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Abstract

The development of factor analysis is uniquely situated within psychology, and the development
of many psychological theories and measures are likewise tethered to the common use of factor
analysis. In this paper, we review modern methodological controversies and developments of
factor analytic techniques through concrete demonstrations that span the exploratory-confirmatory
continuum. Also, we provide recommendations for working through common challenges in
personality disorders research. To help researchers conduct riskier tests of their theory-implied
models, we review what factor analysis is and is not, as well as some dos and don’ts for engaging
in the process of model evaluation and selection. Throughout, we also emphasize the need for
closer alignment between factor models and our theories, as well as clearer statements about
which criteria would support or refute the theories being tested. Consideration of these themes
appears promising in terms of advances in theory, research, and treatment surrounding the nature
and impact of personality disorders.

Author correspondence: Correspondence should be addressed to Ashley L. Watts, 200 South Seventh Street, Columbia, MO, 65211.
ashleylwatts@gmail.com.

All authors following Watts share second authorship because they contributed to this manuscript equally.
Author note: All code and data are available on OSF (https://osf.io/dyth3/). All authors contributed to conceptualization and writing.
M.K. Forbes (bassackwards analysis) and A.L. Watts (all other analyses) were responsible for data analysis. Thanks to Joshua D.
Miller for contributing some of the data used in the demonstrations here.


https://osf.io/dyth3/

1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Watts et al.

Keywords

Page 2

factor analysis; bassackwards; model equivalence; exploratory confirmatory continuum

Many renowned psychological theories and models were borne out of factor analysis. To
name a few, Spearman’s (1904) study of the interrelatedness of performance on varied
intelligence measures generated the theory that a single dimension, “g”, causes diverse types
of intellectual ability; Allport’s analysis of the language we use to describe people and

their behavior led to the development of the Five-Factor Model of personality (Allport &
Odbert, 1936); and factor analyses of various instruments designed to assess personality
disorder (PD) inspired the DSM-5’s shift towards a dimensional conceptualization of PDs
(Krueger et al., 2012). In fact, no other statistical tool has been as integral to the creation,
development, and refinement of psychological measurement and theories as factor analysis.

In this paper, we focus on modern issues and approaches to factor analysis in PD research.
We place a particular emphasis on novel methodological developments and controversies
surrounding the implementation and interpretation of factor analysis over the last decade

or so. Our emphasis on recent developments and changing recommendations in the field
extends many excellent reviews of factor analysis, basic and technical (Sellbom & Tellegen,
2019; Wright, 2017; Wright & Zimmermann, 2015).

Factor Analysis in PD Research

In the broadest sense, factor analysis is a form of latent variable modeling that aims to
reduce a larger set of observed (manifest) variables into fewer unobserved (latent) variables
called factors, a practice termed dimension reduction. Factors summarize the covariation
among observed variables and partition variables into sets that tend to covary more strongly
with each other than they do with other variables.

Worked examples.

PD researchers use factor analysis for many purposes, including to explore and validate the
structure of an instrument, and to understand the latent structure of personality features or
PD symptoms. For instance, factor analysis in PD research might be used to examine the
interrelatedness of a broad swath of PD criteria or disorders, the structure of a single PD,
or even the structure of a given measure of PD features or related traits (e.g., Conway et
al., 2016; Sharp et al., 2015). Scattered around this paper, we provide worked examples of
the types of factor analyses researchers might conduct, using data from 855 undergraduates
from Emory University and the University of Georgia. Undergraduates self-reported DSM-
IV-TR PD symptoms on the SCID-II PD questionnaire (First et al., 1995). In the spirit of
accessibility, we rely on concrete demonstrations using PD data, with all analyses conducted
in R and all data and code available on OSF (https://osf.io/dyth3/).

Exploratory factor analysis.

Exploratory factor analysis (EFA) was developed by Spearman (1904) to examine
interrelatedness of intelligence tasks. The goal of EFA is to describe the number of latent
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dimensions and to maximize the amount of variance explained in the data. EFA is referred to
as “exploratory™ because it does not require a priori hypotheses or specification surrounding
the patterning of variables’ loadings (or strength of association with the factor) onto factors,
and all variables are allowed to load onto all factors (Mulaik, 1987; Figure 1a). The
researcher is not even required to have a hypothesis about the number of factors that best
describe the data (though they may, and often do).

Because researchers can conduct an EFA with few expectations about its results, EFA
requires the use of additional statistical methods to determine which model best describes
the data. A critical issue surrounds how many factors one should extract. Historically,
researchers relied on visual interpretation of the scree plot, which displays the eigenvalues
(corresponding to the amount of variance explained in the variable set) for each factor,
and selected the number of factors that appear prior to the elbow in the plot (i.e., 2

factors in Figure S1). Others have promoted the Kaiser criterion, arguing that one should
extract the number of factors with an eigenvalue greater than 1. These practices are
generally considered outdated (Preacher & MacCallum, 2003)i Modern methods include
parallel analysis, Velicer’s minimum average partial (MAP) test, and the test of Very
Simple Structure (VSS). Researchers should use multiple methods and compare their
results, as there is no consensus on an optimal method. Because these methods often

yield different factor structures (i.e., loading patterns and presence and/or strength of
interfactor correlations), the final EFA solution is selected by weighting evidence from
statistical methods to guide factor extraction, interpretability, theory, and compatibility with
the existing literature.

In Example 1 (https://osf.io/dyth3/), we conducted an EFA with geomin (oblique, or
correlated) rotation and a maximum likelihood estimator on the tetrachoric correlation
matrixii of 15 borderline PD symptoms. Factor rotation minimizes the complexity of factor
loading matrices to get better differentiation among the factors, and to achieve a simpler
structure for ease of interpretation. Parallel analysis suggested 7 factors or 2 principal
components, and MAP and the VSS test indicated 2 factors.

Regarding the EFA solution of borderline PD symptoms, a 7-factor solution was clearly
over-extracted (Table S1), such that one factor was indicated by a single symptom. In
contrast, the 2-factor solution was clearly interpretable with moderately correlated (r=
.54) factors, one reflecting Identity Disturbance (i.e., sense of self changed dramatically,
depending on people with) and the other reflecting all other symptoms (the exception
was frequent impulsive behaviors, which did not load strongly on either factor). By
balancing interpretability and information from a variety of statistical methods to guide
factor extraction, we settled on a 2-factor solution.

IGlobal fit assessments have historically supported hypothesis tests in the context of CFA (McNeish & Wolf, 2021). Some work
argued that global fit statistics may be helpful for guiding decisions about the number of factors to retain in EFA (e.g., Clark &
Bowles, 2018; Preacher et al., 2013), but there is growing evidence that fit indices perform too inconsistently to warrant use in this
context (Montoya & Edwards, 2021).

lIFactor analysis of ordinal or binary items requires computing a polychoric or tetrachoric correlation matrix, respectively, and
conducting the EFA on that, as opposed to using the raw data. Pearson correlations tend to produce inflated associations between
categorical items. We have shown how to do this in R for EFA (Ex. 1) and CFA (Ex. 2).

Personal Disord. Author manuscript; available in PMC 2024 January 01.


https://osf.io/dyth3/

1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Watts et al.

Page 4

As an aside, parallel analysis often provides results for both factor analysis and principal
components analysis because they are, in many respects, viewed as complementary
methods. Notwithstanding the fact that principal components analysis and factor analysis are
dimension reduction techniques that produce linear combinations of variables to summarize
a correlation matrix, they have several key differences that are worth mentioning. First,
factor analysis corresponds to a measurement model of a latent variable, whereas principal
components analysis does not. Second, factor analysis summarizes the shared variance
among a variable set and principal components analysis summarizes both the shared and
unshared variance. This difference arises because factor analysis assumes that variables have
unique variances and principal components analysis does not. Third, principal components
are always unrotated and orthogonal to one another, whereas factors can be rotated.

Confirmatory factor analysis.

More than 60 years after EFA was introduced, Jéreskog (1969) developed confirmatory
factor analysis (CFA) to test more specific hypotheses regarding the hierarchical
arrangement of performance on intelligence tasks. Over time, the use of CFA eclipsed
EFA, as the field has increasingly prioritized theory testing about what was being measured
over exploration of how many things might be measurable. In contrast with EFA, CFA
requires researchers to make more decisions about model specification: the number of
factors, whether those factors are correlated (oblique) or uncorrelated (orthogonal), and
which items load onto which factors.

A major (often untenable) assumption in CFA is the notion of simple structure, that observed
variables load onto one factor and one factor only (i.e., no cross-loadings; Figure 1b). CFA
is referred to as “confirmatory” because model testing begins by assuming that a proposed
factor structure is correct and then uses the data to examine whether that model provides

an accurate summary of the data. To that end, we use global goodness-of-fit assessments
(often referred to as fit indices or fit statistics) to conduct hypothesis tests (McNeish &
Wolf, 2021). Fit indices depict the degree of alignment between the observed data and the
hypothesized model. The better the model fits, the better the model reconstructs the data.

Researchers commonly use CFA to confirm whether a set of PD features conform to a
unidimensional structure, or whether a 1-factor solution fits well (Ex. 1). As we might
suspect from our EFA example, a 1-factorm unidimensional solution for borderline PD
symptoms fits the data relatively well but not “good” in terms of conventional benchmarks,
suggesting that a multidimensional structure might better describe the data (Table S2).

If these symptoms’ dimensionality was of specific interest, we could further test for
departures from unidimensionality using indices like explained common variance (Ex. 1;
e.g., Rodriguez et al., 2016). Also, we might use CFA to examine the interrelatedness of a
set of PD features (Ex. 2). Here, we examined a 3-factor solution of borderline, paranoid,
and schizoid PD symptoms, given that reality testing in borderline PD is associated with
psychotic-like experiences (e.g., Lenzenweger et al., 2001). This model fits the data well,
although high factor intercorrelations (r5 = .72-.75) suggest poor discrimination among them
(Table S3).
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Exploratory structural equation modeling.

Exploratory structural equation modeling (ESEM) was developed to address issues with
overly restrictive CFA models, namely that simple structure is rarely observed in practice
(Marsh et al., 2014). Instead, it is common for variables to cross-load such that they index
both their intended construct as well as another (or multiple others; Morin et al., 2016).
Because cross-loadings are typically forced to be zero in CFA, factor correlations are
likely inflated and models tend to fit relatively poorly. Thus, even if the data resemble the
hypothesized structure, a researcher might conclude that their conceptual model is refuted
based on its poor fit. Examples of this problem are factor analyses of Big Five personality
inventories, whose general theoretical structures are supported but fit is improved in an
ESEM framework (compared with CFA; Marsh et al., 2010).

A defining characteristic of ESEM is the use of target rotation. In contrast with EFA,

where the patterning of loadings is not specified, ESEM allows the researcher to specify
the number of factors and marker variables for one or more of them. That is, the researcher
selects variables that are thought to reflect “pure” indicators of the factor and the solution is
rotated with that specification in mind, meaning that the program attempts to find a rotation
that maximizes loadings from a pre-defined set of indicators and minimizes cross-loadings
for those items onto other factors. Thus, ESEM reflects a balance between EFA and CFA
because it allows tests of a hypothesized CFA structure that allows for cross-loadings
(Figure 1c).

The issue of simple structure is particularly pertinent to PD research because the diagnostic
criteria for many DSM PDs are themselves multidimensional, and there is a nontrivial
amount of content overlap across PD categories. For instance, lack of close friends is

a criterion of schizoid and schizotypal PDs, and anger/hostility is featured in paranoid,
antisocial, and borderline PDs. Thus, an item assessing lack of close friends within the
context of schizoid PD is likely to cross-load onto other PD-specific factors in a CFA.
Indeed, PD features cross-load in metastructural models of PD symptoms or diagnoses
(e.g., Forbes et al., 2017). Also, even traits that cohere to a strong 1-factor solution may
cross-load onto other factors because they inherently blend multiple domains. For example,
suspiciousness captured in paranoid PD (among others) reflects a blend of antagonism and
detachment (e.g., Krueger et al., 2012).

With ESEM, we can examine whether the proposed 3-factor CFA of borderline, paranoid,
and schizoid PD symptoms is tenable, in the sense that it is well supported in more
exploratory analyses (see also Greene et al., 2022; Watts, Boness, et al., 2021), and whether
model fit improves after relaxing the assumption of simple structure (Ex. 2). This model fits
the data worse than the CFA solution (Table S2), and schizoid PD does not form a factor
independent of borderline and paranoid PDs (Table S3). Rather, borderline PD symptoms
make up a relatively independent factor, and paranoid and schizoid PD symptoms appear to
form a factor. A third factor contains cross-loadings from identity disturbance symptoms of
borderline PD and cross-loadings from schizoid PD symptoms. Because of the third factor’s
limited interpretability, we might think of this ESEM solution as over-extracted, but the
extent of cross-loadings highlights that simple structure is overly restrictive. Likewise, we
see major reductions in factor intercorrelations (s ranged from .23 to .68). All told, it is
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relatively clear from this ESEM that the firm distinction between paranoid and schizoid PDs
is not empirically supported (Mittal et al., 2007), and neither is the assumption of simple
structure. Further, the fact that a target rotation did not support our CFA structure further
reinforces the value of using more exploratory analyses to diagnose CFA solutions: We can
extract 3 factors for each PD, but the data do not necessarily naturally conform to such a
structure (Greene et al., 2022; Watts et al., 2020).

The bassackwards method.

Goldberg’s (2006) bassackwards method can facilitate exploration of multiple levels of a
hierarchy, which is useful given that the field has increasingly conceptualized personality,
PDs, and other forms of psychopathology as hierarchically organized in nature (e.g., Kotov
etal., 2017). Further, we anticipated that a hierarchical structure might be tenable in

these data given that the results from parallel analysis, MAP, and VSS indicated different
solutions. Solutions of varying numbers of factors are accommodated in hierarchical
frameworks, like those derived from bassackwards methods.

The bassackwards method uses either principal components analysis or EFA with orthogonal
or oblique rotation to extract a single component or factor at the highest level of the
hierarchy, adding one more component or factor at each subsequent level (i.e., two on the
second level, three on the third). Correlations between sequential levels of the structure
characterize the hierarchical relationships among the components or factors. Forbes (2020)
proposed several modifications to the bassackwards method to provide a simpler yet more
complete picture of the hierarchical structure by examining the correlations between a//
levels of the structure, rather than only sequential levels.

Because our data are clearly multidimensional but there were not clear delineations between
borderline, paranoid, and schizoid PD features, we used a bassackwards approach to
explore the hierarchical structure of these features (see also Crowe et al., 2019, for an
application to narcissism). The bassackwards analysis (Ex. 3) revealed a five-component
model (Figure 1d).iii By default, a single component sits at the apex of the hierarchy.

The first component split into (1) Detachment, which was dominated by schizoid PD
symptoms but represented by subsets of paranoid PD (i.e., unforgiving, suspiciousness)

and borderline PD (i.e., identity disturbance) symptoms, (2) and all other items. At

the next level, dimensions reflecting tendencies toward Interpersonal Conflict, dominated
by paranoid PD symptoms, and a block of borderline PD symptoms emerged. In turn,
borderline PD split into Identity Disturbance and Volatility. Finally, at the lowest level, an
Isolation component related to both Interpersonal Conflict and Detachment emerged. This
analysis yields a conceptually rich hierarchical structure that broadly corresponds to the CFA
and ESEM results. Some components corresponded to DSM-defined syndromes, whereas
others reflected transdiagnostic tendencies.

parallel analysis indicated up to 6 components, but the sixth component was Incoherent and not properly identified. We focused on
orthogonal (varimax) principal components, but it is also possible to use oblique rotations and/or EFA. Goldberg (2006) highlighted
several major advantages of PCA over EFA, which include computational economy and avoidance of negative residual variances
(Heywood cases). These advantages are especially important with complex hierarchical structures that have many levels and

components.
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The exploratory-confirmatory continuum of factor analysis.

EFA, CFA, and ESEM occupy different regions of an exploratory-confirmatory continuum,
with EFA and CFA occupying opposite poles and ESEM sitting somewhere in between them
(Figure S2; Sass & Schmitt, 2020; Wright, 2017). Nevertheless, the extent to which EFA and
CFA are sufficiently exploratory and confirmatory, respectively, depends on the way they are
used. For instance, the modal EFA surrounds using one factor rotation and extraction method
(e.g., promax with principal axis factoring). Realistically, however, researchers should use
multiple factor rotation and extraction methods to examine whether factor structures are
robust to the chosen method (Greene et al., 2022).

Additionally, researchers could use multiple random starts to ensure that their factor solution
replicates. Factor analysis (and many other forms of quantitative methods) is not guaranteed
to produce a single globally optimal solution, which means that the resulting model on
display may not be the most interpretable or the only one that most closely describes

the data. It is often computationally inefficient to estimate all possible solutions, so most
statistical software considers a limited set of options when estimating the model parameters
and displays one solution. Due to focusing on a more limited set of options, multiple locally
(vs. globally) optimal solutions can result. Prior work suggests that orthogonal rotations
and certain rotation criteria, such as geomin, are especially suspectable to the local optima
problem (Greene et al., 2022; Mansolf & Reise, 2017). To increase the likelihood of settling
on the best solution, researchers are encouraged to inspect factor loading patterns for all
available optima (often fewer than 10 solutions) to see if there is agreement. When there is
agreement across local optima, the researcher can feel more confident about their solution
(see Nguyen & Waller, 2022, for a more detailed discussion).

As with EFA, CFA solutions require vetting because the implementation of CFA is

often far less “confirmatory” than is implied by the name. As we mentioned earlier, the
researcher is required to specify the number of factors included in the model, whether
factors are correlated, and which variables indicate which factors. At the same time,

it is rare for researchers to specify characteristics like the degree of factor loadings

and factor intercorrelations in a CFA framework. Thus, the modal CFA specification is
arguably fairly agnostic with respect to a priori hypotheses regarding the observed model,
particularly aspects of the model that have the potential to adjudicate between competing
factor explanations and theories. Moreover, model modification indices, which provide
the improvement in the chi-squared fit statistic if the parameter were to be modeled,

are often used to improve model fit. Nevertheless, the inclusion of model modifications
(e.g., dropping items with low factor loadings), to improve fit are inherently post hoc.
Thus, CFA solutions veer further and further towards the exploratory end of the exploratory-
confirmatory continuum as a function of the number of modifications included.

In fact, in many circumstances, chasing model fit in CFA is arguably akin to p-hacking,

or making methodological decisions to achieve statistically significant results. Within the
context of conventional fit benchmarks, attaining “good” fit is analogous to a hypothesis
test (McNeish & Wolf, 2021). If researchers rely exclusively on model fit to guide model
selection, in absence of strong a priori rationale (and theory) for model adoption, they run
the risk of hindsight bias, whereby they overestimate the likelihood of predicting a finding
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that was not hypothesized a priori once it becomes clear that the modification improves

fit. Of course, model misfit can indicate serious problems with model specification, so it
should not be ignored completely. Likewise, some degree of data-driven decision-making
is appropriate, particularly when unexpected features of the data (e.g., nonnormality,
influential cases) render a hypothesized model inappropriate. The same is true for using
EFA as a guide for future CFA specifications, or as a tool for probing problematic CFA
results. In either case, EFA results should be presented to prevent the questionable research
practice of framing CFA specifications as though they were hypothesis driven when they
were actually guided by EFA results (i.e., the factor analytic analogue to hypothesizing
after results are known or HARKing; Crede & Harms, 2019). Finally, researchers should
aim for transparency in balancing confirmatory and data-driven decision-making, which may
include preregistering their analyses so that the distinction between a priori and data-driven
decisions is explicit.

Popular Types of Factor Models for PD Research

The unidimensional model posits that a single factor is responsible for the shared variance
among a variable set (e.g., a 1-factor model of BPD symptoms). In contrast, the correlated
factors model (Figure 1c) contains two or more distinct but related factors that summarize
the shared variance among their variables, such as in our 3-factor CFA of borderline,
paranoid, and schizoid PD symptoms. Because borderline, paranoid, and schizoid PD factors
are highly correlated in these data, we might suspect that they share features and contain
features that distinguish them, consistent with a hierarchical organization of PD symptoms.
Such a hierarchical structure could be modeled with the bifactor model (Figure 1e), the
higher-order model (Figure 1f), or, as we showed, with the bassackwards method (Figure
1d).

The bifactor model decomposes covariation among variables into two types of factors,
general and specific (Figure 1e). General factors reflect a single source of covariation
among all variables included in the model. Any remaining covariation among subsets of
variables is captured with specific factors. To properly identify the model, the general factor
is constrained to be uncorrelated with the specific factors. Traditionally, specific factors are
constrained to be uncorrelated with one another, under the assumption that the general factor
is the sole source of covariance among variables that load on different specific factors, but
this constraint is not necessary to identify the model and is often conceptually untenable. In
higher-order models, covariation among variables is captured with first-order factors, whose
covariation is in turn captured with one or more superordinate second-order factors (Figure
1f). Like specific factors in a bifactor model, first-order factors represent residuals such

that their contents reflect the shared variance of their constituent items net of the variance
captured by the second-order factor(s).

What Factor Analysis Is Not

Factor analysis is often misinterpreted or confused with other methods. Now that we have
defined what common forms of factor analysis are, we turn to describe what factor analysis
is not.
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1. Factor analysis is not a test of the common cause model.

Factor analysis is a summary of the covariance structure of variables between (or across)
people. Historically, factor analysis was conceived of as a test of the common cause model.
According to this model, a latent factor gives rise to (or causes) the shared variance of

its items (Bollen, 1989; e.g., general intelligence is thought to cause correlations among
intelligence tasks, [Spearman, 1904]). But the act of specifying a well-fitting factor model is
an inadequate test of the common cause model. Instead, latent variables simply summarize
the covariance of their items, without regard for the processes that explain the covariation.
Simulation studies show that a 1-factor model can fit data produced by a single latent
variable, multiple independent or correlated latent variables, and/or multiple causal loops
among indicators (Hayduk, 2014; van Bork et al., 2021). Thus, it is possible that a

single mechanism causes the covariance among a set of items, but it is also possible

that items covary due to dynamic interactions among the items (consistent with a network
conceptualization; Borshoom, 2017), that multiple mechanisms are responsible for different
subsets of covariance among items, and so on (see “Do: Consider alternative explanations
for your factors” for a more thorough discussion). For example, if impairments in empathy
and intimacy reflect a single factor, it is also plausible (1) that these impairments are

caused by a shared interpersonal dysfunction construct, (2) that empathy impairments cause
intimacy problems, (3) that intimacy impairments cause empathy problems, or (4) that
intimacy and empathy impairments reciprocally cause problems in one another.

2. Factor analysis is not a way to model personality “types” or “subtypes.”

Factor analysis is a variable-centered, not person-centered, analysis. Variable-centered
analyses examine relations among variables, whereas person-centered approaches identify
subgroups of people based on their similarities on a set of variables (Milligan & Cooper,
1987).iV Thus, factor analysis is not a direct test of typologies. For instance, there is a storied
history of various psychopathy “subtypes,” in which primary psychopaths are thought to
exhibit extreme lack of conscientiousness and empathy, and secondary psychopaths are
thought to exhibit impulsivity and emotional distress (Hicks & Drislane, 2018). Factor
analyses of various psychopathy measures do tend to identify at least two dimensions that
broadly differentiate callousness (Factor 1) and impulsivity (Factor 2), but they cannot be
interpreted as evidence of subtypes. That is, if we find that Factor 1 is associated with
proactive aggression, it does not mean that primary psychopaths are more likely to engage in
proactive aggression. More appropriate methods for extracting subtypes are cluster analysis
or latent profile analysis (see Wright & Zimmerman, 2015, for an application to PDs).

3. Factor analysis is not necessarily a sufficient representation of within-person
processes.
Factor analyses of cross-sectional data (e.g., PD symptoms from a clinical interview) do
not tell us about the dynamic, within-person processes at the heart of most clinical theories,
such as how and why our constructs (e.g., PD features) co-occur across situations and over

VThat said, cluster analysis can group observations (rather than variables) in terms of their similarity on a given set of variables,
in turn revealing groupings of people that are alike on a given set of variables (see Milligan & Cooper, 1987). Approaches like
agglomerative or divisive hierarchical clustering, for instance, can reveal fine-grained hierarchical structures of PD symptoms.
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time. Moreover, if your construct of interest reflects dynamic processes, factor analyses
may oversimplify (and even obscure detection of critical components of) such processes.
There are, however, factor analytic approaches that characterize within-person processes,
either idiographic (for a specific individual), nomothetic (for a population), or both. Such
approaches include p-technique factor analysis (idiographic), multilevel structural equation
modeling (nomothetic), and group iterative multiple model estimation (nomothetic and
idiographic; see Wright et al., 2015, for an application to PD ratings).

Factor Analysis: Some Dos and Don’ts

Once a technique that took days if not weeks to implement, over the course of a century,
factor analysis can now be completed in seconds. Notwithstanding the wonders of such

a technological advance, factor analysis’ ease of implementation is somewhat of a mixed
blessing because its ease of implementation facilitates misapplication. In what follows, we
provide some practical suggestions and considerations when conducting factor analysis in
PD research. Because of the breadth of relevant considerations, we focus on issues that are
especially salient to recent debates and novel methods put forth in the literature.

Do: Consider the limitations of model fit.

In recent years, the field has developed relative consensus around the limitations of using
model fit statistics to guide model evaluation, comparison, and selection. In turn, we
describe several limitations and their relevance to PD studies.

1. What constitutes “good” model fit depends on the model and data.—
Conventional model fit benchmarks (or “cutoffs”) are not one size fits all, meaning that they
are influenced by numerous model characteristics, including your sample size, the number
of indicators, the number of factors, as well as whether your indicators are categorical or
continuous, have a non-linear association with the latent factors (latent factors assume linear
relationships), or are skewed, among other characteristics of the data. In the case of the

data used here, they were binary and positively skewed, sometimes heavily so. We took

care to specify that our indicators are ordered categorical, and we used a robust estimator
(weighted least squares mean and variance adjusted, or “WLSMV”) because it is most
appropriate for skewed, categorical data. Had we used an estimator that had not considered
these characteristics (such as maximum likelihood or weighted least squares without means
and variances adjusted), our models would have artificially lower fit (see Ex. 1 and Table
S2, for an example with a 1-factor model of borderline PD symptoms). Thus, model fit is
easily influenced by characteristics of the indicators and model, and it is critical to choose
appropriate estimators. We direct interested readers to a broader, more thorough treatment of
this topic, which we can address only briefly given the scope of this paper (Flora & Curran,
2004).

Additionally, model fit benchmarks must be catered to a model’s specific characteristics
(e.g., number of items, factors, latent factor reliability; Hu & Bentler, 1999; McNeish &
Wolf, 2021). Additionally, model fit benchmarks do not generalize across different types of
model misfit (e.g., latent variable relations, cross-loadings, correlated residuals; Heene et al.,
2011; Marsh et al., 2004) and data characteristics (e.g., sample size, skew; Nye & Drasgow,
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2011), such that any one source of misfit may have an undue influence on model fit.
McNeish and Wolf (2021) recently developed dynamic fit indices (along with an R package
[dynamic] and an interactive application to facilitate their use: https://dynamicfit.app)

that produce benchmarks that are catered to the model and data at hand, generating fit
indices that function as effect sizes that quantify degree of model misfit. To demonstrate,
we computed dynamic fit indices for our correlated CFA model of borderline, schizoid,

and schizotypal PD symptoms (Ex. 2). Although this model fit well per conventional fit
benchmarks, dynamic fit index benchmarks were far more stringent (i.e., SRMR < .024,
RMSEA < .013, CFI > .994). Thus, when model fit benchmarks are catered to our specific
model, we would no longer accept our model as a “well-fitting” one.

2. Some models fit better than others, regardless of the data.—In confirmatory
modeling scenarios, many studies estimate and compare increasingly complex measurement
models (e.g., 1-factor, correlated factors, bifactor model). In these cases, model fit “contests”
are of little use, because certain models are expected to provide superior fit, regardless of
the input data. For instance, compared with correlated factors models, the bifactor model

is expected to provide superior fit to any data (Greene et al., 2019, 2022, under review;
Mansolf & Reise, 2017), despite relatively limited evidence of increased utility, structural
fidelity, and replicability of its latent factors (e.g., Rodriguez et al., 2016; Watts et al., 2019,
2020). The bifactor model fits data better than other models because the correlated factor
and higher-order models are often nested within the bifactor model, meaning that bifactor
models can fit a wider range of data than the former. That is, the bifactor model is prone to
fit well due to its general structure, so it is better at accommodating data with unmodeled
complexities (e.g., cross-loadings, correlated residuals; Greene et al., 2022), which known
as having high fitting propensity (Bonifay & Cai, 2017; Falk & Muthukrishna, 2021).
Nevertheless, a model that best accommodates the data is not the same as a model that

best characterizes the data-generating mechanism(s). This problem tends to be overlooked
because people assume that fit indices penalize for this accommodational tendency, though
relative fit indices penalize for parametric complexity (i.e., the number of freely estimated
parameters), not configural complexity (i.e., the particular arrangement of variables in the
model; Falk & Muthukrishna, 2021).

Complicating matters further, although goodness-of-fit is sometimes mistaken as an index
of how well a model describes the data, the opposite can be true. As model fit increases,

a model is /ess likely to approximate the true structure in the population due to overfitting
(Bonifay, 2021). As a model fits increasingly well, it is more likely to capture sample-
specific variation, even random noise (e.g., Reise et al., 2016), in turn reducing its
generalizability (Bonifay, 2021; Greene et al., under review). That is, when a researcher
selects a model that is especially prone to overfitting data over a worse fitting but

equally viable alternative model, they run the risk of selecting the model that is less

likely to replicate in another study (e.g., Watts, Lane, et al., 2020).Y Thus, somewhat
counterintuitively, the best-fitting model is less likely to be the truest, or even most useful,
model.

VThis problem reflects the broader tension between bias and variance (i.e., the bias-variance tradeoff) in the machine learning and
structural equation modeling literatures.
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3. Model fit statistics are useless when comparing equivalent models.—
Equivalent models are those that represent different theoretical representations of the data,
but share identical fit index and chi-square statistics, model-implied covariance matrices,
and residual matrices (Hershberger & Marcoulides, 2013). Salient examples include that: a
correlated three-factor model can be re-expressed as a fit-equivalent higher-order model with
three lower-order factors (Table S2; Forbes et al., 2020)Vi; an exploratory bifactor model
can be equivalent to the bass-ackwards model (Ringwald et al., 2019); a 1-factor EFA/CFA
can be equivalent to a network model of the same items (van Bork et al., 2021); and a
3-factor EFA and a 3-factor ESEM fit equally, despite the fact that they can have entirely
different patterns of factor loadings and intercorrelations (Marsh et al., 2014). In fact, all
EFA models, including bifactor and non-bifactor rotations, with the same number of factors
will be fit-equivalent to one another, regardless of rotation orientation (e.g., orthogonal,
oblique) and criterion (e.g., geomin, oblimin; Greene et al., 2022; Marsh et al., 2014).Vii

Ultimately, model equivalence prevents researchers from using fit statistics to adjudicate
between models with very different observed structures, and models that differ in terms
of how theory-based they are (e.g., EFA vs. ESEM with target rotation). Though the issue
of model equivalence may sound trivial, it has serious implications for how we interpret
our models and how well they correspond with our hypotheses or theories. For instance,

a 3-factor ESEM that more directly corresponds to one’s working theoretical model fits
equally as well as a model that may not conform to the theory at all. Also, we might
conclude that there is a robust general factor of PD because we simply extracted such a
dimension in a bifactor or bassackwards model even when these models are statistically
equivalent to those that do not directly model a general factor (see also Watts et al., 2020).
For any given dataset, there are sure to be a number of well-fitting, equivalent models, and
multiple alternatives should be explored (Tomarken & Waller, 2003).

Do: Report factor reliability.

To address problems with relying on model fit indices alone when adjudicating model
quality, a growing literature has emphasized the importance of also reporting model-based
reliability coefficients. A variety of resources describe the estimation and interpretation of
model-based reliability indices that vary in their relevance to models used in PD research
(e.g., Brunner et al., 2012; Rodriguez et al., 2016). The omega family of indices (e.g., omega
hierarchical, omega total) estimate the proportion of variance accounted for by each latent
factor as an index of reliability, and explained common variance (ECV) represents one index
to characterize the data’s dimensionality to determine whether a unidimensional model is
sufficient, or if additional factors are useful.

VIA higher-order model with three lower-order factors is just-identified, meaning that the number of free parameters is equivalent to
the number of known parameters. Thus, this specific higher-order model is equivalent to a 3 correlated factors model, with the factor
correlations from the latter being reexpressed as lower-order factors’ loadings onto the higher-order factor. That is, factor loadings
onto the higher-order factor are recapitulations of factor intercorrelations from a 3 correlated factors model. A higher-order model with
four or more lower-order factors is identified and, thus, distinguishable from a correlated factors model.

VIIThis scenario further illustrates the well-known issue of rotational indeterminacy in exploratory modeling scenarios, which
produces multiple equivalent factor structures (Greene et al., 2022), and is why the use of fit statistics to guide model selection

in EFA is generally discouraged (Montoya & Edwards, 2020).
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Model fit and model-based reliability indices do not always agree, which reflects a unique
challenge known as the “reliability paradox” (McNeish et al., 2018): Many well-fitting
models contain factors with poor reliability, and vice versa. Simply calculating and
interpreting reliability indices has several important benefits, all under the umbrella of
diagnosing a model’s appropriateness. First, some reliability indices facilitate plain language
interpretations of factor strength (e.g., a factor explains only 10% of the variance in its
indicators) and can help reveal weak (noisy) factors. Second, reliability indices contextualize
global goodness-of-fit. A model with weak factors may fit well due to being heavily
parameterized. Specifying greater numbers of factors with small factor loadings can often
contribute to close model fit, but low factor reliability indicates that weak factors do

not explain much variance in the indicator(s). When small to moderate loadings are also
unreliable (e.g., with large standard errors), we are likely overfitting our data, leaving us
with little useful information from our estimated model (Forbes et al., 2021).

Do: Be aware of assumptions your model is making.

As with any statistical method, factor analysis makes a variety of assumptions, some of
which are more consequential than they first appear.

1. Rotation methods.—When using EFA, the first choice researchers have to make is
selecting between oblique and orthogonal rotation methods, with most choosing an oblique
rotation that allows for correlated as opposed to uncorrelated factors. From there, we

can choose any number of factor rotations, though many researchers rely on the default
method for their given program (e.g., oblimin for the R psych package, geomin for Mplus)
or previously reported methods in the literature. Though the differences among rotation
methods may seem trivial, which a researcher chooses can lead to different conclusions
regarding structure of the data because each has slightly different sets of assumptions (see
also Sass & Schmitt, 2010).

To illustrate how conclusions can vary as a function of rotation method, we extracted 3-
factor EFAs of schizotypal PD symptoms with five different rotation methods (i.e., geomin,
oblimin, promax, simplimax, BentlerQ; Ex. 5). Factor congruence was strong (®s > .99

to 1.00) among geomin, oblimin, promax, but simplimax tended to produce discrepant
results. Simplimax produced a relatively strong general factor and two other weak factors,
whereas the others produced dimensions for (a) positive symptoms, (b) suspiciousness, (c)
supernatural experiences. Thus, considering consensus across several rotation methods may
help ensure that the chosen model is capturing consistent patterns in the data.

2. Local independence.—In classical test theory, the concept of local independence
pertains to the assumption that all items are related to one another by way of the latent
variable, meaning that items should be uncorrelated with each other after accounting for the
latent factor. This assumption goes hand in hand with the common cause assumption: what
is responsible for the interrelatedness of the items is that latent factor and the latent factor
only. Unfortunately, this is assumption is often unmet.

To confirm that our 1-factor model of borderline PD symptoms did not violate the
assumption of local independence, we examined modification indices (Ex. 1). Fit would
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improve substantially if we allowed 3 items pertaining to suicidality to correlate with
one another, and 2 items pertaining to identity disturbance to correlate. These residual
correlations make conceptual sense, suggest that we have violated the assumption of
local independence, and imply that an alternative, multidimensional model may be more
appropriate.

Nevertheless, often, researchers will retain and even prioritize a 1-factor solution because
it is compatible with their theory or goals (Watts, Boness, et al., 2021). In the case of
modeling borderline PD symptoms, if a researcher is interested in borderline PD per se,
adopting a 1-factor model may seem most appropriate, but the researcher runs the risk

of creating several issues. First, if there is a robust multidimensional solution in the data,
the researcher may not be studying the most meaningful level of abstraction. In construct
validation efforts, the researcher may make a conclusion about borderline PD’s correlates
that may be specific or unique to a narrower set of items in the model (e.g., Vainik et al.,
2015). Global borderline PD may be associated with increased likelihood of later divorce
or relationship dissolution in a prospective examination, but that association may be driven
largely by a specific subset of indicators pertaining to relationship problems (e.g., having
relationships with lots of extreme ups and downs). If that were the case, one could also argue
that the effect is largely driven by criterion contamination (i.e., relationship problems are
being used to predict relationship problems).

Second, if aspects of borderline PD captured in multiple factors relate differentially with

an external criterion, the associations for borderline PD per se may either water down the
effects of certain subdimensions, or even approach zero in cases where subdimensions have
associations with opposing signs (e.g., moderate positive and moderate negative). Third,

if violations of local independence are not accounted for in the model, the meaning of

the latent factor will be biased fowards the source of the local dependence. If the source

of local independence reflects method variance (such as item-keying), it is possible that

the meaning of the latent factor is biased towards construct-irrelevant variance, including
careless responding (e.g., Schmitt & Stuits, 1985).

Do: Consider alternative models.

Because factor models simply summarize the covariance structure of the data, they are
relatively agnostic with respect to the data generating mechanisms (see also “Model/ fit
statistics are useless when adjudicating between equivalent models” and “Do: Consider
alternative explanations for your factors”). Within the realm of factor models, it is
increasingly uncommon for researchers to test a thorough set of alternative factor models,
which raises the possibility that our favored models are promoted due to confirmation bias.

One possible explanation for the field’s decreased focus on testing a wide range of possible
models is that many researchers place too much stock in the “C” in CFA. Consider a
bifactor model with borderline, paranoid, and schizoid specific factors (Figure 1e, Table S4).
Although the model fits well, other aspects of the model are worrisome. The borderline
specific factor is either unrepresented or negatively indicated by most of its indicators; as
such, it is highly unreliable and explains only 2% of the variance in its indicators. As a
riskier test of the CFA model, we could apply bifactor EFA to see whether each specific
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factor is retained in an exploratory context. Alas, a bifactor EFA does not reveal strong
PD-specific factors (Ex. 4, Table S4). The model contained a strong general factor and weak
specific factors reflecting: Identity Disturbance, Self-harm, and Detachment. With more
thorough tests of alternative models, we are less likely to confuse good CFA model fit with
good theoretical support (see also Watts et al., 2020, 2021).

Do: Remember that measurement affects your output.

The results of any model, including factor models, are highly influenced by their contents.
If content related to a narrow construct is overrepresented relative to other indicators of

a broader construct, an artifactual or “bloated specific” factor may emerge. Likewise, if
content is underrepresented, a “true” specific factor may not emerge (Watts, Boness, et al.,
2021). For instance, there are conflicting conclusions surrounding whether disinhibition and
anankastia (rigid perfectionism) are separate domains or are opposite ends of a maladaptive
conscientiousness dimension. Oltmanns and Widiger (2018) showed that when two rigid
perfectionism items were added to an EFA of Big Five traits, the items formed a coherent
factor with conscientiousness items. When six to ten rigid perfectionism items were added,
they formed an independent factor. It is possible that the independent factor reflects a
bloated specific factor, but it is also possible that the failure to recover a separate anankastia
factor in much of the literature is due to lack of content coverage in prevailing maladaptive
trait measures (e.g., PID-5; Krueger et al., 2012).

These competing possibilities highlight the need to balance measurement and theory. If

the goal is to adequately assess a construct that is deemed highly relevant to PDs, then
covering it thoroughly seems ideal (from the perspective of item response theory, this is
compatible with the notion of covering a wide range of theta). At the same time, it is
difficult to draw firm conclusions regarding the nature of a construct based on measurement
coverage alone, particularly if you have prioritized measurement considerations that nearly
guarantee support for your theory. For instance, if a researcher added 10 items assessing

a preference for chocolate over vanilla to a PD inventory, they might find that the items
form a homogenous independent factor, but this does not necessarily mean that chocolate
preference is a robust dimension relevant to personality pathology. Moreover, inclusion of
psychometrically redundant items can artificially boost factor reliability, at the cost of (1)
representing a broad range of a construct and (2) misleading researchers into assuming
their items reflect a latent construct. Unfortunately, no quantitative methods clearly and
comprehensively determine the extent to which the effects of content representation on
factor structure are artifactual or substantive, so researchers must again rely on theory

to defend their inferences. Finally, the structure of our models is Aighly sensitive to the
type of input, such as whether we are modeling diagnoses, symptom counts, or individual
symptomes/traits. Dichotomous diagnoses are associated with attenuated reliability (Markon
et al., 2011), and diagnostic covariance can be distorted by low base rates (often due to
quasi-artificial diagnostic thresholds). Using symptom counts as opposed to dichotomous
diagnoses lessens these concerns (Wright & Simms, 2015), but because PDs are plagued
by within-category heterogeneity, modeling symptom counts still undermines the utility and
interpretability of PD models (Williams et al., 2017).
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Do: Consider alternative explanations for your factors.

Even though researchers often presume that a latent factor reflects their intended, substantive
construct of interest (the reification fallacy), they can reflect construct-irrelevant variance
from a variety of sources. First, as we mentioned just now, unmodeled sources of local
dependence can bias the meaning of a factor. A major source of local dependence is shared
method variance, that indicators from the same instrument covary due to construct-irrelevant
attributes of the measure (e.g., item-keying). Unidimensional measures can produce 2-factor
solutions, with different factors for positively and negatively keyed items, but these factors
should not necessarily be interpreted as reflecting substantively different constructs. Also, in
monomethod analyses of personality trait inventories, for instance, the consistent finding of
a general factor of personality led many researchers to conclude that there is a substantive
traitthat explains overall personality functioning (Rushton & Irwing, 2011). Nevertheless,
general factors across different personality inventories are only modestly correlated, and a
general factor does not emerge when the inventories are analyzed together, suggesting the
general factor of personality largely captures measure-specific idiosyncrasies (Hopwood et
al., 2011).

Second, variables can correlate due to attributes of the rater (e.g., self-report, informant-
report, clinical interviewer). One source of shared rater variance is evaluative consistency,
which refers to the tendency to rate oneself or others more positively or negatively across a
wide range of characteristics. The influence of evaluative consistency on a factor’s meaning
may be particularly relevant for PD research given the strong valence (i.e., relative social
undesirability) of its constructs. Once again, evidence for the general factor of personality
is much weaker when personality items are reworded to be less valenced (Backstrom et
al., 2009), and fails to emerge entirely after accounting for rater-specific variance (Chang
et al., 2012). Multi-method/rater study designs that directly model rater-specific variance
are necessary to disentangle shared measure or rater variance from the intended construct
(Campbell & Fiske, 1959).

Third, variables can correlate because they have similar distributions in a sample, resulting
in a factor that reflects severity of impairment rather than (or in addition to) a cohesive
construct (Bernstein & Teng, 1989). There is an especially high likelihood of recovering a
“difficulty factor” in studies of psychopathology that comprise participants with relatively
low degrees of psychopathology, because the negative skew of responses will be magnified.
For example, in an EFA of 25 maladaptive trait scales, Ringwald and colleagues (2021)
found a Psychoticism factor primarily marked by Unusual Beliefs, Unusual Experiences,
and—unexpectedly—Self-Harm. Self-harm probably covaried with the other indicators
because they had the lowest endorsement rates (i.e., highest severities/difficulties), not
necessarily because self-harming tendencies are a core feature of Psychoticism. Of course,
it is possible that some response process led to co-endorsement of both self-harm and
psychosis. We raise this example as a potential illustration of spurious factors that can arise
when subsets of indicators have similar distributions (see Bernstein & Teng, 1989, for more
discussion).
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Do: Develop construct validity.

Due to the combined limitations of model fit in formulating valid inferences and the fact that
a latent factor can take on numerous meanings, researchers must rely on construct validation
to inform the potential utility and meaning of a latent factor. Construct validity is never
established definitively; rather, validation is an iterative process that involves articulation

of theoretically derived hypotheses about how a construct should manifest, known as a
“nomological net” (Cronbach & Meehl, 1955). Results from these hypothesis tests are then
used to update theory. This validation process therefore elevates model interpretation from
mere speculation to inference (Strauss & Smith, 2009).

Although construct validation requires multiple steps, a particularly important component

is external validity, the practice of examining a factor’s relations with external correlates.
Often, researchers simply correlate their latent factors (e.g., impulsive psychopathy features)
with measures of other, presumably relevant constructs (e.g., substance use, number of
arrests, aggression) and conclude that their factor has real, psychological meaning, and that
the factor is valid if the correlations are significant (at a =.05) in their sample. This practice
does not reflect the intention behind construct validity. Rather, researchers should articulate
a nomological net clearly and in advance of analysis (e.g., Brandes et al., 2021).

Even the act of labeling a factor constitutes an implicit theory of a construct, but this theory
becomes falsifiable only if it is elaborated concretely and only when external validators are
carefully selected (Bollen, 1989). And our validity tests should be “risky” ones (Meehl,
1978): What ought a factor correlate with if Theory 1, but not Theory 2, is supported? What
validator would place Theory 1 at strong risk? Thus, researchers must identify validators that
our factor should correlate with (convergent validity), and validators that our factor should
not correlate with (discriminant validity) if it indeed reflects our construct of interest. Better
yet, a stronger test would articulate an expected range of effect sizes (e.g., Funder & Ozer,
2019). If either of these tests fail, the theory requires revisiting.

Finally, strong evidence of external validity requires multiple forms of evidence, including
predictive validity (e.g., antagonism in young adulthood should predict divorce in midlife),
known-groups validity (e.g., symptom means should differ between clinical and community
samples), temporal validity (e.g., pathological states should fluctuate more than pathological
traits over repeated measurements), among other forms (Clark & Watson, 2019; Flake et

al., 2017). Still, even if a strong nomological network is established, our items may assess
something other than the intended construct (Embretson, 1983).

Conclusion

Factor analysis is an immensely useful, but flexible and often misunderstood statistical
technique. In contrast with more basic and technical primers of factor analysis, we focused
here on modern applications, limitations, and misinterpretations of factor analysis with

the aim of raising awareness of common issues and points of contention in the field and
updating recommendations for best practice. One key theme was clarifying what factor
analysis is and is not, to emphasize how essential it is to match our models and methods to
our theories (Fried, 2020). In particular, it is essential to remember that factor analysis is not
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an adequate test of the common cause model or of the dynamic unfolding of PD features
within individuals over time. By acknowledging these limitations, we can better cater our
conclusions to the statistical model we tested, and even determine whether factor analysis
bears on our theory at all.

Also, we described several methods for interrogating the meaning of our latent factors
and stressed the importance of recognizing that our latent factors can reflect construct-
irrelevant variance. Awareness of these issues is expected to help researchers avoid the
common reification fallacy, assuming that our latent factors reflect our causal construct of
interest, without further inquiry into the factor’s meaning. We also highlighted the value
in approaching statistical modeling using varied methods to converge on shared, and thus
robust, conclusions and to minimize the likelihood of reporting spurious effects. Along
the way, we argued (1) that model evaluation should be approached with the knowledge
that model results are highly sensitive to data and sampling characteristics, (2) that model
selection is a process that should be conducted with multip/e characteristics in mind (e.g.,
factor reliability, construct validity), rather than model fit alone, and (3) that exploratory
analysis can and should be used to bear on the validity of confirmatory models.

Finally, the overarching principle of this paper is the importance of subjecting our methods
and models to riskier tests (Meehl, 1978). With the concept of riskier tests in mind, we

can ask ourselves: Does this model provide a strong test of my theory? What methods and
criteria can | use to provide stronger support for my theory? And finally, what criteria can

| use to falsify my theory? In our view, careful attention to these broad themes has the
potential to markedly advance theory, research, and treatment surrounding the nature and
impact of PDs.
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(a) Exploratory factor analysis (b) Confirmatory factor analysis (c) Exploratory structural equation modeling
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Figure 1. Common factor modelsused in the personality disordersliterature.
Note. In latent variable modeling, the square boxes represent manifest variables, and

the circles or ovals represent latent variables. Manifest variables are indicators of latent
variables. The magnitude of the indicators’ relations with various factors, depicted as a
straight arrow from the latent factor to the indicator, are expressed as factor loadings, which
are akin to a correlation coefficient. Curved arrows reflect correlations or covariances, either
between latent factors or manifest indicators. We do not depict them here for the sake

of simplicity, but straight arrows that point towards the manifest indicators are commonly
referred to as error terms. In all factor models, it is assumed that each indicator has residual
variance, or variance that is not explained by the latent factor. This is often mistakenly
referred to as “error variance,” because not all indicator-specific residual variance should not
be interpreted as error. B=borderline; P=paranoid; PD=personality disorder; S=schizoid.
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