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Abstract

Nearly all personality measurement and assessment has been shaped by traditional

psychometric methods such as classical test theory. Despite advances in personality theory

and psychometrics, most personality assessment instruments were developed using

traditional psychometric concepts and measures. One consequence of these traditional

practices is that they present important limitations for addressing the complexity of

personality constructs, limiting their application to modern personality theories. In recent

years, a new field of network psychometrics has emerged, which embraces the complexity and

promises to change the way researchers think about psychological constructs. With this new

tool comes the opportunity to refine and advance measurement and assessment practices,

particularly in personality research. In this paper, we review modern personality theories

and discuss how psychometric network models can inform their conjectures. After, we review

modern trends in personality measurement and show how psychometric networks can further

advance these movements. Then, we put forward a psychometric network framework for

developing personality assessment instruments. Within this framework, we connect network

measures to traditional psychometric measures and provide guidelines for how psychometric

networks can be used to develop personality scales. Several future directions emphasizing the

development and improvement of this framework are provided.

Keywords: psychometric networks, personality, measurement, assessment, scale

development
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A Psychometric Network Perspective on the Measurement and Assessment of Personality

Traits

Psychometric modeling and personality theory have made tremendous progress over

the last decade. Assessment instruments (e.g., self-report questionnaires) of personality have

not. Most personality questionnaires used today are based on the notions of classical test

theory (CTT), despite the long-standing presence of more sophisticated models such as item

response theory (IRT; Chernyshenko, Stark, Drasgow, & Roberts, 2007; Embretson, 2004;

Lord & Novick, 1968; Simms, 2008). One reason personality researchers have not adopted

more modern psychometric practices is that many still adhere to dominant philosophical

views of measurement from nearly 60 years ago (Borsboom, 2006). These more traditional

perspectives lack the complexity that modern personality theories require. The emerging

field of network psychometrics embraces this complexity and promises to change the way

researchers think about measurement and assessment (Bringmann & Eronen, 2018;

Schmittmann et al., 2013).

Psychometric network models, the focus of this paper, are a relatively recent addition

to network models and the field of psychometrics more broadly (Epskamp, Maris, Waldrop,

& Borsboom, 2018b). Conceptually, network models are simple: nodes (e.g., circles)

represent variables (e.g., self-report items), and edges (e.g., lines) represent associations (e.g.,

correlations) between nodes. This broad definition allows network models to encompass

many statistical models already used in psychology (Bringmann & Eronen, 2018; Epskamp,

Rhemtulla, & Borsboom, 2017). Structural equation modeling (SEM) and path analysis, for

example, are special cases of network models where arrows between (latent) variables are

specified (Molenaar, 2010; Molenaar, van Rijn, & Hamaker, 2007).

The theoretical perspective of psychometric network models is often referred to as the

network approach (Borsboom, 2008, 2017). The network approach suggests that

psychological attributes (e.g., personality traits) are complex and dynamic systems of

causally coupled behaviors that mutually reinforce one another (Cramer et al., 2012a;
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Schmittmann et al., 2013). In this way, personality traits resemble an emergent property of

interacting observable behavioral components—that is, traits are not any single component

of the system but rather a feature of the system as a whole (Baumert et al., 2017). From

this perspective, personality traits are meaningful patterns of covariation at the

population-level that arise from the mutualistic interactions between personality

characteristics (e.g., facets) and nuances (e.g., items; Cramer et al., 2012a). Thus, traits

emerge because some characteristics and processes tend to covary more than others, directly

reinforcing one another (Mõttus & Allerhand, 2017).

This perspective is often juxtaposed with latent variable models, suggesting that traits

arise from, rather than cause, their constituent behaviors (Edwards & Bagozzi, 2000;

Schmittmann et al., 2013). Many researchers, however, are skeptical of whether this contrast

is necessary, with some advocating that network and latent variable models are more alike

than different (Bringmann & Eronen, 2018; Molenaar, 2010; Molenaar et al., 2007). Indeed,

some researchers have shown that certain network models can be made equivalent to certain

latent variable models (Epskamp et al., 2018b; Marsman et al., 2018) and can have similar

interpretations (Golino & Epskamp, 2017; Kruis & Maris, 2016). Others have provided

evidence that certain network measures are roughly equivalent to latent variable measures

(Hallquist, Wright, & Molenaar, 2019). This raises the question of whether network models

offer anything more than a novel interpretation of personality traits.

The intent of this paper is to demonstrate that network models do offer more than a

novel interpretation and that they have the potential to inform personality theory and

measurement beyond traditional psychometric approaches. As a consequence, we argue that

this substantiates the need for the development of new assessment instruments based on this

psychometric perspective. We begin by identifying how network models provide substantive

advantages to personality theory and measurement that are not afforded by the other

approaches. Afterwards, we present a framework for scale development based on the

perspective provided by the network approach. This framework will focus on self-report
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questionnaires, which are the most commonly used assessment instrument in personality

research. Finally, we discuss future directions for the development of this framework.

1. Modern Theories of Personality

The goal of this section is to provide a review of modern personality theories and how

they explain the interindividual structure of personality traits—that is, the organization of

population-level covariation of broad interindividual personality differences (Baumert et al.,

2017). This is not an exhaustive review of personality theories but rather a selection of

exemplars. It is also neither a critique nor endorsement for any one theory. Instead, the aim

is to provide a background of modern personality theories to demonstrate how psychometric

network models can inform their conjectures. Although not all theories presented here

require trait explanations, most of the literature assesses personality through the lens of

traits; therefore, theories are discussed from this view. Finally, the emphasis on the

explanation of trait structure is because although between-person models do not necessarily

imply within-person models, between-person models describe taxonomic classifications that

can guide and inform within-person measures (Borkenau & Ostendorf, 1998; Borsboom,

Mellenbergh, & van Heerden, 2003; Cervone, 2005).

1.1. Conventional Trait Theories

Many modern trait theories trace their roots back to the five-factor model (FFM), with

the most conventional theories branching directly from the FFM. Conventional theories

typically explain traits through a structural lens: traits are the common cause of covariation

between characteristics. From this view, traits do not merely describe covariation of

behaviors but rather explain why some behaviors covary more than others.

One conventional trait theory comes from McCrae and Costa, who championed the

FFM and proposed the Five-Factor Theory (FFT; McCrae & Costa, 1996) as a definition

and explanation of the personality system (McCrae & Costa, 2008). The basic tendencies

component of the FFT is an explicit explanation of traits and is defined by four postulates
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including structure. Traits in the FFT are “organized hierarchically from narrow and specific

to broad and general, [with trait domains constituting] the highest level of the hierarchy”

(McCrae & Costa, 2008, p. 165). In the FFT, traits are posited as biologically-based

properties that are endogenous psychological entities, which generalize to all people such

that a person behaves in such a way because they possess some quantity of a trait that

causes their behaviors. An alternative perspective is that traits are descriptive phenotypic

constructs that do not necessarily cause behaviors; however, this account does not attempt

to infer the causal mechanisms of traits (Goldberg, 1993). In general, conventional theories

suggest that traits are the overarching cause of personality characteristics and any variability

in their expressions is considered error variance.

This theoretical interpretation is conceptually provided by reflective latent variables

models, which suggest that a personality trait causes the responses to items (Edwards &

Bagozzi, 2000). These models hold the assumption of local independence—that is, after

conditioning on the latent variable (i.e., common covariance), the observed variables are

statistically independent (i.e., they are no longer correlated). One consequence of these

models is that they imply a simple structure of personality (i.e., items and facets are

uniquely assigned to higher-order factors; Thurstone, 1947).

In practice, this simple structure has led to unintended issues for the FFM. Many

researchers find this structure too simple (Herrmann & Pfister, 2013), some researchers

suggest that the latent variable methodology (e.g., confirmatory factor analysis; CFA), rather

than the structure, is the issue (McCrae, Zonderman, Costa, Bond, & Paunonen, 1996), while

others find this structure to be incompatible with the intraindividual structure of personality

(Mischel & Shoda, 1995). Indeed, one problematic assumption occurs when attempting to

generalize latent variables to intraindividual processes: Latent variable models assume that

the measurement model is the same within and between subjects (Borsboom et al., 2003;

Ellis & van den Wollenberg, 1993; Hamaker, Nesselroade, & Molenaar, 2007). To fit within

conventional theory frameworks, researchers are forced to invoke traits as an explanation of
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intraindividual processes by taking on the assumption that latent theoretical entities cause a

person’s responses to measures (whether or not they agree with this assumption).

One approach to relax the constraint of a simple structure model is through

exploratory Structural Equation Modeling (ESEM; Asparouhov & Muthén, 2009). ESEM is

less restrictive than CFA because it allows facets to cross-load onto several personality

factors (Herrmann & Pfister, 2013). Indeed, Costa and McCrae (1992) acknowledged that

these cross-loadings may be “appropriate and meaningful” (p. 45). Although this approach

resolves the simple structure issue, it continues to suggest that interindividual structure

generalizes to intraindividual processes.

Psychometric network models offer an alternative modeling solution that potentially

mitigates both issues. First, complex latent variable structures can be obtained by

integrating latent variables into network models via Latent Network Modeling (LNM;

Epskamp et al., 2017). In these models, latent variables are estimated (e.g., facets of a trait)

and used as nodes in a network model. The complex structure arises from the associations

occuring between the facets of the traits, which can be identified by clusters—sets of

connected nodes—in the network (Golino & Epskamp, 2017). Second, psychometric network

models offer an integrative framework for connecting within-person processes to

between-person structures (Baumert et al., 2017; Beck & Jackson, 2017).

With more recent advancements in network psychometrics, these opposing theoretical

interpretations can be tested statistically. Kan, van der Maas, and Levine (2019), for

example, extended traditional indices of model fit to psychometric network models, allowing

their fit to be compared to CFA models (Kan et al., 2019). In Kan and colleagues’ study,

they found support for a mutualism model of intelligence (i.e., the network approach; van

der Maas et al., 2006) over the common cause model (i.e., latent variable models). Similar

approaches could be applied to personality scales to determine whether a common cause

model proposed by FFT fits better than models proposed by mutualism theories (e.g.,

Cramer et al., 2012a). Already, there is some evidence to suggest that a more complex
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structure fits the structure of personality traits better than a simple structure (Herrmann &

Pfister, 2013).

Juxtaposing latent variable and psychometric network models, however, may not be

necessary. Mõttus and Allerhand (2017) provide a potential solution to resolve the

theoretical differences with a hypothetical conceptual framework. Their framework suggests

that person vectors (i.e., people) tend to settle into particular positions of a

multidimensional personality feature space (i.e., population structure of personality). In this

feature space, forces (e.g., environmental niches, other people, time-invariant genetic

influences) “pull” people towards different areas of the feature space (Mõttus, Allerhand, &

Johnson, in pressa). Certain environments, for example, may pull all personality

characteristics in a certain direction or they may pull only some. Crucially, latent factors

may also represent forces that pull some characteristics to certain areas of the feature space

(DeYoung, 2015). Network connections between personality features may then represent a

bridge between a person vector’s current state and the forces acting on them. In either case,

conventional theories can be accommodated within the network approach by compromising

traits’ causal interpretation (e.g., traits may be only one cause among many).

1.2. Socio-cognitive Theories

Another explanation for the covariation of traits comes from socio-cognitive theories

(also referred to as process and functionalist approaches), which do not explain the

variability of trait expressions as error but as meaningful expressions of a stable personality

system (Mischel & Shoda, 1995; Wood, Gardner, & Harms, 2015). These theories typically

explain traits through a process lens: the covariation of traits is shaped by affective,

cognitive, and behavioral characteristics (which potentially correspond to multiple traits)

that have been reinforced by various goals, situations, and environments (Cervone, 2005;

McCabe & Fleeson, 2012; Mõttus et al., in pressa).
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1.2.1. Coventional socio-cognitive theories. One conventional socio-cognitive

theory is the cognitive-affective personality system theory (CAPS; Mischel & Shoda, 1995,

2008). CAPS theory proposes that social, emotional, and cognitive systems, which are

composed of unique units, mediate the interactions between behavior and situations,

allowing for both stability and variability of a person’s behavior across situations. Rather

than defining personality from a person-centric perspective, personality can be defined

through situations and how they influence behaviors. Thus, Mischel and Shoda’s (1995)

CAPS theory is positioned to operate without structural traits.

To make such a theory operational, they represent personality as a system of networks.

Therefore, CAPS theory already implies the use of psychometric network models but also

network models more generally (e.g., neural networks; Shoda, LeeTiernan, & Mischel, 2002).

The cognitive-affective units of CAPS theory, for instance, are represented as an

interconnected network, and are associated with a class of behaviors in a given situation

(Cramer et al., 2012a). Although this network of cognitive-affective units is a relative black

box (i.e., the units are not formalized), there is some evidence that personality expressions

vary in their organization of certain cognitive (e.g., semantic categorizations; Christensen,

Kenett, Cotter, Beaty, & Silvia, 2018) and affective (e.g., attitudes; Dalege et al., 2016) units.

In general, CAPS theory suggests that situations influence the organization of these

units (and their interactions), leading to different behavioral expressions across situations

(Shoda et al., 2002). Stability across situations might suggest a general behavioral tendency,

while idiosyncratic behaviors might suggest effects of the situation (Perugini, Costantini,

Hughes, & De Houwer, 2016). Psychometric network models offer an appealing approach to

contextualize personality by examining how connectivity between behavioral expressions are

affected within and across situations (e.g., how talkative a person is around friends or

strangers, how anxious a person feels when facing a stressful or mundane event; Costantini &

Perugini, in press; Costantini et al., 2019; Dunlop, 2015; Mõttus et al., in pressa).

One psychometric network technique called the Fused Graphical LASSO (FGL;
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Danaher, Wang, & Witten, 2014) has the potential to directly compare how between-person

behavioral nuances interact within the same situation or how within-person behavioral

nuances interact in different situations (Costantini & Perugini, in press; Costantini et al.,

2019). The FGL enables this comparison by allowing the estimation of two networks

simultaneously. This concurrent estimation identifies edges that are shared and unique

between the two networks, facilitating a direct comparison between the two networks.

On the one hand, researchers could use FGL and ecological momentary assessment

(EMA) methods to identify situations that are shared between people to examine which

behaviors are consistently connected, suggesting effects of the situation. Thus, the effects of

situations could be explicated, elaborating on the extent to which they affect the

co-occurrence of certain behaviors (Costantini & Perugini, in press). On the other hand,

FGL and EMA methods could be used to identify the behavioral patterns within the same

person but in different situations. Common connections between behaviors might suggest a

more stable trait, while unique connections between behaviors might suggest more

situation-specific interactions. The combination of these between- and within-person

analyses would provide a direct examination of the conjectures proposed by Mischel and

Shoda’s (1995) CAPS theory. FGL can also be applied to cross-sectional data allowing group

or trait comparisons to be made (e.g., females and males on social interaction characteristics;

Costantini & Perugini, in press).

1.2.2. Functionalist socio-cognitive theories. Functionalist socio-cognitive

theories differ from conventional socio-cognitive theories by operating within a trait

framework. Traits, from this perspective, are formed through the previous functionality of

behaviors and represent the compensatory increases (or decreases) in behaviors that have

achieved (or failed to achieve) desired outcomes (Allport, 1937; DeYoung, 2015; Wood et al.,

2015). Between-person differences are thus reflected by the extent to which a person seeks

and values a desired outcome across situations (Perugini et al., 2016). In this regard, the

structure of traits are the between-person differences in the consistency and reinforcement of
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behaviors across situations (Mõttus et al., in pressa).

Wood and colleagues (2015) describe these behaviors as functional indicators, which

are denoted by three classes: abilities/efficacies, expectancies, and valuations.

Abilities/efficacies are behaviors that are a means to a desired end. A higher ability or

efficacy of a behavior (e.g., telling a joke) implies a greater likelihood of producing that

behavior to achieve an end (e.g., being perceived as funny). Expectancies are the expected

effects of a person’s behavior on the environment. Two people might perform a similar

behavior (e.g., tell a joke) but the outcome of the behavior differs (e.g., getting a laugh or

hearing crickets), leading to alternative expected effects for the same behavior. Valuations

are the extent that a behavior leads to an experience that is desirable or valuable. Two

people, for instance, might perform a similar behavior (e.g., tell a joke) and achieve the same

outcome (e.g., get a laugh) but the value they place on that outcome differs and may

differentially influence whether that behavior will be performed again (e.g., whether getting

a laugh is an incentive to tell more jokes).

This theoretical interpretation is conceptually provided by formative latent variables

models, which suggest that behaviors are the cause of interindividual traits. Thus, traits are

viewed as the average composites of behavioral variables (e.g., socio-economic status being

defined by occupation, education, and income; Bollen, 2002; Schmittmann et al., 2013). This

also affords the interpretation that some behaviors may influence traits independently of one

another, suggesting that distinct indicators explain why two traits covary. Wood and

colleagues’ (2015) Figure 1B explicitly demonstrates this by depicting arrows pointing from

behaviors to traits rather than traits to behaviors.

From a psychometric network perspective, functional indicators are nodes and the

connections between them serve as an explicit representation of which indicators overlap and

form certain personality characteristics. The interpretation that these connections are

mutually reinforcing lends credence to the notion that certain indicators may be directly or

indirectly compensatory of one another. For example, two indicators may be positively
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related, while at the same time having opposite relations with another indicator (i.e., one

positive and the other negative). Furthermore, indicators that are not connected to one

another are conditionally independent, suggesting they lack common underlying processes

(or goals; Wood et al., 2015). Thus, psychometric networks allow an approach to directly

identify certain compensatory behaviors by modeling how functional indicators relate to

certain characteristics, goals, and situations (Costantini & Perugini, in press; Costantini et

al., 2015b, 2019).

1.3. Integrative Trait Theories

Conventional and socio-cognitive theories of personality tend to emphasize

between-person and within-person explanations of traits, respectively. Many modern trait

theories, however, are integrative, meaning they attempt to provide both between-person

and within-person explanations for the structure, process, and development of personality. In

general, these theories tend to encompass conventional and socio-cognitive models,

emphasizing the explanation of the whole person rather than certain aspects of personality.

Thus, modern integrative theories come full circle on the historical crux of the field:

understanding the whole person (Allport, 1937).

One integrative theory that builds directly from the FFM is Whole Trait Theory

(WTT; Fleeson & Jayawickreme, 2015). WTT proposes that everyday trait-relevant

behaviors represent states, which form density distributions. These density distributions are

a person’s traits, representing recurring states that have accumulated across situational

experiences but also the variation in states due to contextual influences (Fleeson, 2004;

Mõttus et al., in pressa). In this framework, Fleeson (2001) suggests that the density

distributions are meaningful themselves and should be considered a person’s whole

personality rather than only one aspect (e.g., the mean) of the distributions. The density

distributions, however, only represent the descriptive side of traits—what one actually does

(Fleeson & Jayawickreme, 2015).
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The explanatory side—what one is capable of—represents a distinct entity of traits

consisting of socio-cognitive mechanisms (e.g., goals, beliefs, values, scripts, life stories) that

are linked to affect and motivation, which influence the interpretation of changing situations

and events. These mechanisms are viewed as the causes of the descriptive side of traits,

explaining the variability and stability of the distribution of states. Thus, although distinct

entities of traits, WTT suggests that the descriptive side is inextricably linked to the

explanatory side by causal mechanisms. In this regard, the structure of traits is formed

through causal socio-cognitive mechanisms that are described by stable distributions of

states.

This theoretical perspective is conceptually provided by multilevel models. In these

models, the descriptive side of traits are represented by between- and within-person

variation, and the explanatory side of traits are represented by socio-cognitive mechanisms

(e.g., goals) that predict moment-to-moment trait variations (i.e., states; McCabe & Fleeson,

2012). Notably, if the means of each person are factor analyzed, then five factors are

typically produced (Borkenau & Ostendorf, 1998). Although multilevel models are an

attractive statistical model for achieving integration, they suffer from aggregation across

behaviors (even within people). This aggregation hinders any inference into the temporal

interactions between behaviors, which are necessary to specify intraindividual processes.

Epskamp, Waldorp, Mõttus, and Borsboom (2018c) developed a multilevel network

model (MNM) framework, which serves as an appealing alternative to standard multilevel

modeling. The MNM is like standard multilevel models because it estimates fixed

(between-person) and random (within-person) effects but differs because it models

interactions between behaviors (e.g., self-report items, goals) rather than behavioral

aggregates (e.g., traits). The MNM framework offers three types of representations:

temporal (intraindividual relations from a previous time point to the next),

contemporaneous (intraindividual relations within single time points), and between-subjects

(interindividual relations across time points; Epskamp et al., 2018c).
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These three representations offer a powerful framework for integrating intraindividual

processes with interindividual structure (Baumert et al., 2017; Beck & Jackson, 2017; Breil et

al., 2019; Sosnowska, Kuppens, De Fruyt, & Hofmans, 2019). The temporal representation

allows causal relations to emerge, identifying which behaviors typically lead to others across

time. The contemporaneous representation facilitates insight into behaviors that tend to

co-occur within individuals within time points. The between-subjects representation provides

inference into how the structure of these processes emerges across people. When taken

together, these representations provide a rich explanation of intraindividual processes to

interindividual structure and they offer a testable framework for whether traits are the

emergent properties of causally coupled behaviors or are the shared influence of an

underlying endogenous entity (Mõttus & Allerhand, 2017). Recent work already hints at the

potential for both (Mõttus et al., in pressa; Mõttus, Epskamp, & Francis, 2017).

1.4. Summary

In this section, we provided a brief description of the theoretical foundations for several

modern personality theories and we discussed how current psychometric models conceptually

provide the basis for their explanations. After each explanation, we offered ways that

psychometric networks could further inform theories that are not conceptually supported by

current psychometric approaches. It’s worth noting that several other modern personality

theories not discussed in this section have already been influenced and informed by network

models. For example, the MIMIC model (multiple indicators, multiple causes; Kievit et al.,

2012) in the Cybernetic Big Five Theory (DeYoung, 2015), neural networks in the Virtual

Personalities Model (Read & Miller, 2002; Read, Droutman, & Miller, 2017; Read et al.,

2010), and psychometric networks in the mutualism model (Cramer et al., 2012a). Across

modern personality theories, psychometric networks represent a new methodological tool to

explore the validity of their claims.
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2. Personality Measurement and the Network Approach

Despite many modern personality theories’ motivation for latent variable and network

models, measurement in personality research is dominated by CTT. This is likely for many

reasons. One reason is that latent variable models tend to be more sophisticated, requiring

additional training on behalf of the researcher to use these types of models (e.g., IRT;

Borsboom, 2006). Another reason is that psychometric networks are still relatively novel and

are slowly being integrated into personality research. To date, network analysis has mainly

been applied in psychopathology and has only recently been applied to personality (e.g.,

Costantini et al., 2015a, 2015b; Cramer et al., 2012a). The most significant reason, however,

is that traits, almost unequivocally, have been the unit used in the theoretical interpretations

of statistical analyses (Dunlop, 2015; Mõttus, 2016).

When studies measure personality–outcome associations, they almost exclusively

emphasize traits (usually the FFM). In most cases, researchers administer a personality

inventory, sum up the scores for each trait, and correlate the sum scores with the outcomes.

When focusing on a single trait, some studies use a latent variable (i.e., a weighted sum

score) or analyze facet-level relations (but typically do not interpret their theoretical

contribution; Mõttus, 2016). Therefore, personality is usually reduced to composites (or

common covariances) that emphasize the whole (i.e., trait domains), with little consideration

of the parts (i.e., characteristics and nuances). Emerging evidence, however, suggests that

personality characteristics and nuances are as heritable and stable as domains (Mõttus,

Kandler, Bleidorn, Riemann, & McCrae, 2017; Mõttus et al., in pressb) and have more

predictive power than the domains they constitute (Anglim & Grant, 2016; Mõttus, Bates,

Condon, Mroczek, & Revelle, 2018; Seeboth & Mõttus, 2018).

One of the main measurement advantages of the network approach is that the parts are

not obscured by the whole. The network approach offers a richer representation of traits by

providing a perspective of the whole through intuitive visualizations of the interactions

between the parts (Bringmann & Eronen, 2018). This representation opens new avenues for
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identifying influences of personality characteristics on outcomes and formalizing the role of

specific elements in the personality continua and hierarchy. Mirroring current trends,

psychometric networks allow researchers to emphasize the elements of traits. Using recent

research, we illuminate how this perspective affords unique measurement advantages for

personality research.

2.1. Personality–Outcome Associations

The motivation to analyze personality–outcome associations using characteristics and

nuances draws from parallels with molecular genetics (Seeboth & Mõttus, 2018). In genetics,

its common for complex phenotypes (e.g., neuroticism, psychiatric disorders) to be linked to

hundreds and thousands of genetic variants (Visscher, Brown, McCarthy, & Yang, 2012).

Similar approaches have been applied in personality research usually linking items to many

different outcomes (Seeboth & Mõttus, 2018; Weiss, Gale, Batty, & Deary, 2013).

These studies suggest that relatively small effects can contribute to more accurate

predictive models, highlighting their combinatorial, rather than isolated, nature.

Furthermore, they implicate the complexity of phenotypes and that many personality

outcomes are likely to be polynuanced (i.e., driven by a large number of personality

characteristics and nuances rather than broad traits; Seeboth & Mõttus, 2018). One

criticism of these studies, however, is that they tend to be atheoretical and driven solely by

statistical prediction (Visscher et al., 2012). Additionally, more predictor variables may also

lead to better predictions in linear and logistic regression models.

Traditional practices in personality research can shield researchers from taking such

atheoretical approaches. Trait domains, for example, provide perfunctory tests for whether

nuances are linked to an outcome. If a domain is not associated with an outcome, then a

researcher is less likely to probe deeper into the relation. This is not to say that

characteristics and nuances will not be related to the outcome; however, it prevents post-hoc

digging in the data. If a domain is associated with an outcome, then it’s insufficient to
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suggest that the domain is the reason for the relation; instead, researchers should examine

facet (and item) associations to determine whether the associations are similar across all

facets (and items; Mõttus, 2016).

Statistical techniques can be used to prevent researchers from over-fitting their data

when examining many personality nuances with outcomes. Cross-validation, for example,

can lead to more generalizable results (Yarkoni & Westfall, 2017). Regularized regression

techniques, such as the least absolute and shrinkage selection operator (LASSO; Tibshirani,

1996), are also useful for reducing over-fitting. Another appealing quality of regularization

approaches is that they penalize complex models, leading to greater parsimony. When used

in combination, these techniques can produce higher quality results.

Seeboth and Mõttus (2018) recently applied these statistical techniques to a large

sample (N ~ 8,700) who completed 50 items from the International Personality Item Pool

(Goldberg, 1999) and 40 measures of outcomes from a variety of life domains. These

outcomes were then predicted using a model containing 50 individual items and a separate

model containing 5 domain scores (summed totals of their respective items). Across all 40

outcomes, they found that the item models predicted as much or more variance than the

domain models. And although predicted variance was relatively small (ranging from .1% to

15.5%), the item models explained, on average, 30% more variance than the domain models.

Their findings suggest that personality–outcome relations are often due to specific

personality characteristics rather than trait domains.

In a psychometric network, outcome variables can be included in the network. For

partial correlation network approaches, such as the graphical LASSO (GLASSO; Epskamp &

Fried, 2018; Friedman, Hastie, & Tibshirani, 2008), regularized partial correlations between

outcomes and personality characteristics can be provided in a single illustration (e.g.,

Costantini & Perugini, 2016; Costantini et al., 2015b). Beyond supplying an intuitive map of

relations, psychometric networks allow compensatory connections between behaviors to be

revealed, facilitating a functionalist interpretation.
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It’s likely, for example, that many item–outcome relations in Seeboth and Mõttus’s

(2018) item model were shrunk to zero, suggesting that they were not contributing to the

explained variance of the outcome. Several items, however, may have been connected to the

outcome through other items, contributing to the variance explained in an indirect way.

Indeed, the network measure predictability—how well a node can be predicted by the nodes

it’s connected to—can be used to determine the direct variance explained by variables in the

network, while the connectivity between items can inform their indirect influence on the

outcome (Haslbeck & Waldorp, 2018). Such interpretations are not feasibly inferred from

latent variable models. In addition, latent variable models often require extensive

manipulations to achieve an appropriate fit for a model this complex (if a model can even

converge). A similar approach can be applied to facet–outcome relations. LNM can be used

to estimate latent facets, which can then be used in a network model with outcomes,

removing measurement error while providing a more nuanced picture of the associations

between personalty and outcomes.

2.2. Personality Continua

Personality as continua is a pervasive idea in personality measurement (e.g., Likert

scaling; Tay & Jebb, 2018). This notion stems from interindividual differences where one

person, relative to another, endorses more behaviors associated with a certain trait. In

measuring a trait’s continuum, item scores are typically summed across a scale, which

imposes interindividual variability. Although sum scores provide a continuous measure, they

by no means imply that a trait’s continuum is being measured. Because most personality

scales were developed using CTT, they were likely constructed to have high internal

consistency by retaining items that had moderate to high inter-item correlations

(Chernyshenko et al., 2007; Simms, 2008). This approach, however, has led current scales to

measure the midpoint well but the extremes poorly, limiting their coverage of the personality

continua (Carter, Miller, & Widiger, 2018).
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Measurement of a trait’s continuum starts with defining both ends of the continuum.

Although this seems obvious, it’s often overlooked in scale construction (Tay & Jebb, 2018).

The labels of the FFM, for example, all represent the high normal end of the continua and

measures are typically constructed with this pole in mind. This is reflected in historical and

modern accounts of a “healthy” personality where attributes are all at the positive end of the

continua (Bleidorn et al., in press). Indeed, most research investigating abnormal

personalities (e.g., personality disorders) have mainly emphasized the negative poles of

normal personality (Krueger, Derringer, Markon, Watson, & Skodol, 2012; Widiger et al.,

2019). This has led to an assumption that the relationship between personality and

psychopathology is linear, despite evidence for curvilinear relationships (Carter et al., 2018).

Some researchers, however, have demonstrated that extremes at the positive pole of

personality are also related to psychopathological outcomes (Blain, Longenecker,

Grazioplene, Klimes-Dougan, & DeYoung, 2019; Widiger & Crego, in press; Widiger, Gore,

Crego, Rojas, & Oltmanns, 2017).

Renewed interest in the measurement of the personality continua has largely been

driven by the need for both ends of the extremes to be integrated into normal and abnormal

personality constructs (Carter et al., 2018; Durbin & Hicks, 2014; Widiger et al., 2019).

There is ample evidence demonstrating that normal personality provides a fruitful framework

for psychopathology, especially for personality disorders (Saulsman & Page, 2004; Widiger &

Simonsen, 2005; Widiger et al., 2017). Much of this evidence has been derived from

correlational and factor analytic comparisons of normal and abnormal personality inventories

(Saulsman & Page, 2004; Watson, Clark, & Chmielewski, 2008; Watson, Ellickson-Larew,

Stanton, & Levin-Aspenson, 2016; Wright & Simms, 2014). Markon and colleagues (2005),

for example, factor analyzed a meta-analytically derived correlation matrix as well as new

data sets and found that normal and abnormal personality scales could be integrated into a

common hierarchical structure. This study, among others (e.g., Clark & Livesley, 2002;

Watson et al., 2008; Widiger & Simonsen, 2005), has inspired several five-factor personality
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disorder inventories, including the Personality Inventory for DSM-5 (Krueger et al., 2012;

Widiger et al., 2017). Although these studies are useful for integrating normal and abnormal

personality hierarchies, they have not decisively demonstrated that abnormal personality lies

at the poles of the personality continua.

Some researchers have turned to IRT to evaluate whether abnormal personalities are

more extreme variants of normal personality traits (Samuel, Simms, Clark, Livesley, &

Widiger, 2010; Stepp et al., 2012; Walton, Roberts, Krueger, Blonigen, & Hicks, 2008).

These studies have typically found that normal and abnormal personality inventories strongly

overlap but that abnormal inventories tend to measure the negative end of the personality

continua. Ideal-point scoring models have been proposed as an approach to develop measures

that capture both ends of the personality continua (Carter et al., 2018; Chernyshenko et al.,

2007). Ideal-point IRT methods allow for people to disagree with an item because they are

either higher or lower in the trait level expressed by the item rather than just lower. For

instance, a person might disagree with a moderate neuroticism item such as “I sometimes

can’t help worrying about the little things” because they always worry about the little

things. There are a growing number of studies that demonstrate that ideal-point models fit

personality data better than dominance models but also provide more information about

items’ coverage of a scale’s continuum, leading to greater construct and criterion-related

validity (Chernyshenko et al., 2007; Stark, Chernyshenko, Drasgow, & Williams, 2006).

Beyond domain-level poles, few studies have examined the continua of characteristics.

Chernyshenko and colleagues (2007), for example, constructed an orderliness scale (a

characteristic of conscientiousness), which was used as their vehicle to demonstrate the

effectiveness of ideal-point process models. When compared to a scale developed using

traditional CTT rules of thumb, they found the ideal-point process model had better

criterion-related validity and more information across the trait’s continuum.

Similarly, few studies have connected the continua of normal and abnormal personality

at the facet-level (Samuel & Widiger, 2008; Thomas et al., 2013; Watson, Stasik,



NETWORK PSYCHOMETRICS AND PERSONALITY 21

Ellickson-Larew, & Stanton, 2015). Samuel and colleagues (2008) performed a 16 study

meta-analysis that identified the effect sizes between FFM facets and personality disorders

and revealed that each personality disorder has the unique profile of FFM facet associations.

Some disorders fit within one domain of facets while others spread across several domains

and their facets. Their study underscores the importance of going beyond trait domains to

establish normal and abnormal personality continua at lower levels of the hierarchy.

Psychometric networks provide an approach to integrate normal and abnormal

personality beyond trait domains. Unlike latent variable and ideal-point models,

psychometric networks allow specific inferences into where the connections between normal

and abnormal characteristics (and nuances) blur. Comorbidity in the psychopathological

literature provides a convenient template for making these inferences. Cramer, Waldrop, van

der Mass, and Borsboom (2010), for example, mapped the symptom space of two commonly

comorbid disorders: major depressive disorder (MDD) and generalized anxiety disorder

(GAD). They illustrate that some symptoms of MDD and GAD are shared and form

“bridges” between the two disorders, smearing the lines where one disorder begins and the

other ends.

Just as symptoms of MDD blur into symptoms of GAD, normal personality

characteristics can be expected to blur into abnormal characteristics. In a normal and

abnormal network of personality characteristics, researchers can identify normal or “healthy”

by characteristics that have few or no connections to abnormal characteristics. Similarly,

abnormal characteristics that are not connected to normal characteristics are likely

representative of the most extreme end of the continuum. The intermediate connections are

the blurred boundaries between normal and abnormal personality. This representation,

combined with ideal-point models, would allow researchers to better define the constructs

they’re measuring and identify areas where the personality continua is insufficient.
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2.3. Personality Taxonomy

Scientific taxonomies seek to provide a descriptive model of organized concepts that

simplifies a vast number of variables into overarching domains. The general consensus among

personality researchers is that personality traits are hierarchically organized at different

levels of breadth and depth (John & Srivastava, 1999; McCrae & Costa, 2008). Usually, trait

domains are decomposed into facets, which are further broken down into items (McCrae &

Costa, 1987, 2008). More recently, metatraits (above traits) and aspects (between traits and

facets) were added to the hierarchy (DeYoung, 2015; DeYoung, Peterson, & Higgins, 2002;

DeYoung, Quilty, & Peterson, 2007; Digman, 1997). Many personality researchers agree that

at least five or six trait domains represent the majority of interindividual variation (but see

Block, 1995; McAdams, 1992). Below these domains, however, there is little consensus about

the content and number of facets (Connelly, Ones, & Chernyshenko, 2014a; Simms, 2009).

One reason for this variety is that scale developers have typically focused on developing

instruments at the domain-level, with less attention devoted to lower-order structures. In

1999, Goldberg made a critical call to “[change] the way that we construct new measures of

personality characteristics” (p. 7); yet, only a few inventories since then have heeded his plea.

One notable example is the Big Five Aspects Scale (BFAS; DeYoung et al., 2007). DeYoung

and colleagues (2007) factor analyzed the facets (75 in total) of two existing inventories—the

NEO PI-R and AB5C-IPIP (Goldberg, 1999)—and derived two distinct yet related aspects

for each Big Five domain. These distinctions within each domain have shown considerable

convergent and divergent validity, with many aspects producing differential predictions with

outcomes (e.g., Openness and Intellect with creative achievement in the arts and sciences,

respectively; Kaufman et al., 2016). One constraint of the BFAS is that it does not

differentiate facets within its aspects.

More recently, two new assessment instruments were developed to meet the growing

focus on facets (Soto & John, 2017; Watson, Nus, & Wu, 2017). Soto and John (2017)

recently developed a revision of their popular Big Five Inventory (BFI; John, Donahue, &
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Kentle, 1991). The initial version of the BFI was designed to measure prototypical features

of each Big Five domain and only later were facets derived (Soto & John, 2009). Soto and

John’s revised version, BFI-2, explicitly emphasized the development of lower-order facets

and aimed to establish a balanced bandwidth (breadth) and fidelity (depth) at both domain

and facet levels. A key notion in the development of their facets was first selecting

factor-pure facets (i.e., central to the domain and independent of other domains) to provide

a foundation for the domain. After, they selected two complementary facets (i.e., related to

the domain but also other domains) to broaden each domain, providing greater conceptual

continuity with other domains. Their final inventory resulted in a 60-item questionnaire that

measured 15 facets (three per trait), with 4 items per facet (twelve per trait). The revised

version’s facets demonstrated substantial increases in predictive power over the initial

version’s ad hoc facets.

Watson and colleagues (2017) introduced another hierarchical inventory called the

Faceted Inventory of the Five-Factor Model (FI-FFM; Simms, 2009). Construction of the

FI-FFM proceeded over five stages of data collection and analysis, beginning with the

development of specific scales and ending with refinement of existing scales and the creation

of new scales. A notable feature of the FI-FFM is that the facets of the five domains are

measured asymmetrically (i.e., each domain has a different number of facets and items). The

advantage of such an approach is that the inventory is assembled based on each domain’s

conceptual complexity; thus, it’s not limited to artificial constraints of an equal number of

facets per domain. They developed 22 facets in total, which were selected based on an

over-inclusive review of existing literature and integrative trait structure work (Roberts,

Chernyshenko, Stark, & Goldberg, 2005; Simms, 2009). Another notable feature is that they

developed abnormal personality facets alongside their other facets; however, these did not fit

cleanly into the structural analyses and were subsequently dropped. Despite the lack of

inclusion, this represents one of the first attempts to develop a personality scale that

included both normal and abnormal characteristics.
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Other studies have taken a more specific approach to facet development, focusing on

singular domains and synthesizing their facets to derive a clearer consensus of the domain’s

facets (Connelly, Ones, Davies, & Birkland, 2014b; Roberts et al., 2005; Woo et al., 2014).

Two of these studies concentrated on the openness to experience domain, which is perhaps

the most contentious trait of the Big Five (Connelly et al., 2014a). Connelly and colleagues

(2014b) performed a theoretical sort across 85 scales related to openness to experience and

meta-analyzed their relations to other trait domains. They identified 11 facets and

distinguished whether facets were pure (i.e., not related to any other domain; 4 facets) or

compound (i.e., related to at least one other domain; 7 facets). In a different study, Woo and

colleagues (2014) factor analyzed 36 scales related to openness to experience and derived a

hierarchical measure that included 6 facets and 2 aspects, which were conceptually in line

with DeYoung et al.’s (2007) Openness and Intellect aspects. Roberts and colleagues (2005)

completed similar analyses on the trait conscientiousness, finding 6 facets (3 pure and 3

compound). A common thread among these studies is that the facet structure of a given

domain was analyzed at the facet-level. One limitation of this is that facets are taken at

their conceptual face value.

A simple structure perspective on facets suggests that the items of a facet should align

with their own facet; however, this is not always the case (Christensen, Cotter, & Silvia,

2018a). Christensen and colleagues (2018a), for example, used a psychometric network

approach to construct a network of four different inventories of openness to experience to

further clarify the work of Connelly et al. (2014b) and Woo et al. (2014). Instead of a

network of facets, nodes in the network were items, which allowed each item to freely

associate with items outside of their intended facets. Using a community detection

algorithm, which detects clusters (dimensions) in the network, they found 3 aspects and 10

facets. Two of the three aspects aligned with DeYoung et al. (2007) and Woo et al.’s (2014)

aspects (Openness and Intellect), with an additional novel aspect being uncovered

(Open-Mindedness). All ten facets conceptually aligned with the eleven facets derived from
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Connelly and colleagues’ (2014b) theoretical sort. They also found that most items aligned

with their intended facets; however, there were several instances where items associated

outside of their intended facets. Items in the HEXACO-100’s unconventionality facet, for

instance, sorted into 3 different facets, involving all 3 aspects. Christensen and colleagues’

(2018a) study is an example of how psychometric networks can be used to examine the

hierarchy embedded within the connections between items.

The emergent hierarchy of psychometric networks offers a couple advantages over other

psychometric approaches for examining personality’s taxonomy. One advantage is that the

hierarchical resolution or distinction between one level of the hierarchy (e.g., facets) and the

next (e.g., aspects or domains) is less discrete than a latent variable model. Items, for

example, can be shown associating with one another but also with items of other facets (see

Figure 1; Christensen et al., 2018a). In contrast, a traditional latent variable model only

allows associations between the highest level being measured. And although the residuals of

the items can be correlated, this is usually not done and adds many more parameters,

leading to potential problems with identifying a model that converges (but see Herrmann &

Pfister, 2013). Moreover, the levels in-between items and traits are not shown to associate

amongst themselves; thus, information is being lost in every layer of the hierarchy1 (John &

Srivastava, 1999). In this way, traditional latent variable models have a discrete hierarchical

resolution (i.e., simple structure; but see ESEM; Asparouhov and Muthén (2009)), while

psychometric network models have a continuous hierarchical resolution (i.e., complex

structure).

1 It’s important to note that latent variable models are confirmatory and psychometric network models are
exploratory. Exploratory factor analysis (EFA) models do provide information about the relations between
variables through their factor loadings (and correlations between factors). A notable difference between EFA
models and psychometric network models, however, is that the former is a full model while the latter is a
reduced model (i.e., some variables are conditionally independent of one another).
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Figure 1 . Openness to experience network from Christensen, Cotter, and Silvia (2018a). The
nodes represent items and their colors are their respective facets. The dashed lines represent
the aspects of openness (red), intellect (blue), and open-mindedness (orange). The entire
network represents the trait domain of openness to experience.

Another advantage that psychometric network models provide is the concept of

centrality (Costantini et al., 2015a; Cramer et al., 2012a). Because items are allowed to

associate with one another, the notion of which facets are more central (pure) or peripheral

(compound) becomes increasingly salient. In the studies discussed above, factor analytic

models were used to assess whether a facet indicated a single domain or if it loaded onto

other domains. It’s unclear, however, what items in particular were leading to these

associations and how exactly these items were associating within their own facet compared

to others. Psychometric networks provide an approach to disentangle these associations. In a

psychometric network, pure facets would appear closer to the center of the network (in a

single domain network) and would be mainly connected to other facets associated with the

respective domain (in a multiple domain network). In contrast, compound facets would

appear to be more peripheral in the network (in a single domain network) and would have

comparable connections within and outside of the respective domain (in a multiple domain



NETWORK PSYCHOMETRICS AND PERSONALITY 27

network). Thus, networks are able to identify exactly which items (and facets) are leading to

these inter-facet (and inter-domain) associations, which can inform scale developers on

whether to include certain items based on the construct they intend to measure.

2.4. Summary

The main advantage of psychometric network models is that they allow a

representation of relations between the lower-order components of traits (e.g., items and

facets). This perspective affords intuitive interpretations of personality–outcome relations,

while also permitting a continuous hierarchical resolution—one can see the forest for the

trees. In addition, constructs in networks appear to be fuzzy rather than discrete, facilitating

a mereological interpretation that is better aligned with the boundaries between normal and

abnormal personality (Cramer et al., 2012b). Importantly, researchers stand to gain the most

when combining multiple psychometric methods. Therefore, the measurement of personality

can only benefit from the integration of psychometric networks with other psychometric

approaches.

To this point, we’ve shown that psychometric networks can inform modern personality

theories and measurement in ways that other psychometric approaches can not. A

fundamental constraint on the potential for psychometric networks to advance personality

theory and measurement, however, is that current assessment instruments are based on CTT

notions. If psychometric networks are to advance personality theory and measurement in a

meaningful way, then new assessment instruments must be developed from the perspective

that it provides. Indeed, if researchers are to take the perspective that personality traits

emerge from causally coupled components, then it’s essential to develop new measures that

equivalently express them that way (Hallquist et al., 2019).

3. A Roadmap for Scale Development using Psychometric Networks

To date, psychometric network models have mainly been used as a novel measurement

tool, which has led to an alternative account on the formation of traits. This account offers a
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fruitful framework to integrate modern personality theories and affords several measurement

advantages over other psychometric approaches. Therefore, psychometric networks are a

promising approach for the measurement of personality (e.g., Costantini & Perugini, in press;

Mõttus & Allerhand, 2017). When it comes to psychometric assessment, however, the scope

of psychometric networks has been far more limited (e.g., dimension reduction methods;

Golino & Epskamp, 2017).

So far, the results in the area of dimension identification appear promising and suggest

that psychometric network analysis has some potential as a method for constructing

personality assessments (Golino & Demetriou, 2017; Golino & Epskamp, 2017; Golino et al.,

2018). Some researchers have demonstrated that certain network models (e.g., the Ising

model; van Borkulo et al., 2014) are mathematically equivalent to models already used for

the construction and validation of psychometric assessments (e.g., multidimensional IRT,

MIRT; Epskamp et al., 2018b; Marsman et al., 2018). Others have associated the theoretical

interpretations of latent variable models to network models, suggesting they may be more

alike than different (Bringmann et al., 2018; Kruis & Maris, 2016). Despite these

connections, research has yet to examine whether network analysis can be used as a tool for

the construction of a psychometrically reliable and valid assessment instrument (Christensen,

Cotter, Silvia, & Benedek, 2018b).

The aim of this section is to take the initial steps toward a formalized framework for

the use of psychometric network models in scale development. To achieve this aim, this

section is divided into four parts. First, we introduce psychometric network measures and

techniques. Second, we connect the network measures to measures used in traditional

psychometric approaches using a small-scale simulation. Third, we contrast traditional scale

development guidelines with new guidelines developed from the perspectives provided by the

network approach. The main focus of these guidelines will be on the evaluation of the item

pool, which is arguably the most important stage in scale development. Finally, we discuss

areas where future research is necessary to further establish this framework.
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3.1. Network Measures and Techniques

A critical factor in psychometric network analysis is estimation. Network estimation is

necessary because the relations between psychological variables (e.g., self-report items) are

typically not known. The most popular network estimation approach in psychometric

network literature is the GLASSO (Friedman et al., 2008), which shrinks edges (via

regularization) and sets small edges to zero, producing a sparse and parsimonious model.

The GLASSO estimates a Gaussian Graphical Model (GGM; Lauritzen, 1996), where edges

represent partial correlations between variables after conditioning on all other variables in

the network. Notably, there are other network estimation methods, each of which have

different downstream effects on the structure and measures of a network (e.g., Christensen,

Kenett, Aste, Silvia, & Kwapil, 2018c; Williams, 2018; Williams & Rast, 2018). In general,

the network measures and techniques presented in this section yield similar interpretations

across network estimation methods.

3.1.1. Node-wise measures. Centrality is a key concept in network analysis and is

the most commonly applied network measure in the literature (Bringmann et al., 2018;

Cramer et al., 2012a). Centrality is typically applied to individual nodes (Bringmann &

Eronen, 2018; Costantini et al., 2015a) but can also be extended to communities in the

network (Blanken et al., 2018; Christensen, 2018; Giscard & Wilson, 2018). There are three

measures of node centrality that are most commonly applied in the psychometric network

literature: betweenness, closeness, and node strength (see Table 1 for descriptions).
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Table 1
Network Measure Terminology

Measure Description
Node-wise Centrality

Betweenness (BC) the relative number of times a node is used on the shortest
path from one node to another

Closeness (LC) the (inverse of the) distance a node is from the center of
the network (larger values = closer to center)

Node strength (NS) the sum of the weights (e.g., correlations) connected to
each node

Hybrid (HC) the overall centrality of each node based on the rank-order
composite of several weighted (correlations = edges) and
unweighted (all edges = 1) node-wise centrality measures
(BC, LC, NS, and eigenvector centrality; EC)

Community Centrality
Community Closeness (CCC) the (inverse of the) distance a community is from the

center of the network (larger values = closer to center)
Community Eigenvector (CEC) the indirect and direct connections of a community to the

rest of the network

Node centrality measures were initially interpreted as the relative influence of a node in

the network, an interpretation that was likely derived from social networks (Bringmann et al.,

2018). A highly central node in a psychopathological symptom network, for example, was

thought to have a strong influence over other nodes in the network, representing a potential

target for clinical interventions (Borsboom & Cramer, 2013). More recent research, however,

has questioned this interpretation, citing differences in social and psychopathological network

estimation—that is, connections between people are known, whereas connections between

symptoms are not (Bringmann et al., 2018). Network estimation also brought considerable

inconsistency to some centrality measures. Betweenness and closeness centrality, for example,

have consistently been shown to be unstable, leading many researchers to abandon these

measures (Christensen et al., 2018c; Epskamp, Borsboom, & Fried, 2018a; Forbes, Wright,

Markon, & Krueger, 2017). Indeed, in a recent simulation study, betweenness and closeness
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centrality were found to be unstable due to sampling variability (Hallquist et al., 2019).

Node strength, however, has demonstrated considerable consistency and is still

frequently used in the psychometric network literature (Epskamp et al., 2018a). Some

researchers have hypothesized that node strength might be related to factor loadings (Mõttus

& Allerhand, 2017). Consistent with this hypothesis, Hallquist and colleagues’ (2019) found

that node strength was roughly redundant with factor loadings. This finding not only helps

establish a link between network measures and traditional psychometric measures but also

helps clarify how node strength should be interpreted (Bringmann et al., 2018). In Hallquist

et al.’s (2019) simulation, node strength represented a combination of dominant and

cross-factor loadings, suggesting that it should be used in the context of each dimension.

One novel measure that attempts to provide relatively similar information as

betweenness and closeness centrality is the hybrid centrality (Table 1; Christensen et al.,

2018c; Pozzi, Di Matteo, & Aste, 2013). The hybrid centrality quantifies the overall

“centralness” of nodes in the network. This is because it quantifies each node’s relative

distance from other nodes (BC and LC) as well as its direct (NS and EC) and indirect (EC)

connections to other nodes. Recent research has demonstrated that it has predictive validity

(Christensen et al., 2018c), is relatively stable (Christensen et al., 2018b), and is useful for

determining labels of factors (Christensen et al., 2018a). Although this measure has not

achieved widespread adoption in the psychometric network literature, it’s a promising

alternative to the unstable betweenness and closeness centralities.

3.1.2. Dimension identification. In psychometric networks, the main methods

used to assess dimensionality are called community detection algorithms. These algorithms

identify the number of communities (i.e., dimensions) in the network by maximizing the

connections within a set of nodes, while minimizing the connections from the same set of

nodes to other sets of nodes in the network. The most extensive work on dimensionality in

the psychometric network literature has been with a technique called exploratory graph

analysis (Golino & Epskamp, 2017).
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Exploratory graph analysis first constructs a network using one of two network

estimation methods: the GLASSO or the triangulated maximally filtered graph (TMFG;

Golino et al., 2018; Massara, Di Matteo, & Aste, 2016, for descriptions of both methods see

SI, Dimension Identification Methods). Then, the technique applies a weighted community

detection algorithm (i.e., walktrap; Pons & Latapy, 2006, for more details see SI, Community

Detection) to determine the number and content of communities in the network. So far,

simulation studies have shown that exploratory graph analysis with GLASSO estimation has

comparable or better accuracy at identifying the number of dimensions than traditional

techniques (Golino & Demetriou, 2017; Golino & Epskamp, 2017; Golino et al., 2018).

Hereafter, exploratory graph analysis with GLASSO will be referred to as EGA and

exploratory graph analysis with TMFG will be referred to as EGAtmfg.

In a recent simulation study, Golino and colleagues (2018) found that EGA and

EGAtmfg were comparable to the best parallel analysis (PA) with resampling techniques

(principal components analysis; PApca, and principal axis factoring; PApaf). Importantly,

the two exploratory graph analysis methods complemented each other’s weaknesses. EGA

was the most accurate of all methods examined based on percent correct (PC; correct

identification of the number of dimensions) and performed best with moderate to high factor

loadings and sample sizes. Notably, however, PApaf, PApca, and EGAtmfg all had better

performance based on mean bias error (MBE; bias for under- and over-factoring) and mean

absolute error (MAE; general bias from population value). When both exploratory graph

analysis methods agreed on the number of dimensions (63% of the time), their accuracy was

very high (93%, MAE = 0.11). When they disagreed, their accuracy was poor (EGA =

35.4%, MAE = 8.08 and EGAtmfg = 16.8%, MAE = 1.79). In these cases they disgreed,

they had opposite biases: EGA tended to over-factor and EGAtmfg tended to under-factor.

It’s clear that the exploratory graph analysis techniques perform well for identifying

dimensions and often do as well as traditional dimension reduction methods. But they also

possess a couple advantages over traditional methods. First, the number and content of
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dimensions is deterministic: Researchers do not have to make arbitrary decisions about

cut-offs on scree plots to decide the number of dimensions nor sort through factor loadings to

decide on item placement (Flora & Flake, 2017; Reise, Waller, & Comrey, 2000; Zwick &

Velicer, 1986). Second, the connections between variables are depicted, allowing for a

continuous hierarchical resolution. Connections between items, for example, are displayed,

with clusters of facets and aspects emerging from them (e.g., Figure 1). This visualization

provides the researcher with useful information about how the dimensions are associated

with one another as well as how central some dimensions are relative to others.

3.1.3. Community centrality measures. For psychometric networks, a

dimension’s centrality is immediately evident and should have a substantive role in scale

development. For instance, facets that were visually more central in Christensen, Cotter, and

Silvia’s (2018a) network of openness to experience had higher correlations with the overall

domain than less central facets. Relying on visual inspection, however, is qualitative and

potentially prone to misrepresentation (e.g., positioning of nodes is stochastic and may not

be related to actual centrality; Forbes et al., 2017).

So far, only a few measures have been developed to examine the relative position of

communities in the network (Christensen, 2018; Everett & Borgatti, 1999; Giscard & Wilson,

2018). Most commonly, researchers have taken the mean or sum of node-wise centrality

measures (Bell & O’Driscoll, 2018; Everett & Borgatti, 1999), which may not perform as well

as community-based measures (Giscard & Wilson, 2018). Community centrality measures

offer a quantitative approach to determine how central certain facets are relative to others.

Two recently developed measures are suitable candidates for measuring the centrality

of communities: community closeness centrality (CCC; Christensen, 2018) and community

eigenvector centrality (CEC; Giscard & Wilson, 2018). The CCC is an extension of the

node-wise closeness centrality measure and is computed in a similar way (Table 1). Similarly,

the CEC is an extension of the node-wise eigenvector centrality—the largest eigenvalue of an

adjacency matrix, quantifying the weighted sum of a node’s direct and indirect connections
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(Bonacich, 1972). Giscard and Wilson (2018) generalized the node-wise eigenvector centrality

to any sub-network—a subset network of the overall network. Thus, when each community is

taken as a sub-network, their CEC can be computed.

Though both measures quantify the centrality of a community, they have slightly

different interpretations. The CCC quantifies the relative central position of the community

in the network, while the CEC quantifies the central position of the community based on its

connections to other nodes and communities in the network. Therefore, they quantify

separate but related aspects of a community’s centrality in the network.

3.2. Connecting Network Measures to Traditional Psychometrics

An important step for using psychometric networks as a scale development tool is

connecting network measures to established psychometric measures. To establish these

connections, we performed a small-scale simulation to assess the performance of exploratory

graph analysis with ordinal data and whether certain node and community centralities are

associated with traditional psychometric measures. This simulation seeks to build on Golino

et al. (2018) and Hallquist et al.’s (2019) simulation studies. Golino and colleagues’ study

compared the accuracy of dimension identification of both exploratory graph analysis

methods and other more traditional dimension reduction methods in dichotomous data.

Hallquist and colleagues’ first study identified the correspondence between node centrality

measures and factor loadings using continuous variables.

3.2.1. Small-scale simulation. Importantly, the simulation presented in the

Supplementary Information differs from Golino et al. (2018) and Hallquist et al.’s (2019)

studies in several key ways. First, the simulated datasets in this study were specifically

designed to correspond with conditions that are typically found in traditional personality

scales (e.g., many dimensions, 5-point Likert scaling, skewed responding) and scale

development settings (e.g., wide ranging factor loadings and correlations between factors). In

total, there were 2700 simulated datasets (100 datasets per manipulated condition) across 3
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manipulated conditions—sample size (500, 1000, and 2500), number of dimensions (2, 4, and

6), and number of variables per dimension (6, 8, and 10). Factor loadings and correlations

between factors were allowed to vary randomly between .30 and .70. For full descriptions of

our design, methods, measures, and results see the Supplementary Information.

Second, we aimed to compare the dimension identification accuracy of the exploratory

graph analysis methods with state-of-the-art dimension reduction approaches: PApca and

PApaf. This simulation differs from a previous comparison of these methods by categorizing

continuous variables into 5 categories (polytomous) rather than 2 (dichotomous; Golino et

al., 2018). Furthermore, factor loadings and correlations between factors were allowed to

randomly vary in this study, while they were manipulated conditions in Golino and

colleagues’ (2018) study. Notably, factor loadings and correlations between factors had the

largest effects across all methods’ on performance (PC and MAE) in their simulation. To our

knowledge, this is the first simulation to examine the dimension identification performance of

exploratory graph analysis with ordinal variables.

Third, we computed several network and traditional psychometric measures for

comparison. Because betweenness and closeness centrality reflected relatively poor

performance in Hallquist et al.’s (2019) study, they were not included in this study. Instead,

the hybrid centrality measure was used. Both node strength and hybrid centrality were

correlated with item-scale correlations and CFA factor loadings. We note that factor

loadings and item-scale correlations are strongly related to one another. Specifically, CFA

factors represent idealized sum-scores because the error-variance that is not associated with

the latent factor is removed. Therefore, item-scale correlations and factor loadings are

largely redundant but reflect different variance contributions (i.e., without and with error,

respectively).

We also computed CCC and CEC, which were compared to factor loadings onto a

general factor (hereafter referred to as general loadings) and the sum-score of factors

correlated with the sum-score of the general factor (hereafter referred to as scale-measure
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correlations). Again, general loadings represent idealized sum-scores of scale-measure

correlations. The correlations between the traditional psychometric measures were used as

benchmarks for the comparison of the network measures to the traditional measures.

3.2.2. Summary of simulation results. The dimension identification results

paralleled Golino et al.’s (2018) simulation study with the finding that EGA was the most

accurate dimension identification method (DIM) overall (PC = 77.0% and MAE = 0.31).

Unlike their results, EGAtmfg (PC = 76.0% and MAE = 0.31) was the second most accurate

followed by PApca (PC = 69.8% and MAE = 0.34) and PApaf (PC = 59.3% and MAE =

0.91). Notably, despite PApaf’s low overall accuracy, it was the most accurate (PC = 88.4%

and MAE = 0.12) DIM when sample size was large (N = 2500). Across all DIMs, the

number of dimensions had the largest effect on accuracy (all moderate effect sizes). Notably,

these effects should be interpreted with caution as factor loadings and correlations between

factors have shown larger effects in past work (Golino et al., 2018).

There was a general tendency to under-factor for all methods except for PApaf, which

tended to over-factor. For normalized mutual information (NMI) or the accuracy of item

placement, EGA performed the best (NMI = 0.94) followed by PApaf and PApca (both

NMI’s = 0.93). Despite EGAtmfg having the second best overall accuracy for identifying the

number of dimensions, it had the lowest NMI (.90). This suggests that although EGAtmfg is

accurate, it’s items are not always being placed in the correct dimensions (relative to other

DIMs). Regardless, both exploratory graph analysis techniques performed as well as or

better than the more traditional DIMs across all accuracy and bias measures. Mirroring

Golino and colleagues’ (2018) finding, when EGA and EGAtmfg agree on the number of

dimensions, they are extremely accurate (PC = 90.4% and MAE = 0.12). When they

disagree, both EGA (PC = 39.2% and MAE = 0.83) and EGAtmfg (PC = 35.1% and MAE

= .86) have very low accuracy.

The centrality measures (both community and node-wise) were all strongly related to

their corresponding traditional psychometric measures. For the community centrality
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measures, CCC had similar effect sizes for general loadings (r̄EGA = .69 and r̄EGAtmfg = .58)

and scale-measure correlations (r̄EGA = .68 and r̄EGAtmfg = .57), while CEC was more

closely related to scale-measure correlations (r̄EGA = .74 and r̄EGAtmfg = .70) than general

loadings (r̄EGA = .56 and r̄EGAtmfg = .53). Across these measures, EGA had much higher

average correlations than EGAtmfg. Notably, these correlations were on par with the

relationship between general loadings and scale-measure correlations (r̄ = .70).

For the node-wise measures, both the hybrid centrality and node strength were

strongly associated with factor loadings and item-scale correlations. In general, node

strength had higher correlations with factor loadings (r̄ = .87) and item-scale correlations (r̄

= .86) than the hybrid centrality (r̄ = .82 and r̄ = .78, respectively). Notably, for both

measures, EGAtmfg had slightly higher average correlations than EGA. Despite the

differences between Hallquist et al. (2019) and our simulation, our results largely corroborate

their findings, suggesting that node strength centrality is relatively redundant with factor

loadings. Our simulation also extends their findings to suggest that node strength is

redundant with item-scale correlations.

In addition, our results demonstrate that community centrality measures can provide

similar information about a dimension’s latent (general loadings) and direct (scale-measure

correlations) contribution to the overall construct being measured. Finally, this was the first

simulation, to our knowledge, to investigate the performance of exploratory graph analysis

with ordinal variables. Although the number of categories tends to be a minor aspect of

dimension identification performance (Garrido, Abad, & Ponsoda, 2011, 2013), the evidence

provided by this simulation suggests that both exploratory graph analysis techniques

performed well.

3.3. Psychometric Network Scale Development Guidelines

The associations between traditional psychometric measures and centrality measures

form a bridge between familiar measures of CTT and factor analysis and the less familiar
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measures of psychometric networks. This bridge serves as a foundation for establishing how

psychometric networks can be used as a scale development tool. In general, psychometric

networks offer two substantive contributions for how scales should be developed. First, the

interactions between items are the focus rather than the scales themselves. Second, the

intuitive representations of these interactions provide a multidimensional perspective of how

items are positioned with respect to the rest of the scale. This emphasis on the items, their

interactions, and their function in a multidimensional context fundamentally changes how

items should be selected. More or less, traditional guidelines still hold as a tried-and-true

framework for scale development; however, psychometric networks offer an opportunity to

expand this framework.

3.3.1. Dimensionality assessment. Dimensionality assessment is an integral step

of verifying the structural validity of a scale. Often this step is performed later in the item

evaluation stage; however, item selection measures (e.g., item-scale correlations) hinge on

what dimension items belong to. Personality scales are usually multidimensional and

multifaceted—for every inventory, there typically are five or six trait domains and for every

domain, there are several facets (ranging from two to nine). In traditional psychometrics,

factor analytic techniques, such as PCA and EFA, are the most common method to assess the

dimensionality of an inventory or domain. These methods require the researcher to carefully

inspect and make decisions about item placement. In contrast, exploratory graph analysis is

deterministic, meaning it decides on item placement without the researcher’s direction.

Exploratory graph analysis is the vehicle for psychometric network dimensionality

assessment. Although the allocation of items into dimensions is deterministic, researchers

should still verify their theoretical consistency—theory should always guide the decision for

the number and content of dimensions. A benefit of this determinism is that exploratory

graph analysis can be used as tool to evaluate whether researchers are measuring the

dimensions they intended to measure, without a priori direction from the researcher.

Moreover, because the technique is exploratory, replicating the content and number of



NETWORK PSYCHOMETRICS AND PERSONALITY 39

dimensions provides “a more rigorous replication test than confirmatory analysis” (Saucier &

Goldberg, 1996, p. 35; e.g., Waller, DeYoung, & Bouchard, 2016). Thus, exploratory graph

analysis can serve as a test for whether items are sorting into their expected facets or

whether facets that were specified as central are actually more central relative to other facets.

Furthermore, exploratory graph analysis can be combined with LNM to determine

higher-order structures of a scale (e.g., aspects). First, exploratory graph analysis can be

applied, identifying the facet structure of a construct. After, LNM can be used to model the

latent variables of these facets. Then, a community detection algorithm (e.g., walktrap) can

be applied to the LNM, revealing a higher-order structure of the facets. This approach

allows a researcher to deterministically identify the hierarchical structure of their measure,

testing whether this structure is being measured as intended.

When using exploratory graph analysis, researchers are recommended to apply both

methods to examine the number of dimensions identified (Golino et al., 2018). If both

methods return the same number of dimensions, then researchers can be confident that

they’ve estimated the correct number of dimensions. If they return a different number of

dimensions, then researchers should consider the biases of both methods (e.g., Golino et al.,

2018). Measures of fit and cross-validaton techniques (e.g., Kan et al., 2019) could offer some

help to determine the number of dimensions that fit the data best. In addition, a recently

developed approach called bootstrap exploratory graph analysis (bootEGA; Christensen &

Golino, 2019) can be used to estimate the stability and generalizability of these results,

including the dimensional structure of a typical network from a sampling distribution of

networks.

3.3.2. Dimension centrality. In traditional scale development, most developers

evenly select items for each facet and each domain (e.g., NEO PI-R; 8 items per facet and 6

facets per domain). This view likely stems from CTT and the use of sum scores, which

suggests that even item selection ensures that each facet is similarly scaled and has equal

contributions to the overall score. Similar ideas can be found in tau-equivalent latent
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variable models, where facets loading onto a domain are exchangeable—that is, each

personality characteristic is an equivalent manifestation of the overall domain (Edwards &

Bagozzi, 2000; Schmittmann et al., 2013). Even without such a strict interpretation, there is

still a pervasive idea that best practice is to design scales with uniform measurement (i.e., an

equal number of items). This notion leads to unintended and potentially problematic

consequences, particularly for sum scores (e.g., equal measurement of central and peripheral

facets, not measuring what the researcher intends to measure, reduced or overly complex

hierarchical structures). Therefore, the centrality of dimensions should be considered.

The notion of central and peripheral dimensions of a trait domain is not necessarily

new (e.g., Connelly et al., 2014b; Roberts et al., 2005); however, their consideration in scale

development is. Soto and John’s (2017) BFI-2 is one of the first inventories to specify the

centrality of their intended facets (one pure and two complementary per domain). The

number of facets to include depends on the developer’s intent: narrow inventories should

emphasize central facets, while broad inventories should emphasize both central and

peripheral facets. Regardless of intent, specific consideration should be given to the centrality

of facets to increase each domain’s test validity—that is, the test’s sensitivity to variation in

the psychological attribute (Borsboom, Cramer, Kievit, Scholten, & Franić, 2009).

Considering that most personality research uses sum scores when computing

personality–outcome associations, more central facets should have greater substantive weight

because they are considered “purer” assessments of the overall domain. This means that

more central facets should have more items than more peripheral facets because central

facets are more likely to have greater sensitivity to variation in the target domain than

peripheral facets. Ultimately, this suggests that researchers should develop asymmetric scales

(e.g., Watson et al., 2017). Furthermore, peripheral facets may contain items that are

compound, meaning they measure another domain in a similar or greater degree. In a

network, compound items would be depicted by having more or stronger inter-facet

connections than intra-facet connections. Thus, if a researcher is attempting to measure a
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pure domain, some items in peripheral facets can be removed (based on their connections to

other facets) to increase domain and facet specificity (Mõttus, 2016).

The CCC and CEC are two measures that researchers can use to determine the

centrality of their dimensions. Larger values would suggest that facets are more central while

smaller values suggest that facets are more peripheral. Depending upon the scale developer’s

theoretical perspective, CCC would be recommended for a latent variable approach, while

CEC would be recommended for a CTT approach. In either case, it may be useful for

researchers to apply both measures to determine each dimension’s centrality based on

general centrality in the network (i.e., CCC) or centrality based on connectivity to other

dimensions in the network (i.e., CEC).

3.3.3. Item selection. Traditional methods rely on unidimensional (CTT and IRT)

or constrained multidimensional (MIRT and factor analysis) item selection analyses—that is,

a simple structure, rather than complex, is used to select items. CTT and IRT, for example,

have an assumption that scales are unidimensional and their selection criteria (item

discrimination) is restricted to associations within the scale. MIRT and EFA do not have

unidimensionality assumptions but only permit item-by-item criteria for each factor.2

Despite many acknowledging that such a simple structure is merely a conceptual convenience

(e.g., Costa & McCrae, 1995), nearly all current item selection practices (and by consequence

nearly all existing scales) are based on simple structure approaches (Hubley, Zhu, Sasaki, &

Gadermann, 2014). These approaches generally emphasize high item homogeneity, leading to

scales that often reflect “bloated specifics” (Cattell, 1978), which is at odds with many

modern personality theories and perspectives (McCrae & Mõttus, in press).

The network approach suggests that personality traits are composed of mutually

reinforcing causal components (Cramer et al., 2012a). As a consequence of this perspective,

2 Although EFA allows a complex structure, the item-by-item criteria (i.e., factor loadings) makes the
identification of the item’s relations to other items an onerous task. Furthermore, each item’s relative
location in multidimensional space is not immediately evident, resulting in decisions often made in the
context of a single dimension. In contrast, psychometric networks make this information immediately
apparent while also providing a more parsimonious model.
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behavioral components represented by items should be relatively unique, rather than

redundant, to reduce latent confounding (Hallquist et al., 2019). This stands in stark

contrast to common scale development practices because traditional guidelines encourage

redundancy to increase internal consistency. Thus, mostly unique items will inevitably lead

to scales that have lower internal consistency. Lower internal consistency, however, should

not be confused with lower validity or even lower reliability (e.g., Christensen et al., 2018b).

In fact, scales with lower internal consistency tend to have higher validity (known as the

reliability-validity paradox; Brennan, 2001), while demonstrating comparable test-retest

reliability (McCrae, 2015). McCrae and Mõttus (in press) propose that scales should be

composed of unique items that reflect a distinct nuance of a trait to maximize the scale’s

information and efficiency.

To identify unique items, a topological overlap measure can be used, which quantifies

how similar a node’s connections to another node’s connections are (i.e., the common

connections between any two nodes). In biological networks, measures of topological overlap

have been used to identify genes or proteins that may have a similar biological pathway or

function (Nowick, Gernat, Almaas, & Stubbs, 2009; Zhang & Horvath, 2005). Greater

topological overlap suggests that two genes may belong to the same functional class

compared to those with less overlap. Similarly, nodes that have high topological overlap in a

personality network are likely to have a shared latent influence. By removing these nodes,

unique components of the personality system can be uncovered, reducing the latent

confounding between items.

With this in mind, items should not only be selected based on some item criteria but

also by their connections to other items in multidimensional space. The main vehicle for item

selection criteria in psychometric networks is node strength because it offers the most direct

equivalence to factor loadings and item-scale correlations (Hallquist et al., 2019). A notable

consideration is that a node’s strength can potentially be a blend of connections within and

between dimensions, which may not reflect a strong unidimensional indicator (Hallquist et al.,
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2019). Researchers should consider each item’s within- and between-dimension node strength

when selecting their items. In short, node strength represents the best singular item selection

criterion; however, it should be tempered within the context of dimensional relations.

Christensen and Golino’s (2019) bootEGA approach offers two metrics—item stability

and item statistics—that directly address this issue. The item stability metric quantifies the

number of times an item is replicated in a researcher specified dimension (e.g., exploratory

graph analysis). Lower item replication values in the specified dimension might suggest item

misallocation (e.g., ≤.25), while equal replication values between two or more dimensions

might suggest multidimensionality. The item statistics metric takes advantage of the intra-

and inter-dimension node strength measures (e.g., Blanken et al., 2018) to determine how

strong the connections for each item are within each dimension. In this context, the item

statistics metric appears to be equivalent to EFA factor loadings. When these metrics are

used in combination, researchers can identify whether certain items are compound,

misspecified, or problematic for the dimensional structure of the scale.

Other centrality measures potentially offer additional criteria for item selection. Nodes

that are high in betweenness, for example, have been referred to as “bridges” between two

dimensions in the network (Cramer et al., 2010). In Hallquist and colleagues’ (2019)

simulations, however, they found that betweenness was susceptible to sampling variation and

may reflect spurious associations between items in different latent dimensions rather than

substantive bridges. One potential solution to overcome this issue would be to use a measure

called the randomized shortest path betweenness centrality (RSPBC; Kivimäki, Lebichot,

Saramäki, & Saerens, 2016). The RSPBC remedies some limitations of the standard

betweenness centrality by using random walks—random steps from one node to the

next—over the network. By using random walks, rather than the relative shortest path

between nodes, there is greater discrimination of nodes that are clearly between other nodes

(Christensen, 2018). Although there has yet to be an investigation into the stability of the

RSPBC, it’s likely that it will be less susceptible to dramatic shifts in network connectivity
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than the standard betweenness centrality measure.

The RSPBC offers a complementary criterion to node strength for identifying nodes

that may be bridges or multidimensional. Nodes that are high RSPBC but have low

inter-dimension node strength, for example, would suggest that a node is a bridge.

Conversely, nodes that are high RSPBC and have high inter-dimension node strength would

suggest that a node is multidimensional. Christensen and Golino’s (2019) item statistics

metric could also be used to corroborate these classifications. In the context of item selection,

a scale developer could consider removing or adding more bridge or multidimensional items

to adjust the relations between dimensions, making them more or less orthogonal. Therefore,

the combination of these measures offers more control over the theoretical attribute being

measured, allowing the researcher to directly influence the dimensional structure of the scale.

Finally, the utility of the hybrid centrality still requires greater attention. Based on the

simulation performance, the hybrid centrality is not as compelling as node strength in terms

of item selection criteria. In general, items high in hybrid centrality could be used to

determine which items are the most central to the overall latent construct. Indeed, these

items are not only strongly connected to other items (high strength and eigenvector

centrality) but are also more central within and between dimensions (high betweenness and

closeness centrality). For this reason, the hybrid centrality could be used as an indicator for

items that are suitable for developing abbreviated scales (Christensen et al., 2018b). It could

also be used to test whether the dimensions are measuring the theoretical terms they are

intended to measure (e.g., dimension labels; Christensen et al., 2018a), particularly in

relation to the global latent construct.

3.3.4. Summary. These guidelines build on traditional scale development practices

and insert new perspectives that are provided by psychometric networks. In general,

psychometric networks provide several assessment advantages that other psychometric

approaches do not. These advantages are primarily afforded by the novel representation of

network models, which depict items in a complex structure (i.e., multidimensional space)
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rather than examining them in a simple structure (i.e., isolated space). Topological overlap

measures allow researchers to identify redundant nodes, reducing latent confounding between

items. Node centrality measures offer similar information to traditional item selection

measures (e.g., intra-dimension strength) but also whether certain items may belong to

multiple latent dimensions (e.g., inter-dimension strength, RSPBC, bootEGA’s metrics). In

addition, the hybrid centrality may be an efficient measure for developing abbreviated

versions of a scale. Community centrality measures allow developers to test whether their

facets are as central or peripheral as they intend, leading to more accurate scale

specifications. These measures also promote the development asymmetric scales, which

should increase the scale’s test validity. Finally, exploratory graph analysis offers the most

accurate dimension identification approach to date, ensuring researchers achieve optimal and

generalizable dimensionality results.

3.4. Areas for Future Research

3.4.1. Reproducibility. There are several key areas that should be developed

further to establish psychometric networks in common scale development practices. The

most recurrent issue in the literature is reproducibility (e.g., Borsboom, Robinaugh, Group,

Rhemtulla, & Cramer, 2018; Christensen et al., 2018c; Forbes et al., 2017; Fried et al., 2018).

This issue is not unique to networks as SEM and latent variable models have had their own

growing pains in this area. The simple solution is larger samples; however, time and

resources are not always available. Recent methodological developments using bootstrap

approaches to quantify the stability of network measures provide a way for researchers to

check whether their results would generalize to different or smaller samples (e.g., Christensen

& Golino, 2019; Epskamp et al., 2018a). Notably, these approaches are starting to become

standard practice in the psychometric network literature, which should only increase the

likelihood of reproducible results.
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3.4.2. Generalizability. Beyond bootstrap approaches, cross-validation techniques

may provide more robust support for generalizability (Kan et al., 2019; Yarkoni & Westfall,

2017). Split-half sampling or multiple samples could be used to first fit a network structure

to a test sample and then fit the same structure (i.e., identical edges) to a validation sample

(Forbes et al., 2017). For a confirmatory approach, two independent samples could be

obtained with one serving as the testing model and the other as the confirmatory model,

which is then fit using SEM procedures (e.g., Kan et al., 2019). Traditional fit measures

could be reported along with relative measures like Kullback-Leibler divergence and root

mean square error (Williams & Rast, 2018). More specific to dimensional structure, similar

approaches could be applied with the use of normalized mutual information, which could be

computed between the exploratory graph analysis solutions to determine relative fit of

dimensions (Danon, Diaz-Guilera, Duch, & Arenas, 2005).

3.4.3. Unidimensionality. One critical future direction for exploratory graph

analysis is to examine its ability to detect the unidimensionality of scales. Because

unidimensionality is a integral feature of standard psychometric practice, this warrants

considerable attention (DeVellis, 2017; Flake, Pek, & Hehman, 2017; Simms, 2008). One

obstacle that prevents current implementations of exploratory graph analysis from detecting

one dimension solutions is community detection algorithms. These algorithms are designed

to detect partitions in networks (particularly large networks; i.e., nodes > 1000) and almost

always find partitions (i.e., 2 or more dimensions). Notably, however, the modularity statistic

(Q), or how well the network is partitioned, could be used to decide whether a network is

unidimensional. If two dimensions are returned, then the Q value should be evaluated. If Q

is large, then it can be reasonably inferred that there are two dimensions. If Q is small, then

this may suggest that there is only one dimension. Inevitably, simulation studies will be

necessary to determine the cut-offs for what constitutes “large” and “small” Q values.

3.4.4. Connecting within-person processes with between-person structure.

Perhaps the most important issue for future research is to establish how intraindividual
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processes lead to interindividual structure (Baumert et al., 2017; Beck & Jackson, 2017;

Borkenau & Ostendorf, 1998; Borsboom et al., 2009; Breil et al., 2019). A fundamental

assumption of the network approach is that the variables in interindividual networks are

causally coupled relations, which represent underlying processes (e.g., Borsboom, 2017;

Cramer et al., 2012a); however, it still needs to be tested whether this is actually the case.

Epskamp and colleagues’ (2018c) MNM framework provides a vehicle to test this

interpretation. One method would be to administer a personality questionnaire at two

disparate time points (e.g., a month apart) and administer EMA questions that reflect items

in the questionnaire. If the interindividual stability (and variability) of edges in the

questionnaire’s network corroborate the EMA measurement, then it can be reasonably

inferred that they represent the underlying processes. Other methods include using daily

diaries (Zimmermann et al., in press) as well as Electronic Activated Recorders to

unobtrusively capture audio in naturalistic environments (Sun & Vazire, 2019). In general,

EMA approaches combined with the MNM framework are pivotal for the integration of

intraindividual processes with interindividual structure (Baumert et al., 2017; Beck &

Jackson, 2017).

3.4.5. Interpreation and psychometric properties of centrality measures.

The MNM framework could also help resolve how centrality measures should be interpreted

(Bringmann et al., 2018). Although the small-scale simulation presented in this paper took

one step towards determining how certain centrality measures are associated with more

traditional psychometric measures, their interpretations in terms of processes are still unclear.

If centrality of interindividual nodes have meaning that is connected to intraindividual

processes, then their interpretations could be clarified and validated. In general, we echo the

call of Hallquist and colleagues (2019) for more studies using simulated and real-world data

to further flesh out the meaning of centrality measures and their significance in psychometric

theory. Future research, for example, should attempt to elucidate the stability of RSPBC

and hybrid centrality and determine their role (if any) for evaluating the psychometric
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properties of scales. Other directions include attempting to see how measures, such as

topological overlap, can discern the redundancy of items, so that unique behavioral

components can be more concretely identified. The importance of methods that can detect

and increase the uniqueness of items in personality scales extends beyond networks but to

personality psychometrics more generally (McCrae & Mõttus, in press).

4. Concluding Remarks

The structure of personality traits is complex, yet it has not always been measured and

assessed this way. On the one hand, there has been a lack of integration of personality

theory into scale development practices. On the other hand, there has been a reluctance to

adopt more sophisticated psychometric perspectives. With the rise of network psychometrics,

a new wave of measurement perspectives has emerged, providing an opportunity to refine

measurement and assessment practices. In this paper, we’ve elaborated on how psychometric

networks go beyond a novel measurement perspective by demonstrating how they can inform

personality theory and provide a representation of interactions between variables that aligns

well with modern measurement trends in personality research. From this, we advanced a

nascent framework for developing personality assessment instruments that represent

personality as a complex interconnected network of behaviors. With this new tool in hand,

researchers can begin to build scales that reflect the full complexity of personality, paving

the way for new advances in personality theory and measurement.
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Supplementary Information

A Psychometric Network Perspective on the Measurement and Assessment of Personality Traits

Method

Design and Data Generation. A small-scale simulation was performed to

evaluate the performance of exploratory graph analysis with ordianl data and whether

network measures are linked to traditional psychometric measures. In general, the simulated

structure was setup to determine the hierarchy of a single personality domain. Thus, the

number of dimensions refers to facets of a single domain (e.g., Extraversion) rather than

multiple different domains (e.g., the FFM). The simulation was designed with 2 randomly

varying conditions and 3 manipulated conditions. Factor loadings and correlations between

dimensions were allowed to vary randomly between values of .30 to .70 (drawn from a

uniform distribution). This range of factor loadings is commonly seen in personality

inventories (e.g., NEO PI-R; McCrae & Costa, 1987). Similarly, correlations between

dimensions (i.e., facets) typically tend to have moderate to large effect sizes (e.g., BFAS;

DeYoung, Quilty, & Peterson, 2007). Sample size (500, 1000, and 2500), number of

dimensions (i.e., facets; 2, 4, and 6), and number of variables per dimension (6, 8, 10) were

manipulated on the basis of commonly used sample sizes in scale development and

personality inventories (e.g., NEO PI-R; 8 variables and 6 facets and BFAS; 10 variables and

2 aspects). This resulted in a 3 × 3 × 3 simulation design (27 simulated conditions in total).

One hundred datasets per condition were simulated, resulting in 2700 simulated datasets.

All items were generated as continuous items and categorized into five categories

(representing a 5-point Likert scale response format). Two additional steps were taken to

provide more realistic dimensional structures and data. Cross-loadings were implemented to

provide dimension structures that are similar to those found in real data (see Table 1;

Bollmann, Heene, KÃ¼chenhoff, & BÃ¼hner, 2015). These were generated following the

procedure described in GarcÃa-GarzÃ3n, Abad, & Garrido (in press). The first two items of

each dimension were set as markers (i.e., all of their cross-loadings were zero), with the rest
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randomly drawn from a normal distribution, N(0,0.05). The skewness was also manipulated

for each item, following Garrido, Abad, & Ponsoda (2013). Skewness was randomly drawn

with equal probability from a range of -2 to 2 in increments of 0.50. Preliminary checks of

several personality datasets previously obtained by the authors were consulted to verify

appropriate skewness of the items. Item skewness typically ranged from -1 to 1 for each

factor of the FFM. Thus, we included a broader range of skewness to allow for more severe

items (i.e., mostly positively or negatively endorsed), which would be expected in pre-selected

item pools. Data generation followed the procedures of (Golino et al., 2018, pp. 16–17),

including the use of the same data generation code, which was adapted for ordinal data.

Dimension Identification Methods

Graphical LASSO. The graphical LASSO (GLASSO; Friedman, Hastie, &

Tibshirani, 2008) is the most commonly applied network construction method in the

psychometric network literature. Networks estimated using the GLASSO are a Gaussian

Graphical Model (GGM; Lauritzen, 1996), where edges represent partial correlations

between variables after conditioning on all other variables in the network. The least absolute

shrinkage and selection operator (LASSO; Tibshirani, 1996) is used to control for spurious

relationships and shrink coefficients to zero, generating a sparse network and preventing

over-fitting of the data. Current applications in psychometric networks use the extended

Bayesian information criterion (EBIC; Foygel & Drton, 2010) to select the best fitting

GLASSO model (GeLASSO; Epskamp, 2016; Epskamp & Fried, 2018). The EBIC uses a

hyperparameter (γ), which adjusts the penalization and shrinkage of coefficients to zero (the

larger γ, the greater the penalization). Most commonly, γ is set to 0.5 (Foygel & Drton,

2010), although greater sensitivity (true positive proportion) can be gained from lower γ

values (e.g., γ = 0) at the cost of specificity (true negative proportion; Williams & Rast,

2018). In this simulation, the default γ = 0.5 was used unless there were disconnected nodes.

On these occasions, γ was set to 0.25 to maintain sparsity and ensure all nodes were



NETWORK PSYCHOMETRICS AND PERSONALITY 72

connected. The GeLASSO in exploratory graph analysis is applied using the qgraph package

(Epskamp, Cramer, Waldorp, Schmittmann, & Borsboom, 2012) in R.

Triangulated Maximally Filtered Graph. The triangulated maximally filtered

graph (TMFG; Massara, Di Matteo, & Aste, 2016) is another network construction method

that has been used in the psychometric network literature (e.g., Christensen, Kenett, Aste,

Silvia, & Kwapil, 2018; Golino et al., 2018). The TMFG algorithm constructs the network

using a structural constraint on the number of zero-order correlations that can be included in

the network (i.e., 3n− 6; where n is the number of variables). Construction begins by

identifying the four variables with largest sum of correlations to all other variables and

connects them to each other. Then, variables are iteratively added to the network based on

the largest sum of three correlations to nodes already in the network. The result is a fully

connected network of 3- and 4-node cliques (i.e., sets of connected nodes). This 3- and

4-node clique structure can be directly associated with the inverse covariance matrix (i.e.,

precision matrix), resulting in a GGM (Barfuss, Massara, Di Matteo, & Aste, 2016). In this

simulation, edges were left as zero-order correlations. The TMFG in exploratory graph

analysis is applied using the NetworkToolbox package (Christensen, 2018) in R.

Parallel Analysis. As a comparison, we used two parallel analysis (PA) methods:

principal axis factoring (PApaf) and principal component analysis (PApca). These two

methods were chosen because they have been extensively evaluated in the literature (e.g.,

Garrido et al., 2013) and have shown comparable performance with EGA and EGAtmfg in a

previous simulation study (Golino et al., 2018). In short, PA generates a larger number of

random datatsets, with an equivalent number of cases as the original dataset, by resampling

(with replacement) from the original dataset (Horn, 1965). The number of factors (PAF) or

components (PCA) whose eigenvalues in the original dataset are greater than the mean of

the resampled datasets’ are suggested as the dimensional solution.

To derive the dimensions that items belonged to, factor analysis was applied with the

dimension solution proposed by PApaf and PApca. The dimension with the largest factor
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loading for each item was designated to be the dimension the item belonged to. This item

allocation was used to compute the normalized mutual information for the PApaf and PApca

methods. Both the parallel analyses and the factor analyses were applied using the psych

package (Revelle, 2017) in R.

All dimension identification methods (DIM) used polychoric correlations computed by

the cor_auto function in the qgraph package in R. From here, EGA will refer to exploratory

graph analysis with the GeLASSO method and EGAtmfg will refer to exploratory graph

analysis with the TMFG method.

Community Detection

Walktrap algorithm. Exploratory graph analysis uses the walktrap community

detection algorithm (Pons & Latapy, 2006) to determine the number of communities (or

dimensions) in the network (Golino & Epskamp, 2017). The walktrap algorithm uses a

process known as “random walks” (a stochasic number of steps (or edges) from a certain

node), which tend to get “trapped” in densely connected parts of the network. The number

of steps can be specified by the user; however, exploratory graph analysis uses the default of

4, which has been shown to be optimal for the number of variables typically used in

psychological constructs (i.e., variables < 100; Pons & Latapy, 2006).

In the random walk process, the likelihood of a step to another node is determined by

the structural similarity between the nodes and the communities, which define a distance.

These distances are used in an agglomerative hierarchical clustering algorithm approach,

which is then subjected to merging (i.e., merging two clusters that minimize the mean of the

squared distances). During the merging process, the adjacent clusters’ distances are updated

to reflect the new distances between the clusters. Throughout this process, a metric to assess

the quality of the partitions is used to help capture community structures at different scales.

The walktrap algorithm in exploratory graph analysis is applied using the igraph package

(Csardi & Nepusz, 2006) in R.



NETWORK PSYCHOMETRICS AND PERSONALITY 74

Centrality Measures

Community centrality. The community closeness and community eigenvector

centrality measures were used as dimension-level measures to be compared with general

factor loadings (i.e., each dimension’s loading on a single factor) and scale-measure

correlations (i.e., sum scores of the items in each dimension correlated with sum score of all

items). General loadings and scale-measure correlations were used as proxies for how central

a facet (i.e., dimension) is to an overall factor.

The community closeness centrality is based on the node-wise closeness centrality

measure. Node-wise closeness centrality is the reciprocal of each node’s average shortest path

length (ASPLi; the mean number of edges from the reference node to all other nodes). The

ASPLi is defined as,

ASPLi =
∑
i 6=j d(vi, vj)
n− 1 , (1)

where d(vi, vj) indicates the shortest distance (number of edges) between node i and

node j and n indicates the number of nodes in the network. Similarly, the community

closeness centrality is the reciprocal of the community’s average shortest path length.

Instead of a single node, each node’s ASPLi in the community is obtained, and then the

mean is computed and its reciprocal taken (eq. 2). Thus, the community closeness centrality

(CCC) can be defined as,

CCC = 1∑n
i∈c

ASPLi
n

, (2)

where c indicates a community and n is the number of nodes in the community. One

dataset has demonstrated that the CCC is related to the scale-measure correlation when
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using EGAtmfg, but more extensive evidence is needed (Christensen, 2018).

The community eigenvector centrality is adapted from Giscard and Wilson’s (2018)

cycle centrality (Giscard & Wilson, 2017). The cycle centrality is designed to measure the

eigenvector centrality—a measure of a node’s direct and indirect connections—for any subset

of nodes in the network. Their work extends the eigenvector centrality beyond the individual

node to a group of nodes (for mathematical proofs, see Giscard & Wilson, 2018). Because

the cycle centrality can be applied to any subset of nodes, it provides a viable solution for

computing the eigenvector centrality for communities. Therefore, the community eigenvector

centrality is simply the cycle centrality for each community defined in the network.

Node-wise centrality. The strength and hybrid centrality were used as item-level

measures to be compared to item factor loadings and item-scale (i.e., item-dimension)

correlations. The strength centrality is the sum of the connections to a given node. This

centrality has been shown to be the most stable of the centrality measures that are

commonly used in the literature (e.g., Epskamp, Borsboom, & Fried, 2018) and is considered

to be most like factor loadings and item-scale correlations (Hallquist, Wright, & Molenaar,

2019; MÃµttus & Allerhand, 2017). The hybrid centrality permits a single, continuous

measure of how central a node’s position is in the network (Christensen et al., 2018; Pozzi,

Di Matteo, & Aste, 2013). More specifically, it’s a composite of the rank-order of several

other centrality measures (i.e., betweenness, closeness, strength, and eigenvector):

HC = BCw +BCu + LCw +BCu + ku +NSw + ECw + ECu − 8
8× (N − 1) , (3)

where w signifies the weighted measure (i.e., correlation strength is considered) and u

signifies the unweighted measure (i.e., all edges are set to be equal). Each centrality value is

the rank-order value not the actual centrality value. BC represents betweenness centrality,

LC represents closeness centrality, NS represents node strength, k represents degree (i.e.,
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number of connections to a node), and EC represents eigenvector centrality. Note that

degree (k) and node strength (NS) are only included once because the weighted degree is

node strength.

Data Analysis

R (R Core Team, 2019) was used for all analyses. The figures were generated using the

ggplot2 package (Wickham, 2016) and the ggpubr package (Kassambara, 2018). Both EGA

techniques were applied using the EGA package (Golino, 2019). All centrality measures were

computed using the NetworkToolbox package (Christensen, 2018) and CFA models (including

factor loadings) were estimated using the weighted least squares with mean and

variance-adjusted standard errors (WLSMV) estimator and computed using the lavaan

package (Rosseel, 2012). CFA models were fit with respect to the dimensions identified by

the exploratory graph analysis techniques rather than the simulated structure. This was

done to facilitate direct comparisons between the centrality measures and their traditional

counterparts. For each simulated dataset, exploratory graph analysis was applied and the

CFA model was fit. If there were disconnected nodes or the CFA model did not converge,

then the dataset was discarded, and a new dataset was simulated. In total, 382 datasets were

discarded and re-simulated.

Accuracy and bias of DIM. Accuracy was defined by three different measures:

percentage correct (PC), mean absolute error (MAE), and normalized mutual information

(NMI; Table SI1). Mean bias error (MBE) was also computed to determine the extent to

which a DIM over- or under-factored.
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Table SI1
Accuracy and Bias Measures

Measure Equation Description

Percent Correct (PC) ΣC
NS

× 100 for C{1 if θ̂ = θ

0 if θ̂ 6= θ
} Average number of times the pre-

dicted number of dimensions match
the number of dimensions in the pop-
ulation

Mean Absolute Error
(MAE)

Σ | θ̂ − θ |
Ns

Consistent deviation away from the
dimensions in the population

Normalized Mutual
Informaton (NMI)

−2 ΣCA
i=1ΣCB

j=1Nij log( NijN

Ni.N.j
)

ΣCA
i=1Ni. log(Ni.

N
) + ΣCB

j=1N.j log(N.j

N
)

Overlap of the item allocations be-
tween the population and estimatied
dimensions (see a more detailed de-
scription below)

Mean Bias Error
(MBE)

Σ(θ̂ − θ)
Ns

Tendency to over- or under-estimate
the number of dimensions in the pop-
ulation

Note. θ̂ = estimated number of dimensions, θ = population number of dimensions, Ns =
number of simulated samples, CA = population communities, CB = estimated communities,
N = confusion matrix (where rows are the population communities and columns are the
estimated communities), Ni. = sum over row i of matrix Nij, and N.j = sum over column j
of matrix Nij.

NMI is defined by the information that is shared between the simulated dimensions

and dimensions identified by the DIM (Danon, Diaz-Guilera, Duch, & Arenas, 2005). NMI

provides a more nuanced analysis of accuracy by quantifying how the items are sorted into

dimensions compared to the simulated dimensions. For example, a DIM may provide the

same number of dimensions as the simulated dimensions, but some items may be misplaced

and appear in a different dimension than is defined by the population structure. Thus, NMI

quantifies the item’s dimensional correspondence between the simulated and estimated

structure.

Analysis of variance. We conducted analyses of variance (ANOVAs) to identify

how the different conditions affected the accuracy of the dimensionality methods. Each
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accuracy measure (except MBE) was used as a dependent variable and the conditions (main

effects and interactions) were the independent variables. MBE was not included because its

positive and negative values could compensate one another (obscuring any potential effects).

The partial eta squared (η2
p) was used to assess the magnitude of the effects, with η2

p values

of .01, .06, and .14 representing small, moderate, and large effect sizes (Cohen, 1992).

Associations between centrality and traditional measures. Spearman’s rho

rank correlation coefficients were used to assess the associations between all centrality and

traditional measures. The community centrality measures—closeness and eigenvector—were

computed when there were at least 3 or more dimensions detected by the exploratory graph

analysis techniques. This was because the centralness of 2 dimensions is difficult to

discriminate (i.e., they are equally central). These measures were correlated with general

loadings and scale-measure correlations. The node-wise centrality measures—hybrid and

strength—were computed for the network rather than individual connections within their

community. These measures were correlated with factor loadings and item-scale correlations.

Small-Scale Simulation Results
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Table SI2
Dimension Accuracy Results

Sample Size Variables per Dimension Number of Dimensions
Method 500 1000 2500 6 8 10 2 4 6 Total

Percentage Correct
EGA 65.7 77.2 88.2 69.0 78.3 83.8 98.0 83.2 49.9 77.0

EGAtmfg 67.1 77.1 83.7 65.0 75.0 87.9 95.9 85.4 46.6 76.0
PApaf 32.9 56.4 88.4 66.7 59.6 51.4 89.8 55.9 32.0 59.3
PApca 64.0 68.3 76.9 59.0 71.1 79.2 97.5 77.3 34.4 69.8

Mean Bias Error
EGA -0.08 -0.14 -0.14 -0.28 -0.06 -0.02 0.03 0.01 -0.40 -0.12

EGAtmfg -0.32 -0.26 -0.18 -0.47 -0.21 -0.08 0.04 -0.10 -0.70 -0.25
PApaf 1.76 0.77 -0.01 0.40 0.85 1.27 0.13 0.84 1.54 0.84
PApca -0.19 -0.30 -0.24 -0.44 -0.21 -0.08 0.00 -0.15 -0.58 -0.24

Mean Absolute Error
EGA 0.48 0.28 0.15 0.43 0.28 0.21 0.03 0.19 0.70 0.31

EGAtmfg 0.44 0.30 0.20 0.49 0.30 0.14 0.04 0.15 0.74 0.31
PApaf 1.79 0.82 0.12 0.55 0.89 1.29 0.13 0.87 1.72 0.91
PApca 0.43 0.34 0.24 0.47 0.31 0.23 0.02 0.23 0.75 0.34

Normalized Mutual Information
EGA 0.89 0.96 0.99 0.93 0.95 0.96 0.97 0.95 0.91 0.94

EGAtmfg 0.84 0.92 0.96 0.88 0.91 0.92 0.94 0.91 0.87 0.90
PApaf 0.85 0.95 0.99 0.93 0.93 0.93 0.97 0.93 0.89 0.93
PApca 0.88 0.94 0.97 0.90 0.93 0.95 0.97 0.94 0.88 0.93

Note. Average performance for each condition and across conditions (Total). EGA =
exploratory graph analysis with GLASSO, EGAtmfg = exploratory graph analysis with
TMFG, PApaf = parallel analysis with principal axis factoring, PApca = parallel analysis
with principal component analysis. The best values for each condition are bolded.

DIM accuracy and bias. The marginal table (Table SI2) of the dimension

accuracy and bias results demonstrate that EGA was the best all-around method followed by

EGAtmfg. Both methods methods performed considerably well and were generally better

than the PA methods. Of the two PA methods, PApca outperformed PApaf on all metrics.

Notably, PApaf was the most accurate and least biased when the sample size was large.

Across the methods, there was a modest tendency to under-factor, except for PApaf, which

tended to over-factor. For the exploratory graph analysis methods, EGA performed slightly

better with a greater percentage correct (PC = 77.0%), lower bias (MBE = -0.12), and
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greater normalized mutual information (NMI = 0.94) than EGAtmfg (PC = 76.0%, MBE =

-0.25, and NMI = 0.91). Both techniques had an equivalent mean absolute error (MAE =

0.31). Notably, the differences between the exploratory graph analysis techniques were

minimal.
Table SI3
ANOVA Partial Eta Squared (η2

p) Effect Size by Condition and Accuracy Measure

Sample
Size

Variables
per Dimen-
sion

Number
of Dimen-
sions

EGA
PC .01 .00 .07
MAE .00 .00 .05
NMI .05 .00 .01

EGAtmfg
PC .00 .01 .08
MAE .00 .01 .09
NMI .04 .00 .01

PApaf
PC .10 .00 .11
MAE .11 .01 .10
NMI .10 .00 .02

PApca
PC .00 .00 .13
MAE .00 .00 .12
NMI .01 .00 .02

Note. EGA = exploratory graph analysis with GLASSO, EGAtmfg = exploratory graph
analysis with TMFG, PApaf = parallel analysis with PAF, and PApca = parallel analysis
with PCA. PC = percent correct, MAE = mean absolute error, and NMI = normalized
mutual information. Bolded values represent moderate effect sizes (η2

p = .06).

The ANOVAs revealed under which conditions affected the different DIM the most

(Table SI3). In general, there were no large effect sizes (η2
p = .14). Similarly, there were no

interactions that larger than a small effect size (η2
p = .01), so they were not included in the

table. All DIM had a moderate effect in percent correct due to the number of dimensions.

Similarly, all DIM except EGA had a moderate affect for MAE. This suggests that the

number of dimensions (when correlations between dimensions and factor loadings are varied

randomly) has the greatest effect on DIM. PApaf also had moderate effects on all accuracy

measures due to sample size (in line with the substantial increases in PC across sample size

in Table SI2).
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Figure SI1 . Percent correct plot broken down by each simulation condition set. EGA =
exploratory graph analysis with GLASSO, EGAtmfg = exploratory graph analysis with
TMFG, PApaf = parallel analysis with PAF, PApca = parallel analysis with PCA. N =
sample size.

When broken down by specific condition sets, the results become slightly more nuanced

(Figure SI1). In general, the same pattern holds: EGA is more accurate than the rest of the

DIM; however, there are a few condition sets where other DIM are more accurate than EGA.

For example, when there was a smaller sample size (N = 500) or a larger number of variables

per dimension (10), EGAtmfg had the best accuracy. Conversely, PApaf performed the best

with larger sample sizes (N = 2500) and the worst with smaller sample sizes (N = 500).

PApca was perhaps the most consistent in terms of accuracy across all sample sizes, with

accuracy gradually increasing as sample size increased. For most methods, detecting two

dimensions or ten variables per dimension was the most accurate, while six dimensions and

six variables per dimension was the least accurate.
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Figure SI2 . Boxplots of the Spearman’s rho between the community measures and traditional
measures. The bar across the boxplot represents the median with the upper and lower limits
of the boxes representing the upper and lower quartiles. The black dot represents the mean
Spearman’s rho with the value in the text below. Each transparent dot represents a single
simulated sample.

Dimension measures. Scale-measure correlations and general loadings had a large

Spearman’s rho correlation (r̄ = .70). Notably, the community centrality measures had

comparable effect sizes to the traditional measures (Figure SI2). The CCC had comparable

effect sizes for general loadings (r̄EGA = .69 and r̄EGAtmfg = .58) and scale-measure (r̄EGA =

.68 and r̄EGAtmfg = .57) correlations between the exploratory graph analysis techniques. The

effect sizes for CEC revealed a different pattern: scale-measure correlations (r̄EGA = .74 and
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r̄EGAtmfg = .70) had larger effect sizes for both exploratory graph analysis techniques than

general loadings (r̄EGA = .56 and r̄EGAtmfg = .53). In general, EGA had larger effect sizes

than EGAtmfg for all measures. These results suggest that CCC more closely corresponds

general loadings, while CEC more closely corresponds scale-measure correlations. This

differentiation suggests that they are measuring similar yet distinct concepts in terms of

scale-to-measure weights.
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Figure SI3 . Boxplots of the Spearman’s rho between the node-wise centrality and traditional
measures. The bar across the boxplot represents the median with the upper and lower limits
of the boxes representing the upper and lower quartiles. The black dot represents the mean
Spearman’s rho with the value in the text below. Each transparent colored dot represents a
single simulated sample.
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Item measures. As expected, the results demonstrate that factor loadings and

item-scale correlations were largely redundant (r̄ = .93). For the node centrality measures,

both centralities were strongly related to factor loadings and item-scale correlations for both

exploratory graph analysis techniques, displaying nearly identical effect sizes (Figure SI3).

Node strength (r̄’s ranging from .85 to .87) had larger average effect sizes than the hybrid

centrality (r̄’s ranging from .77 to .82) for both exploratory graph analysis techniques. In

contrast to the community centrality measures, the node-wise measures had larger effect

sizes for EGAtmfg than EGA.

It’s important to note, as Hallquist et al. (2019) demonstrate, that centrality measures

consider relations that traditional measures do not—connections within and between

dimensions are computed in centrality measures, while CFA factor loadings and item-scale

correlations are solely within dimension measures. Despite this difference, the centrality

measures (particularly node strength) appear to be relatively equivalent to CFA factor

loadings and item-scale correlations.
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