because this vital auxiliary is 

false. 

The importance of invariance testing, meanwhile, can be situated within multiple 

locations in the theory testing process. As I have argued, sexual science has missed an 

opportunity to treat variability in measurement–a way of capturing differences in meanings and 

understandings of sexuality–as a substantive observable outcome of interest (i.e., an observable 

quality), which could be used in the process of testing theories of psychological construction. 

However, for researchers wanting to treat invariance testing as a mere nuisance process on the 

way to testing other theories, then the possibility of variability in measurement is a threat to a 

key assumption of “all other things being equal” (Meehl, 1990a). Systematic differences between 

groups in the mental construal of SCS would appreciably undermine the credibility of this 

assumption, and thereby the evaluation of SST. 

Locating the place of equivalence testing within the theory-testing process is a more 

difficult matter. I think an argument could be made that fallaciously concluding equivalence on 

the basis of a non-significant p-value undermines an auxiliary theory related to statistical 
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inference. However, I also see a case being made for locating equivalence testing as governing 

how we appraise the state of predicted relations between observable qualities. For example, in 

the case where SST and its necessary auxiliary hypotheses and assumptions were true, and a 

researcher anticipated seeing men score higher than women on the SCS, what could be inferred 

from a non-significant t-test? Though the predicted pattern between gender/sex and SCS was not 

corroborated, without a corresponding equivalence test, a researcher could not justifiably argue 

that an alternative pattern for gender/sex and SCS had been corroborated either. Only if H0 was 

rejected (indicating that women scored higher on the SCS), TOSTs of equivalence were 

significant, and/or a Bayes Factor had supported the H0 (or that women scored higher) could a 

researcher make the strong claim that SST had been falsified. Put another way, relying on the 

absence of evidence for the theory is a weaker basis of theory testing than is supplying evidence 

for the falseness of a theory–and this is precisely the kind of directly falsifying evidence 

equivalence tests can provide. 

Taxometric, invariance, and equivalence testing all have a role to play in the process of 

evaluating substantive theories of sexuality, even if these tests are not of principal interest to a 

researcher. Sexual scientists should therefore consider integrating these analyses into the 

workflows of their research programs, so that when they finally invest resources and expertise in 

evaluating their substantive theories of interest, as many of the necessary auxiliary theories and 

assumptions can be confidently relied upon (see Figure 4).  

Where Does Sexual Science Go from Here? 

Armed with taxometric, invariance, and equivalence tests, to what areas should sexual 

scientists begin to increase their application of these techniques? For taxometric analyses, the 

most pressing need appears to be within the study of non-clinical constructs. Clinical sexual 

scientists appear to already have dipped their toes in the pool of evaluating latent structure–at 
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least with respect to the study of sexual offenders (Hanson, 2010; Knight, 2010; Mackaronis, 

Strassberg, & Marcus, 2011; Seto, 2008). For the sexuality-related measures that were developed 

with more basic research purposes in mind, the question of latent structure has gone almost 

entirely untested. A crucial auxiliary theory for the research programs relying on these measures 

has therefore gone untested–an omission that will hopefully be remedied in applications of 

sexuality-related measures moving forward. 

For tests of variability in measurement, the path forward is less clear. Invariance tests are 

already in use within sexual science, but not yet in such a way that they represent much beyond 

an annoying task that measure developers must cross off a list (once and only once) before 

publishing their scale. Still, the many directions in which sexual science could benefit from the 

study of measurement variability as an outcome of substantive interest makes it difficult to 

recommend any particular one(s). Perhaps, then, what is most needed initially is the development 

and dissemination of theories that could explain differences and shifts in the latent meaning of 

sexuality-related variables. Though I have briefly described some classes of theories from which 

our field might draw inspiration regarding how measurement variability process could unfold, 

the emergence of this sort of theory might take some time, as latent measurement model 

parameters (e.g., factor/category numbers, loadings, thresholds, response probabilities, etc.,) are 

not outcomes around which sexual scientists are accustomed to theorizing. 

Equivalence tests, finally, should be deployed quickly throughout quantitative sexual 

science investigations of all descriptions; they are both easy to use, and would prevent sexuality 

researchers from making a fallacious and repetitious interpretive error when their p-values fail to 

reject H0. Sexual scientists also need not wait until they have collected new data before they 

begin rolling out equivalence tests; Bayes Factors can easily be calculated retroactively with 

summary statistics commonly reported in peer-reviewed articles using JASP (Ly et al., 2018; 
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Wagenmakers et al., 2018), whereas TOSTs can be easily performed retroactively on meta-

analytic syntheses (Lakens, 2017). Sexual scientists could therefore use such retroactive 

equivalence tests of published data as a valuable sort of pilot study within their own research 

papers, while the bulk of quantitative sexual scientists can hopefully make equivalence testing a 

matter of routine with their own research. Finally, it is worth mentioning that though I have 

focused on equivalence testing with respect to group differences, the very same strategies 

(TOSTs, Bayes Factors) can–and should–be applied to perform equivalence tests of measures of 

association like correlation coefficients and regression slopes (see Lakens, 2017; Rouder & 

Morey, 2012; Wetzels & Wagenmakers, 2012). 

Suggestions for Editors, Reviewers, and Authors 

One of the key observations I have made within the current review is that sexual scientists 

have historically settled for making assumptions regarding latent structure, invariance, and 

equivalence, and often on the basis of shaky–if not entirely fallacious–statistical arguments. This 

pattern of assumption-making within the field was, in my opinion, mostly reasonable, as 

statistical software for performing the tests described herein was either inaccessible, expensive, 

or both. As I have tried to demonstrate, however, the current state of conducting statistical 

analyses in R is one which affords powerful functionality that is both free and, with the right 

packages, increasingly straightforward to use. Thus, my hope is that the field of sexual science 

can move from a state of assumption-making with respect to taxometrics, invariance, and 

equivalence, to a state of assumption-testing. But a transition of this sort will require active effort 

and encouragement to be successful; it will not occur by accident. 

Editors and reviewers are in a position to greatly accelerate the uptake of proper 

taxometric, invariance, and equivalence testing during the normal peer review process. If a 

submitting author makes a quantitative claim regarding–or relying upon–either the continuity (or 
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categorical structure) of a construct, the shared psychological meaning of constructs across 

peoples, and/or the equivalence of scores between groups, reviewers and editors should compel 

the researcher to perform and report the corresponding statistical test(s) if they are not already 

included. And if the researcher will not perform the requisite tests (realizing that cost and 

accessibility are no longer justifiable barriers), then reviewers and editors should carefully 

consider to what extent the core claims of the submitted paper are dependent on the assumptions 

that have gone untested, and whether the key findings would still be meaningful if the state of the 

data violated the author’s expectations. 

Authors, too, have a part to play in the transition within sexual science to testing 

assumptions of taxometrics, invariance, and equivalence. Authors could begin by modelling the 

rigorous testing of these assumptions in their own research. But ideally, and in the long run, the 

sharing of analytic code among sexual scientists would become commonplace so that others who 

are aspiring to perform the same kinds of test themselves would have multiple models of success 

to emulate (Nosek & Bar-Anan, 2012) 

On the Continuing Need for Knowledge Brokers in Sexual Science 

The current review and methodological primer is an example of “knowledge brokering”, 

in which an individual or group with knowledge within one domain (e.g., sexual science) brings 

new knowledge, skills, and tools from an outside domain (e.g., statistics), and translates it to 

make the knowledge, skills, and tools accessible to members of the original domain, which they 

could then apply towards existing and new problems in their area(s) of interest (see Dobbins et 

al., 2009; Hargadon, 2002). Returning to the observation made by Wiederman and Whitley Jr. 

(2002a), who noted the multi-disciplinary nature of sexual science, it seems to me that 

knowledge brokers are especially important to the long-term success of our field. Each field that 

contributes to sexual science–be it psychology, medicine, sociology, women and gender studies, 
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anthropology, political science, statistics, and so on–brings a unique way of advancing our 

understanding of the sexual, either in terms of theory and conceptualization, methodology and 

measurement, analysis, or some combination thereof. This disciplinary pluralism, when 

implemented well, can make for an academic field that is rich in its depth of understanding. But 

without sufficient integration of the contributing disciplines, disciplinary pluralism can paralyze 

a field’s academic discourse. 

If an experimental social psychologist, an ethnography-focused anthropologist, and a big-

data-using feminist scientist walked into a bar, how could the three critically appraise each 

other’s work, or begin to think about collaborating together? The three might share a common 

superficial topical interest (e.g., cultural variation in sexual norms), but what they find interesting 

about this topic, and their ways of knowing, theorizing, and “doing science” on the topic would 

likely share little in common. So much so, in fact, that each would likely have to take it on good 

faith that the other correctly implemented their selected methods of choice with a high degree of 

rigor. The three researchers in this hypothetical, for all intents and purposes, speak entirely 

different languages of science. Only if they can successfully translate the other’s dialect can they 

begin to benefit from drawing inspiration from the unique features of each other’s approach in 

their own program of research, or can they critically evaluate the other’s research in a manner 

that actually benefits the collective state of scientific knowledge. Conversely, if the three 

researchers must perpetually take each other’s word about the assertions they make about the 

world, or cannot ever be called upon to offer critical commentary on research outside their 

narrow disciplinary worldview, then claims of our field being scientific (in the case of the 

former) or interdisciplinary (in the case of the latter) should be appraised with a skeptical mind. 

Knowledge brokers in our field can help to bridge divides like the one in the above 

hypothetical, ensuring that there is a rich and more expedient exchange of the best each 
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discipline has to offer sexual science, so that researchers in neighboring (or sometimes 

completely different) disciplines can intelligently comment upon multi-disciplinary work, and 

commandeer external approaches to improve the comprehensiveness of their own research. In 

this way, knowledge brokers could help our field live up to scientific norms of communalism 

(see Merton, 1973), such that no one discipline would “own” any particular way of doing sexual 

science, and all sexual scientists could share in the collective responsibility of the field’s 

integrity, regardless of their disciplinary backgrounds. 

One way of increasing knowledge brokering within sexual science could involve the 

creation of a resource linking to sources (e.g., journals, books, blogs) from each domain in which 

good knowledge brokering has already taken place. The new journal Advances in Methods and 

Practices in Psychological Science, for example, has an explicitly stressed preference for 

accessible psychological methods and statistics tutorial papers–some of which I have benefited 

from and cited within this review. This approach, however, would not always lead to the 

communication or realization of how a given approach, method, or technique could enrich sexual 

science, specifically. 

An organized solicitation of knowledge brokering articles within sexual science (perhaps 

as special issues within sexuality journals like JSR, or new/updated editions of sexuality 

methods-focused books, e.g., Wiederman & Whitley Jr., 2002b) would be a different, albeit more 

intensive approach to increasing knowledge brokering, potentially helping sexual science to 

make quantum leaps forward in its interdisciplinary mission. Targeted knowledge brokering in 

sexual science could specifically help to advance the field’s understanding of how to employ 

particular perspectives (e.g., Muise, Maxwell, & Impett, 2018), work with different populations 

(e.g., Ho, Jackson, Cao, & Kwok, 2018), utilize new methods of measurement (e.g., Bauer, 

Braimoh, Scheim, & Dharma, 2017; van Anders et al., 2014; Wolff, Wells, Ventura-DiPersia, 
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Renson, & Grov, 2017), and/or implement improved ways of analyzing data (e.g., Sakaluk & 

Short, 2017). A concentrated effort of this kind would also provide an opportunity to hear from 

new voices of expertise that are insufficiently appreciated within our field (van Anders, 2018). 

Limitations and Cautionary Remarks 

 I think it is important to recognize the limitations of my review, and to contextualize 

some of my recommendations so as to not unintentionally leave readers with a misguided 

impression on the analyses I have discussed. The primary strength and weakness of this review 

is, in my view, its scope. My casting a broad net was deliberate. And though I think I have reeled 

in a catch of some useful pearls of knowledge and resources, it is likely that other pieces of 

important information and context have wriggled through the gaps in my own knowledge-base, 

or inhabit deeper statistical waters than what I am able to accommodate exploring in this 

expedition. Oceanic metaphors aside, and simply stated: for those new to taxometrics, invariance 

testing, and equivalence testing, this review is meant as a starting place and an invitation to learn 

more—not as a one-stop exhaustive treatment of any of the three analyses I have described.  

 It is also critical to acknowledge that the methodological literatures on taxometric, 

invariance, and equivalence-related analyses are active, living, and generative areas of 

scholarship. Some of the techniques I have discussed (e.g., DIF-testing via MIMIC models with 

continuous covariates) come with very preliminary guidelines for implementation that have yet 

to see widespread adoption in applied research, and therein may lie some complications not yet 

known, and still needing to be addressed. For other more well-established techniques, there may 

not yet be consensus among scholars for best practices (e.g., multiple-group invariance testing) 

or there may be alternative approaches to answering the same conceptual questions (e.g., 

taxometrics). I encourage readers to not let these realities dissuade them from deploying the 

methods they find illuminating, as long as they are justifiable. After all, scientists continue to 
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misunderstand, misuse, and debate the utility of common statistical concepts and conventions 

(e.g., Bakker, Hartgerink, Wicherts, & van der Maas, 2016; Belia, Fidler, Williams, & Cumming, 

2005; Benjamin et al., 2018; John et al., 2012; Lakens et al., 2018), yet that should not stop us 

from trying to use these concepts correctly or responsibly. What constitutes “best practices” 

today may not be what constitutes “best practices” tomorrow. New analyses emerge and 

standards of practice change; all we can do is make a good-faith effort—sometimes with the help 

of others—towards learning and growing our methodological toolboxes to make sexual science a 

field that produces reliable and useful knowledge. 

Conclusion 

Quantitative approaches to the scientific study of sexuality are widely used and uniquely 

suited to the scientific goals of estimation and prediction. Yet inferences about amounts and 

predictive pathways–vital building blocks of theory–are only as good as the methods used to 

generate them. As I have argued, taxometrics, invariance, and equivalence testing are three 

methods that have not been used to full effect and could enrich sexual science considerably, 

offering utility to the ongoing study of the continuous (or categorical) nature of sexuality, the 

latent meaning and construction of sexuality-related constructs, and the equivalence of sexuality-

related groups. Opportunities abound within our field to which taxometrics, invariance, and 

equivalence tests could be applied; I hope that researchers will use these analyses, and will be 

encouraged to use them (i.e., by reviewers and editors) when the situation calls for it. 
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Table 1 

 

Implications of Latent Structure for Theory, Assessment, Analysis, and Intervention (Summary of Ruscio et al., 2006) 

 

Latent Structure Theory Assessment  Analysis Intervention 

Discrete Categories Specific Large 
Influences 

• Particular gene 
• Impactful 

social/emotional 
experience 

• Exceeding a 
threshold of 
severity  

• Synergistic 
experiences 

Efficient Measures 

• Only need to 
discriminate at 
group 
boundary(ies); 
fewer 
assessments 
needed 

Categorical Modeling 
Frameworks 

• LPA 
• LCA 
• Mixture 

Modeling 

Powerful and 
Specialized Treatments 

• Interventions 
need to be 
tailored to 
effectively 
target specific 
causal variable 
(see Theory 
column) 

Continuous Dimension(s) Multiple Additive Small 
Influences 

• Genes + 
Environment + 
Psychology + 
…etc. 

 

Elaborate Measures 

• Need to 
discriminate 
along the entire 
range of 
continuum; 
more 
assessments 
needed 

Continuous Modeling 
Frameworks 

• EFA 
• CFA 
• IRT 
• ESEM 
• SEM 

Generalized 
Treatments 

• Interventions 
needed to 
address 
multitude of 
simultaneous 
causal forces 
(see Theory 
column)  
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Figure 1. Taxometric analysis of the SCS based on the MAMBAC, MAXEIG, and L-MODE 

procedures. Curves in the left panels compare observed Sexual Compulsivity Scale (SCS) data against 

simulated categorical data, whereas curves in the right panels compare observed SCS data against 

simulated continuous data. 
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Figure 2. Taxometric comparison curve fit index (CCFI) profile analysis of the Sexual Compulsivity 

Scale based on the MAMBAC (M), MAXEIG (X), and L-MODE (L) procedures, and the mean profile 

(solid dark line), across taxon base rates from .025 to .975. CCFI values below 0.50 (horizontal dashed 

line) indicate support for dimensional structure. 
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Figure 3. MIMIC Model for Testing differential item functioning (DIF) in the Sexual Compulsivity 

Scale (SCS) based on age. Product indicators for the latent interaction (Age X SCS) are double-mean 

centered; correlations between respective construct and interaction indicators (e.g., SCS.1 and SCS.1 X 

Age) are not shown for figure clarity. Uniform DIF is tested via the direct pathways from the covariate 

(Age) to an indicator (e.g., SCS.1) after controlling for true covariate differences in the latent construct 

(SCS). Non-uniform DIF is tested via the pathways from the latent interaction to an indicator.  
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Figure 4. Workflow of research program, from taxometrics to substantive theory testing.  

 

 

 


