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Abstract

The objective of this work is to respond to the critical review carried out by
Martinez, J. A. (2024) of the study on the construct validity of the Gifted Rating
Scales (GRS 2) parent form in Spain, Tourén et al. (2023). The critique mainly
focuses on the proposed factorial model, which uses a reflective approach of
Confirmatory Factor Analysis (CFA) for measuring the perception of high abilities,
while the author in the review proposes a formative approach. This response
provides a conceptual clarification of the term giftedness and also replicates the
observations made on the validation methodology, focusing on the differences
between reflective and formative models and the characteristics of the CFA
used. Additionally, evidence is provided to justify the definition of a reflective
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measurement model through the estimation of a bifactorial model. This model
seeks to explain the responses to the items by considering both a general factor
and a set of specific factors simultaneously. The results show the importance of
a general factor, but without consistent evidence of strict unidimensionality. The
presence of a multidimensional structure with four specific factors (cognitive
ability, creative ability, social skills, and emotional control) significantly contributes
to the explanation of the common variance of the model.

Keywords: gifted rating scales, high ability, construct validity, confirmatory
factor analysis, reflective and formative models, bifactor model

Resumen

El objetivo de este trabajo es responder a la revision critica realizada por
Martinez, J. A. (2024) del estudio de la validez de constructo de la Escala GRS 2
para padres en Espana, Tourdn et al. (2023). La critica se centra principalmente
en el modelo factorial propuesto, que utiliza una aproximacion reflectiva del
Analisis Factorial Confirmatorio (AFC) para la medida de la percepciéon de las
altas capacidades. Mientras que en la revision el autor propone una aproximacion
formativa. En esta respuesta se lleva a cabo una aclaracién conceptual del término
giftedness y también se realiza una réplica de las observaciones realizadas a la
metodologia de validacion, poniendo la atencién en las diferencias entre modelos
reflectivos y formativos y las caracteristicas del AFC utilizado. Ademas, se aportan
evidencias que justifican la definiciéon de un modelo de medida reflectivo a través
de la estimacion de un modelo bifactorial. Este modelo trata de explicar las
respuestas a los items a partir de la consideracién, al mismo tiempo, de un
factor general y un conjunto de factores especificos. Los resultados muestran
la importancia de un factor general, pero sin evidencias consistentes de una
unidimensionalidad estricta. La presencia de una estructura multidimensional con
cuatro factores especificos (capacidad cognitiva, capacidad creativa, habilidades
sociales y control emocional) aporta una parte importante a la explicacién de la
varianza comun del modelo.

Palabras clave: escala de deteccion, altas capacidades, validez de constructo,
analisis factorial confirmatorio, modelos reflectivos y formativos, modelo bifactorial

Introduction

We appreciate the meticulous study and analysis by Martinez, J. A. of our
construct validation work on the Gifted Rating Scales 2 (GRS 2) Parent
Form in Spain, in which “several of the methodological procedures
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and result analysis described by Tourdon et al. (2023) are questioned.
Both the proposed factorial model based on a reflective view of high-
ability measurement and the fit indices used to validate the approximate
dimensional structure seriously limit the interpretation of the results.”

We will respond to the observations of Martinez, J. A. following the
sequence of their own critique and providing our arguments regarding
the work done.

This text aims to address the critique on different aspects related to
the model and methodology used in Tourdén et al. (2023) to validate the
dimensional structure of the GRS 2 in its version for families. Let’s recall
that this instrument is a scale for detecting gifted behaviors based on a
multidimensional model of high abilities, specifically three dimensions:
cognitive abilities, creative and artistic abilities, and socio-emotional
skills (Pfeiffer and Jarosewich, 2003). The items included a total of 20,
reflect behaviors or characteristics indicative of high ability that can be
observed by a parent outside an educational setting. Validation cannot
be understood without considering the use of the scores produced by
the test. In this case, the GRS 2 parent scale provides information that
complements that was provided by teachers to identify these behaviors.
Before starting the actual response, it is worth providing some context.

On the Construct and Terminology

There is a preliminary terminological issue that needs to be clarified.
The term “giftedness” in English — the language in which the most
relevant literature on the subject has been written — means endowed,
so the “gifted” is the endowed. The use given to these terms in Spanish
has often been “superdotacion” and “superdotado” (super-gifted). These
terms are not entirely correct and do not correspond with the literature
on the subject. Therefore, Tourén (2023) has repeatedly proposed to
focus on the substantive dimension of the term and use the words “alta
capacidad” (high ability). Thus, ability is the substantive dimension of
giftedness. Many current authors (see, e.g., the approaches of Renzulli,
Gagné, or Subotnik et al. in Pfeiffer et al., 2018) understand giftedness as
a social construct, a designation referring to a multidimensional construct
that has various behavioral manifestations in cognitive, affective, social,
etc., domains.
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Tour6n (2020) pointed out that “the conceptual problem in this field
of study is enormous and has undesirable consequences for identification
and intervention, which is not exclusive to our country. To some extent, it
occurs in the Anglo-Saxon realm within the non-researching educational
community. A first problem arises from equating terms like ‘gifted’ to
‘superdotado’ (super-gifted, which does not exist in English) and linking
it to obtaining an IQ value, generally 130, on one of the standard tests.
The main problem here is that the label is equated to a ‘state of being’
or a golden chromosome (Cf. Renzulli and Reis, 2018), so some people
possess it, and others do not. This turns the fact of being gifted into a
dichotomous variable whose categories are arbitrarily established from
a cutoff point [...]. “The term “gifted” means that one is exceptional at
something, and we prefer to use the word “gifted” as an adjective (e.g.,
he or she is a gifted pianist, writer, etc.) rather than as a noun (she is
gifted). We also prefer to talk about gifted behaviors (adjective) rather
than using “the gifted” to represent a state of being (p.185)” [...].

“All current models [...] emphasize the importance of development
throughout the person’s life, establishing the relevance of the
environment’s impact on such development. [...]. Therefore, it seems
sensible to understand that this conceptualization should foreground
the need to identify people’s diverse potentials to help them turn them
into talents or developed competencies in performance (Cf. Tourdn,
2012). Moreover, as Pfeiffer (2017) points out, the term gifted is a social
construct, a designation we use to refer to a heterogeneous group of
people characterized by having high ability, high performance, or
potential to perform,” (p.17-18).

It is necessary to clarify that the GRS 2 scales (in our case, the parent
form, although there are two other teacher forms) come from a prior
conception of giftedness as a multidimensional reality with external
manifestations in behavior. This set of typical observable characteristics
of gifted individuals translates into items that parents (in this case) must
rate. Thus, it should be expected that items designed to measure a specific
dimension are more closely related to each other than if they were
developed to measure different dimensions. In this way, the construct
dimensions are considered latent variables or dimensions causing the
responses to the items, which are considered effects.

Thus, the scale is the measurable operational dimension, albeit
imperfectly, that allows estimating the unmeasurable latent traits. This
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is a clearly reflective approach. The conception of what is measured
precedes and is the basis for the measurement instrument.

Finally, it should be noted that this scale, like many others in its
genre, does not aim to measure high abilities as a capacity test does, for
example, but rather to gather information from other sources (parents)
who assess the extent to which certain behaviors or characteristics are
present — and to what degree — in the rated individual.

The structure of the scale and its construction follow the
conceptualization of the construct it aims to assess but is not an instrument
intended to define what giftedness is (see, e.g., Pfeiffer and Jarosewich,
2003; Touron et al., 2024).

In the work of Tourén et al. (2023), the authors focus on providing
psychometric evidence of the construct validity of the Spanish translation
of the scale, but they have not participated in the theoretical and
operational definition of the construct. It should also be considered that
the response to the items included in the scale is the product of the
families’ perception of certain behaviors of their children. And that the
response to each of these items has an ordinal format using a 6-point
Likert scale to identify the frequency of each of these behaviors.

On Validation

The purpose of instrument validation is to collect evidence supporting
the interpretation and use of test scores, as stated in the AERA, APA, and
NCME manual (2018). Validity refers, as is known, to the degree to which
evidence and theory support the interpretations of test scores associated
with intended uses (p. 11). Validity evidence can be obtained from five
sources: test content, response process, internal structure, relations with
other variables, and consequences of test application. In the work of
Tourdn et al. (2023), evidence of the validity of the internal structure of
the items forming the scale and their organization into dimensions is
provided, but their purpose is not to estimate factor scores or standardize
the instrument.

The methodological critique focuses primarily on defining the
measurement model used to collect evidence of the relationship between
the items and the latent constructs. In the confirmatory model used in
our work, the responses to the scale items are considered dependent
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variables, i.e., effects produced by the latent factors, which in our model
are the exogenous variables, the causes. However, in the review, the role
of items and factors is proposed to be reversed, considering formative
and not reflective constructs.

In the critical review, the author argues that the most appropriate
approach to defining how to calculate factor scores is a formative model
where the scores on the different items determine the factor, as opposed
to the reflective approach used in the work, as shown in the extended
model in the following figure:

FIGURE I. Factorial model and extended model

Factorial Model Extended Model

Source: Martinez, J. A. (2024).

The left side of the figure, the factorial model, represents our estimation,
and the model on the right is the critique’s proposal against us.

Using one definition or another is a controversial issue in psychometric
literature (Murray & Booth, 2018). Opting for one of the models implies
making assumptions that range from the theoretical and operational
definition of the construct to its empirical validation. Employing a
formative approach involves treating the latent factors as endogenous
variables, that is, as an effect or result produced by the combination
of different indicators, the dependent variable. Therefore, they are not
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considered independent variables, an exogenous factor that determines
how subjects respond to the items.

Murray and Booth (2018) mention five aspects to differentiate between
indicators as causes or effects. The first is the direction of causality;
in formative models, the items are the cause of the latent factor, and
in reflective models, they are the effects, the variables to explain. The
second is the changes that the indicators can produce in the construct;
in the formative model, any change in the indicator will produce an
effect on the value of the construct, whereas, in the reflective model,
changes in an indicator should not alter the level of the construct. The
third argument refers to whether the construct is the common cause of
the set of indicators, which occurs in the case of the reflective model,
where the indicators need to be correlated. The fourth is whether the
indicators have the same causes and effects, a requirement necessary in
reflective models but not in formative ones. Finally, they also mention the
interchangeability of the indicators, which, in principle, must be fulfilled
in reflective models.

Following Zumbo (20006), the reflective and formative distinction
differentiates between measures and indices to treat the indicators or
observed variables. In the first case, a change in the latent variable is
reflected in changes in the indicators (responses to items are considered
dependent or endogenous variables). And in the second, the index is
the variable that causes changes in the factor; therefore, they are the
causes (independent or exogenous variables). This author points out
that conducting a Principal Components Analysis (PCA) is not sufficient
evidence to validate a construct from a formative approach, and neither
do Confirmatory Factor Analysis (CFA) procedures determine that
a reflective construct is present. Still, applying a PCA to a reflective
construct is not appropriate. In Bollen and Lennox’s (1991) work, they
propose that this differentiation should be explored during content
validation, asking experts about the formative or reflective nature of
the measure or using think-aloud techniques to collect evidence during
a pilot application.

Why a Reflective Model?

The model used in Tourén et al. (2023) seeks to provide psychometric
evidence of the dimensional structure of the scale and also the quality of
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the indicators used for its measurement. In this context, the work studies
different models to empirically test different numbers of dimensions and
proposes a final model with four dimensions, although a model with
two second-order factors is also tested and shows good fit. From this
perspective, the existence of unobservable constructs that determine
how subjects respond to the items in a test is assumed. It is also assumed
that this response is partly explained by the latent construct and partly
by measurement error.

It should be noted that the work of Tourén et al. (2023) validates the
dimensional structure of the translated GRS 2 instrument, but the authors
did not participate in the initial analysis of content validity, which aims to
validate the set of indicators and ensure they are a sample of behaviors
from the nomological network that defines the construct. This type of
validity is usually conducted through expert judgment. However, it is
assumed that the GRS 2 scale items meet content validity and that the
purpose of the indicators is to represent the behaviors of the measurement
construct but may refer to different levels of the same factor.

The description given in the critical review should be supplemented
with the following clarifications.

First, Martinez, J. A. mentions that “in line with classical test theory:
variation in the latent variable 77_1 is manifested in a variation in the
observable indicator scaled with parameter A 11, plus a random error
e_1.” (p. 5) as follows:

y=A,1+ e 1

However, this approach to defining item responses aligns more with
the assumptions of Item Response Theory (IRT) than Classical Test
Theory (CTT). In CTT, the model focuses on defining the total test score
as the sum of the true score and a measurement error:

X=V+E 2

The dispersion of these errors is an indicator of the precision of
observed scores and can be estimated through reliability. Inferences are
made using the total test score (scale), calculated from the observed
information. In contrast, IRT explicitly defines the behavior of the
construct to be measured, the latent trait. Item responses are determined
in terms of probability by the level of the construct a subject has.
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The CTT model does not include information about the relationship
between the latent construct and how to respond to items. Only the
concept of true score makes this reference; it is an unobserved part. The
difference between the two measurement models can be seen in the
following graph:

FIGURE II. Measurement Models in CTT and IRT

IRT Measurement Model CTT Measurement Model

RN

Construct

observed) Observed
punctuation 4—

Observed indicators (items)

Observable indicators

Source: Adapted from Wu, Tam and Jen (2016).

In the IRT model, the arrows indicate the effect of the construct on
the probability of responding to the item in a certain way. Therefore,
the construct determines the entire response pattern (reflective model).
Errors (e) are also represented with circles; they are variables that are
not directly observed and indicate the influence on the response of other
unknown factors different from the construct we want to measure. The
error is a term associated with each item and determines the construct’s
ability to explain the response to it.

In CTT, both item responses and the total test score are observed data.
The test total is calculated as an aggregation of item responses (sum
of correct answers, averages, etc.) (formative model), and the error is
associated with this total score, not with each item. The difference between
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these two models reflects the reflective and formative approach used to
define the construct and also the differences between CFA and PCA.

Second, Martinez, J. A. presents a linear approach to factor analysis,
while the perspective used in the work of Tourdn et al. (2023) due to
the ordinal nature of the items and the lack of multivariate normality
is nonlinear. Thus, the model to define item responses estimates the
score on the construct needed to fall between the different response
options. The polychoric correlation matrix was used as an informative
element in the factor analysis. Using this type of correlation assumes
the existence of an underlying continuous variable (Joreskog, 1994),
and the observed polytomous responses are considered manifestations
of respondents exceeding a certain number of cut points or thresholds
within that continuum. In this sense, the model estimates these thresholds
T and defines the observed responses in the different ordinal categories
through latent continuous variables. Specifically, for an item i with a
number of categories ¢ = 0, 1, 2, ..., C, the latent variable y* is defined
so that:

yi = cif ¢ < yi* < tc+1 3

where 1c, tc+1 are the thresholds that determine the cut points in
the underlying latent continuous variable, usually spaced at intervals
of different widths. Considering this assumption, the correlation of
interest for the model is between these continuous variables (polychoric
correlation). The analysis procedure is usually carried out in three steps
(Joreskog, 1990; Muthén, 1984). In the first two stages, the thresholds
and polychoric correlations are estimated, and in the third stage, these
values are fitted to a hypothesized model using some estimation method,
mainly DWLS. Model parameters are obtained by minimizing the function
that compares the estimated information with the model data.

Third, in the review, Martinez, J. A. mentions a higher-order latent
variable as a general factor: “a common conceptualization in this area
of knowledge is the first one, as shown, for example, in Pfeiffer et al.
(2008), where a multidimensional conception of high abilities with an
underlying ‘g’ factor or general ability factor is proposed. It must be
acknowledged that Tourdn et al. (2023) are very cautious and do not
clearly assert this, but they subtly seem to do so when they calculate
a ‘total scale mean’ as we will later explain” (p. 6). Here it is worth
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mentioning that in the validation, a general factor is not tested at any
time, but rather a structure with two second-order factors is presented.
The first determines the scores on the cognitive and creative factors, and
the second for the social and emotional control factors. Additionally, the
mean of the set of items calculated in the descriptive statistics section
does not aim to show the existence of that general factor; it is just a
summary of the data. It should also be remembered that the objective of
the work was to provide construct validity evidence but not to estimate
scores in the dimensions.

Fourth, related to the above, Martinez, J. A. mentions that “proposing
a multidimensional model [...] that reflects an underlying g factor implies
from a measurement perspective that the g factor can be measured with
the ‘best’ indicator of the ‘best’ dimension, that is, with a single item.
This is compatible, as it could not be otherwise, with the reflective view
of measurement where the items of a latent variable can be considered
interchangeable, indicating that removing one item does not alter the
meaning of the latent variable” (p. 7).

In this argument, reference is made to the interchangeability of the
indicators used to define the construct and also to the definition of
second-order factors. It is unclear whether Martinez, J. A. refers here to
the parallelism assumption of CTT scores (Lord and Novick, 1968) or the
conceptual parallelism of the indicators defining the construct, which
assumes that exchanging one for another does not alter the construct’s
meaning (Borsboom et al., 2004). In the first type of parallelism, to estimate
the reliability of a test with empirical data, items are considered small
parallel parts that reflect the true score and are used for the assessment
of internal consistency. Achieving completely parallel measures implies
that means, standard deviations, and measurement errors are equivalent,
something very complex to achieve in practice. If the same dispersion is
not achieved, we are dealing with tau-equivalent measures. Another case
of parallelism, essentially tau-equivalent measures, also allows means to
vary between different parts by adding a constant. Finally, congeneric
measures are the least restrictive and also allow these means to differ
by adding or multiplying by a constant. In our validation, a completely
parallel structure cannot be assumed because the items of the same
construct are a sample of behaviors but may reflect different intensities of
that measure. In any case, CFA models allow measures that do not meet
strict parallelism, that is, with different factor loadings. Furthermore, the
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basis of this analysis is the internal consistency of the indicators defining
the construct, where correlation is expected. However, the formative
approach in PCA does not require the indicators determining the factor
to be correlated, and they are assumed not to be interchangeable. CFA
allows for indicators with heterogeneous correlation with latent factors.
Here, composite reliability (o) is calculated from the factor loadings to
produce more precise estimates than internal consistency procedures
like Cronbach’s a.

In second-order factors, it may be more appropriate to define a
formative model if the different factors associated with high ability are
considered parts of a general factor. Considering the validation results,
the two second-order factors (Cognitive-Creative Abilities and Socio-
Emotional Skills) defined cannot be considered interchangeable. As the
correlation results (0.53) show, they share 25% variability. However, as
mentioned earlier, the general factor was not tested in our validation.

Fifth, Martinez, J. A. draws an analogy between intellectual and
physical abilities. Here it is worth noting that the GRS scale is a perception
instrument; it does not directly measure intellectual ability but infers it
from the observation of certain behaviors. Furthermore, indicators for
measuring physical abilities are observable and error-free unless the
instrument used to collect the measurement does not work correctly. In
contrast, perception will be partly determined by the construct but may
also be influenced by an unmeasured factor (error).

It may be necessary to measure each indicator once and combine them
all to estimate the dimension for measuring physical ability. However, to
accurately measure latent dimensions based on item responses, more than
one measure of the same behavior is needed. For example, to measure
arithmetic ability in primary education math competency, a single exercise
may be included to add two amounts or include several with the same
purpose in one test. More items will increase the measure’s reliability.

Sixth, Martinez, J. A. also proposes reducing the number of indicators
to test this issue; however, as mentioned earlier, the indicators may reflect
different levels of the construct, not being considered parallel measures,
and will also depend on the conceptual complexity of the measured
construct. We insist that indicators can be considered interchangeable in
the sense that they are behaviors determined by the same construct, but
to measure more accurately, several indicators are needed. Otherwise,
the scores would have a lot of measurement errors.
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Martinez, J. A. also mentions that “Tourén et al. (2023) seem to
consider it positive when they refer to high correlations between each
item and the rest, indicating the ‘homogeneity of the data set.” Moreover,
there are examples in the giftedness literature and GRS scales themselves
where a halo effect is apparent, obviously affecting validity (e.g., Jablrek
et al., 2020).” (p. 12). However, assuming the possible common cause of
responses to the indicators and their internal consistency, this homogeneity
is a characteristic of reflective models. The response to the indicators is
partly caused by the latent factor, but the model assumes measurement
error. That error shows that other factors may determine that response.
Martinez, J. A. also mentions that “what is probably happening is that
this battery of indicators is measuring different latent variables, i.e., they
are not the manifestation of a single latent variable but several.” (p. 12).
In this sense, considering the R? values of the items and the averages
of variance explained in each factor (AVE), the part explained by latent
dimensions is greater than the possible effect of other unconsidered
factors. In any case, providing evidence of variables that may determine
bias could be another piece of evidence for construct validity.

Finally, seventh, Martinez, J. A. criticizes the methodology, including
the use of Exploratory Factor Analysis as a preliminary step to CFA and
the fit indices used. Hayduk’s works (2014a and 2014b) are cited as
justification for the critique, mentioning that “exploratory factor analysis
is incapable of detecting the real structure of the data, i.e., identifying
the model that generated those empirical data” (p. 11) and arguing that
%2 can be used even with large sample sizes and that if this test is not
passed, the rest of the parameters cannot be interpreted. It is worth
mentioning here that the EFA conducted as the first stage does not have
a confirmatory purpose; it is used to extract initial information about the
number of dimensions and gather evidence of the dimensional structure’s
consistency with the confirmatory model. In the validation of the GRS
2 scale, different confirmatory models of three and four dimensions are
tested, and decisions are made considering modification indices, for
example, changing item 17 from the cognitive to the creative factor.

The statement about the y2 fit index is too strong, in our opinion.
Construct validation procedures in the field of educational measurement
and psychometrics point to the need to cautiously interpret this fit index
in the context of CFAs. The y?2 statistic tests the null hypothesis that the
observed population covariance matrix is equivalent to that produced

Revista de Educacion, 406. October-December 2024, pp. 1-29
Received: 27/05/2024  Accepted: 07/06/2024

39



40

Tourdn, M., Navarro-Asencio, E., Tourdn, J. RepLy To “CRITICISM OF THE ANALYSIS OF CONSTRUCT VALIDITY OF THE GIFTED RATING ScALEs (GRS 2)
PARENT FORM IN SPAIN; A REPLY TO TOURON ET AL (2023)"

by the model; however, in Social Sciences, any model is considered
an approximation to reality, making that null hypothesis with exact fit
unviable (Bentler and Bonett, 1980; Schermelleh-Engel et al., 2003).
Hayduk (2014b) indicates that y?2 values are not affected by sample size
when the model is correctly specified, but considering the particularity
of the models used in Social Sciences, it would not be possible. The
same author points out that increasing the sample size increases y?’s
power to detect problems in model specification. The question here
is whether, when y?2 is significant, it is really a sufficient indicator to
discard the model and commit a Type I error or if that model is the
best approximation to reality and the possible bias acceptable. Wang and
Wang (2020) argue that the probability of rejecting a model substantially
increases when sample sizes increase, even when differences between
observed and estimated variance-covariance matrices are small. They
note that %2 values increase when the multivariate normality assumption
is not met, and item response distributions are skewed or affected by
kurtosis. And also when the number of variables in the model increases.
Sufficient reasons not to use it exclusively.

In our case, the estimation uses a weighting of the variance-covariance
matrix to estimate 2 values and standard errors. Remember that since the
multivariate normality assumption is not met, WLSMV and the polychoric
correlation matrix were used. This estimation method is a version of
DWLS (Muthén, 1984) but applying the robust correction of mean and
variance to weighted least squares and a scale change (the so-called
WLSMV or ULSMV). Although y2 values are presented in the work, it
is not advisable to use it with this type of data (Finney and DiStefano,
2013). The work of Shi et al. (2018) studied how estimation type, sample
size, or model complexity affects different y2 indices and shows a better
general performance of robust indices.

Bentler and Bonett (1980) proposed using incremental fit indices
such as CFI and TLI to calculate the amount of information gained
when comparing models. These indices evaluate the degree to which an
estimated model is better than a null model (a model where all observed
variables are uncorrelated) in its ability to reproduce the observed
variance-covariance matrix. And especially absolute fit measures where it
is checked if the defined model corresponds to empirical data. Absolute
fit indices such as RMSEA or SRMR do not use a reference null model
but make an implicit comparison with a saturated model that exactly
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reproduces the variance-covariance matrix of observed variables (Hu and
Bentler, 1999). The RMSEA index indicates the lack of fit between the
specified model in the population and the SRMR estimates the root mean
square of residuals.

To conclude this section, it is worth mentioning that any contributions
that allow empirically verifying the construct validity of the GRS 2 scale
reinforce the instrument’s psychometric quality. To further strengthen
the evidence in favor of the model proposed in Tourdén et al. (2023), a
bifactorial model (Holzinger and Swineford, 1937; Chen et al., 2006) was
carried out to check for the existence of a general factor that could be a
common cause of the item responses along with the four defined factors.

Bifactorial Model

This proposal defines the shared variance between item responses into
two parts: the part explained by a general factor and that determined by
a group of specific factors that may be from the same domain. Therefore,
it hypothesizes a general factor to explain common variance and, at
the same time, multiple factors independently impacting that variance
explanation (see Figure IID). Since specific factors are interpreted as the
variance accounted for beyond the general factor, relationships between
general and specific factors are assumed to be orthogonal (uncorrelated).

Chen and Zhang (2018) point out that the ability to study specific factors
independently of the general factor is essential for better understanding
theoretical assertions. For example, if a proposed specific factor did
not explain a substantial amount of variance beyond the general factor,
small and insignificant factor loadings in the specific factor, as well as
insignificant specific factor variance in the bifactorial model, would be
observed. This would indicate that the specific factor does not provide an
explanation for the variance beyond the general factor.

To carry out a model evaluation after obtaining the model fit for
both unidimensional and bifactorial models, they can be directly
compared through the difference between CFI indices (ACFI) since the
unidimensional model is hierarchically nested within the bifactorial
model (Reise, 2012). This index is calculated as follows:

ACFI = CFI_M1 - CFI_MO @
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FIGURE IIl. Bifactorial Model

Emotional
control

Social
skills

Cognitive
ability

Source: Compiled by the authors.

Where CFI_M1 equals the CFI value obtained for model 1, and CFI_
MO equals the CFI value obtained for model 0. This index is more stable
under different conditions such as sample size, amount of error, number
of factors, and number of items, and values equal to or below .01 are
recommended to confirm equivalence (Meade et al., 2008).

For reliability, four versions of the omega coefficient (or composite
reliability) can be used: total omega for the general factor (ot), omega
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for each subdimension (ws), and hierarchical omega coefficients that can
also be calculated for the general factor (wht) and each subdimension
(whs). McDonald’s omega coefficient (1999) is a type of reliability based
on factor analysis results, appropriate when dealing with congeneric
measures (different factor loadings), estimating the proportion of
observed variance attributable to the model’s factors:

o A (D A (3 )+ (0 )+ (3 ) “
(2] + (3 Ac) + (3 Aawa) + (o Ase) + (o A ) (207, 0)

The denominator contains all sources of variance in the model, the
common variance produced by all factors in the general model and
subdimensions, plus specific error variance. The numerator includes only
those sources of common variance. It can also be calculated for each
subdimension:

(Z As )2 + <Z Asudimension )2
(Z Ag )2 + ( Asusdimension )2 + (Z; e,-)

In this case, the factor loadings and errors are from the items
corresponding to the subdimension. And to determine the proportion
of total score variance due solely to the general factor, the hierarchical
omega coefficient is used, calculated by dividing the sum of the general
factor loadings squared by the total variance, considering common
variance and error:

. RN 7’5,
POZSIE) ST NN SYMNE) SYRN ) PN 8 Sy

The variance due to subdimensions is considered here part of the
measurement error; a coefficient of .80 or higher indicates that scores can
be considered essentially unidimensional, considering the general factor
as the main source of variance. Furthermore, how much each dimension
contributes to common variance can be determined once the general
factor is controlled with the following formula (Reise, 2012):

(Z Asusdimension )Z 8)
(Z lc) + (Z Asusdimension ) + (Z:lzl e")

ws =

©6)

@)

whs =
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As in the case of total variance, only the factor loadings and errors of
the items that make up the subdimension are used. As a reference, the
cutoff points mentioned by Smits et al. (2014) can be used, where values
equal to or greater than .30 can be considered significant, those below
up to .20 moderate, and below .20 low.

From this perspective, the Explained Common Variance (ECV) index
is used to contrast the unidimensionality of scales based on the factor
loadings of the general factor and subdimensions (Reise et al., 2013) as
follows:

; %) ©
(2 26) + (D ) + (30 Aona) + (Do Ase)” + (2 A

Thus, it is the proportion of variance explained by the general factor
divided by the variance explained by that factor and the subdimensions.
High values indicate the significant importance of the general factor, but
setting cutoff points is not straightforward. Values of .70 or higher are
suggested to consider unidimensionality (Rodriguez et al., 2016). This
indicator can also be calculated at the item level to identify those where
the influence of the general factor is very strong. Authors like Stucky and
Edelen (2014) propose values above .80 or .85.

To interpret the ECV unidimensionality index, it is recommended
to also calculate the Percentage of Uncontaminated Correlations (PUC)
(Rodriguez et al., 2016). This index, along with ECV, informs about the
potential bias of forcing multidimensional data into a unidimensional
model by calculating how many correlations may be moderating
the effects of the general factor. PUC can be defined as the number
of uncontaminated correlations divided by the number of unique
correlations:

ECV =

I;*(I1,—-1) |I,*(I,—1)
2 2 2 2

PUC = (10)

I, is the number of items loading on the general factor and I_ is the
number of items loading on each specific factor. When PUC values are
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above .80, ECV values are not very relevant as they indicate that the
factor loadings of the unidimensional model will approximate those
obtained in the general factor of the bifactorial model. However, if PUC
values are below .80, ECV values above .60 are needed to consider
unidimensionality. And if PUC values are very high (> .90), unbiased
unidimensional estimates can be obtained even when the ECV value is
low (Reise, 2012).

Other indicators that can help demonstrate the model’s quality is the
construct replicability index (H), used to indicate the capacity of the set
of items to define each factor. This index allows assessing whether the
set of items representing each latent variable is adequate, calculated as
follows:

H= an

o A
2y

Thus, it is a sum of the rate of variance explained by the latent variable
divided by the measurement error, i.e., the proportion of the construct’s
variability explained by its indicators. Values of .70 or more indicate that
the latent variable is well-defined by its indicators and will have stability
in different studies (Rodriguez et al., 2016).

Finally, the factor loadings of the bifactorial model are analyzed and
compared with the results of the general factor obtained in the purely
unidimensional model (M3, see Table I). Based on the differences
between the factor loading values of each item from the two models, the
relative parameter bias (SRP) is calculated:

SRP = AG_AM *100 (12)

G

The average of this index informs about the bias that can occur
when adjusting a unidimensional model when that assumption is not
met. Values above 15% would indicate this possible bias (Rodriguez et
al., 2016). Additionally, as Ferrando and Lorenzo-Seva (2018) point out,
if in the bifactorial model, the general factor accumulates high loadings
and, in the dimensions, the average of their loadings does not exceed
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.30, it can be another indicator of the unidimensional structure of the
measure.

Results

First, the fit values of the bifactorial model are compared with some of
those tested in Tourén et al. (2023). Specifically, the results of the original
model (M1), the unidimensional model (M3), the proposed model (M6),
and its version with two second-order factors (M8) are presented. Finally,
the new bifactorial model (M9).

TABLE I. Fit indices of models and difference between the bifactorial model and the one proposed
in Tourdn et al. (2023)

Indices M1 M3 Mé6 M8 M9 Difference (A)
M9-M8
AFC 3 1
1 2048 6833 1596 1601 1760
gl 167 170 164 165 150
p <.001 <.001 <.001 <.001 <.001
1l 12.263 40.194 9.732 9.703 11.733
SRMR 0.086 0.154 0.074 0.074 0.081 0.007
RMSEA 0.101 0.189 0.089 0.089 0.098 0.009
CFI 0.968 0.867 0.976 0.976 0.973 -0.003
TLI 0.964 0.851 0.972 0.972 0.966 -0.006
GFI 0.978 0.91 0.983 0.983 0.981 -0.002

Source: Compiled by the authors.

The bifactorial model, considering the differences in incremental and
absolute fit indices with the proposed model (M6), can be considered
equivalent in its explanatory capacity. It also shows a better fit than the
purely unidimensional model (M3).

Second, the absolute and hierarchical omega values for the general
factor and subdimensions are presented in the following table:
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TABLE IIl. Omega and Hierarchical Omega of Factors (General and Specific)

General F. Coghnitive Creative Social Emotional
® 0.941 0.880 0.921 0.826 0.789
oh 0.669 0.427 0.566 0.495 0.509

The omega (®) values indicate the reliability of each factor, and the
hierarchical omega coefficient (wh) shows the portion attributable to each
factor in explaining the total variance. As seen, the oh value of the general
factor, although below 0.70, shows a significant contribution. The factors
also contribute to explaining the total variance with oh values around 50%.

Comparing the ® and oh results for the general factor, if 66.9% of the
variability is determined by that factor, the remaining 27.2% is caused by
differences in the specific factors. The rest, 5.9%, is therefore attributed
to measurement error.

Third, the unidimensionality index ECV is 0.71, indicating that 71%
of the common variance is explained by the general factor and the
remaining 29% by the subdimensions. Recall that values of 0.80 indicate
unidimensionality, and values close to 0.70 could also be indicative of
that possibility. However, the item-level ECV index detects only one item
with a value above 0.80, item 17, as shown in the following table:

TABLE IIl. ltem-Level Common Variance Explained Index (I_ECV)

Item I_ECV Item I_ECV
11 0.469 111 0.419
12 0.455 112 0.632
13 0.727 113 0.471
14 0433 114 0.498
15 0.172 115 0.256
16 0.507 116 0.469
17 0.172 117 0.805
18 0.780 118 0.485
19 0.209 119 0.193
110 0.395 120 0.270

Source: Compiled by the authors.
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Additionally, the Percentage of Uncontaminated Correlations (PUC) is
0.75. A value below 0.80 combined with an ECV of 0.669 raises doubts
about the presence of a single general factor.

Fourth, the construct replicability index H is shown in the following
table:

TABLE IV. Construct Replicability Index (H)

General F. Coghnitive Creative Social Emotional

H 0.869 0.697 0.865 0.678 0.721

Recall that this index shows the representational capacity that the set
of items must have to define each factor. In all cases, values close to or
higher than 0.7 are achieved. Therefore, 70% or more of the variability
of each latent factor is determined by the indicators that compose it and
can be considered acceptable.

Finally, as shown in Table V, the factor loadings show moderate loadings
for the general factor, between 0.3 and 0.6, but all are significant. The
values in the subdimensions, although similar, are slightly higher and
also significant, as shown in the following table. On average, both the
general factor and the subdimensions have considerable factor loadings,
exceeding the proposed cutoff point of 0.3. In the case of the general
factor, it is very close to 0.5, and in the subdimensions, it is slightly above
that value and with very similar levels among them.

TABLE V. Standardized Factor Loadings of the Bifactorial Model (M9) and the Unidimensional
Model (M3), R%, and Relative Parameter Bias Index (SRP)
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Item | General F. | Cognitive | Creative | Social | Emotional R? Unidim. | SRP
12 0.602 0.659 0.797 0.696 | 0.034
13 0.632 0.387 0.549 0.602 | 0.156
(Continued)
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TABLE V. Standardized Factor Loadings of the Bifactorial Model (M9) and the Unidimensional
Model (M3), R?, and Relative Parameter Bias Index (SRP) (Continued)

A A

Item | General F. | Cognitive | Creative | Social | Emotional R? Unidim. | SRP
14 0.504 0.577 0.587 0.574 | 0.047
113 0.595 0.631 0.751 0.692 | 0.139
114 0.404 0.406 0.328 0.399 | 0.066
17 0.339 0.745 0.670 0.740 | 0.054
19 0.407 0.792 0.793 0.829 | 1.183
110 0.577 0.714 0.842 0.897 | 0.169
111 0.570 0.671 0.775 0.854 | 1.037
112 0.438 0.334 0.303 0.508 | 0.555
117 0.461 0.227 0.264 0467 | 0498
118 0.520 0.536 0.558 0.701 0.160
120 0.432 0.711 0.692 0.773 | 0.163
11 0.446 0.475 0.424 0.431 0.012
16 0.517 0.510 0.527 0489 | 0.010
116 0.548 0.583 0.639 0.527 | 0.038
119 0.341 0.698 0.604 0390 | 0.013
15 0.362 0.793 0.761 0386 | 0348
18 0.544 0.289 0.379 0452 | 0.144
115 0.390 0.665 0.595 0394 | 0.789
Average 0.481 0.532 0.591 0.567 0.582 0.592 0.590 | 0.281

*All parameters are significant (p<001). Source: Compiled by the authors.

Observing the factor loadings in the table above, for 5 out of the 20
items that make up the scale, the value is higher in the general factor than
in the subdimensions. These are items 3, 6, 8, 12, and 17, belonging to
different subdimensions of the model. The bifactorial model (M9) explains
approximately 60% of the data variability, while M3 explains 38%. Finally,
regarding the relative parameter bias (SRP), the average value is close to
30%,; therefore, exceeding the 15% limit indicates substantial differences

in the effects of that general factor in the two models.
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Conclusions

Reflective models cannot be considered superior to formative ones, or
vice versa. Both can be alternatives in the study of construct validity
(Bollen and Diamantopoulos, 2017). However, in the specific case of
the GRS scale, the reflective option used in the construct validity study
of Tourdon et al. (2023) fits its theoretical and operational definition.
Considering the results of the bifactorial model, the presence of a general
factor as a cause of much of the variability in the item responses is
confirmed, as well as a multidimensional structure of specific factors that
contributes another part to the common variance of the model (cognitive
ability, creative ability, social skills, and emotional control).

The value of the unidimensionality index (ECV) and the percentage
of uncontaminated correlations (PUC), both below 0.80, do not clearly
show the presence of a single general factor to explain the item
responses. However, these results show the importance of that factor
and the influence of the subdimensions in explaining the differences. As
indicated by the hierarchical omega coefficients of the subdimensions, all
close to or above 0.50, these can be considered significant effects (Smits
et al., 2014). Reise et al. (2013) point out that with PUC values below
0.70, an ECV value of the general factor above 0.60, and a hierarchical
omega above 0.70 suggest the presence of some multidimensionality,
although they do not completely rule out interpreting the scale as
unidimensional.

The intensity differences between the factor loadings of each factor
demonstrate the congeneric nature of the measures, but the results
indicate the presence of a common cause that determines much of the
variance in the variance-covariance matrix. This general factor identified
in the factorial model determines approximately 70% (ECV = 0.71) of the
common variance, so the interchangeability of the indicators considered
behaviors caused by the same construct can be maintained. This issue is
crucial for defining a reflective measurement model (Murray and Booth,
2018). The rest of the common variance, approximately 30%, is produced
by the differences in the results of the subdimensions.

The factor loadings have all been significant, both in the general
factor and in the subdimensions. The item-level ECV indices (see Table
I1) show that the general factor determines part of the item responses,
but only for item 17 does that contribution exceed 80%. For items 3 and
8, the general factor explains approximately 75%. For 10 of the items, the
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contribution ranges from 41% to 60%, and for the remaining seven items,
it is approximately 20% to 40%. Therefore, in most items, the influence of
the general factor combines with the impact of the subdimensions.

Additionally, the construct replicability indices show good results
with values close to or above 0.70. Therefore, the set of indicators that
make up each latent variable explains sufficient variability and will have
stability in different studies (Rodriguez et al., 2016).

Considering the factor loadings in the bifactorial model show sufficient
size in both the general factor and the subdimensions, with average
values close to or above 0.50, indicating the importance of the complete
model (Ferrando and Lorenzo-Seva, 2018). The relative parameter bias
index (SRP) also indicates that the factor loadings of the general factor
in the bifactorial model differ from those in the unidimensional model.
Therefore, not considering the multidimensional structure introduces
bias in the estimates.

We appreciate the thorough critical review conducted and hope to have
satisfactorily addressed most of the objections raised. We will consider
the new avenues of consideration that arise from this discussion and
reanalysis of our data. Finally, we thank the journal editor for accepting
to include these works following our original one, as we understand
that these debates and methodological differences advance and improve
scientific work.
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