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Abstract

Confirmatory factor analyses (CFAs) typically fenlsupport the a priori five-factor
structure of Big Five self-report instruments, du@art to the overly restrictive CFA
assumptions. We show that exploratory structurahggn modeling (ESEM), an integration
of CFA and exploratory factor analysis, overconteseé problems in relation to responses to
the 44-item Big Five Inventory (BFI) administereda large Italian community sample.
ESEM fitted the data better and resulted in lessetated factors than CFA, although ESEM
and CFA factor scores correlated at near unity wiitberved raw scores. Tests of gender
invariance with a 13-model taxonomy of full measoeat invariance showed that the factor
structure of the BFI is gender-invariant and thatnen score higher on neuroticism,
agreeableness, extraversion and conscientioushi@saigh ESEM one could address
substantively important issues about BFI psychamptoperties that could not be

appropriately addressed through traditional appgresc

Keywords:Exploratory Structural Equation Modeling, Five EadApproach, Big Five

Inventory, Confirmatory Factor Analysis, Measureliamariance
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Testing the factor structure and measurement invaance across gender of the Big Five

Inventory through exploratory structural equation modeling

Introduction

Arguably, a major breakthrough in personality p®joby in the last few decades has
been the emergence and acceptance of the so-Ealkedractor Approach to personality
(FFA; as in Block, 2010, we use this generic tesimge it is not related to any specific group
of researchers or instruments). This approach asstmat individual differences in adult
personality characteristics can be organized mgesf five broad trait domains: extraversion,
agreeableness, conscientiousness, neuroticisngarhess to experience. A huge body of
empirical research has supported the stabilitymedictive validity of the FFA factors across
different populations, settings and countries (&ig:.Crae & Costa, 1997): this suggests that
the FFA factors are a universal language in petggmsychology. Nevertheless, contrarian
views do exist: these argue that the self-repoA fé€tors do not necessarily provide an
adequate representation of global personality,(Blgck, 2010).

Several measures of the FFA factors have beenajmel John, Donahue, and Kentle
(1991) addressed the need for a relatively shettument measuring the prototypical
components of the Big Five by developing the BigeHnventory (BFI). Their aim was to
create a brief inventory that would allow quickfj@ént, and flexible assessment of the FFA
factors when there is no need for more differeatiaheasurement of individual facets (John,
Naumann, & Soto, 2008). They used 44 short phrisgsncluded trait adjectives known to
be prototypical markers of the Big Five, to be dad@ a 5-point, Likert-type agreement scale.
These adjectives were accompanied by elaboratiaefying, or contextual information
(John et al., 2008). The BFI scales have shownuwatednternal consistency, test-retest
reliability, and clear factor structure; they halgeo shown substantial convergence with

longer Big Five measures (e.g., Benet-Martinéz &n)d.998; John et al., 2008).
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The BFI has been translated into 29 different laggs and administered into 56
nations; the five-dimensional structure has prowdalist across major regions of the world
(Schmitt, Allik, McCrae, & Benet-Martinez, 2007)dAptation studies showed that the sound
psychometric properties of the English original eveztained at least in the Spanish (Benet-
Martinez & John, 1998), German (Lang, Ludtke, & Aderpf, 2001), Dutch (Denissen,
Geenen, van Aken, Gosling, & Potter, 2008), Frefthisant, Courtois, Réveillere, et al.,
2010) and Italian (Ubbiali, Chiorri, Hampton, & Datn 2013) versions. All these studies
found that a varimax-rotated principal componeraiysis (PCA) yielded a 5-component
simple structure, with substantial loadings onttlrget factors and minimal cross-loadings.
However, Cid and Finney (2009) and Ubbiali et 201(3) argued that PCA may not be an
appropriate data reduction method, since the Bfistare thought to be operationalizations
of latent constructs: as a consequence, the interasthe common variance among them.
Hence, the measurement model to be specified stheutdreflective indicator model (Bollen
& Lennox, 1991), which would be better tested tlgtoexploratory factor analysis (EFA).
However, Ubbiali et al. (2013) reported that, ia ttase of BFI, EFA and PCA yielded
overlapping results, apparently supporting thentlaf Velicer and Jackson (1990) that the
exploratory data reduction method is unlikely tedany substantial effect on empirical
results or conclusions.

Despite the large body of empirical research sttpypthe robustness of the 5-factor
structure of the BFI, almost all studies invesiiggits psychometric properties have relied on
exploratory (EFA or PCA), rather than confirmataapalyses. The main reason for this
approach seems to be that confirmatory factor aealyCFA) have invariably failed to
provide clear support for the five-factor modefjaedless of the Big Five measures employed
(e.g., Vassend & Skrondal, 1997 with the NEO-PERpper, Smillie, & Corr, 2010 with the

Mini-IPIP).
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Similar results also were obtained with the BFInBeMartinez and John (1998)
carried out a multiple-group CFA (MG-CFA) to telsetmeasurement invariance of the BFI
among English- and Spanish-speaking participants specified two models with invariant
factor loadings, one with uncorrelated and one witirelated factors. They found that Model
1 did not adequately fit the data, while Model & ¢lising the model chi-square-to-degrees of
freedom ratio [2.11] and the Comparative Fit Inflékl = .92] as measures of goodness of
fit). Despite the seemingly sound results, it mheshoted that they did not specify the classic
independent clusters model (ICM) usually employe@FA studies, which requires each
indicator to load on only one factor and all crasadings to be zero, but allowed the
estimation of two cross-loadings, which were furttenstrained to be equal among groups.

Levine and Jackson (2002) performed a CFA on data 153 English employees and
found what they considered a good fit, but repodely the chi-square to degrees of freedom
ratio (1.70) and the Root Mean Square Error of Agpnation (RMSEA = .06). It should be
noted, however, that testing the factor structdrt® BFI through CFA was not the primary
aim of their study. Nor was this the case with \i@melghe, St-Onge, and Robineau (2008),
who administered the BFI to 967 Quebecer profesésoi hough they used the most
common fit indices—the CFI, the Non-Normed Fit IRdBINFI), the Tucker-Lewis Index
(TLI) and the RMSEA, they assessed item parceleausof all items together. That is, they
combined the items to create three aggregatedatuisfor each dimension. They considered
this strategy to be justified “given the complexatythe model under evaluation”
(Vandeberghe et al., 2008, p. 435). Leaving asidecontroversy over the actual utility and
efficacy of parcels (e.g., Little, Rhemtulla, Gibs& Schoemann, 2013; Marsh, Ludtke,
Nagengast, Morin, & Von Davier, 2013), the fit betmodel was only marginally acceptable
(NNFI = .88, CFl = .89, RMSEA = .08). Chiorri, Ulalhi, and Donati (2008) found that a five

correlated factor model fit better than an indegendactor model, but still not adequately
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(CF1=.82, TLI = .81, RMSEA = .072), in an Italimommunity sample. Their results were
replicated by Cid and Finney (2009; CFI = .84, RMSE.07) in a sample of US
undergraduate students.

More recent studies on different populations hdse Bound evidence of the poor fit
of a CFA 5-factor model: in Leung, Wong, Chan, aad’'s (2012) data from 439 Chinese
smokers who had received a smoking cessation eréon (CFl = .64, SRMR = .09,
RMSEA = .06); in Gurven, von Rueden, Massenkofiplda, and Lero Vie’'s (2012) study of
632 self-reported and 430 spouse-reported BFIgatoy Bolivian Tsimanes (CFl = .72,
RMSEA = .06 and CFl = .52, RMSEA = .08); and Dan@813) data from 356 Indonesian
participants (CFl = .77, RMSEA = .09). Interestindll these studies tested the fit of
alternative versions of the BFI developed afteritispection of modification indices, with
poor outcomes.

More generally, the failure of CFAs and SEMs tovide clear support for the FFA
based on standard measures, has led authors tideoibsn ‘Achilles’ heel' (Furnham,
Guenole, Levine, & Chamorro-Premuzic, 2013) of Bige measures and to conclude that
“this points to serious problems with CFA itselfevhused to examine personality structure”
(McCrae, Zonderman, Costa, Bond, & Paunon, 199668), since it highlights “not only the
limited specificity of personality structure thephut also the limitations of confirmatory
factor analysis for testing personality structur@dels” (Church & Burke, 1994, p. 93).
Church and Burke (1994) argue that the ICM typywaied in CFA studies is too restrictive
for personality research, since indicators ardylike have secondary loadings unless
researchers resort to using a small number of s\gavnyms to infer each factor—which
would be inconsistent with the wide conceptual Otie®af each FFA factor and would be
likely to lead to what Cattell (1978) has calletbdted specifics’. Marsh et al. (2009) suggest

that “many ad hoc strategies used to compensatbdanappropriateness of CFA in
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psychological research more generally are dubicusyterproductive, misleading, or simply
wrong” (p. 472). Essentially, the problem is tha strict requirement of zero cross-loadings
in typical CFA often does not fit the data wellt bleads to a tendency to rely on extensive
model modifications to find a well-fitting model.

Allowing some secondary loadings to be non-zerongekto be the most successful
data analytic strategy, as shown, for examplehbyaforementioned results of Benet-
Martinez and John (1998). However, this strategyeaps to be undermined by arbitrariness
in the choice of cross-loadings to have free egtomalf items are hypothesized to be
complex and to measure multiple aspects of thetaarisunder study, such paths can be
specifieda priori. However, in some cases, there may be no thearesitonale to inform the
analyst’s choice of cross-loading to be freed.uchsa situation the analyst might revert to
using modification indices for exploring and spgitify a well-fitting measurement model. As
the process of freeing parameters following modifan indices is data-driven, the analyst is
more susceptible to capitalization on chance charatics of the data, thus jeopardizing the
generalizability of results (e.g., MacCallum, Roaséi, & Necowitz, 1992). Furthermore,
misspecification of zero loadings usually leaddigtorted factors, with over-estimated factor
correlations and subsequent distorted structutatioas (Asparouhov & Muthén, 2009;
Hopwood & Donnellan, 2010; Marsh et al., 2010).

Some approaches, such as Semi-Confirmatory Factalysis (McDonald, 2005), or
Partial Confirmatory Factor Analysis (Gignac, 2008ye been proposed to address this issue
of taking cross-loadings into account within a eonétory framework, but they are both
confined to examine the factor structure and daatiotv for the more sophisticated analyses
that are possible in a CFA or a SEM framework: thatesting multiple group invariance or
including observed covariates in the model. Do@ort, Stoel, and Wichterts (2009),

foreshadowing the subsequent development of tlealbed Exploratory Structural Equation
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Modeling (ESEM) approach (Asparouhov & Muthén, 20@Xtended the traditional EFA
approach based on responses to the NEO-PI-R BegtRstrument and developed an
innovative approach to EFA-based multigroup rotapoocedure and tests of measurement
invariance (also see Hessen, Dolan, & Wichterteg2Marsh et al., 2010).

ESEM allows both for an EFA method that defineserapropriately the underlying
factor structure, and an application of the advdrstatistical methods typically associated
with CFAs and SEMs. Similarly to an EFA measuremmeatel with rotations, in an ESEM
framework all factor loadings are estimated — dntthe ICM-CFA assumption that items
must have factorial complexity of one is relaxeunifrly to CFA and SEM, applied
researchers have access to parameter estimatedarst&rrors, goodness-of-fit statistics, and
statistical advances. The only requirement of ES&Mat the number of factors to be
extracted has to be specified (For further detdithe ESEM approach and identification
issues, see Asparouhov & Muthén, 2009)

ESEM has already proved able to overcome the shustcomings of using a CFA
approach in the study of FFA factors with a varigtig Five measures (e.g., Cooper et al.,
2010; Furnham et al., 2013; Lang, John, LudtkeuBph& Wagner, 2011; Lavardiére,

Morin, & St-Hilaire, 2014; Marsh et al., 2010; MardNagengast, & Morin, 2012; Samuel,
Mullins-Sweatt, & Widiger, 2013) but, to the bes$tooir knowledge, no study has used ESEM
to address the issue of the factor structure ofithgégem BFI.

This study is thus a substantive-methodologicaésyy testing the usefulness, power,
and flexibility of ESEM methods that integrate CRAd EFA to address substantively critical
iIssues about the factor structure of the BFI amdhiéasurement invariance across gender.
First, we compare CFA and ESEM approaches, testivegher the assumption that ESEM
models fit better than corresponding CFA modekdss true in the case of the BFI. Since, in

applied settings, unit-weighted sum-of-item sc@mesroutinely used for psychological
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assessment, we also investigated the overlap beta#®EM and CFA factor scores and
observed scale scores, as in Furnham et al. (28&8nnd, Big Five theory posits that the

FFA factors should be substantially orthogonal,dmrtstraining all (non-target) cross-
loadings to be zero in the ICM-CFA model typicahiflates and biases estimates of factor
correlations (Asparouhov & Muthén , 2009). Henbe, $upport for quasi-orthogonality of

BFI factors is hypothesized to be stronger in ESEdtlels than in CFA models. Third, we
exploit the flexibility of ESEM for testing a 13-rdel taxonomy of measurement invariance,
testing invariance across gender of BFI factor ilogsl factor variances—covariances, item
uniquenesses, uniqueness covariances, item inteyeay latent means across gender (Marsh
et al., 2009).

Previous research on gender differences in BFlescloas always focused on observed
scores. In the most comprehensive study carriedmidr (Schmitt, Realo, Voracek, & Allik,
2008), in which the BFI was administered to mometth7,000 participants from 55 nations it
was found that women scored higher than men inatieism, extraversion, agreeableness,
and conscientiousness, although differences wererlm less fortunate social and economic
conditions. The results from national studies quaytially replicated these results, although
the direction of the difference was always consist€ender differences in neuroticism were
found in American (Benet-Martinez & John, 1998)aBish (Benet-Martinez & John, 1998),
French (Plaisant et al., 2010), Italian (Ubbialakt 2013), Dutch (Denissen et al., 2008),
Chinese (Leung et al., 2013) and German (Lehmagnidden, Allemand & Penke, 2013)
participants. Differences in agreeableness werefalsnd, except in the Chinese study.
Support for differences in conscientiousness waadmnly in the French and Dutch studies,
whereas only Lehmann et al. (2013) found differenneextraversion. Some studies
(Denissen et al., 2008; Leung et al., 2013; Lehstal., 2013) even reported higher openness

scores for men. However, unless the underlyingfB&tbrs are measuring the same construct
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in the same way, and the measurements themseleparating in the same way across
gender, manifest mean comparisons are likely tiovdid. To the best of our knowledge,
this is the first study to test gender differeneeBFI scores with an ESEM measurement

invariance approach.

Method

Participants

Participants were recruited all over Italy throwginowball sampling procedure, in
which students or colleagues were given the invgritbpass on to members of their families
and acquaintances. Students were selected on siseddulfilling the requirements for a
degree or a postgraduate training course in psggigollhe whole group can thus be
considered a convenience sample. The total nunflgarticipants was 1,386 (61.8%
females), with the mean age being 33.12 years (BD&1, first quartile = 21, median = 27,
third quartile = 43, range 180). Educational level was low (less than high sthim 11.5%
of participants, medium (high school) in 59.7% &ingh (post-secondary education) in
28.8%. Students composed 41.7% of the participait9% were office workers, 8.8% were
professionals, while the remaining participantsenadmost equally distributed among other
occupations.

All participants volunteered to participate afbeing presented with a detailed
description of the procedure, and all were treatextcordance with thEéthical Principles of
Psychologists and Code of Cond(&tnerican Psychological Association, 2010). Inesrtb
be included in the study, participants had to Heast 18 years-old and to report never having

been diagnosed with psychiatric disorder. Compensation for partiegratvas not given.
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Measure

The Italian version of the BFI (Ubbiali et al., 201
http://www.ocf.berkeley.edu/~johnlab/pdfs/BFI-l&h.pdf) has proven to be reliable, with
respect both to internal consistency (Cronbaals’sanging from .69 to .83) and to temporal
stability (test-retest coefficients ranged from t@997). Likewise it has proven to be valid,
since scores showed the expected pattern of coorelaith scores of the Big Five
Questionnaire (Caprara, Barbaranelli, Borgogni,e&ugini, 1993): convergent validity
correlations ranged from .56 to .60, discriminaadtdity correlations from-.21 to .18.
Cronbach’sas in this study were .817 (Extraversion; 95% caerice interval [Cl]: .802—
.831), .693 (Agreeableness; 95% CI. .668-.716) (&bnscientiousness; 95% CI: .821—

.847), .800 (Neuroticism; 95% CI: .784—-.816), aBitD. (Openness; 95% CI: .795-.825).

Total Group Analyses

Analyses were conducted with Mplus 6© (Muthén & Nn, 1998—-2010).
Preliminary analyses consisted of a traditional Gf#&he total group of participants, based
on the Mplus robust maximum likelihood estimator f®), with standard errors and tests of
fit that were robust in relation to the nonnormaéf observations (Muthén & Muthén, 1998—
2010). Then the ESEM was applied to response<t8fi. We used an obligue GEOMIN

rotation (the default in Mplus) with an epsilon walof .5.

Measurement Invariance Models

Measurement invariance across gender was testagthia 13-model taxonomy of
invariance tests that integrated factor and measemeinvariance traditions (for a more
detailed discussion of the invariance models seesiMet al., 2009, 2010). Following
Meredith (1993), the sequence of invariance tedtegjns with a model of ‘configural’

invariance: that is, with no invariance of any paeter estimates (i.e., all parameters are
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freely estimated), such that only the similaritytloé overall pattern of parameters is
evaluated. Since it does not require any estimaaeameters to be the same, this model is not
an actual invariance model. However, its fit muselaluated: First, the ability of the a priori
model to fit the data in each group without invada constraints must be tested. Second, a
baseline for comparing other models that imposeldgconstraints on the parameter
estimates across groups can be provided.

The next step in invariance testing is to test @akV measurement invariance model;
this requires that factor loadings are invariargrayroups. If indicator means (i.e., the
intercepts of responses to individual items) ase abnstrained to be equal across groups,
then a ‘strong’ measurement invariance model isifipd. If such a model fits, factor
loadings and item intercepts are invariant oveugsp and changes in the latent factor means
can reasonably be interpreted as changes in & lebnstructs, since they have been
corrected for measurement error. A power analydigtién & Muthén, 2002) showed that
the sample at hand afforded sufficient statistpmaber (i.e., .80) to test this model (details of
the analysis are available upon request from tineegsponding author).

Further, factor loading and item intercept invaciis a necessary but not sufficient
condition for testingnanifestgroup mean differences, which also require invengéaof item
uniquenesses. The presence of differences in ildlyalas represented or absorbed in the item
uniquenesses) across groups could in fact disteainndifferences on the observed scores. A
model that specifies the invariance of item unicsses is referred to as a ‘strict’ invariance
model.

Recently, Marsh et al. (2009) expanded this measent invariance tradition,
suggesting a taxonomy of 13 partially nested moaéth models varying from the least
restrictive model of configural invariance to a mebdf complete invariance that posits strict

invariance, together with invariance of the later@ans and of the factor variance-covariance
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matrix (see below Table 3 for a description). Timeariance of the factor variance-covariance
matrix is not a prior focus of measurement invaregras it does not compromise comparisons
of latent mean differences across groups. Howévisrpften crucial in studies on the
invariance of covariance structures of multifagbdonstructs, like the BFI factors, since the
pattern of relations among factors might have irtgrdrpractical and/or theoretical
implications. (see Marsh et al., 2009 for a morersed discussion of these issues)
Typically, models of measurement invariance aretewithin a CFA framework. In
this study we used tests of measurement invariameegender on the basis of a similar

taxonomy of invariance tests, but within an ESE~&hfework.

Correlated Uniquenesses

For both CFA and ESEM models, we included bothlyrestimated uniquenesses
(reflecting a combination of measurement-error-gjgeeariances) and a priori correlated
uniquenesses (CUs; covariances between the speaifance components associated with
two different items from the same FFA factor). bngral, using ex post facto CUs should be
avoided (e.g., Marsh, 2007), although there areescimsumstances in which a priori CUs
should be specified (e.g., when the same itemasae on multiple occasions, since the
correlation of unique components of the same itdmiaistered on different occasions cannot
be explained simply in terms of correlations betwte factors).

However, an increase in model fit due to freeingrecovariances is usually the result
of further shared variance among items, other thanexplained by the specified latent
factors. This may result from method effects (saslin the common measurement method of
self-report), from similar wording of items (e.ggsitive or negative phrasing) or from
‘specific’ or ‘group’ factors that are independefithe ‘general’ factor (e.g., Brown, 2006).

Since the emergence of FFA, it has been pointethatidescribing personality in terms of
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five broad domains can be efficient, as it alloasthe prediction of many outcomes, with
modest to moderate levels of precision (e.g., Jelampson, & Goldberg 1991).

However, a crucial limitation of investigating penslity in terms of the five broad
domains is their low fidelity (Soto & John, 2008ach domain subsumes more specific
personality characteristics, sometimes referreastdacets’ (e.g., Costa & McCrae, 1992).
Merging these related but distinguishable facetstiato broad domains results in a loss of
information, thus reducing a scale’s ability to cése, predict, and explain behavior. This so-
called ‘bandwidth-fidelity dilemma’ (Cronbach & Gler, 1957) can be resolved in a
hierarchical model of personality. The measure®biged in such a framework allow for the
assessment both of the five broad domains and of specific traits within those domains
(e.g., NEO PI-R).

Nevertheless, the use of such measures in resgtadies is usually limited by the
fact that they include hundreds of items and regaitong administration time. Hence, shorter
measures, like the BFI or the NEO-FFI, which prevedores only in the five broad domains,
are often preferred. However, in the developmentheBFI, the selection of items to best
represent each of the Big Five factors was madeowttexplicit reference to the facets. Thus,
some facets may be overrepresented, whereas otlagrbe represented by a single item or
else not represented at all.

This issue is not new in research on FFA measiassh et al. (2010) noted that in
the construction of the NEO-FFI, items were sel@étem the whole NEO-PI-R pool to best
represent each of the Big Five factors, solelytmnltasis of their correlation with the factor
score at the domain level, and without referendbeédacets. Marsh et al. (2010) posited that
items that coming from the same facet of a speBificFive factor would have higher
correlations (that is, beyond those that couldXpagned in terms of the common Big Five

factor that they represented) than would itemsc¢hate from different facets of the same Big
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Five factor. They thus decided to model these p@tininflated correlations that were due to
facets, as CUs, relating each pair of items froensilime facet.

In the case of the BFI, based on content and atimekll analyses, Soto and John
(2009) identified from the item pool of the BFIntspecific facet traits that converged with
the NEO-PI-R facets and that also correspondedwittillower-level traits identified by
other hierarchical Big Five models. These resultsenconsistent with Chiorri et al.’s (2008)
modification indices, which suggested to free thealation among error variances of items
subsequently indicated by Soto and John (2009¢®bing to the same facet.

Following Marsh et al. (2010) we thus decided tecsly CUs for these items. This
resulted in an a priori set of 61 CUs inherenh®design of the BFI (note that Soto and John
included only 35 out of the original 44 items i tlacets). Moreover, based on the results of
Chiorri et al. (2008) we decided to model two fertiCUs (between Items 26 and 11, and
between 43 and 8), which were not suggested bfattegs identified by Soto and John (2009)
but which seemed to contribute to an adequate nifdapparently due to a wording effect
that was idiosyncratic to the Italian translatidriree BFI items. Although we argue that this
set of a priori CUs should be included in all facdoalyses of (Italian) BFI responses, we
systematically evaluated models with and withoesthCUs, as well as the invariance of

these CUs over gender.

Goodness of fit

Although no study has yet focused on the appragmiss of the traditional CFA
indices of fit for ESEM, we followed previous stadi(e.g., Marsh et al., 2010) in considering
the comparative fit index (CFl), the Tucker—Lewngeéx (TLI), the root-mean-square error of
approximation (RMSEA) and the significance of pagten estimates. For both the CFl and

TLI, values greater than .90 and .95 are considereeflect acceptable and optimal fits
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respectively, to the data. For the RMSEA, valuss than .08 and .06 are considered
respectively as indices of reasonable and optiintd the data (Marsh, Hau, & Wen, 2004).
In the comparison of nested invariance models, ansidered support for the more
parsimonious model to be evidenced in a changeaCFI of less than .01 (Chen, 2007;
Cheung & Rensvold, 2002) or a change in the RMSElass than .015 (Chen, 2007). Since,
as noted by Marsh (2007), some indices (e.g., hdIRMSEA) incorporate a penalty for
parsimony, so that the more parsimonious modefit#ime data better than can a less
parsimonious model (i.e., the gain in parsimongreater than the loss in fit), we also
considered as support for the more parsimoniousehed@L| or RMSEA which was as good

as or better than, that for the more complex model.
Results

Total Group Analyses

We first tested the hypothesis that the ESEM mpdwrlides a better fit to BFI
responses than does a traditional ICM-CFA modelnAsevious studies of Big Five
measures, ESEM performed noticeably better thatQheCFA model in terms of goodness
of fit. The ICM-CFA model, that did incorporate t&8 a priori CUs based on the facet
structure of the BFI, did not provide an acceptdible the dataX?(892) = 5879.232, CFI =
.700, TLI = .682, RMSEA = .064). The fit of the nedhat specified the a priori CUs was
still inadequate, although improvex?(829) = 3715.740, CF| = .826, TLI = .802, RMSEA =
.050). The corresponding ESEM solutions fitteddh&ga much better. The fit of the total
group ESEM with no a priori CUs was not accept§Kfé€736) = 3415.029, CFI = .839, TLI =
.793, RMSEA = .051), whereas the inclusion of Clsrged the model to reach an
acceptable fitX*(673) = 1823.265, CFI = .931, TLI = .903; RMSEA035). However,

ESEM is arexploratorymethod, as is EFA: hence, one needs to examinatergret the
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patterns of factor loadings, and the significanicie loadings for each of the factors. In fact,
it is possible that the pattern of factor loadimg not support the structure specified in the
corresponding CFA model. In such a case we woubgebthat, based on their highest
significant loading, items could be grouped inteitlexpected factors. Nonetheless, given the
results of previous studies that applied CFA to 8&ta (e.g., Benet-Martinez & John, 1998),
we also expected that some cross-loadings, witheing higher than the target loadings,
should be significantly different from zero.

As shown in Table 1, the expected pattern of tesgpears to have been supported.

[Table 1]
In both types of models, factor loadings tendeldeanodest, with few loadings greater than
.70 (7 in CFA, 5 in ESEM models) and almost nodatgading less than .30 (2 in the CFA, 1
in the ESEM solution). CFA factor loadings (Med[ddn] = .54) were similar to target
loadings in the ESEM model (Mdn = .51), and thegratof loadings was nearly identical for
the two solutions.

To provide an objective evaluation of these rasulie computed a profile similarity
index (PSI) correlating the vector of 44 CFA fadwadings with the corresponding vector of
44 ESEM target loadings. The PSI suggested thalE&tl CFA target factor loadings were
highly related (= .850, 95% CI: .740.916).

As for cross-loadings in the ESEM solution, morantihalf (99 out of 176) were
statistically different from zero, ranging from 5.8 .33. However, only one cross-loading
was higher than .30 (Agreeableness, item 42, loatiedon the Extraversion factor) and for
no item was a cross-loading higher than the tdogeting.

Although patterns of correlations (Table 1) wereilar, the CFA factor correlations (-
.26 to .49, Mdn absolute value = .24) tended teystematically larger than those for ESEM

(-.15 to .21; Mdn absolute value = .10). Thus,ewample, the positive correlation between
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Openness and Extraversion was .49 on the badie @ kA solution, but only .21 in the
ESEM solution. Similarly, the negative correlatimisNeuroticism with Extraversion,
Agreeableness and Conscientiousness were in teen20e CFA solution, but not higher
than .10 in the ESEM solution.

Since, in applied assessment settings, unit-weigbtim-of-item scores are routinely
used, we computed the correlations of the ESEMGIW factor scores with observed scale
scores. The results showed that the correlatiotvgde® both forms of latent score (i.e.,
ESEM and CFA factor scores) and observed scalesoagre statistically equal to or higher

than .90 in all cases (see Table 2 below).

Invariance Over Gender

Usually, gender differences are tested through ewi®g@ns on raw scores, not
corrected for measurement error. Based on the wédacores reported in Table 2, and
applying the Benjamini and Hochberg (1995) stegalge discovery rate-controlling
procedure for controlling the inflation of Type ir&r due to multiple comparisons, we would
draw the conclusion that females in this study edaignificantly higher than men on
Neuroticism (Difference 95% CI: 0.305-0.46@,384) = 9.28, adjustgul< .001,r = .242),
and Agreeableness (0.052-0.181384) = 3.56, adjustgul= .001,r = .095), but did not
differ from males in Conscientiousness (0.603.65,t(1384) = 2.08, adjustgul= .062,r =
.056), Extraversion (-0.069.158,t(1384) = 1.84, adjustqu= .082,r = .049) and Openness
(-0.113-0.034,t(1384) = -1.05, adjustgu= .294,r = .028).

[Table 2]
However, unless factor loadings, item interceptsl, @niquenesses are shown to be invariant
across gender, such comparisons as the abovéeairett be invalid. To address this issue,
we applied Marsh et al.’s (2009) taxonomy of 13 ESfodels. In the present study the

application of this taxonomy of models is complezhby the CUs, which are necessary to
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achieve an acceptable fit to the data in the tpt@lip. Hence, it was also needed to determine
the extent to which these CUs were invariant oegrdgr and how this influenced the results
of the various models. For all 13 models we fiestéd models with no CUs (e.g., MG1 in
Table 3 corresponds to the first model in the irarare taxonomy), and then tested two
additional models, one in which the CUs were allduwevary for females and males
(submodels labeled A in the Description column abl€ 3, as in ‘MG1A") and another in
which the CUs were constrained to be invariant ogsponses by females and males
(submodels labeled B in Table 3, as in ‘MG1B").
[Table 3]

As a result, within this set of three submodelsdhveas a systematic nesting to evaluate the
CUs and their invariance across gender in relataach of the 13 invariance models.

Model MG1, with no invariance constraints, did pobvide an acceptable fit to the
data (CFI = .829, TLI =.780). These fit statistare similar to those based on the total group
ESEM model. However, consistent with earlier resutie inclusion of the set of a priori CUs
substantially improved the fit to a marginally aoble level (CFI =.923, TLI = .892; see
MG1A in Table 3). Importantly, constraining thespreori CUs to be invariant over gender
(see MG1B in Table 3) resulted in nearly no chandé (CFI = .921, TLI =.894). For fit
indices controlling for parsimony, the fit was stargially unchanged or slightly better for
MG1B than for MG1A (.892 to .894 for TLI; .037 1037 for RMSEA). For the CFI, which is
monotonic with parsimony, the change (.923 to .9243 clearly less than the .01 value
usually considered to be in support of invarianmestraints.

These results, demonstrating that the sizes dd3h@Us are reasonably invariant over
gender, are substantively important. For eachefl@imodels used to test the factorial
invariance of the full mean structure, the inclansod such a set of CUs noticeably improved

the goodness of fit. The results of a comparisaeimodels in which CUs were freely
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estimated against those in which CUs were congdaio be equal across gender, support the
invariance of the CUs. Hence, the high consisteriidiiis pattern of results over the different
models, provides clear support for the inclusiothese CUs in the design of the BFI. Thus,
the presentation of results focuses on the mouhelsiding gender-invariant CUs (e.g., Model
MG1B for Model 1). Factor loadings, uniquenessetgrcepts, and factor correlations and
their standard errors for the configural invarianoedel are available upon request from the
corresponding author.

Weak factorial/measurement invariance modelModel MG2B (along with MG2
and MG2A in Table 3) tested the invariance of fatwadings over gender: that is, whether
the factor loadings are the same for females arldsn@he critical comparison between the
more parsimonious MG2B (with factor loadings inaat) and the less parsimonious MG1B
(with no factor loading invariance) supports theainance of factor loadings over gender. Fit
indices that control for model parsimony are ascgoobetter for the more parsimonious
MG2B (TLI =.902 vs. .894; RMSEA = .035 vs. .03®hereas the difference in CFI (.917 vs.
.921) is less than the value of .01, which typic&lused to reject the more parsimonious
model.

Strong measurement invariance modelThis model requires that item intercepts,
along with factor loadings, be invariant over grsuphe critical comparison is thus between
Models MG2B and MG5B: that is, whether differenoethe 44 intercepts can be explained
in terms of five latent means (i.e., a completesabs of differential functioning). The fit of
MG5B (CFI =.913, TLI =.900, RMSEA = .036) can tnsidered equal to the fit of the
corresponding model MG2B (CFl =.917, TLI = .90MEEA = .035). These results suggest
that item intercepts are invariant, that gendded#hces at the level of item means can be
explained in terms of the factor means, and thexetis no differential item functioning

between gender groups.
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Strict measurement invariance modelThis model requires that item uniquenesses,
item intercepts, and factor loadings all be invariaver the groups. The crucial comparison is
between Models MG5B and MG7B. Models MG5B and MGHBwed a very similar fit to
the data (CFI =.913 vs .909; TLI =.900 vs. .8R8JSEA = .036 vs. .036). Furthermore, a
comparison of all the other various pairs of modetd tested the invariance of the
uniquenesses (MG3B vs. MG2B; MG6B vs. MG4B; MG9BMG8B; MG11B vs. MG10B;
MG13B vs. MG12B) yielded the same results. Hertoean be concluded that BFI item
uniquenesses are invariant over gender.

Factor variance—covariance invarianceThis model requires that the variance-
covariance matrices of the BFI factors be invar@rer the groups. The crucial comparison is
between Models MG2B (factor loadings invariant) &#@4B (factor loadings and factor
variance-covariance invariant). The results provided supfworthe additional invariance
constraints, in terms of the values of the fit aadi (CFI = .917 vs .917; TLI = .903 vs. .902,
RMSEA = .035 vs .035) and of their comparison Wit&2. Further tests of the invariance of
the latent factor variance-covariance matrix cdaddoased on any pair from the six models in
Table 3. The items in each pair differ only in tela to whether the factor variance-
covariance matrix is free, or not (i.e., MG6B vs BE; MG8B vs MG5B, MG9B vs MGT7B,
MG12B vs MG510B, MG13B vs MG11B). Note that if thevere systematic and substantive
differences in the interpretations on the basihes$e different comparisons, true differences
in the factor variance-covariance matrix could @wably be ‘absorbed’ into differences in
other parameters that had not been constrained itovariant. However, this complication
does not seem to have been the case in the pregestigation, since support for the
invariance of the factor variance—covariance masrisonsistent across each of these

alternative comparisons.
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Latent factor means invariance.The last four models (see MG10-MG13 in Table 3)
in the taxonomy all constrain mean differences eetwmen and women to be zero—in
combination with the invariance of other parametéhe critical comparisons for testing
gender mean invariance are MG10B vs MG5B, MG11BI&/B, MG12B vs MG8B, and
MG13B vs MG9B. In all these cases the differencefit indices supported invariance only
marginally (e.g., model MG10 vs MG5: CFIl =.905.9%3; TLI =.891 vs. .900).

Modification indices for model MG10B suggested ingelatent means for all factors except
Openness, implying that on this dimension, scocesal differ systematically for females

and males. Unfortunately, Mplus does not allowtésting partial invariance of factor means
in ESEM, since they must have the same constratiiwever, examining models in which
means were constrained to 0 in one group (femaled)reely estimated in the other group
(males), it was apparent that females yielded Bagmitly higher scores on neuroticism,
agreeableness, extraversion and conscientiousmiesssas the difference in Openness latent
means was not significant. Standardized gendegréifices on the basis of each of the 12

models that provided estimates of these differeraressummarized in Table 2.

Discussion

The present study is a substantive-methodologycadrgy, applying a new and
evolving methodological innovation, Exploratory&ttural Equation Modeling (ESEM) to
explore some psychometric properties (factor stmegtcorrelations among factors and
measurement invariance across gender) of the BiglRventory (BFI). In recent years, a few
studies (Marsh et al., 2009, 2010, 2012) have artjeg the traditional ICM—CFA model is
not appropriate for many well-established psychiclmigneasures, including most FFA
measures, and further, that this position has bbared by FFA researchers for years (e.g.,

Church & Burke, 1994; McCrae et al., 1996).
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As noted in the introduction, research on the Bi€tdr structure has almost always
been undertaken with the use of varimax-rotated PBWugh there are possible reasons for
doing this (e.g., computing congruence coefficigatsompare solutions from different
adaptation studies, as in Ubbiali et al., 2013r¢lseems to be no reason to avoid a
confirmatory approach, other than obtaining poardyess of fit indices. This study aimed to
address this issue through the application of ES&iM,the expected BFI five-factor structure
was found using ICM-CFA and ESEM. The pattern, eneh the size of target factor
loadings, was similar for the two approaches.

However, the ESEM solution showed that more thdihdfdahe cross-loadings were
statistically different from zero: It is then natrprising that the ICM-CFA solution, which
constrained these loadings to zero, had a subailgiorse fit, as this is consistent with
previous results on the BFI and other FFA measkna@shermore, the factor score estimates
based on the ESEM model correlated almost perfedtlly with the scores estimated on the
basis of the CFA model and on their unit-weightech<f-item score counterparts,
suggesting that the observed scale scores routisely are appropriate for the assessment of
personality trait levels, as measured by the BFI.

Another advantage of ESEM is its ability to addrssues related to complex
structures of measurement error in CFA, overcorbitfp the lack of definition and the lack
of control for measurement error in traditional E&pgproaches, and the need for constraints
on factor loadings imposed in the traditional ICM=ACapproach. The commonly reported
internal consistency estimates of reliability igpother aspects of unreliability, and do not
correct parameter estimates for it (see Sijtsm@9R0urther, the failure to control for
complex structure of measurement error can havetigifzated results (see discussion of the

‘phantom effect’ by Marsh et al., 2010).
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In the present study, ESEM allowed us to modeldtfit@nal source of measurement
error that could be idiosyncratic to the desigirBA shorter measures such as the BFI (see
Introduction). That is, we posited that items thadl been identified by previous research
(Soto & John, 2009) as belonging to the same faoetd be more highly correlated than
would items from different facets designed to measiie same factor. Consistently with
previous empirical findings (e.g., Chiorri et @008), we found support for this additional
source of measurement error, since inclusion of Gwéributed substantially to goodness of
fit, and the CUs were invariant over responses by and women. Although these CUs are
idiosyncratic to the design of the BFI, it was pbkesthat other method effects, such as
wording effects, could distort the findings if remntrolled for. Accordingly, we tested
alternative models in which specific wording fastarere specified, but their fit was only
marginally acceptable, and was worse than modets@lJs (details of these analyses are
available upon request from the corresponding ajutho

The ESEM solution also resulted in substantialslcorrelated factors than did CFA.
This result is consistent with previous results Eyipg the same methodology on other FFA
measures (e.g., Cooper et al., 2010; Furnham,&(l3; Lang et al., 2011; Lavardiére et al.,
2014; Marsh et al., 2010, 2012; Samuel et al., pCr® with the Big Five theory itself,
which assumes (quasi) orthogonality among factaran ICM-CFA solution, the relation
between a specific item and a nontarget factorvloatld be accounted for by a cross-loading
can be represented only through the factor coroeldtetween the two factors. If there are at
least moderate cross-loadings in the true populatiodel and these are constrained to be
zero, as in the ICM-CFA model, then estimated factorelations are likely to be inflated
(e.g., Asparouhov & Muthén, 2009). This could regsumulticollinearity and undermine
discriminant validity, in relation to predictinghegr outcomes and providing distinct profiles

of personality. Moreover, Ashton, Lee, Goldberg] &e Vries (2009) argue that higher order
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personality factors accounting for these corretetiwill be spurious, because the correlations
on which they are based are artifactual.

In this study we pursued issues in latent BFIdesctvith appropriate tests of full
measurement and structural invariance, in relatcamcomprehensive taxonomy of
invariance models. Multi-group ESEM analyses suggebinvariance over gender of factor
loadings, item intercepts and uniguenesses, ctetelaniquenesses and factor variances and
covariances. These analyses could not have betarmed appropriately with traditional
EFA approaches or with ICM-CFA models that wereatde to fit the data. Whereas
observed score comparisons were significant onlyéoiroticism, agreeableness and
conscientiousness, measurement invariance anabgealed that, consistently with previous
research based on BFI manifest scores (e.g., Sobinaik, 2008) and with other studies
employing the same method on FFA measures (e.gshv al., 2010), women scored
higher on all five BFI factors except OpennesssTgibvides more reliable evidence of
gender differences in BFI scores. Gender differsmtgersonality traits can be explained
from a variety of perspectives: biological, evabmtary, biosocial, sociocultural, etc.; these are
reviewed thoroughly in Schmitt et al. (2008).

The major limitation of this study is the relianme a convenience sample, which
limits the external validity and the generalizaibf the results, and does not rule out
capitalization on chance, given the risk of biates to the recruitment procedure. Although
the relatively large sample size and the varietgewigraphical regions and socio-economic
backgrounds from which the participants came mayhee, in their turn, limited possible
biases, we could not address another major isstes@arch on personality—namely, age
effects.

Recent research (e.g., Marsh et al., 2012; Worthaegs, & Donnellan, 2012) has

relied on very large and nationally representasaples that allowed a reliable estimation of
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age effects across the whole range of age scotltmulyh these studies showed intriguing
linear and non-linear effects, detectable throighavailability of participants older than 60
(e.g., Marsh et al., 2012), given that that onlyp@@ticipants (6.1%) in this study were older
than 60, any analysis of age effects would be iokemive and not comparable to the latest
evidence.

It must also be noted that, while we support t8&K model as a viable alternative to
the traditional ICM—CFA model, we do not intendstoygest that the ESEM approach should
in all cases replace the CFA approach. One shomgpaoi ESEM is that it is less
parsimonious than a corresponding ICM-CFA modetceewhen a ICM-CFA model fits the
data as well as the ESEM model does, and resutiisnilar parameter estimates, the ICM—
CFA should be used. Where the ICM—CFA does notigeoan adequate fit to the data (and
therefore the assumptions of the ICM—CFA modeluaulkely to be valid) but the ESEM
model does, we do suggest that advanced statistredggies such as those presented here are
more appropriately conducted with ESEM models thdah ICM—-CFA models, since the less
restrictive assumptions of the ESEM model provideervalid parameter estimates. Finally,
the pattern of factor loadings, and its signifianmust be examined, to check whether it
matches theoretical expectations.

These limitations aside, this study has providgapsrt for the five-factor structure of
the (Italian) BFI, the adequacy of its unit-weighsim-of-item scores, and its measurement
invariance across gender, using the ESEM: a relgtivew, methodologically sound and
flexible modeling approach that allows for addreggssues for which the traditional EFA

and ICM-CFA approaches are not well-suited.
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Table 1Confirmatory Factor Analysis and Exploratory Stu@tl Equation Modeling
Standardized Factor Loadings, Uniguenesses andor&rrelations Based on Responses to
the Big Five Inventory (n = 1,386)

CFA solution ESEM solution
Item E A C N O Uniq E A C N O Unig
1. is talkative .65 .00 .00 .00 .00 .58 .68 .02 .00 .09 .05 .53
6. is reserved* .27 .00 .00 .00 .00 .82 .48 -05 -22 .09 -10 .77
11. is full of energy .53 .00 .00 .00 .00 .42 39 .04 25 -19 .16 42
16. generates a lot of enthusiasm .64 .00 .00 .00 .00 .74 .50 .09 .05 -.08 .24 .68
21. tends to be quiet .57 .00 .00 .00 .00 .51 .65 -01 -.03 .03 -06 .50
26. has an assertive personality* .70 .00 .00 .00 .00 .93 51 -04 24 -14 24 74
31. is sometimes shy, inhibited .43 .00 .00 .00 .00 .81 45 -13 .00 -24 -06 .65
36. is outgoing, sociable* .76 .00 .00 .00 .00 .83 .80 .10 -01 .00 .04 .77
2. tends to find fault with others* .00.43 .00 .00 .00 .48 -13 .39 -01 -25 -05 .58
7. is helpful and unselfish with others .0Q44 .00 .00 .00 .68 A5 50 .13 .17 .11 .69
12. starts quarrels with others .0042 .00 .00 .00 .72 -18 .42 .01 -16 -.09 .63
17. has a forgiving nature* .00.47 .00 .00 .00 .82 -03 .50 -14 -05 .04 .77
22. is generally trusting .00.43 .00 .00 .00 .46 -01 .45 -03 .00 -05 .45
27. can be cold and aloof .00.33 .00 .00 .00 .70 .22 .37 -10 .10 -11 .62
32. is considerate and kind to almost
everyone .00 .56 .00 .00 .00 .64 .05 .61 .12 .06 .02 .57
37. is sometimes rude to others .0064 .00 .00 .00 .59 -.08 .47 .06 -.16 -.09 .60
42. likes to cooperate with others .0038 .00 .00 .00 .78 33 .34 .01 -07 .04 .74
3. does a thorough job* .00 .00.76 .00 .00 .66 .01 .06 .76 .03 -.01 .64
8. can be somewhat careless .00 .0¢1 .00 .00 .77 -04 -06 .42 -19 -09 .67
13. is a reliable worker .00 .00.74 .00 .00 .63 .02 13 .72 .09 .01 .58
18. tends to be disorganized* .00 .0058 .00 .00 .67 -01 -07 59 -08 -09 .59
23. tends to be lazy .00 .0040 .00 .00 .82 14 .00 .36 -.16 -.02 .80
28. perseveres until the task is finished* .00 .04 .00 .00 .84 .01 .04 62 .00 .10 .79
33. does things efficiently* .00 .00.74 .00 .00 .52 .03 .13 .70 .03 .10 .58
38. makes plans and follows through
with them .00 .00 .64 .00 .00 .33 .09 .00 .59 -04 .14 .37
43. is easily distracted .00 .0058 .00 .00 .51 -04 -04 53 -23 -03 .51
4. is depressed, blue* .00 .00 .0051 .00 .90 -24 -06 -03 .48 .09 .79
9. is relaxed, handles stress well .00 .00 .0@2 .00 .59 -07 -10 -05 .61 -.04 .58
14. can be tense .00 .00 .0055 .00 .81 .00 -.09 .10 .62 .03 .74
19. worries a lot .00 .00 .00.48 .00 .82 -.02 .14 .10 _57 .00 .74
24. is emotionally stable, not easily
upset* .00 .00 .00 .69 .00 .81 .02 -07 -10 .61 -06 .72
29. can be moody .00 .00 .0043 .00 .69 .05 -13 -.06 .47 .07 .59
34. remains calm in tense situations .00 .00 .062 .00 .46 .02 -02 -17 .51 -15 .43
39. gets nervous easily* .00 .00 .0051 .00 .62 .01 .14 .09 _.59 -.04 .66
5. is original, comes up with new ideas*00 .00 .00 .00 .70 .95 .20 -04 .06 -10 .61 .94

10. is curious about many different

things .00 .00 .00 .00.56 .43 14 .04 .08 -.04 .48 .32
15. is ingenious, a deep thinker* .00 .00 .00 .060 .71 -06 -.02 .09 .02 .65 .73
20. has an active imagination .00 .00 .00 .0861 .60 .09 .06 -.04 .09 .62 .58
25. is inventive .00 .00 .00 .00.82 .74 .09 -07 .03 -12 .76 .65
30. values artistic, aesthetic experiences .00 .00 .00 .43 .77 .03 .16 .01 .15 .44 .70
35. prefers work that is routine* .00 .00 .00 .0@2 .84 .00 -.09 -.05 -09 .23 .82
40. likes to reflect, play with ideas .00 .00 .000.048 .85 -11 .05 .03 .05 55 .74
41. has few artistic interests* .00 .00 .00 .0@0 .67 .00 .07 -08 .00 .42 .64
44. is sophisticated in art, music, or
literature .00 .00 .00 .00.45 .79 .00 .10 -07 .06 .49 .75

Correlation with A .18 .08

Correlation with C .28 .23 10 11

Correlation with N -25 -23 -.26 -.09 -04 -15

Correlation with O 49 .05 .25 -16 21 .06 .14 -.02

Note.CFA = confirmatory factor analysis; ESEM = explorg structural equation modeling; E = Extraversiar= Agreeableness; C =
Conscientiousness, N = Neuroticism, O = Opennesg] £l Unigueness. Items with an * are reverse-catigds. Bolded coefficients are
statistically different from zergp(< .05); underlined coefficients in the ESEM saluatare target loadings. Standard errors are availginn
request from the corresponding author



Table 2Patterns of Mean Gender Differences on Big FiveeDle=d and Latent Mean Factors and Correlations Agn@bserved, CFA and
ESEM Big Five Inventory Scale Scores

E A C N O
Observed scores
Women M+SD) 3.34+0.76 3.73+0.60 3.62+0.72 3.27+0.76 3.67+0.67
a .83 (.81-.84) .70 (.67-.73) .82 (.81-.84) .79 (.77-.81) .82 (.80-.84)
Men (MxSD) 3.26+0.75 3.62+0.58 3.54+0.77 2.89+0.74 3.71+0.69
a .80 (.78-.83) .67 (.63-.71) .85 (.83-.87) .78 (.75-.81) .80 (.78-.83)
Correlation with CFA scores (total sample) .93279940) .979 (.977-.981) .944 (.938-.949) .972 (.969-.975) .904 (.894-.913)
Correlation with ESEM scores (total sample) .9B3419-.959) .960 (.956-.964) .943 (.937-.949) .968 (.965-.971) .921 (.913-.929)
ESEM Latent scores

Correlation with CFA scores (total sample) .94812:9953) .962 (.958-.966) .990 (.989-.991) .950 (.945-.955) .978 (.976-.980)
MGS5: FL + Int IN—Strong factorial/measurement IN -17 -.24 -.13 -.62 .05
MG5A: MG5 with CUs -.20 -.23 -.15 -.64 A1
MG5B: MG5 with CUs IN -.20 -.24 -.15 -.64 .10
MG7: FL + Int + Unig IN—Strict factorial/measurentdi -.17 -.24 -.13 -.62 .04
MG7A: MG7 with CUs -.20 -.23 -.15 -.64 .10
MG7B: MG7 with CUs IN -.20 -.23 -.15 -.64 A1
MG8: FL + FVCV + Int IN =17 -.23 -.15 -.60 .05
MG8A: MG8 with CUs -.20 -.23 =17 -.63 A1
MG8B: MG8 with CUs IN -.20 -.23 =17 -.63 A1
MG9: FL + FVCV +Int + Uniq IN -17 -.24 -.15 -.60 .04
MG9A: MG9 with CUs -.20 -.23 =17 -.63 A1
MG9B: MG9 with CUs IN -.20 -.23 -17 -.63 A1

Note.Womenn = 856; Menn = 530; E = Extraversion, A = Agreeableness; C = Cammusness, N = Neuroticism, O = Opennbks. mean; SD = standard deviatian= Cronbach's Alpha; bracketed figures show
the 95% confidence interval.

See Table 3for a description of the models. Each@f.2 models provides estimates of standardizghrgender differences in the Big Five factors ndiféerent assumptions. MG = multiple group; Flfaetor
loadings; Inter = item intercepts; CUs = correlatetjuenesses; Uniq = item uniquenesses (errcainees); IN = invariance; Bolded coefficients agtistically significant ap < .05; Negative coefficients indicate
higher scores in females. Standard errors arevaitahle upon request from the corresponding author



Table 3Summary of Goodness of Fit Statistics for All Gemaleariance (IN) Models

Model and description x> df CFlI TLI NParm RMSEA
MG1 - No invariance (Configural Invariance)
MG1 4362.346 1472 .829 .780 596 .053
MG1A: MG1 with CUs 2647.178 1346 .923 .892 722 .037
MG1B: MG1 with CUs IN 2741.562 1409 921 .894 659 7.03
MG2: FL -Weak factorial/measurement IN (Nested with 1)
MG2 4599.810 1667 .826 .803 401 .050
MG2A: MG2 with CUs 2910.672 1541 .919 .900 527 .036
MG2B: MG2 with CUs IN 3001.316 1604 .917 .902 464 5.03
MG3: FL and Uniq (Nested with 1, 2)
MG3 4701.686 1711 .823 .804 357 .050
MG3A: MG3 with CUs 3028.159 1585 914 .898 483 .036
MG3B: MG3 with CUs IN 3107.559 1648 .913 .901 420 .036
MG4: FL + FVFC (Nested with 1, 2)
MG4 4611.289 1682 .826 .805 386 .050
MG4A: MG4 with CUs 2922527 1556 .919 .902 512 .036
MG4B: MG4 with CUs IN 3012.526 1619 917 .903 449 .035
MG5: FL + Int— Strong factorial/measurement invariance (Nestel i 2)
MG5 4743.794 1706 .820 .800 362 .051
MG5A: MG5 with CUs 3021.504 1580 .915 .898 488 .036
MG5B: MG5 with CUs IN 3110.629 1643 913 .900 425 .036
MG6: FL +FVCV + Uniqg (Nested with 1-4)
MG6 4714.181 1726 .823 .806 342 .050
MG6A: MG6 with CUs 3039.967 1600 915 .899 468 .036
MG6B: MG6 with CUs IN 3119.484 1663 .914 .902 405 .036
MG7: FL + Int + Unig- strict factorial/measurement invariance (Nesteith @3, 5)
MG7 4848.671 1750 .816 .801 318 .051
MG7A: MG7 with CUs 3140.830 1624 .910 .895 444 .037
MG7B: MG7 with CUs IN 3218.307 1687 .909 .898 381 .036
MGS8: FL + FVCV + Int (Nested with 1, 2 ,4, 5)
MG8 4755.614 1721 .820 .802 347 .050
MG8A: MG8 with CUs 3033.525 1595 .915 .899 473 .036
MG8B: MG8 with CUs IN 3121.986 1658 913 .901 410 .036
MG9: FL + FVCV +Int + Uniq (Nested with 1-8)
MG9 4861.410 1765 .816 .803 303 .050
MG9A: MG9 with CUs 3152.796 1639 910 .896 429 .037
MG9B: MG9 with CUs IN 3230.356 1702 .909 .899 366 .036
MG10: FL + Int + LFMn- latent mean IN (Nested with 1, 2, 5)
MG10 4865.843 1711 .813 .793 357 .052
MG10A: MG10 with CUs 3154.608 1585 .907 .889 483 .038
MG10B: MG10 with CUs IN 3245.150 1648 .905 .891 420 .037
MG11: FL + Int + LFMn + Unig- manifest mean IN (Nested with 1-3, 5, 7, 10)
MG11 4969.482 1755 .809 .795 313 .051
MG11A: MG11 with CUs 3274.665 1629 .902 .887 439 .038
MG11B: MG11 with CUs IN 3352.215 1692 .902 .890 376 .038
MG12: FL + FVCV + Int + LFMn (Nested with 1, 2, 4-8, 10)
MG12 4877.117 1726 .813 .795 342 .051
MG12A: MG12 with CUs 3166.197 1600 .907 .890 468 .038
MG12B: MG12 with CUs IN 3255.923 1663 .906 .893 405 .037
MG13: FL + FVCV + Int + LFMn + Unig- complete factorial IN (Nested with 1-12)
MG13 4982.190 1770 .810 .796 298 .051
MG13A: MG13 with CUs 3286.739 1644 .903 .888 424 .038
MG13B: MG13 with CUs IN 3364.282 1707 .902 .891 361 .037

Note.Womenn = 856; Menn = 530;x? = model chi-square statistic; df = model degrddseedom; CFl = comparative fit index; TLI =
Tucker—Lewis index; NFParm = number of free paramsetRMSEA = root-mean-square error of approxinmthdG (as in MG1) =
multiple group; CUs = a priori correlated uniquesessbased on previous works; IN = the sets of peteasiconstrained to be invariant
across the multiple groups, for MG invariance msgEL = factor loadings; Uniq = item uniquenessesof variance); FVCV = factor
variances—covariances; Int = item intercepts; LEMiactor means.
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Supplementary material for the paperTesting the factor structure and
measurement invariance across gender of the Big Five I nventory through
Exploratory Structural Equation Modeling

SM 01
Methodological Issues of Measurement Invariance

Measurement invariance across gender was testaaftina 13-model taxonomy of
invariance tests that integrates factor and measenmeinvariance traditions (Marsh et al.,
2009). Following Meredith (1993), the sequencenehiriance testing begins with a model of
‘configural’ invariance: that is, with no invariamof parameter estimates. That is, all
parameters are freely estimated, such that onlyagitg in the overall pattern of parameters
is evaluated. Since this model does not requireestiynated parameters to be the same, it is
not an actual invariance model, but its fit mustlealuated in order to provide both a test of
the ability of the a priori model to fit the data@ach group without invariance constraints,
and a baseline for comparing other models that sagmuality constraints on the parameter
estimates across groups. The next step in invagitesting is to test a ‘weak’ measurement
invariance model. This requires that factor loadibg invariant over groups. In fact, Byrne,
Shavelson, and Muthén (1989) also suggest teptngal invariance modelsvhere, based on
post-hoc modification indexes, some parameter es¢éisn(e.g., factor loadings) are not
constrained to be invariant.

If indicator means (i.e., the intercepts of reg@sto individual items) are also
constrained to be equal across groups, then antgtroeasurement invariance model is
specified. If such model fits, factor loadings at®an intercepts are invariant over groups,
then changes in the latent factor means can reblydoa interpreted as changes in the latent
constructs, since they are corrected for measureensor. The invariance of item intercepts
is a critical issue, since it is an implicit assuiop in the comparison of latent and manifest
group means, but it has often been ignored anditeéisted in Big Five research (for a review
and a discussion, see e.g., Marsh et al., 2010).

A finding in support of the invariance of item intepts would entail that gender
differences in latent scores based on each otehesiconsidered separately were reasonably
consistent in terms of magnitude as well as dioectA lack of invariance in item intercepts
would mean that the latent group differences wetecansistent across the items used to
represent a latent factor on a particular scake gthicalled 'differential item functioning'), and
would provide no basis for the generalizabilityttod results across a wider and more diverse
set of items representing the trait (Marsh, Nagsngaviorin, 2012). Supplementary
Material SM02 demonstrates that the sample at héodded sufficient statistical power (i.e.,
.80) to test this model. Besides, factor loadinys ilem intercept invariance are necessary
but not sufficient conditions for testimganifestgroup mean differences, which also require
invariance of item uniquenesses. The presencdfefahces in reliability (as represented or
absorbed in the item uniquenesses) across groud iodfact distort mean differences on the
observed scores. A model that specifies the inmaei@f item uniquenesses is referred to as a
‘strict’ invariance model.

The invariance of the factor variance-covariancérime not a prior focus of
measurement invariance, but it is often cruciatirdies of the invariance of covariance
structures. Specifically, it is an important foeastudies that investigate the discriminant
validity of multidimensional constructs that mightbsequently be extended to include
relations with other constructs. Typically, the quarison of correlations among FFA factors
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across groups is based on manifest scores thaitdmntrol for measurement error and that
make implicit invariance assumptions that are yatested.

Recently, Marsh et al. (2009) expanded this measent invariance tradition,
suggesting a taxonomy of 13 partially nested modiétglels vary from the least restrictive
model of configural invariance to a model of contl@variance that posits strict invariance,
together with invariance of the latent means anitheffactor variance-covariance matrix (see
Table 1 in the text and Marsh et al., 2009 for aegrextended discussion of these issues).

Essentially, all models except configural invariariModel 1) assume the invariance
of factor loadings, but the invariance of indicatoiquenesses, for example, can be tested
with or without the invariance of item intercept®wever, it must be noted that models with
freely estimated indicator intercepts and freeljnested latent means are not identified.
Hence, when intercepts are freely estimated, tie@ianeans are fixed to be zero. In models
that allow the estimation of differences in later@ans, as explained by Sérbom (1974), it is
not possible to estimate the latent means in bathps. Hence, the latent means are
constrained to be zero in one group and are frestiynated in the second group: this means
that the freely estimated latent mean, and itsssil significance, reflects the differences
between the two groups.

Models of measurement invariance typically aresstithin a CFA framework. In
this study we used tests of measurement invariameegender on the basis of a taxonomy of
invariance tests within an ESEM framework.
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SM02

Simulation Study for the Multiple Group ESEM witeadurement Invariance of Intercepts
and Factor Loadings

Although the samples used in this study can beiderexd adequately large (856 female and
530 male participants), we tested whether or ncduld be considered adequate for testing
the measurement invariance of intercepts and fé@holings using the procedure described in
Muthén and Muthén (2002). The method relies on M&wdrlo simulations in which data are
generated from a population with hypothesized patanvalues. Ten thousand samples are
drawn, and a model is estimated for each samptanider values and standard errors are
averaged over the samples and the following caitere examined: parameter estimate bias,
standard error bias, and coverage. In this cageNesved the guidelines provided by the
Mplus User’s GuidéMuthén & Muthén, 1998-2010), Example 12.12, wité following
settings for starting values:

.80 for target loadings in both groups

.00 for cross-loadings in both groups

3.00 for intercepts in both groups

1.00 for factor variances in one group and 1.5Génother
.20 for factor correlations in one group and .5€¢hie other
.60 for uniguenesses in one group and .80 in therot
.00 for factor means in one group and .20 in therot

Muthén and Muthén (2002) suggest considering,fastacriterion, that parameter and
standard error biases do not exceed 10% for aranper in the model. The second criterion
is that the standard error bias for the parametewhich power is being assessed does not
exceed 5% (in this case we focused on factor me@hs)third criterion is that coverage
remains between .91 and .98. Once these threetmodare satisfied, the sample size is
chosen to keep power close to 0.80, a commonlypéederalue for sufficient power. In our
research the highest parameter bias was 6.54%jghest standard error bias being 2.30%
(2.0% for factor means); the coverage varied batw®84 and .961. Hence, we can conclude
that the sample we used afforded sufficient stesispower.

Muthén, B. & Muthén, L. (2002). How to use a Mofarlo study to decide on sample size
and determine poweStructural Equation Modeling,,499-620.

Muthén, L. K., & Muthén, B. (1998-201QYIplus user’s guideLos Angeles, CA: Muthén &
Muthén.
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SMO03
Standard Errors for Factor Loadings and Factor Celations in Table 1
CFA solution ESEM solution
Item E A C N 0] E A C N (0]
1. is talkative .033 - - - - .025 .025 .021 .021 .023
6. is reserved* .047 - - - - .031 .031 .027 .028 .028
11. is full of energy .035 - - - - .032 .034 .029 .029 .031
16. generates a lot of enthusiasm .026- - - - .030 .034 .027 .027 .032
21. tends to be quiet .035 - - - - .026 .024 .021 .023 .023
26. has an assertive personality* .035 - - - - .032 031 .026 .027 .028
31. is sometimes shy, inhibited .037 - - - - .041 .033 .026 .031 .030
36. is outgoing, sociable* .032 - - - - .020 .023 .018 .018 .021
2. tends to find fault with others* - .086 - - - .028 .041 .026 .030 .029
7. is helpful and unselfish with others - .097 - - - .030 .042 .026 .027 .029
12. starts quarrels with others - .092 - - - .029 .047 .028 .031 .033
17. has a forgiving nature* - .037 - - - .029 .032 .026 .028 .029
22. is generally trusting - .044 - - - .031 .038 .028 .031 .029
27. can be cold and aloof - .065 - - - .033 .047 .029 .035 .033
32. is considerate and kind to almost everyone - 072 - - - .030 .041 .027 .028 .025
37. is sometimes rude to others - .073 - - - .032 .046 .027 .033 .031
42. likes to cooperate with others - .070 - - - .033 .033 .028 .029 .029
3. does a thorough job* - - .018 - - .019 .020 .018 .020 .020
8. can be somewhat careless - - .029 - - .029 035 .031 .032 .030
13. is a reliable worker - - .021 - - .022 .027 .023 .023 .023
18. tends to be disorganized* - - .026 - - .026 .029 .026 .027 .025
23. tends to be lazy - - .030 - - .035 .036 .035 .033 .031
28. perseveres until the task is finished* - - .026 - - .025 .027 .027 .024 .025
33. does things efficiently* - - .021 - - .022 027 .022 .022 .023
38. makes plans and follows through with them - - .024 - - .027 .029 .026 .025 .027
43. is easily distracted - - .031 - - .027 .034 .034 .031 .029
4. is depressed, blue* - - - 027 - .029 .030 .027 .027 .029
9. is relaxed, handles stress well - - - .026 - .026 .027 .024 .032 .025
14. can be tense - - - .027 - 025 .032 .026 .025 .025
19. worries a lot - - - .032 - .025 .032 .024 .027 .025
24. is emotionally stable, not easily upset* - - - .023 - .027 .028 .024 .031 .025
29. can be moody - - - .032 - .029 .038 .028 .030 .030
34. remains calm in tense situations - - - .028 - .027 .031 .025 .033 .029
39. gets nervous easily* - - - .031 - .023 .033 .025 .027 .023
5. is original, comes up with new ideas* - - - - .021 .028 .029 .024 .024 .026
10. is curious about many different things - - - - .029 .030 .032 .028 .030 .033
15. is ingenious, a deep thinker* - - - - .030 .025 .026 .022 .024 .030
20. has an active imagination - - - - .024 .025 .025 .023 .024 .025
25. is inventive - - - - .021 .025 .023 .021 .020 .029
30. values artistic, aesthetic experiences - - - - .031 .028 .033 .027 .028 .031
35. prefers work that is routine* - - - - .036 .032 .034 .030 .032 .040
40. likes to reflect, play with ideas - - - - .035 .027 .032 .027 .027 .036
41. has few artistic interests* - - - - .029 .028 .031 .028 .029 .032
44. is sophisticated in art, music, or literature - - - - .027 .026 .029 .025 .027 .028
Correlation with A .106 .022
Correlation with C .045 .044 .020 .019
Correlation with N .042 .073 .037 .022 .021 .019
Correlation with O .042 065 .034 .035 .020 .024 .020 .020

Note: E = Extraversion, A = Agreeableness; C = €@miousness, N = Neuroticism, O = Openness
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SM04

Standard Errors for Latent Mean Differences Codfits in Table 2

E A C N 0]
MG5: FL + Int IN - Strong factorial/measurement IN .063 .073 .058 .070 .065
MG5A: MG5 with CUs .064 .074 .057 .072 .065
MG5B: MG5 with CUs IN .064 .073 .058 .073 .064
MG?7: FL + Int + Uniq IN - Strict factorial/measuremt IN  .062 .071 .058 .069 .064
MG7A: MG7 with CUs .062 .071 .057 .072 .065
MG7B: MG7 with CUs IN .063 .071 .057 .072 .065
MG8: FL + FVCV + Int IN .063 .073 .063 .065 .064
MGB8A: MG8 with CUs .065 .073 .063 .068 .063
MG8B: MG8 with CUs IN .065 .073 .063 .068 .063
MG9: FL + FVCV +int + Unig IN .063 .073 .063 .065 .064
MG9A: MG9 with CUs .065 .073 .063 .068 .063
MG9B: MG9 with CUs IN .065 .073 .063 .068 .064

42

Note: E = Extraversion, A = Agreeableness; C = €Cmmiousness, N = Neuroticism, O = Openness; M@uitiple group; FL = factor loadings;

Inter = item intercepts; CUs = correlated uniqueeesUniq = item uniquenesses (error variancesy, ilNariance
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Exploratory Structural Equation Modeling StandastizFactor Loadings, Uniquenesses, Intercepts
and Factor Correlations Based on Responses to ifpé&iBe Inventory in Females (n = 856) and
Males (n = 530) from the Configural Invariance Mb@gee MG1B in Table 3)

Females Males
Item E A C N O Uniq Int E A C N O Uniq Int
1. is talkative .67 -04 01 -07 .07 53 330 .66 .08 -01 -09 .00 .55 294
6. is reserved* b1 -07 -19 -12 -11 72 206 .39 -01 -25 -03 -08 .81 195
11. is full of energy 41 06 21 20 .16 .63 358 36 -01 .29 .18 .17 .64 3.53
16. generates a lot of enthusiasm .52 .05 .04 .10 .26 57 345 .49 .17 .07 .02 .16 .63 3.64
21. tends to be quiet .61 -02 -02 -02 -03 64 257 .70 -02 -05 .01 -09 .54 237
26. has an assertive personality* .52 -.05 .22 .16 .25 .47 353 .45 -04 23 .17 .22 56 351
31. is sometimes shy, inhibited 47 -15 -04 21 -06 .72 210 .40 -06 .06 .28 -04 .74 214
36. is outgoing, sociable* 81 11 05 01 01 30 351 .81 .05 -08 -01 .08 .31 3.06
2. tends to find fault with others*  -11 .44 -04 .26 .02 .73 263 -16 .35 .01 .21 -14 .79 273
7. is helpful and unselfish with others13 .47 .17 -17 .08 .68 5.10 .19 .48 .08 -.12 .17 .65 4.00
12. starts quarrels with others -19 .48 .02 .15 -11 .71 396 -15 .32 -02 .13 -05 .86 4.07
17. has a forgiving nature* 0150 -14 01 .06 .74 293 -07 53 -12 .03 .01 .72 3.02
22. is generally trusting .02 44 -02 -07 -04 81 352 -05 .45 -04 .10 -07 .79 3.50
27. can be cold and aloof .27 .40 -08 -06 -08 .77 262 .14 .31 -17 -09 -10 .85 233
25é:§§r?er's'derate andkindtoalmostys 55 1o 06 .00 63 438 .06 .62 .13 -09 .03 57 3.80
37. is sometimes rude to others  -13 .51 .03 .15 -04 .69 295 -03 41 .07 .20 -14 .76 2.83
42. likes to cooperate with others .37 .31 -01 .08 .04 .74 382 .28 .40 .04 .05 .02 .72 3.62
3. does a thorough job* -01.06 .74 00 .03 44 451 03 .03 .79 -01 -05 .39 31383
8. can be somewhat careless -07 -Q41 .19 -10 .78 215 -02 -02 .42 .19 -08 .76 2.18
13. is a reliable worker .04 .14 .73 -08 .01 .42 497 .00 .09 .73 -14 -02 .47 4.82
18. tends to be disorganized* -01 -0hK7 .11 -13 65 284 -03 -07 .60 .10 -01 .62 2.60
23. tends to be lazy 15 07 .33 .13 -03 82 222 12 -09 39 .20 .03 .75 231
28 perseveresuntilhetaskis o6 .07 59 -03 .09 .60 359 -05 -0l 65 .07 .14 52 341
33. does things efficiently* .05 .12 .70 -02 .10 44 486 .02 .15 .71 -03 .10 .43 438
iihr?ﬁ:ff plans and follows through, , 53 59 03 12 59 384 .03 .05 58 .11 .16 .56 3.54
43. is easily distracted -10 -06 53 .26 -04 62 240 03 -01 51 .21 -01 .66 234
4. is depressed, blue* 23 .10 01 .46 -12 69 301 .26 -02 .05 52 -02 .63 3.38
9. is relaxed, handles stress well .0612 .07 _61 .03 57 225 .10 .10 .05 55 .03 .64 269
14. can be tense .01.09 -11 _61 -01 .63 222 -02 .15 -09 58 -07 .64 240
19. worries a lot .04 -13 -10 .58 -02 66 196 -04 -13 -13 55 .03 .71 211
3gé;*emonona”y stable, noteasily o, 58 19 61 04 57 240 -03 .08 .09 .56 .06 .65 2.74
29. can be moody -07.19 .08 _42 -02 .76 189 .01 .11 .07 44 -15 .76 2.20
34. remains calm in tense situations .02 .026 .49 .15 67 255 -05 .06 .22 .45 .11 .69 3.09
39. gets nervous easily* -.01-16 -05 56 .03 .68 217 -01 -10 -14 .61 .05 .64 251
%ézg'g'“a" comesupwithnew — ,, o7 03 11 .61 48 349 17 .03 11 .05 58 54 3.57
tlh?hgscu“ous aboutmany different ,, o5 15 o5 48 66 413 .12 -02 -02 .06 .53 .68 3.77
15. is ingenious, a deep thinker* -03 -0313 -03 .67 .52 340 -08 -01 .05 -05.64 .59 3.50
20. has an active imagination .09 .07 -02 -12 .60 .60 404 .12 .05 -04 -07 .62 .57 4.03
25. is inventive .09 -06 .00 .12 .76 .37 346 .11 -07 .06 .11 .79 .30 3.59
30. values artistic, aesthetic 01 14 03 -15 .44 76 388 .03 .19 -04 -11 46 .73 3.36
experiences — —
35. prefers work that is routine* -01 -0708 .09 _.27 .92 213 .03 -08 .01 .03 20 .95 2.23
40. likes to reflect, play with ideas -.14 .04 .04 -05 55 .70 4.00 -06 .08 .03 -06 .55 .69 3.87
41. has few artistic interests* -01 .0508 .01 46 .79 292 -01 .10 -10 .02 .38 .84 270
44. s sophisticated in art, music, of_o 56 06 .04 52 73 277 04 .18 -07 -08 .42 77 2.67
literature ==
Correlation with A .06 .10
Correlation with C A1 .13 .07 .07
Correlation with N -11 -.07 -.15 -11 -.06 -.19
Correlation with O .20 .05 .14 -.03 .22 .07 .14 .00

Note.E = Extraversion, A = Agreeableness; C = Consimashess, N = Neuroticism, O = Openness; Uniq guemess; Int = Intercept.
Items with an * are reverse-coded items. Boldedfiodents are statistically different from zerp € .05); underlined coefficients in the

ESEM solution are target loadings.
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Exploratory Structural Equation Modeling Standarddts for Standardized Factor Loadings,
Uniquenesses, Intercepts and Factor CorrelationsdBlaon Responses to the Big Five Inventory in
Females (n = 856) and Males (n = 530) from the @pmfl Invariance Model (see MG1B in Table 3)

Females Males
Item E A C N (6] Uniq Int E A C N (0] Uniq Int
1. is talkative 029 028 .030 .027 .033 .039 .092.032 .037 .036 .035 .038 .043 .099
6. is reserved* 033 035 .037 .038 .039 .037 .040.045 .052 .045 052 .053 .040 .048
11. is full of energy 039 .037 .040 .039 .044 .032102 .048 .050 .051 .052 .058 .037 .113
16. generates a lot of 040 .035 .037 .038 .045 .032 .095 .043 .050 .044 .047 .054 .040 .120
enthusiasm
21. tends to be quiet 031 .031 .031 .031 .033 .03860 .031 .035 .037 .033 .040 .043 .068
26. has an assertive personalityp35 .034 .037 .034 .039 .033 .100 .042 .046 .050 .052 .055 .041 .113
31. is sometimes shy, inhibited .038 .037 .047 .04046 .044 040 041 .045 .049 .056 .051 .044 .052
36. is outgoing, sociable* 024 024 023 .023 .03D32 .100 .026 .034 .031 .036 .033 .048 .107
giggfsis to find fault with 035 034 .036 .043 .055 .043 054 .044 .047 052 .049 057 .044 .073
Zirirzelpfu' and unselfish with 59 539 040 041 .062 .049 168 .039 .047 038 044 059 .053 .175
12. starts quarrels with others .038 .033 .036 .04@57 .047 .147 .051 .054 .057 .052 .065 .043 .183
17. has a forgiving nature* .037 .035 .037 .041 1.04.041 .079 .043 .042 .042 .047 .054 .057 .111
22. is generally trusting 039 .037 .041 .041 .04039 .104 .042 .042 .049 .048 .056 .051 .128
27. can be cold and aloof 040 .037 .043 .051 .05849 .063 .050 .054 .060 .056 .078 .051 .065
82.is considerate and kind 10 5, 041 041 041 057 .058 .130 .036 .038 .039 .039 .046 054 .145
almost everyone
37.is sometimes rude to others .038 .035 .040 .04%5 .058 .067 .042 .048 .054 .050 .061 .049 .081
gtzrie“rkses tocooperate with 55 538 042 037 042 033 .108 .043 043 048 050 053 .043 .133
3. does a thorough job* 026 .024 025 .028 .02735.0.152 .028 .034 .032 .030 .034 .040 .140
8. can be somewhat careless .042 .043 .039 .0460 .0p36 .044 .045 045 .048 .047 .052 .039 .057
13. is a reliable worker 029 .029 .028 .031 .03037. .189 .034 .037 .036 .036 .043 .047 .204
18. tends to be disorganized*  .031 .035 .033 .03038. .038 .077 .040 .041 .044 .043 051 .044 .085
23. tends to be lazy 039 .046 .043 .046 .049 .03047 .049 051 .052 .056 .057 .041 .063
fziﬁi'sﬁigfveres untilthe taskis o5, 036 035 033 .039 .040 .101 .038 .042 040 039 042 .045 .122
33. does things efficiently* 028 .028 .028 .029350 .035 .139 .035 .038 .037 .035 .043 .043 .164
38. makes plans and follows 35 39 034 035 039 035 .109 .042 .047 .043 045 047 043 126
through with them
43. is easily distracted 038 .046 .035 .046 .04846. .054 .042 .044 .046 .045 .051 .040 .065
4. is depressed, blue* 036 .036 .038 .036 .038 4.03033 .041 .046 .045 .048 .052 .042 .040
9. is relaxed, handles stress weld32 .030 .033 .042 .030 .045 .062 .041 .044 .054 .044 .054 .054 .066
14. can be tense 030 .033 .031 .034 .045 .038 .133044 .043 .045 .043 .049 .049 .133
19. worries a lot 030 .029 .031 .033 .045 .037 9.08 .041 .042 .039 .042 .050 .040 .096
gglsilil i@;’é‘tﬂna"y stable,not 31 030 034 043 034 .048 .056 .043 .041 056 .046 052 060 .060
29. can be moody 039 .038 .039 .045 .052 .037 .076045 .048 .048 .047 .058 .043 .058
gi‘t‘u;fig‘r‘;"s'”s camintense o5 033 035 .045 .038 .041 053 043 050 054 .048 .057 .045 .062
39. gets nervous easily* 029 031 .030 .037 .04R39. .075 042 .042 .040 .040 .052 .047 .073
ﬁé\'; %rggf" comesupwith o35 032 036 032 .036 .031 .095 037 .042 041 .043 046 043 .124
10.is curious aboutmany (45 033 040 040 046 .040 138 .044 051 .051 .051 .052 050 .149
different things
15. is ingenious, a deep thinker®33 .029 .029 .029 .033 .042 .091 .037 .046 .044 .046 .045 .055 .128
20. has an active imagination ~ .032 .033 .030 .03833. .036 .126 .035 .047 .042 .047 .043 .051 .168
25. is inventive 036 .027 031 .028 .031 .049 .093.035 .042 .031 .039 .036 .055 .136
30. values artistic, aesthetic 39 na33 035 036 .040 .034 .121 046 .050 .048 .051 .057 .043 .118
experiences
35. prefers work that is routine*046 .038 .040 .042 .050 .026 .044 .052 .058 .054 .054 .052 .023 .064
%%;;kes toreflect, play with )3 636 034 037 .040 .045 123 042 055 045 045 056 .057 .160
41. has few artistic interests* .037 .035 .033 .03®40 .033 .074 .047 .053 .051 .050 .055 .039 .090
44.is sophisticated inart, 55 431 939 033 .034 .031 .069 044 048 050 .050 .053 .039 .083
music, or literature
Correlation with A .029 .035
Correlation with C .025 .023 .033 .042
Correlation with N .026 .026 .024 .033 .035 .031
Correlation with O 025 .030 .025 .025 032 .041 .031 .031
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Models with Wording Method Factors
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As an alternative approach to specifying correlateiguenesses (CUs) among items
belonging to the same Big Five facet, models witdtding method factors—namely, straight-
and reverse-coded items—were specified, in ordezsibwhether they could also yield an
adequate fit. The results suggest that the fihe$¢ models was only marginally acceptable,

and was worse than for models with CUs.

Model and description X2 df CFlI TLI NFParm

RMSEA

Total group CFA with CUs (as reported in the paper)
TGCFAL1A: no CUs 5879.232 892 .700 .682 142
TGCFA1B: CUs 3715.740 829 .826 .802 205

Total group CFA with method factors
Both method factors,

4036.984 848 .808 .786 186
uncorrelated
Both method factors, correlated 3983.629 847 .811789. 187
Straight items method factor 4569.577 864 T77 .756 170
Reverse items method factor 5308.022 876 773 .712 158

.064
.050

.052
.052
.056
.060

Total group ESEM (as reported in the paper)
TGESEM1A: no CUs 3415.029 736 .839 793 298
TGESEM1B: CUs 1823.265 673 931 .903 361

Total group ESEM with method factors
Both method factors,

2251.764 342 .906 .872 342
uncorrelated
Both method factors, correlated 2261.251 343 906871 . 343
Straight items method factor 2762.233 708 .876 .835 326
Reverse items method factor 2804.187 720 .875 .835 314

.051
.035

.040
.040
.046
.046

Note x? = model chi-square statistic; df = model degredsedom; CFI = comparative fit index; TLI =
Tucker—Lewis index; NFParm = number of free paramsetRMSEA = root-mean-square error of
approximation; CFA = confirmatory factor analysi®)s = a priori correlated uniquenesses based oo

works; ESEM = exploratory structural equation médgl
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Descriptive Statistics for the Big Five Inventorgms (n = 1,836)

Iltem Min Max Mean SD SK KU
bfi0l 1 5 3.66 1.17 -0.61 -0.53
bfi02 1 5 3.15 1.18 0.03 -1.04
bfi03 1 5 4.07 0.97 -0.94 0.32
bfi04 1 5 2.19 1.22 0.63 -0.76
bfi05 1 5 3.59 1.02 -0.46 -0.31
bfi06 1 5 2.40 1.19 0.58 -0.57
bfi07 1 5 4.09 0.90 -1.01 1.02
bfi08 1 5 2.80 1.31 0.23 -1.13
bfi09 1 5 3.09 1.22 -0.03 -1.02
bfi10 1 5 4.06 1.02 -1.02 0.41
bfill 1 5 3.70 1.05 -0.52 -0.39
bfi12 1 5 4.27 1.07 -1.38 0.99
bfi13 1 5 4.28 0.87 -1.24 1.32
bfil4 1 5 3.76 0.99 -0.77 0.29
bfil5 1 5 3.65 1.06 -0.51 -0.36
bfi16 1 5 3.50 1.00 -0.33 -0.18
bfil7 1 5 3.63 1.23 -0.61 -0.63
bfi18 1 5 3.58 1.31 -0.54 -0.90
bfi19 1 5 3.64 1.18 -0.56 -0.61
bfi20 1 5 3.98 0.99 -0.88 0.37
bfi21 1 5 3.26 1.31 -0.17 -1.10
bfi22 1 5 3.70 1.06 -0.66 -0.11
bfi23 1 5 3.02 1.34 0.04 -1.19
bfi24 1 5 2.93 1.23 0.05 -1.00
bfi25 1 5 3.64 1.04 -0.53 -0.27
bfi26 1 5 3.66 1.04 -0.51 -0.35
bfi27 1 5 3.29 1.33 -0.19 -1.16
bfi28 1 5 3.81 1.09 -0.65 -0.37
bfi29 1 5 3.32 1.36 -0.35 -1.12
bfi30 1 5 3.95 1.09 -0.85 -0.04
bfi31 1 5 2.54 1.20 0.56 -0.62
bfi32 1 5 3.91 0.95 -0.73 0.16
bfi33 1 5 3.96 0.85 -0.63 0.20
bfi34 1 5 2.81 1.18 0.24 -0.85
bfi35 1 5 2.98 1.38 0.05 -1.22
bfi36 1 5 3.75 1.13 -0.65 -0.41
bfi37 1 5 3.39 1.17 -0.18 -1.00
bfi38 1 5 3.75 1.01 -0.61 -0.19
bfi39 1 5 3.26 1.21 -0.26 -0.88
bfi40 1 5 3.97 1.01 -0.86 0.24
bfi41 1 5 3.58 1.27 -0.44 -0.91
bfi42 1 5 3.75 1.01 -0.59 -0.13
bfi43 1 5 3.01 1.27 -0.02 -1.08
bfi44 1 5 3.42 1.26 -0.35 -0.90
Min 2.19 0.85 -1.38 -1.22
Median 3.64 1.15 -0.52 -0.47
Max 4.28 1.38 0.63 1.32

Note: Min = Minimum; Max = Maximum; M = mean; SDStandard
Deviation; SK = skewness; KU = Kurtosis



Supplementary material for the paper Testing the factor structure and
measurement invariance across gender of the Big Five I nventory through
Exploratory Structural Equation Modeling

SM 01
Methodological Issues of Measurement Invariance

Measurement invariance across gender was testaaptina 13-model taxonomy of invariance tests
that integrates factor and measurement invariaaciions (Marsh et al., 2009). Following
Meredith (1993), the sequence of invariance tediggjns with a model of ‘configural’ invariance:
that is, with no invariance of parameter estimatést is, all parameters are freely estimated, such
that only similarity in the overall pattern of paraters is evaluated. Since this model does not
require any estimated parameters to be the samadt an actual invariance model, but its fit mus
be evaluated in order to provide both a test ofathibty of the a priori model to fit the data iaah
group without invariance constraints, and a basdti comparing other models that impose
equality constraints on the parameter estimatesagroups. The next step in invariance testing is
to test a ‘weak’ measurement invariance model. Tégsires that factor loadings be invariant over
groups. In fact, Byrne, Shavelson, and Muthén (198% suggest testingartial invariance
modelswhere, based on post-hoc modification indexes espanameter estimates (e.g., factor
loadings) are not constrained to be invariant.

If indicator means (i.e., the intercepts of resgamto individual items) are also constrained
to be equal across groups, then a ‘strong’ measnmemvariance model is specified. If such model
fits, factor loadings and item intercepts are iratrover groups, then changes in the latent factor
means can reasonably be interpreted as chandas liatént constructs, since they are corrected for
measurement error. The invariance of item intescepa critical issue, since it is an implicit
assumption in the comparison of latent and mangesip means, but it has often been ignored and
left untested in Big Five research (for a reviewl ardiscussion, see e.g., Marsh et al., 2010).

A finding in support of the invariance of item intepts would entail that gender differences
in latent scores based on each of the items carsideparately were reasonably consistent in
terms of magnitude as well as direction. A lacknefriance in item intercepts would mean that the
latent group differences were not consistent adits#ems used to represent a latent factor on a
particular scale (the so-called 'differential itemctioning'), and would provide no basis for the
generalizability of the results across a wider arate diverse set of items representing the trait
(Marsh, Nagengast & Morin, 2012). Supplementaryéviat SM02 demonstrates that the sample at
hand afforded sufficient statistical power (i.80).to test this model. Besides, factor loadings an
item intercept invariance are necessary but ndicgerit conditions for testinghanifestgroup mean
differences, which also require invariance of it@niquenesses. The presence of differences in
reliability (as represented or absorbed in the itemguenesses) across groups could in fact distort
mean differences on the observed scores. A modetpecifies the invariance of item
uniquenesses is referred to as a ‘strict’ invagamodel.

The invariance of the factor variance-covariancé&rima not a prior focus of measurement
invariance, but it is often crucial in studies lo¢ invariance of covariance structures. Specifycéill
is an important focus in studies that investightediscriminant validity of multidimensional
constructs that might subsequently be extendeactade relations with other constructs. Typically,
the comparison of correlations among FFA factorssscgroups is based on manifest scores that do
not control for measurement error and that makdiampnvariance assumptions that are rarely
tested.

Recently, Marsh et al. (2009) expanded this measent invariance tradition, suggesting a
taxonomy of 13 partially nested models. Models faoyn the least restrictive model of configural
invariance to a model of complete invariance ttueits strict invariance, together with invariance



of the latent means and of the factor variance{canee matrix (see Table 1 in the text and Marsh
et al., 2009 for a more extended discussion oftiesies).

Essentially, all models except configural invariariodel 1) assume the invariance of
factor loadings, but the invariance of indicatorquenesses, for example, can be tested with or
without the invariance of item intercepts. Howevemust be noted that models with freely
estimated indicator intercepts and freely estiméezht means are not identified. Hence, when
intercepts are freely estimated, the latent meem$xeed to be zero. In models that allow the
estimation of differences in latent means, as enxpthby Sérbom (1974), it is not possible to
estimate the latent means in both groups. Henedatbnt means are constrained to be zero in one
group and are freely estimated in the second gritngpmeans that the freely estimated latent mean,
and its statistical significance, reflects the eliéinces between the two groups.

Models of measurement invariance typically aresstithin a CFA framework. In this
study we used tests of measurement invariancegareter on the basis of a taxonomy of
invariance tests within an ESEM framework.
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SM02

Simulation Study for the Multiple Group ESEM witeddurement Invariance of Intercepts and
Factor Loadings

Although the samples used in this study can beideresd adequately large (856 female and 530
male participants), we tested whether or not ilcttwe considered adequate for testing the
measurement invariance of intercepts and factalihgg using the procedure described in Muthén
and Muthén (2002). The method relies on Monte Csirtaulations in which data are generated
from a population with hypothesized parameter \&lden thousand samples are drawn, and a
model is estimated for each sample. Parameter valoe standard errors are averaged over the
samples and the following criteria are examinedapeter estimate bias, standard error bias, and
coverage. In this case we followed the guidelimesigded by theMplus User’s GuidéMuthén &
Muthén, 1998-2010), Example 12.12, with the follogvsettings for starting values:

.80 for target loadings in both groups

.00 for cross-loadings in both groups

3.00 for intercepts in both groups

1.00 for factor variances in one group and 1.5Géother
.20 for factor correlations in one group and .5¢hm other
.60 for uniquenesses in one group and .80 in therot
.00 for factor means in one group and .20 in theot

Muthén and Muthén (2002) suggest considering,fastacriterion, that parameter and standard
error biases do not exceed 10% for any parameteeimodel. The second criterion is that the
standard error bias for the parameter for whichgraw being assessed does not exceed 5% (in this
case we focused on factor means). The third aitaes that coverage remains between .91 and .98.
Once these three conditions are satisfied, the lgasige is chosen to keep power close to 0.80, a
commonly accepted value for sufficient power. Im m@search the highest parameter bias was
6.54%, the highest standard error bias being 2.G0086 for factor means); the coverage varied
between .934 and .961. Hence, we can concludehiatample we used afforded sufficient
statistical power.

Muthén, B. & Muthén, L. (2002). How to use a Mofarlo study to decide on sample size and
determine powelStructural Equation Modeling,,4$99-620.

Muthén, L. K., & Muthén, B. (1998-2010YIplus user’s guideLos Angeles, CA: Muthén &
Muthén.
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Standard Errors for Factor Loadings and Factor Celations in Table 1

CFA solution ESEM solution
Item E A C N (0] E A C N (0]
1. is talkative .033 - - - - .025 025 .021 .021 .023
6. is reserved* .047 - - - - .031 .031 .027 .028 .028
11. is full of energy .035 - - - - .032 .034 .029 .029 .031
16. generates a lot of enthusiasm .026- - - - .030 .034 .027 .027 .032
21. tends to be quiet .035 - - - - .026 .024 .021 .023 .023
26. has an assertive personality* .035 - - - - .032 .031 .026 .027 .028
31. is sometimes shy, inhibited .037 - - - - .041 .033 .026 .031 .030
36. is outgoing, sociable* .032 - - - - .020 .023 .018 .018 .021
2. tends to find fault with others* - .086 - - - .028 .041 .026 .030 .029
7. is helpful and unselfish with others - .097 - - - .030 .042 .026 .027 .029
12. starts quarrels with others - .092 - - - .029 .047 .028 .031 .033
17. has a forgiving nature* - .037 - - - .029 .032 .026 .028 .029
22.is generally trusting - .044 - - - .031 .038 .028 .031 .029
27. can be cold and aloof - .065 - - - .033 .047 .029 .035 .033
32. is considerate and kind to almost everyone - .072 - - - .030 .041 .027 .028 .025
37. is sometimes rude to others - .073 - - - .032 .046 .027 .033 .031
42. likes to cooperate with others - .070 - - - .033 .033 .028 .029 .029
3. does a thorough job* - - .018 - - .019 .020 .018 .020 .020
8. can be somewhat careless - - .029 - - .029 035 .031 .032 .030
13. is a reliable worker - - .021 - - .022 .027 .023 .023 .023
18. tends to be disorganized* - - .026 - - .026 .029 .026 .027 .025
23. tends to be lazy - - .030 - - .035 .036 .035 .033 .031
28. perseveres until the task is finished* - - .026 - - .025 .027 .027 .024 .025
33. does things efficiently* - - 021 - - .022 .027 .022 .022 .023
38. makes plans and follows through with them - - .024 - - .027 029 .026 .025 .027
43. is easily distracted - - .031 - - .027 .034 .034 .031 .029
4. is depressed, blue* - - - .027 - .029 .030 .027 .027 .029
9. is relaxed, handles stress well - - - .026 - .026 .027 .024 .032 .025
14. can be tense - - - .027 - 025 .032 .026 .025 .025
19. worries a lot - - - .032 - .025 .032 .024 .027 .025
24. is emotionally stable, not easily upset* - - - .023 - .027 .028 .024 .031 .025
29. can be moody - - - .032 - .029 .038 .028 .030 .030
34. remains calm in tense situations - - - .028 - .027 .031 .025 .033 .029
39. gets nervous easily* - - - .031 - .023 .033 .025 .027 .023
5. is original, comes up with new ideas* - - - - .021 .028 .029 .024 .024 .026
10. is curious about many different things - - - - .029 .030 .032 .028 .030 .033
15. is ingenious, a deep thinker* - - - - .030 .025 .026 .022 .024 .030
20. has an active imagination - - - - .024 .025 .025 .023 .024 .025
25. is inventive - - - - .021 .025 .023 .021 .020 .029
30. values artistic, aesthetic experiences - - - - .031 .028 .033 .027 .028 .031
35. prefers work that is routine* - - - - .036 .032 .034 .030 .032 .040
40. likes to reflect, play with ideas - - - - .035 .027 .032 .027 .027 .036
41. has few artistic interests* - - - - .029 .028 .031 .028 .029 .032
44. is sophisticated in art, music, or literature - - - - .027 .026 .029 .025 .027 .028
Correlation with A .106 .022
Correlation with C .045 .044 .020 .019
Correlation with N .042 .073 .037 .022 .021 .019
Correlation with O .042 .065 .034 .035 .020 .024 .020 .020

Note: E = Extraversion, A = Agreeableness; C = Cmmiousness, N = Neuroticism, O = Openness
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Standard Errors for Latent Mean Differences Codfits in Table 2

E A C N o

MG5: FL + Int IN - Strong factorial/measurement IN .063 .073 .058 .070 .065
MG5A: MG5 with CUs .064 .074 .057 .072 .065
MG5B: MG5 with CUs IN .064 .073 .058 .073 .064

MG?7: FL + Int + Uniq IN - Strict factorial/measuremt IN  .062 .071 .058 .069 .064

MG7A: MG7 with CUs .062 .071 .057 .072 .065
MG7B: MG7 with CUs IN .063 .071 .057 .072 .065
MG8: FL + FVCV + Int IN .063 .073 .063 .065 .064
MG8A: MG8 with CUs .065 .073 .063 .068 .063
MG8B: MG8 with CUs IN .065 .073 .063 .068 .063
MG9: FL + FVCV +int + Unig IN .063 .073 .063 .065 .064
MGOYA: MG9 with CUs .065 .073 .063 .068 .063
MG9B: MG9 with CUs IN .065 .073 .063 .068 .064

Note: E = Extraversion, A = Agreeableness; C = €Cmmiousness, N = Neuroticism, O = Openness; M@uitiple group; FL = factor loadings;
Inter = item intercepts; CUs = correlated uniqueeesUniq = item uniquenesses (error variancesy, iftNariance
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Exploratory Structural Equation Modeling StandastizFactor Loadings, Uniquenesses, Intercepts and
Factor Correlations Based on Responses to the Big Faventory in Females (n = 856) and Males (n =
530) from the Configural Invariance Model (see MAaB able 3)

Females Males
Item E A C N O Uniq Int E A C N O Unig Int
1. is talkative 67 -04 01 -07 .07 .53 330 66 .08 -01 -09 .00 .55 29
6. is reserved* b1 -07 -19 -12 -11 .72 206 39 -01 -25 -03 -08 .81 195
11. is full of energy 41 06 21 20 .16 .63 358 36 -01 29 .18 .17 .64 353
16. generates a lot of enthusiasm .52 .05 .04 .10 .26 .57 345 49 17 07 02 16 .63 364
21. tends to be quiet .61 -02 -02 -02 -03 64 257 .70 -02 -05 .01 -09 .54 237

26. has an assertive personality* .52 -05 .22 .16 .25 47 353 45 -04 23 17 22 56 351
31. is sometimes shy, inhibited 47 -15 -04 21 -06 .72 210 40 -06 .06 28 -.04 .74 214
36. is outgoing, sociable* .81 11 05 .01 .01 .30 351 .81 .05 -08 -01 .08 .31 3.06
2. tends to find fault with others*  -11 .44 -04 26 .02 .73 263 -16 .35 .01 21 -14 .79 273
7.is helpful and unselfish with others1l3 .47 .17 -17 .08 .68 5.10 19 48 08 -12 .17 .65 4.00

12. starts quarrels with others -19 48 02 15 -11 71 39% -15 .32 -02 .13 -05 .86 407
17. has a forgiving nature* 0150 -14 01 .06 .74 293 -07 53 -12 .03 .01 .72 302
22. is generally trusting .02 .44 -02 -07 -04 81 352 -05 45 -04 10 -07 .79 350
27. can be cold and aloof 27 .40 -08 -06 -08 .77 262 14 31 -17 -09 -10 .8 233

82.is considerate and kind to aimostyg 53 15 06 00 63 438 .06 62 .13 -09 03 57 380
everyone ==

37.is sometimes rude to others  -13 .51 .03 .15 -04 69 29 -03 41 .07 20 -14 .76 283
42. likes to cooperate with others .37 31 -01 .08 .04 .74 382 28 40 .04 05 .02 .72 362

3. does a thorough job* -01.06 .74 .00 .03 4 451 .03 .03 .79 -01 -05 .39 383
8. can be somewhat careless -07 -041 .19 -10 .78 215 -02 -02 42 .19 -08 .76 218
13. is a reliable worker .04 .14 73 -08 .01 .42 497 .00 09 73 -14 -02 47 48
18. tends to be disorganized* -01 -0A7 11 -13 65 284 -03 -07 .60 .10 -01 .62 260
23. tends to be lazy 15 .07 33 .13 -03 82 222 J2 -09 39 20 .03 .75 231
28 perseveresuntithe taskis s 07 59 -03 .00 60 350 -05 -01 65 07 14 52 341
33. does things efficiently* .05 .12 .70 -02 .10 .44 486 02 15 71 -03 .10 .43 438
38 makesplansandfollows through,, o3 59 03 .12 50 384 03 05 58 .1 16 56 354
43. is easily distracted -10 -06 53 .26 -.04 .62 240 03 -01 51 .21 -01 .66 234
4. is depressed, blue* 23 10 .01 46 -12 69 301 26 -02 .05 52 -02 .63 338
9. is relaxed, handles stress well .0612 .07 .61 .03 .57 225 10 .10 .05 55 .03 .64 269
14. can be tense .01.0 -11 .61 -01 .63 222 -02 15 -09 58 -07 .64 240
19. worries a lot .04 -13 -10 58 -02 66 19 -04 -13 -13 55 .03 .71 211
e oonaly sEblenoteasl o g 11 61 04 57 240 03 08 09 56 06 65 274
29. can be moody -07.19 .08 .42 -02 .76 1.89 01 11 .07 4 -15 .76 220
34. remains calm in tense situations .02 .026 .49 .15 67 255 -05 .06 22 45 .11 .69 3.09
39. gets nervous easily* -.01-16 -05 56 .03 .68 217 -01 -10 -14 61 .05 .64 251
%;Z;”g'”a" comesupwithnew — ,, 67 03 11 61 48 349 17 03 11 05 58 54 357
tlhoihgscu”ous aboutmany different ;5 15 05 48 66 413 .12 -02 -02 06 53 .68 377
15. is ingenious, a deep thinker* -03 -033 -03 .67 .52 340 -08 -01 .05 -05.64 59 350
20. has an active imagination .09 .07 -02 -12 .60 .60 4.04 12 05 -04 -07 .62 57 4.03
25. is inventive .09 -06 .00 .12 .76 .37 346 11 -07 06 11 .79 .30 359

30. values artistic, aesthetic

. 01 .14 .03 -15 44 .76 3.88 .03 19 -04 -11 .46 .73 336
experiences — —_
35. prefers work that is routine* -01 -0708 .09 .27 .92 213 .03 -08 .01 .03 .20 .95 223
40. likes to reflect, play with ideas -14 .04 .04 -05 55 .70 4.00 -06 .08 .03 -06 .55 .69 387
41. has few artistic interests* -01 .0508 .01 46 .79 292 -01 .10 -10 .02 38 .84 270
44. s sophisticated in art, music, of_o, o5 _0g .04 52 73 277 .04 18 -07 -08 42 77 267
literature = —
Correlation with A .06 .10
Correlation with C A1 13 .07 .07
Correlation with N -11 -07 -.15 -11 -.06 -.19
Correlation with O 20 .05 .14 -.03 22 .07 .14 .00

Note.E = Extraversion, A = Agreeableness; C = Consinashess, N = Neuroticism, O = Openness; Uniq gUemess; Int = Intercept. Items with
an * are reverse-coded items. Bolded coefficiergsstatistically different from zerg & .05); underlined coefficients in the ESEM sajutare target
loadings.



Exploratory Structural Equation Modeling Standardds for Standardized Factor Loadings,

Uniquenesses, Intercepts and Factor CorrelationseéBizon Responses to the Big Five Inventory in Fesnal

(n = 856) and Males (n = 530) from the Configuralariance Model (see MG1B in Table 3)

Females Males
Item E A C N (0] Unig Int E A C N @) Uniq Int
1. is talkative 029 028 .030 .027 .033 .039 .092.032 .037 .036 .035 .038 .043 .099
6. is reserved* 033 .035 .037 .038 .039 .037 .040.045 .052 .045 052 .053 .040 .048
11. is full of energy 039 .037 .040 .039 .044 032102 .048 .050 .051 .052 .058 .037 .113
égihguesr;:;?rt,es a lot of 040 .035 .037 .038 .045 .032 .095 .043 .050 .044 .047 .054 .040 .120
21. tends to be quiet 031 .031 .031 .031 .033 .03660 .031 .035 .037 .033 .040 .043 .068
26. has an assertive personalityp35 .034 .037 .034 .039 .033 .100 .042 .046 .050 .052 .055 .041 .113
31. is sometimes shy, inhibited .038 .037 .047 .04046 .044 .040 .041 .045 .049 .056 .051 .044 .052
36. is outgoing, sociable* 024 024 023 .023 .03D32 .100 .026 .034 .031 .036 .033 .048 .107
gigz?gs to find fault with 035 034 .036 .043 .055 .043 .054 .044 .047 052 .049 .057 .044 .073
Zir:zgelpfu' and unseffish with 559 039 040 041 062 .049 168 039 .047 038 .044 059 .053 .175
12. starts quarrels with others .038 .033 .036 .04@57 .047 .147 .051 .054 .057 .052 .065 .043 .183
17. has a forgiving nature* .037 .035 .037 .041 1.04.041 .079 .043 .042 .042 .047 .054 .057 .111
22. is generally trusting .039 .037 .041 .041 .04®39 .104 .042 .042 .049 .048 .056 .051 .128
27. can be cold and aloof 040 .037 .043 .051 .05849 .063 .050 .054 .060 .056 .078 .051 .065
32.is considerate and kindt0 3, 041 041 041 057 .058 .130 .036 .038 .039 .039 .046 .054 .145
almost everyone
37. is sometimes rude to others .038 .035 .040 .04®5 .058 .067 .042 .048 .054 .050 .061 .049 .081
g;{"-ﬁ;'r';es tocooperate with 55 538 042 037 .042 .033 .108 .043 043 048 050 .053 .043 .133
3. does a thorough job* 026 .024 .025 .028 .02735.0.152 .028 .034 .032 .030 .034 .040 .140
8. can be somewhat careless .042 .043 .039 .0460 .0b36 .044 .045 .045 .048 .047 .052 .039 .057
13. is a reliable worker 029 029 .028 .031 .03H37. .189 .034 .037 .036 .036 .043 .047 .204
18. tends to be disorganized*  .031 .035 .033 .03038. .038 .077 .040 .041 .044 .043 051 .044 .085
23. tends to be lazy 039 .046 .043 .046 .049 03047 .049 051 .052 .056 .057 .041 .063
ﬁgi'sﬁee:jsfveres untilthe taskis oo, 036 035 033 .039 .040 .101 .038 .042 .040 .039 .042 .045 .122
33. does things efficiently* 028 .028 .028 .029350 .035 .139 .035 .038 .037 .035 .043 .043 .164
38. makes plans and follows 35 131 0314 035 039 035 .109 042 047 .043 .045 047 043 .126
through with them
43. is easily distracted 038 .046 .035 .046 .04846. .054 042 .044 .046 .045 .051 .040 .065
4. is depressed, blue* 036 .036 .038 .036 .038 4.03033 .041 .046 .045 .048 .052 .042 .040
9. is relaxed, handles stress weD32 .030 .033 .042 .030 .045 .062 .041 .044 .054 044 054 054 .066
14. can be tense 030 .033 .031 .034 .045 .038 .133044 .043 .045 .043 .049 049 .133
19. worries a lot 030 .029 .031 .033 .045 .037 9.08 .041 .042 .039 .042 .050 .040 .096
gg'si'il irggé'gna"y stable,not 31 030 034 043 034 .048 .056 .043 .041 .056 .046 052 .060 .060
29. can be moody 039 .038 .039 .045 .052 .037 .076045 .048 .048 .047 .058 .043 .058
g’i‘t‘(];figf‘s'“s camintense o5 033 035 .045 .038 .041 053 043 050 054 .048 057 .045 .062
39. gets nervous easily* 029 .031 .030 .037 .04R39. .075 .042 .042 .040 .040 .052 .047 .073
ﬁ'e\'; i‘fjr('il”s‘f" comesupwith o35 032 036 .032 .036 .031 095 037 .042 041 .043 046 .043 .124
10.is curious aboutmany 45 o33 040 040 046 .040 138 .044 051 051 .051 .052 .050 .149
different things
15. is ingenious, a deep thinker®33 .029 .029 .029 .033 .042 .091 .037 .046 .044 .046 .045 .055 .128
20. has an active imagination .032 .033 .030 .03333. .036 .126 .035 .047 .042 .047 .043 .051 .168
25. is inventive 036 .027 031 .028 .031 .049 .093.035 .042 .031 .039 .036 .055 .136
30. values artistic, aesthetic 59 ha3 035 036 .040 .034 .121 046 .050 .048 .051 .057 .043 .118
experiences
35. prefers work that is routine*046 .038 .040 .042 .050 .026 .044 .052 .058 .054 .054 .052 .023 .064
i‘:j%;'skes toreflect play with 45 636 034 037 .040 .045 123 .042 055 045 045 .056 .057 .160
41. has few artistic interests* .037 .035 .033 .03®40 .033 .074 .047 .053 .051 .050 .055 .039 .090
44.is sophisticated inart, 5545 537 030 033 .034 031 069 .044 048 050 050 .053 .039 .083

music, or literature

Correlation with A .029 .035
Correlation with C .025 .023 .033 .042
Correlation with N .026 .026 .024 .033 .035 .031

Correlation with O .025 .030 .025 .025 .032 .041 .031 .031




SMO06
Modelswith Wording M ethod Factors

As an alternative approach to specifying correlateduenesses (CUs) among items belonging to
the same Big Five facet, models with wording metfamtiors—namely, straight- and reverse-coded
items—were specified, in order to test whether ttayld also yield an adequate fit. The results
suggest that the fit of these models was only matlyi acceptable, and was worse than for models
with CUs.

Model and description X df CFlI TLI NFParm RMSEA

Total group CFA with CUs (as reported in the paper)
TGCFAL1A: no CUs 5879.232 892 .700 .682 142 .064
TGCFAL1B: CUs 3715.740 829 .826 .802 205 .050

Total group CFA with method factors
Both method factors,

4036.984 848 .808 .786 186 .052
uncorrelated
Both method factors, correlated 3983.629 847 .811789. 187 .052
Straight items method factor 4569.577 864 T77 .756 170 .056
Reverse items method factor 5308.022 876 773 .712 158 .060

Total group ESEM (as reported in the paper)
TGESEM1A: no CUs 3415.029 736 .839 793 298 .051
TGESEMI1B: CUs 1823.265 673 931 .903 361 .035

Total group ESEM with method factors
Both method factors,

2251.764 342 .906 .872 342 .040
uncorrelated
Both method factors, correlated 2261.251 343 .906871. 343 .040
Straight items method factor 2762.233 708 .876 .835 326 .046
Reverse items method factor 2804.187 720 .875 .835 314 .046

Note x* = model chi-square statistic; df = model degrddfse@dom; CFI = comparative fit index; TLI = Tuakéewis
index; NFParm = number of free parameters; RMSEAct-mean-square error of approximation; CFA = gomdtory
factor analysis; CUs = a priori correlated uniquesas based on previous works; ESEM = exploratougtsiral
equation modelling.



SMO7

Descriptive Statistics for the Big Five Inventotgrhs (n = 1,836)

ltem Min Max Mean SD SK KU
bfi01 1 5 3.66 1.17 -0.61 -0.53
bfi02 1 5 3.15 1.18 0.03 -1.04
bfi03 1 5 4.07 0.97 -0.94 0.32
bfi04 1 5 2.19 1.22 0.63 -0.76
bfi05 1 5 3.59 1.02 -0.46 -0.31
bfi06 1 5 2.40 1.19 0.58 -0.57
bfi07 1 5 4.09 0.90 -1.01 1.02
bfi08 1 5 2.80 1.31 0.23 -1.13
bfi09 1 5 3.09 1.22 -0.03 -1.02
bfi10 1 5 4.06 1.02 -1.02 0.41
bfill 1 5 3.70 1.05 -0.52 -0.39
bfi12 1 5 4.27 1.07 -1.38 0.99
bfil3 1 5 4.28 0.87 -1.24 1.32
bfil4 1 5 3.76 0.99 -0.77 0.29
bfi15 1 5 3.65 1.06 -0.51 -0.36
bfi16 1 5 3.50 1.00 -0.33 -0.18
bfi17 1 5 3.63 1.23 -0.61 -0.63
bfi18 1 5 3.58 1.31 -0.54 -0.90
bfi19 1 5 3.64 1.18 -0.56 -0.61
bfi20 1 5 3.98 0.99 -0.88 0.37
bfi21 1 5 3.26 1.31 -0.17 -1.10
bfi22 1 5 3.70 1.06 -0.66 -0.11
bfi23 1 5 3.02 1.34 0.04 -1.19
bfi24 1 5 2.93 1.23 0.05 -1.00
bfi25 1 5 3.64 1.04 -0.53 -0.27
bfi26 1 5 3.66 1.04 -0.51 -0.35
bfi27 1 5 3.29 1.33 -0.19 -1.16
bfi28 1 5 3.81 1.09 -0.65 -0.37
bfi29 1 5 3.32 1.36 -0.35 -1.12
bfi30 1 5 3.95 1.09 -0.85 -0.04
bfi31 1 5 2.54 1.20 0.56 -0.62
bfi32 1 5 3.91 0.95 -0.73 0.16
bfi33 1 5 3.96 0.85 -0.63 0.20
bfi34 1 5 2.81 1.18 0.24 -0.85
bfi35 1 5 2.98 1.38 0.05 -1.22
bfi36 1 5 3.75 1.13 -0.65 -0.41
bfi37 1 5 3.39 1.17 -0.18 -1.00
bfi38 1 5 3.75 1.01 -0.61 -0.19
bfi39 1 5 3.26 1.21 -0.26 -0.88
bfi40 1 5 3.97 1.01 -0.86 0.24
bfi41 1 5 3.58 1.27 -0.44 -0.91
bfi42 1 5 3.75 1.01 -0.59 -0.13
bfi43 1 5 3.01 1.27 -0.02 -1.08
bfid4 1 5 3.42 1.26 -0.35 -0.90
Min 2.19 0.85 -1.38 -1.22
Median 3.64 1.15 -0.52 -0.47
Max 4.28 1.38 0.63 1.32

Note: Min = Minimum; Max = Maximum; M = mean; SDStandard Deviation; SK
= skewness; KU = Kurtosis
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