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a b s t r a c t
The poor performance of ﬁve-factor personality inventories in conﬁrmatory factor analyses (CFAs)
prompted some to question their construct validity. Others doubted the CFA’s suitability and suggested
applying Exploratory Structural Equation Modeling (ESEM). The question arises as to what impact the
application of either method has on the construct validity of personality inventories. We addressed this
question by applying ESEM and CFA to construct better-ﬁtting, though more complex models based on
data from two questionnaires (NEO PI-R and 16PF). Generally, scores derived from either method did
not differ substantially. When applying ESEM, convergent validity declined but discriminant validity
improved. When applying CFA, convergent and discriminant validity decreased. We conclude that using
current personality questionnaires that utilize a simple structure is appropriate.
Ó 2013 Elsevier Inc. All rights reserved.

1. Introduction
Researchers who investigate normal adult personality have
reached a consensus on ﬁve broad factors, often called the ‘Big Five’
(Goldberg, 1990), and on their conceptual deﬁnitions (Digman,
1990; McCrae & Costa, 1999; Norman, 1963). These factors are
known as Neuroticism, Extraversion, Openness, Agreeableness,
and Conscientiousness, although other terms are used as well. This
general consensus has allowed for cumulative research and metaanalyses of important aspects of the construct, including the development of personality over an individual’s lifespan (Judge, Higgins,
Thoresen, & Barrick, 1999; Terracciano, McCrae, & Costa, 2010), differences between groups (Goldberg, Sweeney, Merenda, & Hughes,
1998; Schmitt, Realo, Voracek, & Allik, 2008), the existence of a
general factor of personality (Musek, 2007; van der Linden, te Nijenhuis, & Bakker, 2010), a prediction of external criteria (Grucza
& Goldberg, 2007; Hurtz & Donovan, 2000), and many more. In research and practice, personality is predominantly assessed using
self-report questionnaires. Many of these questionnaires contain
items that contribute to one of many ﬁrst-order scales that are
combined to represent the Big Five factors.
The internal structure of personality, i.e., the assignment of subscales to the ﬁve factors, has commonly been examined using an
exploratory factor analysis (EFA; Aluja, Rossier, Garcia, & Verardi,
2005; Cattell & Cattell, 1995; Costa & McCrae, 1992b). This
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assignment is extremely important because it forms the basis for
obtaining scores for the higher-order personality factors. In general, a simple structure (Thurstone, 1947) where each ﬁrst-order
scale is uniquely assigned to only one of the Big Five factors is assumed to be appropriate.
As in many other research areas in which constructs are assessed using self-report questionnaires, CFAs were eventually applied to personality data. The results of these studies were
largely discouraging. The CFA model ﬁt indices frequently exceeded proposed cut-off values for acceptable model ﬁts and,
based on CFA standards, did not conﬁrm the simple structure
(Church & Burke, 1994; Hopwood & Donnellan, 2010; McCrae, Zonderman, Costa, Bond, & Paunonen, 1996; Vassend & Skrondal,
2011). Several cross loadings (i.e., links between ﬁrst-order scales
and factors other than the originally postulated higher-order personality factors) usually needed to be included in the model to
achieve an acceptable ﬁt. The more complex models, however,
were difﬁcult to interpret and often displayed less of a good ﬁt in
cross-validation samples (e.g., Church & Burke, 1994; Hopwood &
Donnellan, 2010).
This has raised concerns if the currently proposed composition
of the broad factors provides an adequate assessment of an individual’s personality. These higher-order scores are commonly used in
research studies and in practical applications of personality instruments. Thus, conﬁdence is required regarding the suitability of the
Big Five factors as a ‘common language’ for describing personality.
Adding additional cross loadings as suggested by CFA also changes
the meaning of the observed scores. Subsequently, one must
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question how the construct validity of personality instruments is
affected when subscales contribute to more than one broad factor.
In the present study we address these concerns in two ways:
First, we determine the ‘change of scores’ which – in this examination – refers to a difference in the relative position of an individual
within a sample on the trait continuum measured as the correlation between the original scores and scores obtained after incorporating the CFA cross loadings. Second, we examine the impact on
the instruments’ construct validity resulting from the modiﬁed
models.
To complement our investigation and consider more recent
trends in factor analysis, we also apply Exploratory Structural
Equation Modeling (ESEM; Asparouhov & Muthen, 2009), a method
that integrates CFA and EFA. ESEM is less restrictive than CFA as it
does not constrain the non-target loadings to be zero. In difference
to CFA, in ESEM a model can be speciﬁed only with regard to the
number of factors. Further restrictions can be added and tested
using chi-square difference tests. In difference to EFA, ESEM provides typical CFA parameters, such as standard errors and goodness
of ﬁt statistics as well as the possibility to test for measurement
invariance between groups and across time (Asparouhov &
Muthen, 2009). Due to these possibilities and advantages of ESEM,
it has been promoted to be applied in the psychometric evaluation
of psychological instruments (Marsh, Liem, Martin, Morin, &
Nagengast, 2011).
We applied a CFA and ESEM to data from 620 respondents who
completed two established personality questionnaires (the NEO PIR and the 16PF questionnaire). Using two different sets of modiﬁcation criteria to determine cross loadings when conducting the
CFA, we generated two more complex models for each instrument.
We computed scores based on these modiﬁed CFA models using
two different approaches: (a) we applied the scoring rules for the
instrument provided in the respective test manual but added the
additional subscales, as identiﬁed in the CFA and (b) we used the
factor scores obtained from the respective modiﬁed CFA model.
The ﬁrst approach mirrors current usage in research, in which
manifest, rather than latent, Big Five scores are employed (Barrick
& Mount, 1996; Grucza & Goldberg, 2007; Hurtz & Donovan, 2000;
Salgado, 2003). The second approach uses scores that correspond
more directly with the CFA models. With regard to the application
of ESEM, we used the factor scores obtained from applying the
method from both instruments.
To assess the relative score changes, we computed correlations
between scores from the original model and the scores obtained
from the CFA and ESEM models. The results of this analysis support
a more nuanced discussion of the discrepancy between current
personality theories and the more complex model of personality,
as suggested by the CFA. Applying ESEM offers further insight into
how Big Five scores based on a more recent factor-analytical
method.
To determine the impact on the questionnaires’ construct validity, we applied the multitrait–multimethod (MTMM) approach,
which was developed by Campbell and Fiske (1959), to the original
model as well as the models proposed by CFA and ESEM. A comparison of the MTMM results across the models showed the extent to
which the relationships within and between the ﬁve factors of both
instruments changed as one moved from a simple to a more complex structure, thus determining changes in the convergent and
discriminant validity.
Previous studies have focused mainly on investigating the congruence between results obtained from the EFA and CFA of an
instrument without examining the impact of the observed discrepancies on scale scores and construct validity beyond the internal
structure (e.g., Aluja, Blanch, & Garcia, 2005; Borkenau & Ostendorf, 1990; McCrae et al., 1996). In other studies, CFAs were applied to several instruments, but it was not determined how the

relationships between the constructs were affected by changes in
the model proposed by the CFAs (e.g., Church & Burke, 1994;
Hopwood & Donnellan, 2010). In our study, we address those gaps
by determining how the scores of and the relationships between
personality scales change when the internal structure is more complex, as suggested by CFA. As a result, we extend the examination
of construct validity beyond the internal structure to focus on
changes in the convergent and discriminant validity within and
across the two instruments. The study thus follows a suggestion
made, among others, by Hopwood and Donnellan (2010) that
‘‘there is a need to document that misspeciﬁcations have practical
or substantive consequences beyond simply contributing to model
misﬁt’’ (p. 343).
Considering the complexities and difﬁculties in identifying the
correct model in CFA based on modiﬁcation indices and other model assessment criteria (Fan & Sivo, 2007; MacCallum, Roznowski, &
Necowitz, 1992), we do not aim at determining the ‘‘true’’ model of
personality. Instead, we provide an empirical illustration, i.e., to
demonstrate by way of example the impact that this added complexity would have on scores and construct validity. By also applying ESEM to both instruments, we shed light on how this more
recent but increasingly used method may affect the resulting factor
scores and subsequently the instruments’ construct validity.

2. Method
2.1. Measures
The data from two hierarchical self-report personality instruments were used in this study:
(1) Cattell’s 16 Personality Factor Questionnaire, 5th Edition
(16PF, Conn & Rieke, 1994) consists of 185 items with a
three-choice response format that measures 16 primary factors. The 15 non-cognitive factors are then combined into
ﬁve factors, commonly called ‘global factors’.
(2) The Revised NEO Personality Inventory (NEO-PI-R, Costa &
McCrae, 1992b) comprises 240 items with a ﬁve-point Likert
response format. It assesses 30 facets of personality that are
used to compute ﬁve higher-level domain scores.
The 16PF and the NEO-PI-R differ in that the ﬁrst-order level of
personality is described with 15 and 30 scales, respectively. An
alignment exists, however, between the second-order level, where
there is a NEO domain counterpart for each 16PF global factor. The
counterparts for both instruments are 16PF-Extraversion and
NEO-Extraversion, 16PF-Anxiety and NEO-Neuroticism, 16PFSelf-Control and NEO-Conscientiousness, 16PF-Independence and
NEO-Agreeableness and, ﬁnally, 16PF-Tough-Mindedness and
NEO-Openness (Cattell & Mead, 2008). The last two pairs are
deﬁned in the opposite direction.
Different views exist on when to consider a psychometric questionnaire a ‘‘Big Five Instrument’’. We follow a deﬁnition by McCrae and John (1992): ‘‘The ﬁve-factor model of personality is a
hierarchical organization of personality traits in terms of ﬁve basic
dimensions’’ (p. 175) which applies to the NEO PI-R as well as the
16PF. These two Big Five instruments were included in this study
because they differ profoundly in their development and in the approach to computing the second-order factors. This method safeguards against drawing conclusions about personality constructs
that are actually a result of characteristics of a particular instrument. The 16PF questionnaire was developed based on empirical
analyses. An EFA of the item parcels was carried out to identify
the primary personality traits. These primary factors were subjected to a second-order EFA to extract ﬁve global factors (Cattell
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& Cattell, 1995). Based on the size of the EFA factor loadings, a set
of contributing primary factors and their respective weightings
were selected in the computation of each global factor score. The
global factor computation is thus data-driven with regard to the
assignment of primary factors and their relative importance. This
approach also resulted in multiple assignments; six of the 15
ﬁrst-order factors contributed to two global factors. The authors
of the NEO PI-R instrument reached a consensus on ﬁve factors
and used those factors as a starting point to develop a hierarchical
model of personality (Costa & McCrae, 1992b). Based on psychological literature and conceptual considerations, six facets were
then determined for each factor that reﬂected relevant and diverse
aspects of the respective higher-order construct. The ﬁve secondorder factor scores are computed using unit-weighting. In other
words, a simple sum score was obtained by adding up the scores
of the contributing six facets. Unlike the 16PF, each facet contributed to one domain only.
2.2. Sample
The sample used in this study included 620 respondents and
was a subset of the Eugene Springﬁeld Community Sample (ESCS;
see Grucza & Goldberg, 2007 for information on data collection
procedures and further sample details). The original ESCS sample
was slightly larger (N = 857 for the NEO PI-R and N = 680 for the
16PF). In our study, only the 620 participants who completed both
instruments were included in the sample. Of these, 97% were Caucasian, 57% were female, and roughly half the sample had achieved
at least a college degree. The age of the respondents ranged from
18 to 85 years old (M = 52, SD = 13).
Because both questionnaires were completed by the same sample, unknown characteristics of different samples can be ruled out
as an explanation for any observed differences between instruments. This set-up also allows us to examine the construct validity
across both instruments.
2.3. Analyses
2.3.1. CFAs and ESEM
CFAs were conducted using the software R (2012) and the package ‘lavaan’ (Rosseel, 2011), which have been shown to generate
the same results as other software packages (Narayanan, 2012),
to examine the second-order structure of the 16PF and the NEO
PI-R. Because the data were non-normally distributed, we used a
robust maximum likelihood estimation method that provided robust standard errors and Satorra–Bentler scaled test statistics
(Satorra & Bentler, 2001). The original models were speciﬁed as follows: for each model, all loadings of the manifest variables on the
ﬁve factors were assumed to be zero, except for the latent factors
to which the manifest variable was assigned in the original model
as speciﬁed in the test manual. The covariances between the latent
variables were freely estimated in both models. Cattell used an oblique factor rotation when conducting the EFA of the 16PF during
questionnaire development because it reﬂected his idea of interrelated personality factors (Cattell & Cattell, 1995). While the theoretical NEO PI-R model proposed orthogonal domains, the ﬁve
domains displayed considerable intercorrelations which have been
attributed to conceptual overlap of facets that may relate to more
than one broad factor (Costa & McCrae, 1992a).
We used four ﬁt indices that cover different aspects of model ﬁts
that were identiﬁed as particularly suitable for personality data, in
which comparatively low target loadings and several secondary
loadings were expected (Beauducel & Wittmann, 2005): (a) the
Comparative Fit Index (CFI), an incremental ﬁt index; (b) the Standardized Root Mean Square Residual (SRMR), an absolute ﬁt; (c) the
Root Mean Square Error of Approximation (RMSEA), an index that
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favors simple over more complex models; and (d) the Satorra–Bentler corrected v2 (SB-v2) test, a signiﬁcance test used when data are
distributed non-normally, as was the case in our study.
The purpose of our study was to gauge the impact that the cross
loadings suggested by CFA had on Big Five scores. Hence, we
decided to apply two different approaches to model modiﬁcation
in the analyses, resulting in two alternative CFA models per personality instrument. Both approaches reﬂected different ideas
about what should guide modiﬁcations and what type of modiﬁcations were justiﬁable. The modiﬁcation process for Model 1, the
ﬁrst alternative CFA model, was guided by the modiﬁcation index
(MI), which provides the researcher with a direct measure of the
change in the model ﬁt chi-square if the parameter was freed.
Starting from the original model for both instruments, we computed MIs for successive models, each time freeing the factor loading or residual correlation between subscales with the highest MI
until an acceptable model ﬁt was obtained. There is a lively debate
on the appropriateness of using general cut-off values for goodness-of-ﬁt statistics (Marsh, Hau, & Wen, 2004). In the absence of
hard-and-fast rules, we opted for the frequently applied cut-off
values suggested by Hu and Bentler (1999): a CFI greater than
.90, an SRMR less than .08, and an RMSEA less than .06.
For the second alternative CFA model, Model 2, the approach to
model modiﬁcation was guided by the intention to control for Type
I as well as Type II errors (Saris, Satorra, & van der Veld, 2009). A Type
I error is present if a parameter that is ﬁxed to zero in the original
model is classiﬁed as a misspeciﬁcation and is therefore estimated
in the revised model even though its population value is zero. A Type
II error occurs when a parameter ﬁxed to zero is not classiﬁed as a
misspeciﬁcation even though its population value is not zero (Hu
& Bentler, 1998). We used the MI to identify paths to be freed, this
time only releasing paths where the MI was greater than 10, thus
applying a chi-square test with a signiﬁcance level of .001 (df = 1).
A large sample size, however, increases the likelihood of Type I errors for this value (Saris et al., 2009). Thus, we combined information provided by the MI with the Expected Parameter Change
(EPC). This value indicates the size of a currently ﬁxed parameter
if it were to be freely estimated in a revised model. It is a standardized value that can be viewed as an effect size. There are no rules as
to what minimum the EPC should take on to justify freeing the
respective parameter. All loadings were included that fulﬁll a certain criterion, in this case those that indicated that at least 10% of
the variance in the manifest variable was explained by the respective latent factor. Thus, we opted for a conservative cut-off value
of .316 (absolute value). This value also lies between suggested values found in the literature, such as .30 (Kline, 1994) and .40 (Saris
et al., 2009). We started from the original model, this time freeing
the parameter with the highest MI and an EPC > .316 for each successive model until no further indices complied with the criteria
outlined above. These rather conservative criteria were applied to
avoid obtaining an over-ﬁtted model that (a) is not replicable when
ﬁtted to another sample and (b) is not a parsimonious description of
the relationships between variables (MacCallum et al., 1992). For
Model 2, the model modiﬁcations were restricted to releasing paths
between indicators and latent variables. Error terms between manifest variables were not included because their conceptual meaning
had been questioned (Gerbing & Anderson, 1984).
ESEM was conducted using the software Mplus 6.11 (Muthén &
Muthén, 2012) and applying an oblique geomin rotation, thus
allowing the factors to covary. The same model ﬁt indices as for
the CFA were computed.
2.3.2. Correlations between scores from the original model and the CFA
and ESEM models
For the ﬁrst set of scores based on the modiﬁed CFA models
(M1m and M2m), we applied the scoring rules for the instrument
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provided in the respective test manual but added the additional
subscales, as identiﬁed in the CFA. Thus, the modiﬁed NEO PI-R domain scores were obtained as a unit-weighted sum of the raw
scores of the six original facets and the additional facets. The modiﬁed 16PF scores were computed as a weighted sum of the original
and additional primary factors identiﬁed in the CFA. We applied
the average weighting of the original primary factors for each global factor to the additional subscales, thus neither downplaying
nor overestimating their impact. Research has shown that weighting only produces minor relative changes in scores compared to
unit weighting, especially under conditions where the number of
components is high, where these components are correlated and
where their weights vary only slightly (Bobko, Roth, & Buster,
2007). All three conditions apply to the components contributing
to the global factors of the three 16PF models. Therefore, we could
rule out that the weighting unduly affects correlations between
scores. For the second set of scores based directly on the CFA results (M1c and M2c), the factor scores of the respective modiﬁed
CFA model for both instruments were calculated. In lavaan, these
scores are estimated based on a regression method referred to as
‘modal posterior estimator’. Correlations between the original
model with the ESEM model are based on the ESEM factor scores
(EM) of the respective instrument.
Two sets of correlations between scores from the original and
the modiﬁed models for the factors of both instruments were computed: (a) Pearson correlation coefﬁcients to measure the strength
of the linear relationship between scores from the original and the
modiﬁed models and (b) Spearman correlation coefﬁcients to
quantify the change in rank order, thus determining the concordance of the ordering of individuals on each broad domain between the original and the more complex models.
2.3.3. MTMM
We used the multitrait–multimethod matrix (MTMM) developed by Campbell and Fiske (1959) as a framework to compare
the level of convergent and discriminant validity of both instruments across the original scores and the scores obtained from ESEM
as well as from both CFA modiﬁed models based on the two different
approaches to score computation. Thus, six MTMM matrices were
computed. Convergent validity is conﬁrmed when high correlations
are observed for corresponding scales, i.e., for scales that measure
the same constructs across both instruments (monotrait–heteromethod, MTHM). Discriminant validity reﬂects the idea that traits
that are not conceptually related should display considerably lower
correlations than the ones between corresponding traits. Discriminant validity is supported when the non-diagonal intercorrelation
coefﬁcients within one method (heterotrait–monomethod, HTMM)
are low and the non-diagonal intercorrelation coefﬁcients between
the traits of the two methods (heterotrait–heteromethod, HTHM)
are even lower (Campbell & Fiske, 1959). Further support of construct validity is provided when the pattern of correlations between
traits is similar for both methods. To compare the evidence of construct validity of the original model with the modiﬁed models, we
calculated the means for each set of coefﬁcients constituting

different aspects of convergent and discriminant validity for each
model separately. For this purpose, we used Fisher’s transformation
because it has been shown to be the preferable procedure when
averaging correlations (Silver & Dunlap, 1987).
3. Results
3.1. CFAs and ESEM
The original simple structure models underlying both instruments exhibited an unacceptable model ﬁt when conducting CFA
(NEO PI-R: SB-v2 = 3493.44, df = 395, p < .001, SRMR = .13,
RMSEA = .11, CFI = .61; 16PF: SB-v2 = 669.94, df = 74, p < .001,
SRMR = .08, RMSEA = .11, CFI = .76). Altogether, 42 modiﬁcations
(29 released paths, 13 residual covariances) to the NEO PI-R were
required to obtain an acceptable model ﬁt for Model 1 (SBv2 = 1116.85, df = 353, p < .001, SRMR = .06, RMSEA = .06,
CFI = .90). For the 16PF, fewer modiﬁcations (six released paths,
six residual covariances) needed to be included until an acceptable
model ﬁt was achieved for Model 1 (SB-v2 = 197.98, df = 62,
p < .001, SRMR = .04, RMSEA = .06, CFI = .95). When applying the
more conservative criteria (MI > 10 and EPC > .316) to derive Model 2, 12 and ﬁve paths were added to the NEO PI-R and the 16PF,
respectively, until no ﬁxed parameter fulﬁlled the a priori criteria
for being freely estimated. Neither of the ﬁnal two models achieved
an acceptable model ﬁt (NEO PI-R: SB-v2 = 2167.78, df = 383,
p < .001, SRMR = .09, RMSEA = .09, CFI = .77; 16PF: SB-v2 = 391.29,
df = 69, p < .001, SRMR = .05, RMSEA = .09, CFI = .87).
In Tables 1 and 2, we provide an overview of the contributing
subscales for the original and the two CFA modiﬁed models of both
instruments. Many, but not all, of the subscales added to the domains in Models 1 and 2 were logical. For example, it is plausible
to assign Dominance to the 16PF factor of Extraversion. It is less
intuitive, however, to know how Abstractedness is related to the
16PF factor of Anxiety. Similarly, it seems reasonable to add
Warmth and Positive Emotion to the NEO domain of Agreeableness. The negative link between Aesthetics and the NEO domain
of Extraversion, however, is hard to explain conceptually.
The application of ESEM provided better model ﬁt due to the
less restrictive assumptions (NEO PI-R: SB-v2 = 1231.49, df = 295,
p < .001, SRMR = .03, RMSEA = .07, CFI = .90; 16PF: SB-v2 = 197.61,
df = 40, p < .001, SRMR = .03, RMSEA = .08, CFI = .94). For the NEO
PI-R, the facets displayed substantial loadings on their respective
domain. Only very few higher non-target loadings were observed.
For the 16PF, the subscales displayed substantial loadings on their
respective factor. Only for Independence a less clear pattern
emerged and some differences with regard to the assigned subscales according to the test manual were found.
3.2. Correlations between scores from the original model and the CFA
and ESEM models
Pearson correlation coefﬁcients between counterparts of the Big
Five scores based on the original model and the CFA- and

Table 1
Overview of contributing primary factors for the 16PF models.
16PF global factor

Contributing 16PF primary factors in the original model

Additional primary
factors in Model 1

Additional primary
factors in Model 2

Anxiety
Extraversion
Tough-Mindedness
Independence
Self-Control

Vigilance (L), Apprehension (O), Tension (Q4), Emotional Stability ( C)
Warmth (A), Liveliness (F), Social Boldness (H), Privateness ( N), Self-Reliance ( Q2)
Warmth ( A), Sensitivity ( I), Abstractedness ( M), Openness to Change ( Q1)
Dominance (E), Vigilance (L), Social Boldness (H), Openness to Change (Q1)
Rule-Consciousness (G), Abstractedness ( M), Perfectionism (Q3), Liveliness ( F)

–
E
Q4, F, L
O
N

M, E
E
C
O
–

Note: ‘ ’ Indicates a reversed loading of the primary factor onto the global factor.
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Table 2
Overview of contributing facets for the NEO PI-R models.
NEO PI-R Domain

Neuroticism

Extraversion

Openness

Agreeableness

Conscientiousness

Contributing NEO PI-R
facets in the original model
Anxiety (n1); Angry
Hostility (n2); Depression
(n3); Self Consciousness
(n4); Impulsiveness (n5);
Vulnerability (n6)
Warmth (e1);
Gregariousness (e2);
Assertiveness (e3); Activity
(e4); Excitement Seeking
(e5); Positive Emotions (e6)
Fantasy (o1); Aesthetics
(o2); Feelings (o3); Actions
(o4); Ideas (o5); Values (o6)
Trust (a1);
Straightforwardness (a2);
Altruism (a3); Compliance
(a4); Modesty (a5); Tender
Mindedness (a6)
Competence (c1); Order
(c2); Dutifulness (c3);
Achievement Striving (c4);
Self-Discipline (c5);
Deliberation (c6)

Table 3
Pearson correlation coefﬁcients of the 16PF and NEO PI-R factors across models.

Additional
facets in
Model 1

Additional
facets in
Model 2
c1, a5,
e3

c1, a5,
a1, c5,
c6, o3

a2, n5,
c4, a3, a1,
o2, c6,
o3

a3, a1, c4

a6

–

e1, e6,
n2, e2,
c3, n3, o3

e1, n2,
e6, e2

e4, e3,
o1, a1,
n5, a3,
n6

n5, e4

Note: ‘ ’ Indicates a reversed loading of the facet onto the domain.

ESEM-based scores for the NEO PI-R and the 16PF are shown in Table 3. The Spearman coefﬁcients were almost identical to the Pearson coefﬁcients (maximum difference .03). As such high similarity
was found, and in order to save journal space, the Spearman coefﬁcients are not reported.
The Pearson coefﬁcients of the original model scores with the
modiﬁed CFA scores which were computed as instructed by the
respective test manual but with the additional subscales suggested
by CFA (M1m and M2m) were fairly high. They ranged from .82 to
.99 for the NEO PI-R and from .85 to .97 for the 16PF. Only three
coefﬁcients were below .90. The Pearson coefﬁcients of the original
model scores with the CFA factors scores obtained from the modiﬁed models (M1c and M2c) were also fairly high for the NEO PI-R
(.78–.98). However, a reduced agreement was found for the 16PF
(.52–.96), with particularly low coefﬁcients for Tough-Mindedness
and Independence. A similar pattern emerged for the ESEM factor
scores (EM): Fairly high Pearson coefﬁcients with the original model scores were obtained for the NEO PI-R (.87–.98). The agreement
for the 16PF was in general lower (.62–.97). The lowest coefﬁcient
was obtained for Independence, the factor which also displayed the
least clear pattern of subscale loadings in the ESEM solution.
When comparing the agreement of the original scores with both
sets of CFA-based modiﬁed scores (M1c/M2c versus M1m/M2m),
the M1m/M2m scores displayed a higher agreement with the original Big Five scores. The M1m and M2m scores are computed following the instructions in the manual, albeit with some subscales
added as suggested by CFA. Thus, the score obtained from the
respective modiﬁed model M1m and M2m still contains the four
to six subscales and applies the same weighting to these subscales
as in the original model. The correlation coefﬁcient between scores
from the original and the modiﬁed CFA model M1m and M2m is
therefore always in large part a correlation with itself. The M1c
and M2c scores of the modiﬁed models also share the four to six
subscales with the original model. However, the weighting of these
subscales in the score computation was based on the CFA factor
loadings and hence may differ from what was applied in the original model scores, thus offering one explanation for the slightly
lower agreement.

OM–M1m

OM–M2m

OM–RV

OM–M1c

OM–M2c

OM–EM

r

r

r

r

rr

r

rr

rrv

NEO PI-Ra
Neu.
.95
Ext.
.93
Open. .99
Agree. .82
Cons.
.93

.90
.84
.98
.80
.83

.95
.95
n.a.
.88
.97

.94
.92
n.a.
.88
.94

.68
.63
.67
.61
.60

.95
.80
.96
.92
.97

.97
.78
.98
.92
.98

.98
.87
.98
.90
.97

16PFa
Anx.
Ext.
T-M.
Ind.
S-C.

n.a.
.97
.85
.94
.94

.90
.97
.95
.95
n.a.

.87
.97
.95
.93
n.a.

.59
.73
.65
.60
.65

.93b
.90
.70b
.60
.79

.89b
.96
.72b
.52
.89

.93b
.97
.79b
.62
.82

n.a.
.97
.85
.95
.94

Note: N = 620; Neu. = Neuroticism, Ext. = Extraversion, Open. = Openness to Experience, Agree. = Agreeableness, Conc. = Conscientiousness, Anx. = Anxiety, T.M. = Tough-Mindedness, Ind. = Independence, S-C. = Self-Control, OM = Original
model, M1m/M2m = Model 1/Model 2 scores computed based on scoring rules from
respective test manual and additional scales included as suggested by CFA, M1c/
M2c = Model 1/Model 2 CFA factor scores, EM = Exploratory Structural Equation
Modeling factor scores, RV = Random Variable Model, r = Pearson correlation coefﬁcient, rr = Pearson correlation coefﬁcient with random variables added to M1 and
M2, rrv = Pearson correlation coefﬁcient with maximum number of random variables added to the model, n.a. = not applicable as scores were the same for the two
models.
a
All correlations p < .001.
b
Factor scores are reversed.

To gauge the impact of this shared variance of scores between
the original and the modiﬁed CFA models M1m and M2m, we generated a set of random subscales with scores for each respondent.
These new variables were speciﬁed to have means and standard
deviations similar to the subscales of the two instruments and
zero-correlations with each other and with the original subscales.
Using scores from these random variables, we computed two
matching sets of alternative broad factor scores for each individual
based on the two alternative models for both questionnaires.
For the ﬁrst set of alternative scores, we added the same number of random variables to the computation of each broad factor
score as was added to obtain scores for the two modiﬁed models
of each questionnaire. For example, based on the CFA, eight additional facets were assigned to the factor of Extraversion in the
NEO PI-R Model 1. Thus, we added eight random variables when
computing the NEO PI-R Extraversion scores for the random-variable Model 1. The correlation coefﬁcients, rr, between the original
model scores and the scores for random-variable Model 1 and random-variable Model 2 were only marginally smaller or sometimes
equal to the coefﬁcients obtained when adding scales based on a
CFA of the original data and applying the scoring rules in the
respective test manual (see Table 3). Therefore, adding the same
number of zero-correlated random variables to the original model
creates just as much relative change in the original scores as does
the addition of scales identiﬁed by the CFA to the broad construct.
For the second set of alternative scores, we added the maximum
number of random variables to the computation of each broad factor score, considering the overall number of narrow scales in each
instrument. Thus, 24 random variables were added when computing each of the ﬁve NEO scores, and 10 or 11 random variables
were added when computing each of the ﬁve 16PF scores for these
random-variable models. We then computed Pearson correlation
coefﬁcients, rrv, between the original scores and the scores obtained from this random-variable procedure for both models
across both questionnaires. These correlation coefﬁcients, shown
in Table 3, were considerably smaller, ranging from .60 to .68 for
the NEO PI-R and from .59 to .73 for the 16PF.
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Table 4
Multitrait–multimethod correlation matrix of the original model and for the ESEM model.
NEO PI-R
Neu.
NEO PI-R
Neu.

(.94/.95)

16PF
Ext.
.28

Agree.

Cons.

Anx.

.16

.04

.32

.45

.00

.17

.56
.10

.17

.00
.03

Ext.

T-M.
.14

.52

.07

.61

.33

.02

.02

.49

.03

.40
.08

.22

.32

.23

.04

.05

.01

.53
.26

Open.

.05

.33

Agree.

.21

.05

.04

Cons.

.44

.20

.13

.68
.09

.31

.14

.24

.21

Ext.

.22

.17

.05

T M.

.05

.66
.23

.23

.04

.41

.14

.47

.66
.34

.10

Ind.

.12

.08

.38

.38

S C.

.11

.12

.44

.35
.24

.57

.04

.20

.49

(.90/.92)
.14

(.91/.93)

S-C.

.59
.05

.30

(.92/.93)

Ind.

.00

Ext.

16PF
Anx.

(.91/.94)

Open.

(.87/.87)
.29

.05
(.91/.85)

.50

.12

.13

.15

.57

.16

.15

(.85/.90)

.22
(.84/.89)
.22

.11
.03
(.86/.88)

Note: N = 620; Neu. = Neuroticism, Ext. = Extraversion, Open. = Openness to Experience, Agree. = Agreeableness, Conc. = Conscientiousness, Anx. = Anxiety, T.-M. = ToughMindedness, Ind. = Independence, S-C. = Self-Control. Reliability coefﬁcients are in parentheses (OM/EM); the monotrait-heteromethod correlations are underscored; the
triangular heterotrait–monomethod matrices are in boldface; the square heterotrait–heteromethod matrices are in italics. Coefﬁcients displayed in the lower-left triangle are
based on the original model with scores computed based on scoring rules from the respective test manual. Coefﬁcients displayed in the upper-right triangle are based on
ESEM factor scores; Tough-Mindedness is reversed.
All correlations (absolute values) > .12 are p < .001, .09–.11 are p < .01, .06–.08 are p < .05, < .06 are n.s.

Table 5
Multitrait–multimethod correlation matrix of Model 1.
NEO PI-R
Neu.
NEO PI-R
Neu.

(.95/.95)

16PF
Ext.
.43

Agree.

Cons.

Anx.

.20

.03

.28

.54

.62

.06

.71
.26

.13

.13
.20

Ext.

T-M.
.18

.33

.19

.01

.35

.24

.09

.53

.15

.36
.28

.18

.09

.25

.29

.05

.22

.47
.09

Open.

.04

.27

Agree.

.48

.45

.28

Cons.

.66

.24

.16

.31

.21

.14

.46

.29

.24

.36

.10

.28

.33

.12

.38

.27

.01
.04

.27

.31

.53

.17

.45

.04

.43

.41

Ext.

.64
.07

T M.

.07

.65
.10

Ind.

.28

.42

.60
.28

S C.

.20

.27

.45

(.94/.95)

(.93/.93)

S-C.

.34
.22

.17

(.92/.93)

Ind.

.20

Ext.

16PF
Anx.

(.90/.95)

Open.

(.87/.88)

.42
(.91/.92)

.43

.12

.19

.45

.56

.45

.08

(.88/.84)

.67
(.86/.85)
.27

.45
.18
(.87/.86)

Note: N = 620; Neu. = Neuroticism, Ext. = Extraversion, Open. = Openness to Experience, Agree. = Agreeableness, Conc. = Conscientiousness, Anx. = Anxiety, T.-M. = ToughMindedness, Ind. = Independence, S-C. = Self-Control. Reliability coefﬁcients are in parentheses (M1m/M1c); the monotrait-heteromethod correlations are underscored; the
triangular heterotrait–monomethod matrices are in boldface; the square heterotrait–heteromethod matrices are in italics. Coefﬁcients displayed in the lower-left triangle are
based on scores computed based on scoring rules from the respective test manual and additional scales included as suggested by CFA. Coefﬁcients displayed in the upperright triangle are based on CFA factor scores; Anxiety and Tough-Mindedness are reversed.
All correlations (absolute values) > .12 are p < .001, .09–.11 are p < .01, .06–.08 are p < .05, < .06 are n.s.

3.3. MTMM
The results of the MTMM-analyses are shown in Tables 4–6.
Overall, convergent validity was supported for the original model
(see lower-left triangle in Table 4): four of the ﬁve MTHM coefﬁcients are considerable larger than all heterotrait coefﬁcients. Only
the relationship between NEO PI-R Agreeableness and 16PF Independence is smaller than two of the HTMM coefﬁcients. Furthermore, the discriminant validity of the instruments is supported
because the HTMM coefﬁcients for both instruments are generally
smaller than the MTHM coefﬁcients and larger than the HTHM
coefﬁcients.
The pattern of the four MTMM matrices obtained for the two
modiﬁed CFA models across both approaches to score computation
is less clear (see Table 5 and 6). Evidence for convergent validity is
less convincing because the correlation coefﬁcients between the
16PF and NEO PI-R counterparts are consistently lower. Furthermore, evidence for the discriminant validity for these four MTMM

matrices is weak as indicated by high correlations between conceptually unrelated factors across all four MTMM matrices based
on the modiﬁed CFA model scores. Out of 80 HTMM and HTHM
coefﬁcients, 19 and 18 coefﬁcients for Model 1 and Model 2,
respectively, exceed an absolute value of .40.
And examination of the MTMM matrix based on the ESEM (see
upper-right triangle in Table 4) showed that the convergent validity of the ESEM model was supported because the MTHM coefﬁcients were of consistently high magnitude. More noteworthy
however was the discriminant validity of the instruments assessed
by the HTMM and the HTHM coefﬁcients: Considerably lower correlations between conceptually unrelated Big Five factors based on
the ESEM scores were obtained than based on the original model,
particularly for the 16PF.
No absolute rules are available as to what can be considered sufﬁcient evidence of construct validity based on MTMM results
(Bagozzi & Yi, 1991). Instead, the pattern of correlation coefﬁcients
should be judged to assess the instrument’s construct validity. To
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Table 6
Multitrait–multimethod correlation matrix of Model 2.
NEO PI-R
Neu.
NEO PI-R
Neu.

(.94/.94)

16PF
Ext.
.18

Agree.

Cons.

Anx.

.11

.18

.49

.44

.69

.07

.53
.05

.07

.20
.25

Ext.

T-M.
.31

.42

.03

.03

.27

.29

.22

.04

.57

.39

.11

.41
.28

.25

.15

.00

.31

.42
.18

.61

.24

.11

.08

.56

.39

.07

Open.

.11

.31

Agree.

.29

.59

.16

Cons.

.57

.43

.09

.24

.07

.48

.28

.23

.35

.04

.10

.08

.30

.38

.30

.11
.14

.20

.04

.53

.20

.51

.27

.20

.51

Ext.

.52
.19

T-M.

.22

.63
.08

Ind.

.45

.41

.60
.32

S-C.

.09

.00

.44

(.93/.94)
.20

(.92/.92)

S-C.

.17

.51

(.92/.93)

Ind.

.40
.31

Ext.

16PF
Anx.

(.92/.93)

Open.

(.88/.88)

(.91/.91)

(.85/.81)

.84
(.86/.84)
.21

.44

.31
.18
(.86/.86)

Note: N = 620; Neu. = Neuroticism, Ext. = Extraversion, Open. = Openness to Experience, Agree. = Agreeableness, Conc. = Conscientiousness, Anx. = Anxiety, T.-M. = ToughMindedness, Ind. = Independence, S-C. = Self-Control. Reliability coefﬁcients are in parentheses (M2m/M2c); the monotrait-heteromethod correlations are underscored; the
triangular heterotrait–monomethod matrices are in boldface; the square heterotrait–heteromethod matrices are in italics. Coefﬁcients displayed in the lower-left triangle are
based on scores computed based on scoring rules from the respective test manual and additional scales included as suggested by CFA. Coefﬁcients displayed in the upperright triangle are based on CFA factor scores; Anxiety and Tough-Mindedness are reversed.
All correlations (absolute values) > .12 are p < .001, .09–.11 are p < .01, .06–.08 are p < .05, <.06 are n.s.

judge whether the pattern of one model provides a stronger support
of construct validity than another, we computed mean values for
the ﬁve MTMM matrices separately using Fisher’s transformation.
We found consistently weaker support of construct validity in
the four MTMM matrices based on the modiﬁed CFA models in
comparison to the original model. First, the mean values of the
MTHM matrices are considerably smaller in the modiﬁed CFA
models (.50, .49, .49, and .44 for M1m, M1c, M2m, and M2c respectively, compared to .59 in the original model), indicating a decline
in convergent validity for the modiﬁed models. Second, a mean increase in the HTMM matrices of the modiﬁed CFA models was observed for the 16PF (.31, .37, .28, and .38 for M1m, M1c, M2m, and
M2c respectively, compared to .26 in the original model), and more
pronounced for the NEO PI-R (.32, .27, .34, and .28 for M1m, M1c,
M2m, and M2c respectively, compared to .19 in the original model). The reduced differentiation between non-matching traits is
caused by several subscales that now contribute to more than
one factor, creating not only a conceptual overlap but also shared
variance that leads to increased correlations among broad domains. Finally, there is also a mean increase for the HTHM matrices, albeit only marginal (.24, .21, .23, and .22 for M1m, M1c,
M2m, and M2c respectively, compared to .20 for the original model). Overall, a considerable decline in convergent and discriminant
validity compared to the original was obtained for all modiﬁed CFA
models.
The results based on ESEM display a less consistent pattern and
are therefore discussed separately. Compared to the original model, the convergent validity of the ESEM model was slightly reduced
as indicated by a mean value of .52 for the MTHM matrix. In fact,
four of the ﬁve coefﬁcients based on ESEM factor scores were considerably smaller than in the original model. Interestingly, the Big
Five factor Agreeableness/Independence, which typically displays
the least agreement across both instruments, was found to be more
similar when using ESEM factor scores (MTHM correlation coefﬁcient of .53, compared to .35 in the original model). Particularly
remarkable however is the improved discriminant validity of the
instruments when using ESEM factor scores. A mean decrease in
the HTMM matrices of the ESEM model was observed for the
NEO PI-R (.17, compared to .19 in the original model), and more
pronounced for the 16PF (.18, compared to .26 in the original model). A slight mean decrease was also observed for the HTHM matrix
(.19, compared to .20 in the original model).

4. Discussion
CFA and ESEM were applied to two personality instruments
based on the Big Five framework to determine the impact the factor structure suggested by these factor-analytical methods had on
relative scores as well as on the construct validity of the NEO PI-R
and the 16PF. MTMM analyses based on the Big Five scores of the
CFA models revealed a considerable decrease in the convergent
and discriminant validity of the questionnaires. Results based on
ESEM were more promising in that the discriminant validity was
improved in comparison to the original model. However, with
the exception of Agreeableness/Independence, a considerable decrease in the convergent validity was observed.
The results – particularly those based on CFA models – highlight
some important issues.
Several additional links between subscales and factors were
suggested by CFA, indicating that the imposed simple internal
structure may not be an adequate description of the construct personality. Introducing these additional links may indeed result in a
model that better reﬂects the internal structure of personality. It
has been argued before that the ﬁve factors are not as distinct as
often suggested. In fact, even Costa and McCrae (1992b) acknowledge that some secondary loadings are ‘‘appropriate and meaningful’’ (p. 45), such as a high negative loading of the Neuroticism facet
Angry Hostility on the domain Agreeableness. In the interest of
simplicity and interpretability a decision was made to assign each
subscale to one factor only and to exclude any additional relationships with other factors.
However, retaining the simple structure seems to be not only
advisable in order to ensure the measures’ interpretability. The
present study shows that deciding against a more complex structure also avoided a negative impact on their convergent and discriminant validity. While introducing additional links in the
models has led to an increase of internal validity by better reﬂecting the complex relationships between subscales and higher-order
factors, this improvement was achieved at the expense of the
instruments’ convergent and discriminant validity which is not
desirable. First, a decline in convergent validity resulted in a decreased consensus on the ﬁve broad personality factors. This impedes comparisons of research ﬁndings on personality conducted
using different measures and will make it more difﬁcult to combine them in meta-analyses. Thus, the more complex structure
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jeopardizes the beneﬁt of a ﬁve-factor framework. Second, a decline in discriminant validity as indicated by higher intercorrelations showed that the broad factors are conceptually less
differentiated and hence might be less useful in applied settings.
This tradeoff between the instrument’s capability to adequately
represent the complex internal structure of personality while preserving its convergent and discriminant validity cannot easily be
resolved.
Furthermore, while there are good theoretical reasons to question the proposed simple structure, CFA should not be the method
of choice to determine a more appropriate representation of the
internal structure of personality. First, different assignments of
scales to factors were obtained depending on the modiﬁcation criteria and cut-off criteria applied in CFA, especially for the 16PF.
Second, some of the additional links identiﬁed in CFA may not reﬂect conceptual relationships but are method artifacts, due to response styles such as social desirability (Ziegler & Buehner, 2009)
or particular item content, such as negatively phrased items
(Biderman, Nguyen, Cunningham, & Ghorbani, 2011). While these
effects were not examined in the present study, it is important to
remember that they may provide an explanation for some of the
relationships found between subscales.
A high agreement between the original scores and the modiﬁed
scores computed following the respective test manual (M1m and
M2m) were obtained. Including an additional path in a CFA model
when the respective subscale displays a high loading on a factor results in a small relative change in an individual’s score. This is because very little additional variance is added. At the same time, the
conceptual beneﬁt is questionable because the constructs reﬂected
by these modiﬁed composite scores become increasingly complex
and less distinct with respect to their conceptual meaning.
Furthermore, by adding the same number of random scales as
had been performed in the modiﬁed models, the magnitude of relative change was approximately the same as what had been obtained when adding scales suggested by the CFA, with the
exception of Extraversion and Conscientiousness of the NEO PI-R.
As the additional subscales were speciﬁed to be unrelated in this
simulation, they quantify the maximum relative change that may
occur in such an instance, regardless of which subscales may be assigned. This is particularly informative because the assignment of
subscales to factors based on the CFA has been shown to depend
on the decision criteria applied during the process of model modiﬁcation. In the second simulation, the maximum number of subscales was added to each broad domain. It shows the maximum
relative score change if one were to add all remaining subscales
to each factor. While this may not present a realistic scenario, it offers a benchmark against which the observed differences between
the original and the modiﬁed model can be judged.
A reduced agreement between the original scores with the CFA
factor scores based on the modiﬁed CFA models (M1c and M2c)
and ESEM scores were obtained, particularly for the 16PF. The fact
that the original Big Five scores based on conventional scoring
yield different results from applying CFA and ESEM factor scores
has important implications for research and practice using personality questionnaires. First, a research study may yield different results depending on how the Big Five scores were obtained. Second,
scores based on the modiﬁed CFA models and ESEM models are
conceptually different constructs because their conceptual meaning is determined by the speciﬁc combination of contributing subscales. As such, potentially different ﬁndings between studies are
not only likely but also plausible as analyses will be based on personality factors that do not share the same conceptual meaning.
Third, regarding the applicability of research ﬁndings based on
CFA and EFA factor scores, caution needs to be exercised as these
results may not be directly transferable to practical applications
where conventional scoring is used.

Personality questionnaires have repeatedly exhibited good criterion-related validity (e.g., Grucza & Goldberg, 2007; Hurtz &
Donovan, 2000). The poor support of their internal structure has
raised the question of how these measures can predict external criteria. However, the simple structure may in fact be beneﬁcial for
the measures’ predictive capabilities. Several studies have demonstrated that broader domains reduce the predictive power of personality (Dudley, Orvis, Lebiecki, & Cortina, 2006; Tett, Steele, &
Beauregard, 2003). In addition, from a conceptual and practical
viewpoint, using these more complex structures seems to be less
useful because it is harder to interpret relationships between
broader domains and external criteria. This study provides reasoning for the continued use of current personality instruments that
have demonstrated criterion-related validity despite CFA ﬁndings
that suggest a more complex structure.
The results also refute potential concerns regarding the validity
and applicability of previous research based on current personality
instruments that has been raised when the inventories failed to be
supported by CFA. More importantly, the decrease in construct
validity when applying the more complex structure of personality
proves that retaining the simple structure of the current questionnaires is not only a defensible option, but may even be favorable.
5. Limitations
In our study, models were speciﬁed that reﬂect the proposed
structure according to the respective test manuals and the current
typical applications of CFA. Other modeling approaches have been
suggested, such as circumplex models (Fabrigar, Visser, & Browne,
1997), and bifactor models that incorporate either method factors
(Biderman et al., 2011) or a general factor (Chen, Hayes, Carver,
Laurenceau, & Zhang, 2012). These may overcome some issues related to the application of more conventional CFA models to personality data. Their application should be encouraged as they
may also provide different views on the internal structure of
personality.
The model modiﬁcations were based on a data-driven approach.
Adding only conceptually sound links between facets and domains
may have led to different models that are easier to interpret. It is
questionable, however, whether such an arbitrary approach to utilizing CFA results can be defended and is superior to an exclusively
conceptual approach to theory development. In any case, it would
have led to even fewer additional subscales per broad domain, thus
resulting in even smaller relative score changes.
The study did not examine the impact the structures proposed
by CFA and ESEM have on criterion-related validity. However, given that the instruments have shown to be less construct-valid,
an examination of their criterion-related validity seems not indicated as construct validity should be a requisite before proceeding
to this next question.
6. Recommendations and conclusions
Considering the limitations and ambiguities regarding the results obtained from the CFA, one should not dismiss current measures of personality and question their construct validity merely
based on the poor ﬁt based on this analytical method. Furthermore,
it may be ill-advised to reject personality theory based on CFA results. Theories are designed to explain phenomena and need to
simplify the more complex relationships observed between constructs in the real world. Meehl (1990) argues that models can
be useful even if they simplify reality. One may add that models
need to simplify reality so that they can be useful. While current
personality measures are not without ﬂaws and do not fulﬁll the
model ﬁt criteria proposed for CFA applications, their continued
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use seems justiﬁed as they have demonstrated good criterion-related validity. This study also shows that increasing the measures’
complexity to comply with CFA standards and improved their
internal validity led to a reduced convergent and discriminant
validity, suggesting that there is a trade-off between these two aspects of construct validity.
Our results based on ESEM were more promising with regard to
the ﬁndings on the instruments’ construct validity, particularly
regarding their discriminant validity. ESEM also offers multi-group
analyses and longitudinal analyses, both with tests for measurement invariance (Asparouhov & Muthen, 2009). It hence enables
the application of sophisticated methods typically associated with
the CFA/structural equation modeling framework but without
requiring the instrument to fulﬁll the more stringent CFA criteria.
We believe it to be a useful tool in developing and evaluating
self-report questionnaires assessing personality and encourage its
application.
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