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GENERALIZED TOTAL ENTROPY FIT INDEX 2

Abstract

The Generalized Total Entropy Fit Index (GenTEFTI) is introduced as a new fit index for
comparing the dimensionality of correlated traits and hierarchical/bifactor structures in
Structural Equation Modeling (SEM) and Network Psychometrics. This study addresses
limitations in recent simulation studies that focus solely on discrepancy due to estimation, by
incorporating discrepancy due to approximation and population error. Three Monte Carlo
simulations were conducted to assess the accuracy of GenTEFI and traditional fit indices
(CFI, RMSEA, SRMR, BIC, AIC) in identifying correct model structures at both sample
and population levels (correlated traits vs. bifactor, bifactor vs. correlated traits, bifactor
vs. bifactor). Results show that GenTEFT is the only fit index that adequately differentiates
between correlated traits and bifactor structures in both sample and population contexts,
regardless of the true data generation mechanism. GenTEFI demonstrated high balanced
accuracy (94-95%) across all conditions tested, outperforming traditional fit indices like BIC,
AIC, RMSEA, and SRMR, when the data comes from a correlated traits model. When the
data comes from a bifactor model, or when comparing different bifactor structures, GenTEFI
performed comparably to traditional indices. Two empirical examples illustrate the practical
application of GenTEFT in model selection for attachment styles and misinformation
susceptibility. This study highlights the potential of GenTEFI to enhance the validity and
reliability of measurement instruments in psychology, offering researchers a powerful new

tool for understanding the structure of psychological constructs.

Keywords: keywords
Word count: X
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GENERALIZED TOTAL ENTROPY FIT INDEX 3

Generalized Total Entropy Fit Index: A new fit index to compare bifactor and

correlated factor structures in SEM and network psychometrics
Introduction

Psychometric research has increasingly focused on understanding the complex
structure of psychological constructs using advanced modeling techniques. The bifactor
model, which allows for the estimation of both general and group factors, has gained
popularity among researchers due to its ability to provide a more nuanced representation of
the underlying structure of the data. However, recent simulation studies have raised concerns
about the potential bias of fit indices when comparing correlated traits and bifactor models,
highlighting the need for caution in model selection (Greene et al., 2019; Morgan, Hodge,
Wells, & Watkins, 2015; Murray & Johnson, 2013).

Fit indices, such as the comparative fit index (CFI: Bentler, 1990) and the root mean
square error of approximation (RMSEA: Steiger, 1980), are commonly used to assess the
adequacy of competing models and determine which model best fits the data. These indices
are widely relied upon to justify the selection of one model over another, particularly in the
context of comparing correlated traits and bifactor models (Morgan et al., 2015). However,
simulation studies have revealed that fit indices may be biased in favor of bifactor models,
even when the data generating mechanism is a correlated traits model (Greene et al., 2019;
Morgan et al., 2015) or when the data follow random patterns (Bonifay & Cai, 2017). This
bias is particularly concerning because researchers rely on model fit to determine the most

appropriate model.

Cucina and Byle (2017a), for example, showed the bifactor model was the model
presenting better fit across 166 comparisons (90% of the comparisons), leading to the
recommendation for researchers to consider using bifactor models in intelligence batteries.
Another representative example is the work of Snyder, Young, and Hankin (2017) that

showed the bifactor structure presented a better fit than the unidimensional and the two
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correlated traits model, therefore recommending the former as the the best representation of
psychopathology symptoms (the p-factor of psychopathology). The tendency of bifactor
models to overfit the data, especially in the presence of model misspecifications or
complexities in the true data-generating process, further complicates the interpretation and
generalizability of the findings of research investigating the structural organization of

variables in psychology (Bonifay, Lane, & Reise, 2017).

Figure 1 illustrates the issue by showing a correlated traits (left) and a bifactor model
(right) fitted to data generated from a correlated traits model'. Thickness in Figure 1

represents loading size (items with higher loadings have thicker edges in the plot).

ORORORC (=)
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[ [ [ [ o [ [ Lo [ o Lo [ [ [ [ e [ s [0 @ @ @

Figure 1
Fitting a Correlated Traits Model and a Bifactor Model to Data Generated from Correlated
Traits.

The correlated traits model had a CFI of 0.92, a RMSEA of 0.03 and a SRMR of
0.03, while the bifactor model presented a CFI of 0.93, a RMSEA of 0.03 and a SRMR of

0.03. Despite being the correct model, the correlated traits model (y? = 212.00) presented a

! The data generation mechanism has four variables per factor, moderate loadings (ranging from 0.45 to
0.55), and interfactor correlation of 0.30. Sample size: 1,000 observations.
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GENERALIZED TOTAL ENTROPY FIT INDEX 5

significantly worse fit to the data than the bifactor model (y? = 192.46, Ax? = 19.54, Adf =

10, p = 0.03).

In a recent study, Kan, Psychogyiopoulos, Groot, Jonge, and Ten Hove (2024)
cautioned against using approximate fit indices (such as CFI, RMSEA) as relative measures
when comparing models, as they may be biased towards favoring the more parameterized
bifactor models. The authors recommend using relative fit indices like the Bayesian
information criterion (BIC) and the Akaike information criterion (AIC) for model selection

between bifactor other types of models (Kan et al., 2024).

To address the potential bias of bifactor models, studies have emphasized the need for
a more comprehensive approach to model evaluation and selection. Rather than relying
solely on fit indices, researchers have been urged to consider a range of factors, including
substantive theory, factor strength indices, and the interpretability of the resulting factor
scores (Reise, Scheines, Widaman, & Haviland, 2013; Rodriguez, Reise, & Haviland, 2016).
The usual argument is that by adopting a more nuanced and critical approach to the
application and interpretation of bifactor models, researchers can mitigate the potential bias
and ensure that their conclusions are grounded in both statistical and substantive

considerations.

Despite the significant practical and theoretical implications of overfitting bifactor
models, especially in contrast to correlated traits structures, it is remarkable that the
primary concern—the efficacy of fit indices—has often been overlooked. Many studies
emphasize the need for parsimony in model comparison, cautioning against exclusive
dependence on fit indices. This dependence raises a critical question: if fit indices are not
reliable for assessing model-data congruence, what purpose do they serve? The prevalent
reliance on these indices without addressing their limitations underlines a significant gap in

the field.

Instead of tackling the problem of traditional fit indices being biased toward bifactor
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models, suggesting that new fit indices are necessary, the field has adopted either an
“evasion” approach (e.g., “researchers shouldn’t rely solely on fit index, but use theory or a
parsimonious approach”) or a “bifactor avoidance” position (e.g., “bifactor models should not
be used because they overfit the data”). Neither positions addresses the problem, but both
lead to a lack of engagement with critical or challenging aspects of the subject, potentially
hindering scientific progress. The field has historically prioritized tradition, and may have
overlooked or underestimated the need for new fit indices that are not based on the distance,
difference, or equivalence between a model-implied covariance matrix and the covariance

matrix of observed variables (like the traditional fit indices CFI, RMSEA, and SRMR).
Limitations of Recent Simulation Studies

Recent simulation studies investigating the performance of fit indices when comparing
correlated traits and bifactor models have adopted strategies that limit their generalizability:
they focus solely on discrepancy due to estimation, which quantifies sampling error or the
discrepancy between population and sample estimates (Cudeck & Henly, 1991; Preacher,
Zhang, Kim, & Mels, 2013). Cudeck and Henly (1991) defined four types of discrepancy,

described below and represented in Figure 2:

1. Discrepancy due to Approximation (DA): This represents the difference between the
population covariance matrix (Xy) and the model’s implied covariance matrix in the
population (Xy). DA is a measure of the model’s lack of fit in the population,
independent of sample size and sampling variability. It quantifies the degree of model
misspecification or the extent to which the model deviates from the true
data-generating process. Minimizing DA is equivalent to maximizing the model’s
verisimilitude or proximity to the truth. It quantifies population error or model

misspecification, independent of sampling variability.

2. Discrepancy due to Estimation (DE): This represents the sampling variability or the

difference between the model’s implied covariance matrix in the population (3¢) and
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130 the model’s implied covariance matrix in the sample (or model prediction: 3). DE

131 arises because model parameters are estimated from a finite sample rather than the
132 population. As sample size increases, DE decreases, and s approaches X. It

133 quantifies sampling error or the discrepancy between population and sample estimates.

134 3. Sample Discrepancy (SD): Refers to the discrepancy between observed data (S) and a

135 model’s predictions (32).

136 4. Overall Discrepancy (OD): This is the sum of DA and DE (plus a negligible term that

137 disappears as sample size increases). It represents the overall difference between the
138 population covariance matrix (Xy) and the model’s implied covariance matrix in the
139 sample (2). OD takes into account both the model’s lack of fit in the population (DA)
140 and the sampling variability (DE). Minimizing OD is equivalent to maximizing the

141 model’s generalizability or its ability to fit new data arising from the same population.
142 It quantifies the overall discrepancy between the population covariance matrix and the
143 model-implied covariance matrix estimated from a sample.

144 At small sample sizes, DA and DE can have opposite effects on OD. Adding

us parameters may reduce DA but increase DE. As sample size increases, DE decreases, and
us  OD approaches DA. Therefore, minimizing DA and OD are asymptotically equivalent, but at

7 realistic sample sizes, the model with the lowest DA may not have the lowest OD.



148

149

150

151

152

153

154

155

156

GENERALIZED TOTAL ENTROPY FIT INDEX 8

Discrepancy due to Approximation 20

Overall Discrepancy Discrepancy due to Estimation

@—Sample Discrepancy:

Figure 2
Different types of discrepancy according to Cudeck and Henly (1991).

Greene et al. (2019), Morgan et al. (2015), and Bonifay and Cai (2017) showed that
traditional fit indices are biased in favor of bifactor models. Similarly, Kan et al. (2024)
argued that approximate fit indices (like CFI and RMSEA), which reflect sample discrepancy
between the sample covariance matrix and the model-implied covariance matrix, should not
be used for comparing models. Instead, Kan et al. (2024) propose that relative fit metrics
like AIC and BIC, which approximate overall discrepancy between the population covariance
matrix (3g) and 3, are more accurate in differentiating bifactor models from other types of
models. However, these studies share a common limitation: they focus solely on the accuracy

of fit indices in selecting the model with the highest generalizability (i.e., minimizing OD),
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failing to consider the equally important goal of selecting the model with the highest
verisimilitude (i.e., minimizing DA). As Cudeck and Henly (1991) and Preacher et al. (2013)
argue, these two goals are distinct and may lead to different model choices, especially when
different sample sizes are investigated. Therefore, a comprehensive evaluation of fit indices in
the context of bifactor modeling should consider their performance in relation to both

generalizability and verisimilitude.

When the focus is on one type of evidence because the data generation mechanism
can capture only model divergence due to estimation (i.e., the data is generated from a
specific model-implied covariance matrix that is a perfect representation of the population
covariance matrix), nothing can be said about the fit indices’ capacity to identify divergence
due to approximation. Divergence due to approximation is only possible when the data
generation mechanism has a model-implied covariance matrix that is not a perfect
representation of the population covariance matrix. In other words, it is necessary to add
error to the population to be able to capture more realistic evidence about divergence due to
estimation (sample-level) and to capture divergence due to approximation (population level).
Greene et al. (2019), Morgan et al. (2015), Bonifay and Cai (2017), and Kan et al. (2024)
did not include error in the population, nor did they investigate how different fit indices

perform at the population level.
Present Study

Golino et al. (2021) recently developed a new family of fit indices for dimensionality
analysis called entropy fit indices. These indices, based on information and quantum
information theory, provide an objective function that can be optimized for dimensionality
tasks. In their simulation study, the total entropy fit index (TEFI) demonstrated the highest
power in detecting the correct (population) structure compared to other entropy fit indices

and traditional fit measures used in structural equation modeling, such as the CFI and

RMSEA.
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TEFI computes the distance between the mean Von Neumann ( VN) entropy for the
estimated dimensions (factors) and the total VN entropy of the system of variables, with a
penalization for the number of dimensions. This penalization ensures that TEFI only
decreases with additional dimensions if each dimension reduces the uncertainty or disorder of
the system of variables. TEFI requires only a vector representing the structure (i.e., how
variables are grouped into dimensions) and a scaled correlation matrix. It measures the
entropy reduction by partitioning a multidimensional space into several groups of variables,
aiming to minimize the uncertainty or disorder due to the correct identification of underlying

dimensions (Golino et al., 2021).

Although TEFI overcomes some limitations of traditional fit indices, it is only
suitable for single-level structures, such as those estimated using exploratory graph analysis
(Christensen & Golino, 2021; EGA; Golino & Epskamp, 2017; Golino et al., 2020), reflecting
a correlated traits structure. In this paper, we introduce the generalized total entropy fit
index (GenTEFT), which expands TEFI to accommodate more complex two-level structures
represented by a bifactor organization with multiple general factors, such as those estimated

using hierarchical EGA (Jiménez, Abad, Garcia-Garzon, Golino, et al., 2023).

Our simulation studies address the limitations of recent simulations by generating
data from a population model with error, enabling the quantification of fit indices’ accuracy
in capturing discrepancy due to sampling and approximation. We check the accuracy of fit

indices in three simulations:

1. True data generation mechanism: correlated traits model with population error.
2. True data generation mechanism: bifactor model with population error.

3. True data generation mechanism: bifactor model with population error, comparing the

correct structure to over- or under-factored structures.

In all simulations, we compute the accuracy of fit indices at both the sample and
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population levels. Trustworthy fit indices should demonstrate high accuracy at both levels,
indicating a high capacity to select models with generalizability and verisimilitude. Fit
indices that perform well in samples but poorly in the population (or vice versa) are biased

and should be used with caution.

We show that GenTFEFI is the only fit index that can adequately differentiate
between correlated traits and bifactor structures when the data generation mechanism is
either a correlated traits model or a bifactor model, both at the sample and population
levels. Additionally, when the data generation mechanism is a bifactor model, GenTEFI
performs as well as traditional fit indices but with higher accuracy in identifying the correct

structure when the general factor is overfactored.

The paper is organized as follows. First, we present TEFI and its expansion,
GenTEFI. Then, we discuss traditional fit indices used in dimensionality assessment and
briefly introduce bifactor models with multiple correlated general factors. We describe three
Monte Carlo simulations, present the results, and provide an empirical example. Finally, we

discuss the findings, limitations, and future directions.
The Total Entropy Fit Index and its generalization to two-level structures
Entropy, Total Correlation, and the K-Function

Golino et al. (2021) introduced a new a family of fit indices based on the
information-theoretic concept of entropy, that can be used to check the fit of the
dimensionality structures estimated via EGA (Christensen & Golino, 2021; Golino &
Epskamp, 2017; Golino et al., 2020) and factor-analytic methods. In information theory,
entropy is a measure of the uncertainty associated with a random variable. It is a way of
quantifying the amount of randomness or unpredictability in a system, with its historical

roots in thermodynamics with the work of Boltzmann and others (Watanabe, 1960).

The entropy of a discrete random variable X depicts the average amount of

unpredictability that is removed when the outcome of X is known (Yeung, 2008),
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characterizing the uncertainty associated with X or the degree of disorganization of X.
Watanabe (1939) proposed an entropy-based index termed total correlation to measure the
uncertainty of random variables and the strength of their correlation beyond their average
interaction (Watanabe, 1960). The total correlation of a set of variables increases as the
entropy of individual variables increases or as the entropy of the set of variables decreases
(Watanabe, 1960). Replacing metrics of distance by total correlation, Watanabe (Watanabe,
1969) developed a cluster-identification technique termed interdependence analysis. The
general idea of interdependence analysis is to partition a set into subsets until

interdependence is minimized (Watanabe, 2000).

Hiroshi Watanabe (Watanabe, 2000) showed that constructing clusters using total
correlation could lead to undesirable outcomes in partitioning a multidimensional space of
variables. As total correlation disregards the size of the subsets, small subsets with low
entropy values might be removed, regardless of their relationship to other subsets. To
address this issue, Hiroshi Watanabe (Watanabe, 2000, 2001) introduced the K-function, a
modified total correlation index calculated as the difference between the average entropy of

X, and X, from the entropy of the super-set X, (X,, X,) € X.

The K-function can be used as a measure of entropy reduction by partitioning, where
minimization reduces the uncertainty or instability in the partition of a multidimensional
space, and can also be interpreted as the maximization of information gain (Watanabe, 2000,
2001). However, despite its interesting properties, Golino et al. (2021) showed that the
K-function is not suitable as a fit index for dimensionality assessment because it decreases as
the true number of subgroups of variables (i.e., dimensions, clusters, factors, or communities)

increases.
Total Entropy Fit Index

Golino et al. (2021) developed a family of fit indices to overcome the limitations of

the K-function proposed by Watanabe (2000) and Watanabe (2001). One of these new fit
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indices, the total entropy fit index (TEFI), presented the highest power in a Monte Carlo
simulation. When TEFI was used to compare the correct (population) structure with
incorrect structures (with more or less factors than the population model used to generate
the data, or with a different composition of items per factor), it presented a mean percentage
correct score (i.e., the mean number of times it selected the correct dimensionality structure
when compared to incorrect structures) of 92%. RMSEA and CFI presented a mean
percentage correct score of 78% and 74% when used as relative measures of fit, and 14% and

35% when their traditional cut-off criteria (< .05 and > .95, respectively) was used.

The TEFI index computes the distance between the mean Von Neumann entropy
(Von Neumann, 1927) of the dimensions (factors or communities) and the total entropy of
the system of variables, and adds a penalization to the number of dimensions estimated. Von
Neumann entropy (Von Neumann, 1927) is an index that was developed to quantify the
amount of disorder in a system. It’s also been used to quantify the entanglement between
two subsystems in quantum physics (Preskill, 2018), which occurs when two (or more)
particles become inextricably linked. As Golino et al. (2021) points out, the entanglement of
two or more systems can also be expressed in terms of a density matriz, a type of matrix
used in quantum mechanics that is akin to the probability distribution of position and
momentum (i.e., phase-state probability) in classical statistical mechanics (Hall, 2013). Any
density matrix has three main characteristics: (1) it is real symmetric, (2) positive
semi-definite, and (3) has trace equal to one. Preskill (2018) shows that for any density

matrix p, Von Neumann entropy is:

S(p) = —tr(plogp). (1)

Golino et al. (2021) shows that any correlation matrix can be transformed into a
density-like matrix by using the number of variables as a scaling factor that will make the

trace of the matrix equal to one (Anderson, 1963). By dividing the elements of the matrix by
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the number of variables, the correlation matrix will hold the same properties as any density

matrix, and can be used to describe or quantify properties of a system of variables (Golino et

al., 2021).

Wihler, Bessire, and Stefanov (2014) shows that Von Neumann entropy can also be
estimated using the eigenvalues of a density matrix. Given a density matrix p with

eigenvalues A1, Ao, - -+, A, > 0, Von Neumann entropy is:

S(p) = —tr(L(D)). (2)

in which D is a density matrix, and £ is the vector eigenvalues of the density matrix. In
other words, the Von Neumann entropy of a density matrix is the Shannon entropy of the
vector of eigenvalues (Golino et al., 2021; Preskill, 2018). Additionally, the joint Von
Neumann entropy of two (or more) density matrices, A, B, can be calculated as products of
their individual eigenvalues, since the eigenvalues of A ® B are

)\1/,61,"' ,)\1/Lm,"' ,)\2/111,"' ,)\Q/J/m,"' 7/\n/vbm (Lan, 2005)

The TEFI index can be computed using a density-like, scaled version of a correlation
matrix in which the Von Neumann entropy can be estimated on. Given a m x m scaled
correlation matrix p with two underlying dimensions, factors, or communities indexed by n,
and 1), these dimensions can be represented as a different combination of sub-elements (rows
and columns) from p: p, ¢, and p; jc,,, with n; = (1,2,3), and 7, = (4,5,6). In other
words, the first dimension (factor or community) is composed by variables 1, 2 and 3 of p,
and the second factor is composed by variables 4, 5 and 6 of p. With m = 6, p takes the

generic form of
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aix G2 13 A4 Qi Gie
Q21 Q22 A23 A24 A25 G2
31 G32 (33 aAz4 azs 0G36
g1 Q42 A43 Q44 Q45 Q46

51 Qs2 As3 As4 G55 G556

Qg1 dg2 Qg3 Aea Qg5  Aee

3¢ The sub-matrix p; ;. 18, therefore:

@11 Aaiz2 a3
Pijem = | a21 a2 a3

31 Aagz2 a33

w5 And the sub-matrix p; j,, is:

Q44 Q45 Q46

Pijen, = | Gsa G55 as6

Qgs Ae5 Q66

306 The Von Neumann entropy of p; je,, and p; je,, are S(p,,) and S(p,,), respectively

w7 (with 4,5 € 1 and 4, j € 1 omitted for clarity). Then, TEFI can be calculated as:

T = [EEI s 4 (s<p> -y S(pk>) x W] , ®)

28 where S(p) is the total Von Neumann entropy of the system of variables (i.e., the Von
30 Neumann entropy of the scaled correlation matrix with all variables), S(p;,) is the Von
s0 Neumann entropy of the scaled sub-matrix representing dimension (factor or community) k,

su and N is the number of dimensions (or factors, communities).
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This equation integrates three key components: the average entropy across
dimensions or factors (A), the number of dimensions (B), and the total entropy of the
system (C'). The total entropy fit index, can be re-written as TEFI = [P1] 4+ [P2], in which
[P1] = 525 and [P2] = (C — A) x V/B. Golino et al. (2021) argues that [P1] is expected to
decrease monotonically as the number of factors increases, but [P2] is expected to increase as
the number of factors increase, representing the reduction in average entropy of a set of data
conditional on a given dimensional (factor) structure. Finally, the square root of the number
of factors was chosen in [P2] by Golino et al. (2021) to control the expected growth
trajectory of [P2] as the number of factors increases. The effect of adding an additional
factor would be conditional on the number of factors already being estimated in the model,
showing a decreasing effect as the number of factors increases. In summary, TEFI computes
the distance between the mean Von Neumann entropy of the dimensions (factors or
communities) and the total entropy of the system of variables, and adds a penalization to

the number of dimensions estimated.
Generalized Total Entropy Fit Index

As can be noted by equation 3, TEFI can only be computed in single-level structures
(e.g., those reflecting first-order factors or communities). At present, there’s no way for TEFI
to take into consideration more complex dimensionality structures, such as bifactor
structures with multiple correlated general factors. Expanding TEFI to accommodate
dimensionality structures in two levels requires adding two new components to equation 3.
One, [P3], representing the distance (or difference) between the sum of the Von Neumann
entropy of the second-level dimensions, F, relative to (i.e., divided by) the number of
first-level dimensions (first-order factors, group factors, first-order communities), B, and the
total entropy of the system of variables (C'). The other component to be added ([P4]), is
similar to the penalization component [P2] of TEFI, but replaces A by E (the sum of the

individual Von Neumann entropy of the second-level dimensions). The simplified version of
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the generalized total entropy fit index is, therefore,

GenTEFI = [(525) + (C = A) x VB| +[(5Z) + (C — E) x VB], or

GenTEFI = [P1] + [P2] + [P3] + [P4], being [P3] = (E/B) — C and [P4] = (C — E) x VB.
The generalized total entropy fit index can be seen as an additive fit index combining a
first-order TEFL (T EF Ipirst—oraer = [P1] + [P2]) and a second-order TEFI
(TEFIseoomd-ovaer = [P3] + [P4]).

The generalized TEFI can be, finally, formulated as:

GenTEFI = {lk%\f(p’“) — S(p)] + (S(p) - iS(pk)) X \/NF] }
F k=1
Near Negr (4)
+{ [Zl:le(pl) —S(p)] + (S(p) - Z S(Pz)) X \/NF] }

where Ngp is the number of second-level dimensions and S(p;) is the sum of the Von
Neumann entropies for each factor or community [ of the second level structure. Equation 4

can be simplified as follows:

Ner

(2 x S(p) — kzF:S(pk) - ; S(py)
(5)

Zkal S(py) + Zz]ic’iF S(p;)

GenTEFI = N,

—2><S(p)] +

Interesting Properties of The Generalized Total Entropy Fit Index

To demonstrate the applicability of the GenTEFI in comparing structures with varied
organizations—such as correlated traits versus bifactor models—data were generated under
two distinct conditions. In the first scenario, we generated data using a correlated traits
structure, characterized by factor loadings between 0.45 and 0.75, correlations between
factors ranging from 0.00 (orthogonal) to 0.70, and four variables per factor in a total of four

factors. In the second scenario, the data was generated using a bifactor model comprising

J <.
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four group factors and one general factor, with four variables per group factor. Here, the
loadings on the group factors varied from 0.45 to 0.55, while those on the general factors
ranged from 0.45 to 0.70. For each model, we generated 100 datasets, each consisting of
5,000 observations, to robustly assess the characteristics of the GenTEFT (more specifically,
the lower-order or first-order TEFI and the high-order or second-order TEFI values) across

these different structural configurations.

In Figure 3, a hexagonal binning plot shows the relationship between factor loadings
and the first and second-order TEFI under varying conditions of a correlated traits model.
The use of hexagonal cells enables a clear depiction of data point density, with color
gradients indicating the concentration of points—brighter yellow hues signifying greater
densities. The plot’s facets correspond to different levels of interfactor correlation, ranging
from orthogonal (zero correlation) to highly correlated factors, enabling a comparative
analysis across the spectrum of loading magnitudes. The hexagons’ borders are color-coded
to denote the level of TEFI: red for second-order TEFI and gray for first-order TEFI
(TEFIrirst—order = [P1] + [P2], TEF Isccond—order = [P3] + [P4], see equation 4).

The figure reveals that, for orthogonal or weakly correlated trait structures, the
first-order TEFI values are consistently lower than those of the second-order meaning the
uncertainty of the correlated traits structure is lower than the bifactor structure. The
first-order TEFI was computed in a structure that mirrors the true four-factor model
whereas the second-order TEFT is based on an assumed but incorrect higher-order factor.
Interestingly, as interfactor correlations strengthen, the gap between first and second-order
TEFI narrows. At higher interfactor correlations, the second-order TEFI becomes less than
the first-order, suggesting an emergent second-order structure. These observations
underscore two key insights regarding the GenTEFI: its sensitivity to distinguishing between
correlated traits and bifactor or hierarchical structures and its responsiveness to changes in
the correlation between factors, which reflects different organizational complexities within

the data structure. As the correlation increases, more information is being shared between
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the factors, which makes them more mixed or presents a higher disorganization and higher
uncertainty. As in physical systems, systems of variables with mixed states show a higher
entropy, disorganization, or uncertainty than systems well-compartmentalized into distinct
sets. Consequently, with increased correlations between factors, the overall system of
variables has a higher entropy or uncertainty than the average entropy of its individual
factors. This suggests that the global interactions of the variables contribute more to its
entropy than the internal structure of its factors. Consequently, the uncertainty of a
hypothetical second-order factor decreases. In other words, as the correlations between

factors increase, a second-order structure emerges.

Level

Second-Order

First-Order

Probability

05 0.6 0.7 05 0.6 0.7 05 0.6 0.7 05 0.6 0.7

05
Loadings

Figure 3
Total entropy fit values accross different conditions used to generate data from a correlated
traits model per level (first-order and second-order).

In Figure 4, a hexagonal binning plot shows the relationship between factor loadings
and the Total Entropy Fit Index (TEFI) under varying conditions of a bifactor model.
Loadings of the general factors are represented in the x-axis, and the grid represent different
magnitude of the first-order factor loadings (or loadings of the group factors). The plot
indicates that the values for second-order TEFT are lower than for the first-order ones, and
this gap grows as the general factors’ loadings increase. This distinction between the first
and second-order TEFI values highlights the usefulness of the GenTEFI. In short, both
Figures (3 and 4) illustrate that GenTEFI is an effective new tool for analyzing the
dimensionality of psychology data—it helps differentiate between a correlated traits model

and a bifactor model. When the underlying structure of the data is a correlated traits model,



401

402

403

404

405

406

407

408

410

411

412

413

414

415

416

417

418

419

GENERALIZED TOTAL ENTROPY FIT INDEX 20

first-order TEFI values are smaller (more negative) than second-order ones. For example,
using GenTEFT on the structures depicted in Figure 1 (correlated traits and the bifactor
structure), leads to a lower-order TEFT of -13.03 and a high-order TEFT of -8.03, indicating
that the correlated traits structure fits the data better than the bifactor structure (or that
the former has a lower uncertainty than the latter), contrary to the traditional fit indices
shown earlier in the introduction. At the same time, when dealing with data generated from
a bifactor model, GenTEFT proves useful in assessing the fit of both levels (first and second
order) simultaneously, as the simulation studies in the last three sections of the paper will

demonstrate.

TEFI

Loadings (Second-Order)

Figure 4
Total entropy fit values accross different conditions used to generate data from bifactor model
per level (first-order and second-order)

Fit Indices used in Factor Analysis

Fit indices developed under the factor analysis framework have been used as tools of
dimensionality assessment (Santos, Vagos, & Rijo, 2018; Schermelleh-Engel, Moosbrugger, &
Miiller, 2003; Ventimiglia & MacDonald, 2012). These fit indices include, among others: CFI
(Bentler, 1990), RMSEA (Steiger, 1980), and SRMR (Joreskog & Sorbom, 1981). CFT tests
the equivalence of the population covariance matrix of observed variables and the
model-implied covariance matrix using the noncentrality parameter (Ay;) of the specified
model, which is computed as x2, — dfar, where x3, is the chi-square statistic and dfy is the
degrees of freedom of the specified model. SRMR computes the average difference between

observed and model-implied covariance matrices. RMSEA and SRMR are considered
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absolute fit indices because they compute an overall fit that only takes into account the fit of
the specified model. CFI is an incremental fit index because it verifies the superiority of the

specified model relative to a baseline model at reproducing the observed covariances.

The formulas for these fit indices are shown below in Equations 6, 7, and 8,

max (A, 0)

CFI=1- ez O ) (6)
RMSEA = max ( __ o) (7)
N dfu(N —1)" ")’

4 Zi, ( Sij _ Gij )2
=L G=U\ Vsiiv/55 VEiun/65 8
p(p+1) ’ )

2

SRMR =

where \y; and df,; are the noncentrality parameter and degrees of freedom of the specified
model, Ay and dfy are the noncentrality parameter and degrees of freedom of the baseline
model, N is the sample size, s;; is the observed covariance, 6;; is the model-implied
covariance, s; and sj; are the observed standard deviations, &;;, and 6,; are the

model-implied standard deviations, and p is the number of observed variables.

Applied researchers (e.g., Campbell-Sills, Liverant, & Brown, 2004; Sanne, Torsheim,
Heiervang, & Stormark, 2009) have generally relied on the typical cut-off values that have
been proposed for these indices in the literature, such as .90 or .95 for CFI, and .05 or .08 for
RMSEA and SRMR (good and acceptable fit, respectively; Browne & Cudeck, 1992; Chen,
Curran, Bollen, Kirby, & Paxton, 2008; Hu & Bentler, 1999) to verify the dimensionality
structure of their instruments. However, recent simulation studies have shown that using
cut-off values as criteria for dimensionality assessment is not adequate (Garrido, Abad, &
Ponsoda, 2016; Golino et al., 2021). Clark and Bowles (2018) and Beierl, Bithner, and Heene

(2018), for example, showed that none of the conventional cut-off values previously cited
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appeared to perform well enough to be recommended, a finding replicated by Golino et al.
(2021). Clark and Bowles (2018), Beierl et al. (2018), and Garrido et al. (2016) found that
the RMSEA index combined with the typical cut-off value of 0.05 was insensitive to latent
misspecification, frequently accepting models with fewer major factors than those in the
population. Similarly, although CFI performed more reliably using a 0.95 cut-off value, its
accuracy was contingent on the size of the factor loadings, factor correlations, and number of
items (Beierl et al., 2018; Clark & Bowles, 2018). Again, the SRMR index performed very

poorly, generally accepting underfactored models when using a cut-off value of 0.08.

Golino et al. (2021) found that despite not performing well when using the cut-off
values previously cited, CFI and RMSEA performed very well when used as relative
measures of fit. The use of traditional fit indices as relative measures of fit means that two
or more dimensionality structures are being compared, and the one presenting the highest
CFI value, or the lowest RMSEA /SRMR fits the data better. The values of the fit indices
are affected by parameters not related to the size of the misfit, such as the size of the factor
loadings, the number of response categories, and the sample size (Chen et al., 2008; Golino
et al., 2021; Heene, Hilbert, Draxler, Ziegler, & Biihner, 2011; Hu & Bentler, 1999; McNeish,
An, & Hancock, 2018; Savalei, 2012; Xia & Yang, 2018).

Golino et al. (2021), however, did not investigate the accuracy of relative measures of
fit, such as Akaike’s information criterion (AIC; Akaike, 1973) and the Bayesian information
criterion (BIC; Schwarz, 1978). Both fit indices are part of a broader set of fit indices based
on overall discrepancy (OD), designed to select the simplest model from a pool of competing
models that most describes observed data more accurately (Preacher et al., 2013), and can

be generally represented with the following equation:

OD = —2fi, + a X q, 9)

where f; is the log-likelihood of model £, ¢ is the number of free parameters in model
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k, and « is a function of sample size: in AIC o = 2 and in BIC a = [n(N), N being sample

size.

AIC and BIC are two model selection criteria that impose different complexity
penalties, with BIC having a stiffer penalty than AIC for sample sizes greater than or equal
to 8 (Preacher et al., 2013). Although AIC has been shown to perform well in selecting the
true number of factors at small sample sizes, it tends to select more complex models as the
sample size increases (Song & Belin, 2008). This tendency has raised questions about the
appropriateness of AIC for model selection, as it was designed with generalizability in mind
(ability to cross-validate well to data arising from the same underlying process) rather than
verisimilitude (proximity to the objective truth; Preacher et al., 2013). BIC, on the other
hand, has been found to outperform AIC in recovering the true number of factors, but

suffered as N increased to large sample sizes (Preacher et al., 2013).

To our knowledge, the current paper is the first to evaluate how well traditional fit
indices used in factor analysis (CFI, RMSEA, SRMR, AIC, and BIC) perform as tools of
dimensionality assessment in bifactor structures, computing accuracy at the sample and
population levels, and using population covariance matrices with error. Therefore, there are
no previous Monte Carlo simulations to base our expectations on or compare our results to.
Nonetheless, we expect to replicate—to some extent—the results of the previous simulations

using the more common correlated first-order factor structures.
Bifactor models with multiple general factors

Bifactor analysis (BIFA) is a popular approach to decompose item variance in group
factors that affect a subset of items and one orthogonal general factor that is common to all
the items (Reise, 2012). This modeling framework has been used in a wide variety of fields,
like personality (Abad, Sorrel, Garcia, & Aluja, 2018) and intelligence (Cucina & Byle, 2017b;
Eid, Krumm, Koch, & Schulze, 2018), to deal with the simultaneous presence of narrow and

broad dimensions, giving a comprehensive view of the psychological traits that are measured.
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However, BIFA is restricted to a single general factor, whereas psychometric
instruments are often created with items that encompass many different domains. For this
reason, with the prolific development of BIFA methods in the last decade (Abad,
Garcia-Garzon, Garrido, & Barrada, 2017a; Eid, Geiser, Koch, & Heene, 2017;
Garcia-Garzon, Abad, & Garrido, 2019; Garcia-Garzon, Nieto, Garrido, & Abad, 2020;
Jennrich & Bentler, 2011, 2012; Lorenzo-Seva & Ferrando, 2019; Waller, 2018), there has
also been an increasing interest to address more than one general factor in a single model
(Cai, 2010; Jiménez, Abad, Garcia-Garzon, & Garrido, 2023a; Tian & Liu, 2021). In the
context of bi-factor analysis with multiple general factors (BIFA-MGF: Jiménez, Abad,
Garcia-Garzon, & Garrido, 2023b), a general factor is defined as a dimension whose
indicators are themselves indicators of at least two group factors, giving a nested-looking
structure in which the variance shared by the group factors is contained in the general
factors. This generalization of BIFA takes into account the dependencies between the
domains (i.e., correlations between the general factors and interstitial cross-loadings),
removing possible biases that may appear when conducting independent BIFA analyses for
each domain of the data. Furthermore, BIFA-MGF can be used in a completely exploratory
framework (Jiménez, Abad, Garcia-Garzon, & Garrido, 2023a), facilitating the discovery of
theoretical misspecifications (e.g., items loading on a different general factor than expected
by the theory) that will promote the content expansion or redefinition of broad traits.
Despite the appealing features of this bi-factor extension, estimating these models require
the correct specification of the number of group and general factors, which can be

challenging in many situations (but see Jiménez, Abad, Garcia-Garzon, Golino, et al., 2023).
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Methods

Simulation 1: Correlated Traits (true data generation mechanism) vs. Bifactor

Structures

To investigate the comparative performance of the GenTEFI with respect to the
other fit indices (CFI, RMSEA, SRMR, BIC, AIC) in the differentiation of correlated traits
and bifactor structures, a simulation was implemented having a correlated traits (with four
factors) as the data generation mechanism. We manipulated four variables to create a fully
crossed design with 24 conditions: (a) Number of variables per factor (N.VAR: 4, 8), (b)
loadings (“low”, ranging from 0.35 to 0.45, “moderate”, ranging from 0.45 to 0.55, and
“high”, ranging from 0.6 to 0.7), (d) correlations between factors (Cor: 0, 0.30, 0.50), and (e)
sample size (N: 500, 1000, 5000). For each combination of conditions, 500 datasets were
generated with population error following the method of Cudeck and Browne (1992) using
the sim_factor function from the bifactor package (version 0.1.0; Jimenez, Abad,

Garcia-Garzon, Garrido, & Franco, 2022).

For each condition, two structures were estimated, one reflecting the correct
four-factor structure used to generate the data, and one reflecting a bifactor structure with
four first-order orthogonal factors and one general factor. The traditional fit indices (CFI,
RMSEA, SRMR, BIC, AIC) were computed using confirmatory factor analysis via lavaan
(version 0.6.18; Rosseel, 2012a). The fit indices (CFI, RMSEA, SRMR, BIC, AIC, and
GenTEFI) were computed for each structure (correlated traits and bifactor) and when the
indices indicated that the correct (correlated traits) structure fitted the data better than the
incorrect structure (bifactor), an accuracy score of one was assigned (otherwise, the accuracy
was zero, indicating the selection of the incorrect structure). The simulated data, for this

simulation, was continuous.
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Simulation 2: Bifactor Structures (true data generation mechanism)

vs. Correlated Traits

The comparative performance of the GenTEFI with respect to the other fit indices
(CFI, RMSEA, SRMR, BIC, AIC) in the differentiation of bifactor and correlated trait
structures, a simulation was implemented having a bifactor model (with four group factors
and one general factor) as the data generation mechanism. We manipulated four variables to
create a fully crossed design with 40 conditions: (a) Number of variables per factor (N.VAR:
4, 8), (b) loadings in the group factors (LOADS.GRF: “low”, ranging from 0.35 to 0.45, and
“moderate”, ranging from 0.45 to 0.55), (c¢) loadings in the general factor (LOADS.GF)
centered in 0.45 (ranging from 0.35 to 0.55), 0.50 (ranging from 0.40 to 0.60), 0.55 (ranging
from 0.45 to 0.65), 0.60 (ranging from 0.50 to 0.70), 0.65 (ranging from 0.55 to 0.75), and (d)
sample size (N: 500, 1000, 5000). Generating the loadings randomly from distributions
helped break the proportionality constraint of higher-order models and ensured that the
simulated data were full rank bifactor structures (Gignac, 2016). Additionally, each factor
contained one approximately pure indicator of the general factor to further break the
proportionality constraint (Abad, Garcia-Garzon, Garrido, & Barrada, 2017b). This item
had a negligible loading of 0.10 on its assigned group factor. For each combination of
conditions, 500 datasets were generated with population error following the method of

Cudeck and Browne (1992) using the sim_factor function from the bifactor package.

For each condition, two structures were estimated, one reflecting the correct bifactor
structure used to generate the data, and one reflecting a correlated trait structure with four
first-order factors. The traditional fit indices (CFI, RMSEA, SRMR, BIC, AIC) were
computed using confirmatory factor analysis via lavaan. The fit indices (CFI, RMSEA,
SRMR, BIC, AIC, and GenTEFT) were computed for each structure (correlated traits and
bifactor) and when the indices indicated that the correct (bifactor) structure fitted the data
better than the incorrect structure (correlated traits), an accuracy score of one was assigned

(otherwise, the accuracy was zero, indicating the selection of the incorrect structure). The
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simulated data, for this simulation, was continuous.
Simulation 3: Bifactor Structures vs. Bifactor Structures

To investigate the comparative performance of the GenTEFI with respect to the other
fit indices (CFI, RMSEA, SRMR, BIC, AIC), we manipulated five variables to create a fully
crossed design with 48 conditions: (a) Number of variables per group factor (VAR.GRF: 4, 8),
(b) loadings on the general factors (LOAD.GF: “low”, “medium”), (c) loadings on the group
factors (LOAD.GRF: “low”, “medium”), (d) correlations between the general factors (COR.GF:
0.30, 0.50, 0.70), and (e) sample size (N: 500, 1000, 5000).The factor loadings were generated
using a uniform distribution centered in 0.40 (from 0.35 to 0.45) for the low condition and
centered in 0.50 (from 0.45 to 0.55) for the medium condition in the group factors. In the
general factors, the low loading condition was generated using a uniform distribution ranging
from 0.30 to 0.50, and the moderate condition from 0.50 to 0.70. Generating the loadings
randomly from distributions helped break the proportionality constraint of higher-order
models and ensured that the simulated data were full rank bifactor structures (Gignac, 2016).
Additionally, each factor contained one approximately pure indicator of the general factor to
further break the proportionality constraint (Abad et al., 2017b). This item had a negligible
loading of 0.10 on its assigned group factor. For each combination of conditions, 500 datasets
were generated with population error following the method of Cudeck and Browne (1992)

using the sim_factor function from the bifactor package.

The traditional fit indices (CFI, RMSEA, SRMR, BIC, AIC) were computed using
confirmatory factor analysis via lavaan. All the generated bifactor structures had two
general factors and eight group factors, with the items pertaining to four group factors being

also indicators of one general factor (see Table 1 and Figure 5).
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Table 1

A random sample of simulated medium-sized loadings for a bi-factor

structure with two general factors and eight group factors.

Item First Domain Item Second Domain
Gl S1 S2 83 4 G2 S5 S6 ST S8
1 b1 10 0 0 0 17 60 .10 0 0 0
2 B0 52 0 0 0 18 59 52 0 0 0
3 b0 540 0 0 19 5163 0 0 0
4 bl b3 0 0 0 20 51 B8 0 0 0
5 B30 58 0 0 21 BS540 B30 0
6 b2 0 52 0 0 22 60 0 .10 O 0
7 B8 0 53 0 0 23 52 0 56 0 0
8 b9 0 10 0 0 24 S7T 0 B3 0 0
9 b6 0 0 55 0 25 57T 0 0 .57 0
10 60 0 0 .10 0 26 590 0 .57 0
11 BS540 0 59 0 27 60 0 0 .10 0
12 B30 0 .56 0 28 570 0 59 0
13 b0 0 0 .56 29 540 0 0 .55
14 bS5l 0 0 0 .59 30 560 0 0 .10
15 b2 0 0 0 .10 31 520 0 0 .53
16 B0 0 0 0 .58 32 560 0 0 .60

GF1 GF2
e e EEE R EE L EEEEEBEEREERREREER RN EREEEE
FF3 ) ( FF4 @ FF7 ) ( FF8

28
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Population Error

To simulate more realistic data, the model correlation matrix of each condition was
contaminated with error, creating some misspecification. Model misspecification is
ubiquitous in psychological modeling. The current consensus admits that it is impossible to
accommodate the presence of the many nuances and minor factors that explain common
item variance beyond the major factors that are specified in practice (MacCallum, 2003;
Mottus et al., 2020). At best, factor models can capture the broad traits underlying the data.

According to this perspective, the population correlation matrix can be expressed as

R=A®PA" + ¥ +E, (10)

where A is the item loading matrix on the major factors, ® is the matrix of major factors
correlations, W is the diagonal matrix with unique item variances, and E is a symmetric,
off-diagonal matrix of covariances for which the minor factors are responsible (i.e, an error

term).

A consequence of the inevitable misspecification carried in the E term is that the
model parameter estimates, even when they are unbiased, cannot reproduce the population
correlation matrix. Therefore, to face this situation, applied researches usually evaluate the
difference between the population and model correlation matrices with fit indices to decide
whether the amount of misspecification is small enough as to render the model an acceptable
or good simplification of the reality (Maydeu-Olivares, Shi, & Rosseel, 2018; Shi,

Maydeu-Olivares, & Rosseel, 2020).

Such model assessment with fit indices has motivated the development of several
methods intended to generate data (i.e., the E term) with varying levels of misspecification
according to different values of the fit indices, so that the datasets created in simulation

research resemble better the messy data encountered in practice (Cudeck & Browne, 1992;
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Lai, 2019; Tucker, Koopman, & Linn, 1969; Yuan & Hayashi, 2003). In fact, many studies
have already uncovered the fallibility of many dimensionality methods under the presence of
model misspecification (Jiménez, Abad, Garcia-Garzon, Golino, et al., 2023; Lim & Jahng,
2019; Xia, 2021), strengthening the view that simulation studies in dimensionality research

should include a condition involving population error to avoid erroneous conclusions.

For this simulation, we decided to generate data with population error following the
method of Cudeck and Browne (1992) using the sim_factor function from the bifactor
package. This approach has two features that make it more appealing than other competing
methods. First, the objective value of the discrepancy function or a given fit index can be
fixed, giving a precise control of the desired amount of misspecification. Second, the global
minimum at the original model parameters is preserved after adding the E term, so that the
nominal conditions involving the magnitude of item loadings, cross-loadings, and factor

correlations are not contaminated.

The amount of population error was specified according to the CFI index estimated
via maximum likelihood, with levels of CFI = 0.95 chosen to reflect an excellent fit to the
data, and CFI = 0.90 to represent a good level of fit (Montoya & Edwards, 2021). Even
though all commonly used factor-analytic fit indices are impacted by incidental parameters
not related to the size of the misfit, the CFI has proven to be the most robust to latent
misspecification in comparison to absolute fit indices such as RMSEA or SRMR (Garrido et
al., 2016). The largest residual correlation for a model was a second criteria used to control
the amount of population error. The largest population residual correlation for models with
a CFI = 0.95 was < 0.10, while for models with a CFI = 0.90 it was < 0.15 (Shi,
Maydeu-Olivares, & DiStefano, 2018). This ensured that the amount of population error

introduced was within the intended levels for all models.

Importantly, Cudeck and Browne (1992) warned that their method works only when

the generated error is not too large. Thereby, to confirm that we achieved a close-fitting
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population structure for each condition, we fitted a CFA with maximum likelihood using the
correct specification of the model, and the resulting CFI was compared with the intended
CFI at a tolerance value of 1e-05. Similarly, we also checked whether the estimated
parameters were equal to the population parameters and that the largest absolute residuals
for each structure was within the intend boundary. In the end, the sim_factor function was
iterated until a positive definite correlation matrix with error was obtained and satisfied the
aforementioned requirements. Finally, for each conditions we extracted 500 samples from a

multivariate normal distribution with unit variances and zero means.
Data Analysis

To evaluate the performance of the fit indices, two strategies were employed. The first
involves computing balanced accuracy, and the second one involves computing percent
correct scores. In simulations one and two, which differ in the number of conditions, the task
involves determining whether a correlated traits model or a bifactor model better fits the
data. In simulation one, the true data generation mechanism is a correlated traits model,
while in simulation two, it is a bifactor model. The balanced accuracy was calculated using
the caret package (version 6.0.94). Balanced accuracy is the average of sensitivity and

specificity. The confusion matrix below illustrates these concepts.

Reference: Correlated Reference: Bifactor
Traits Model

Predicted: Correlated A B

Traits

Predicted: Bifactor Model C D

Sensitivity: The proportion of data generated from a correlated traits model that is

correctly identified as such, compared to being incorrectly identified as fitting a bifactor
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62 model.

Sensitivity = Y

653 Specificity: The proportion of data generated from a bifactor model that is correctly

s« identified as such, compared to being incorrectly identified as fitting a correlated traits

ess  model.
D
Specificity =
PEY = B4 D
656 Using balanced accuracy instead of just accuracy has several advantages, particularly

es7 in contexts where the number of conditions of the simulations differ, and the accuracy of the
s fit indices are imbalanced or when it is crucial to give equal importance to both sensitivity
0 and specificity. By taking the average of these two metrics, balanced accuracy ensures that
s0 both data generating mechanisms are given equal importance, thus providing a more

s1 informative and fair assessment of the fit indices’ performance.

662 In the context of evaluating fit indices for correlated traits models and bifactor

s3 models, using balanced accuracy helps ensure that both sensitivity and specificity are

s considered equally. This leads to a more comprehensive and fair evaluation of the model’s
s6s performance, especially when the two classes (correlated traits vs. bifactor) may not be

s equally represented or when the consequences of different types of misclassification are

s7 significant. Balanced accuracy has boundaries of zero and one, with zero indicating a very

s low specificity and sensitivity, and one indicating perfect specificity and sensitivity.

669 The second strategy uses the percentage of correct structure/model selection (PC):
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N 1if Sselected = Scorrect
2 C oo , (11)

PC =
N
O 1f Sselected 7£ Scorrect

where NN is the number of sample data matrices simulated, Seecteq is the selected
structure/model and S¢pree is the correct structure/model. The PC criterion has boundaries
of 0% and 100%, with 0% signaling complete inaccuracy and 100% indicating perfect
accuracy. In the first simulation (correlated traits vs. bifactor structures), the correct
structure represents the four correlated traits used in the data-generation process, while the
incorrect structure is a bifactor model with four group factors and one general factor. In the
second simulation, (bifactor structures vs. correlated traits) the correct structure represents
a bifactor model with four group factors and one general factor, while the incorrect is a
four-factor correlated traits structure. The fit of the correct structure in the third simulation
(see Figure 5) was compared to the fit of six incorrect structures that either had more factors
(i.e., overfactored) or less factors (i.e., underfactored) than the correct structure in one or
two levels (the number of first-order factors is four per second-order factor; and the number
of second-order factors is two): 1) overfactored first-order (one more factor than the correct
structure), 2) overfactored second-order (three factors), 3) underfactored first-order (one less
factor than the correct structure), 4) underfactored second-order (one factor), 5)
underfactored both levels (first and second-order), and 6) overfactored both levels (first and

second-order).

The strategy used to select the best fitting structure is to use the indices as relative
measures of fit. Considering all the conditions, the structure with the highest (CFI) or lowest
(RMSEA, SRMR, BIC, AIC, or GenTEFI) fit values is selected. If the selected structure is
not the correct one, the respective percent correct score is zero. Percent correct scores of one

are only achieved when the selected structure is the correct structure.

We used R (version 4.4.4; R Core Team, 2017) for all our analyses. The generalized



693

694

695

696

697

698

699

701

702

703

704

705

707

708

709

710

711

712

713

714

715

716

717

718

GENERALIZED TOTAL ENTROPY FIT INDEX 34

total entropy fit index was computed using the EGAnet package (version 2.0.6; Golino &
Christensen, 2022), while CFI, RMSEA, SRMR, BIC, and AIC were calculated using lavaan
(Rosseel, 2012b). Confirmatory factor models were estimated using maximum likelihood.
The figures were generated using the ggplot2 package (version 3.5.1; Wickham, 2016) and the
ggpubr package (version 0.6.0; Kassambara, 2018). To compute the GenTEFI index, a

Pearson correlation matrix was computed and the fit index was calculated using EGAnet.

For reproducibility purposes, all R scripts used in the current article, as well as the
Rmarkdown file with the manuscript and codes used in the analysis of the result are
available in an online repository at the Open Science Framework platform here:

https://osf.io/whctr/?view only=3988eafbfcac45e2846fe688{7b7af58.
Results

Simulations One (Correlated Traits vs. Bifactor Structures) and Two (Bifactor

Structures vs Correlated Traits): Balanced Accuracy

Figure 6 shows the balanced accuracy at the sample and population level, for lower
and higher population error, for all fit indices. Only GenTEFI had very high balanced
accuracy both at the population and at the sample level, with scores ranging from .94
(sample level) to .95 (population level), indicating a very high sensitivity and specificity in
identifying the correct model as the best-fitting one. GenTEFI was also not affected by the
magnitude of the population error, presenting the same balanced accuracy for lower and

higher error.

At the population level, RMSEA and SRMR were the next two best performing fit
indices, with balanced accuracy of .85 (lower error) and .83 (higher error) for the former, and
.67 (lower error) and .64 (higher error) for the latter. AIC, BIC, and CFI presented a
balanced accuracy of .54 and .53 at the population level, for lower and higher population
error respectively, operating almost at the chance level (a balanced accuracy of .50 for binary

classes).


https://osf.io/w5ctr/?view_only=3988eafbfcac45e2846fe688f7b7af58
https://osf.io/w5ctr/?view_only=3988eafbfcac45e2846fe688f7b7af58
https://osf.io/w5ctr/?view_only=3988eafbfcac45e2846fe688f7b7af58
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At the sample level, BIC presented a balanced accuracy of .95 for lower error and .91
for higher error, while AIC had a balanced accuracy of .81 and .72, for lower and higher
population error, respectively. RMSEA presented a balanced accuracy of .79 and .81, SRMR

.62 and .61, and CFI .61 and .57, for lower and higher population error, respectively.

The general results of simulations one and two indicates that the traditional fit
indices are not adequate to differentiate a correlated traits structure from a bifactor
structure, at both the sample and the population level, for lower or higher population error.
BIC, that presents a balanced accuracy similar to GenTEFI at the sample level, suffers at
the population level, operating very close to chance. AIC is also operating near chance for
the population level, and is negatively impacted by the population error, especially in the
sample level. RMSEA presents a moderately high balanced accuracy across error and levels,
although markedly smaller than GenTEFI. SRMR and CFI present low balanced accuracies

at both the sample and the population levels.

In sum, GenTEFI is the only fit index that is good at capturing DE, DA, and OD,
according to the Cudeck and Henly (1991) and Preacher et al. (2013) framework. BIC, on
the other hand, is good at capturing DE only, since it presents a high balanced accuracy at

the sample level, but its’ performance at the population level is poor.
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AIC

Population

Sample

RMSEA

Population

e

Lower Higher
Error Error

Figure 6

BIC CFlI

SRMR GenTEFI

Lower Higher Lower Higher
Error Error Error Error

Balanced Accuracy by fit index at the sample and population level, per magniture of population

error.

Simulation One (Correlated Traits vs. Bifactor Structures): Percent Correct

Scores

In terms of the percent correct scores, GenTEFI (comparing the correlated traits

structure with first-order TEFI and the bifactor structure with second-order TEFI from
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Equation 4) correctly identified the correlated traits structure as fitting the data better than
the bifactor structure in 94.44% of the tested conditions, at the population level, both for the
higher and the lower population error conditions. At the sample level, GenTEFT obtained a
very similar result, with a mean percentage correct of 94.19% for the higher population error

condition, and a mean percentage correct of 94.04% for the lower population error condition.

The second best performing index at the population was the RMSEA, with a mean
percent correct of 66.67% for the higher population error condition, and 72.22% for the lower
population error condition. However, at the sample level, RMSEA had mean percentage
correct of 61.23% for the higher population error condition, and a mean percentage correct of

58.97% for the lower population error condition.

The third best performing index at the population was the SRMR, with a mean
percent correct of only 27.78% for the higher population error condition, and 38.89% for the
lower population error condition. At the sample level, SRMR performed poorly, with mean
percentage correct of 22.45% for the higher population error condition, and a mean

percentage correct of 23.06% for the lower population error condition.

AIC, BIC, and CFI performed very poorly at the population level, with the same
mean percentage correct for higher and lower population errors of 5.56% and 11.11%. At the
sample level, BIC presented the best performance when compared to the other traditional fit

indices, with a mean percentage correct of 87.20% for higher population error, and 95.01% for

lower population error, followed by AIC (43.96% and 61.74%) and CFI (14.49% and 24.32%).
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Figure 7

Percentage Correct by fit index comparing a correlated traits structure (true population
structure) compared to a bifactor structure. N = sample size, Loads = loadings, Cor =

correlations, NVAR = number of variables per factor, and MF = error



760

761

762

764

765

766

767

768

769

770

771

773

774

775

776

T

778

779

780

781

782

783

784

785

786

GENERALIZED TOTAL ENTROPY FIT INDEX 39

Figure 7 shows the mean percentage correct per fit index at different magnitudes of
population error, for the sample estimates only, broken by condition (number of variables per
factor, number of items per factor, magnitude of loadings, interfactor correlation, and sample

size).

Notably, the GenTEFI index has a very high accuracy in almost all conditions tested.
The only conditions it presents a very low accuracy occur when the correlations between
factors is .5, loadings are high, and there are four items per factor. This result was expected
given the property described by Figure 3). The first-order TEFI when compared to the
second-order TEFI, clearly shows a lower uncertainty (i.e., lower TEFI values), for
conditions with zero and low correlations. For moderate correlations, as factor loadings are
high, Figure 3 shows that the uncertainty of a general factor decreases, and that helps to
explain why GenTEFI in Figure 7 presented a very low percentage correct the conditions
described above. As the items become more strongly related to the factors, with increased
correlations between factors, the overall system of variables has a higher entropy or
uncertainty than the average entropy of its individual factors. The global interactions of the
variables contribute more to its entropy than the internal structure of its factors, and
therefore the uncertainty of a hypothetical second-order factor decreases. However, Figure 7
shows that increasing the number of variables per factor addresses the issue caused by the
moderate correlations and high loadings, leading GenTEFI to a percentage correct of almost

100%, in most of the conditions tested.

BIC, on the other hand, suffers with high loadings and sample sizes of 1,000 and
5,000, when the correlation between factors is zero, irrespective of the number of items per
factor or magnitude of the population error. When the correlation between factors is small
or moderate, BIC presents a very high percentage correct, except with sample sizes of 5,000
and higher population error. BIC is negatively impacted by sample size, going from a mean
percentage correct of 97.30% for samples of 500 observations to 70.12% for samples of 5,000

observations (in the higher population error conditions compared to 99.66% and 87.63% in



787

788

789

790

791

792

793

794

795

796

797

798

799

800

801

802

803

804

805

806

807

808

809

810

811

812

GENERALIZED TOTAL ENTROPY FIT INDEX 40

the lower population error condition for the same sample sizes).

In sum, the current simulation shows that our new fit index can adequately
differentiate a correlated traits structure from a bifactor structure where the traditional fit
indices (CFI, RMSEA, SRMR, BIC, and AIC) can’t, especially when the sample level and
the population level accuracy is taken into consideration. When the data generation
mechanism is a correlated traits structure, the GenTEFT index is the only one presenting a
high capacity in detecting DE (sample-level) and DA (population level), being the only fit
index with an OD detection capacity that is high and not affected by the population error

magnitude.

Simulation 2 (Bifactor Structures vs. Correlated Traits): Percent Correct

Score

The second simulation compared bifactor structures (reflecting the true data
generating mechanism) with correlated traits structures. It is well known that traditional fit
indices have a bias towards bifactor models, and therefore it is expected that in the second

simulation these fit indices perform well.

At the population level, BIC, AIC, CFI, RMSEA, and SRMR achieved the highest
mean percent correct (100%) for both lower and higher population error. GenTEFI had a

mean percentage correct of 95.83% for both error levels at the population.

At the sample level, CFI, AIC, and SRMR presented a mean percentage of 100% for
higher and lower population error, respectively, while RMSEA presented percent correct
scores of 99.98% and 100%, for higher and lower error. BIC presented percent correct scores
of 95.23% and 95.94%, for higher and lower population errors, while GenTEFT presented

percent correct scores of 93.98% and 94.46%.

In the second simulation, with a true data generation mechanism being a bifactor
model, all fit indices presented a high or very high accuracy for the population and sample

levels. This indicates that all fit indices are good at capturing DE, DA, and OD when the
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true data generation mechanism is a bifactor model.
Simulation Three (Bifactor Structures vs Bifactor Structures): Percent Correct

At the population level, when the correct bifactor structure was compared to
incorrect bifactor structures (over or underfactoring the group or general factors), RMSEA
presented the higher percent correct score, with 97.92% for lower and 94.44% for higher
population error. The second most accurate fit index at the population level was SRMR
with percent correct scores of 86.81% and 86.11%, for lower and higher population error,
respectively. BIC presented percent correct scores of 83.33% and 85.42%, closely tied with
AIC (83.33% and 83.33%), and CFI (83.33% and 83.33%), for both lower and higher
population error. GenTEFI presented percent correct scores of 80.56% and 79.86%, for lower

and higher population error.

At the sample level, the percent correct scores changed for both higher and lower
population error, with BIC presenting a PC of 98.18% and 98.04%, AIC a PC of 92.88% and
93.31%, RMSEA a PC of 96.03% and 93.87%, CFI a PC of 89.54% and 89.92%, and SRMR
a PC of 86.6% and 86.53%, respectively for higher and lower error. GenTEFI presented a

PC of 80.24% and 80.32%, for higher and lower error at the sample level.

When breaking down the population level accuracy by type of structure, the
traditional fit indices presented a percent correct score of 100% for all structures, except for
the Over GF (overfactored general factors). In this condition, AIC and CFI presented a
percent score of 0%, while BIC presented a PC of 6.25%, SRMR a PC of 18.75%, and
RMSEA a PC of 77.08%. In the Over GF structure, GenTEFI presented a PC of 70.83%,
68.75% in the Quer 1st, 75% in the Both Over, 95.83% in the Under GF, 78.16% in the

Under 1st, and 91.66% in the Both Under structures.

A similar pattern was obtained at the sample level, with all traditional fit indices
presenting a PC of (almost) 100% for all structures except Over GF. SRMR presented a PC

of 19.58%, while CFI presented a PC of 38.38%, RMSEA of 69.72%, AIC of 58.58%, and



839

840

841

842

843

844

845

846

847

848

849

850

851

852

853

854

GENERALIZED TOTAL ENTROPY FIT INDEX 42

Table 3
Conditions presenting a large effect size for Simulation 3.

CFI RMSEA SMRS AIC BIC GenTEFI

Structure 0.61 0.34 0.78 0.45 0.17 0.21
VAR.GRF:LOAD.GF 0.00 0.00 0.00 0.00 0.00 0.40
VAR.GRF:Structure  0.00 0.00 0.02 0.01 0.00 0.49
LOAD.GF:Structure  0.00 0.01 0.00 0.00 0.01 0.54

COR.GF:Structure 0.00 0.00 0.00 0.00 0.00 0.18

Note. Effect size computed as partial eta squared from the ANOVA results.
The dependet variable = Hit Rate.

BIC of 88.69%. In the Quer GF structure at the sample level, GenTEFI presented a PC of
72.07%, 70.76% in the Over 1st, 76.38% in the Both Owver, 95.41% in the Under GF, 79.28%

in the Under 1st, and 87.85% in the Both Under structures.

Figure 8 breaks down the percent correct scores per number of variables per group
factor, magnitude of loadings in the general factors, as well as correlations between the
general factors for all overfactoring and underfactoring structures. These conditions

presented a large effect size for at least one fit index (see Table 3).

For the Over GF structure, the traditional fit indices showed a higher variability in
the percent correct scores. CFI, AIC, and SRMR presented PC scores ranging from very low
to moderate. RMSEA presented PC scores from low (46%) to moderately high (85%), and
BIC presented PC scores from moderate (77%) to very high (99%). GenTEFI presented very
high PC scores for moderate loadings in the general factor (100%), but low (15%) to

moderately high (81%) PC scores when the loadings in the general factor was low.

For the Over 1st structure, all fit indices presented a perfect percent correct score
when the number of variables per group factor was four. With eight variables per group

factor, GenTEFI presented a low or very low accuracy when the loadings in the general
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factors was low, but very a very high percent correct score when the loading was moderate
(except when the correlation between general factors was .30, condition in which GenTEFI
performed poorly even with moderate loadings in the general factors). A similar pattern was

observed for the Both Over structure.
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For the underfactored structures, the traditional fit indices presented a perfect
percent score for all conditions tested. GenTEFT also presented a perfect PC score in almost
all conditions with eight variables per group factor, but presented low to moderate PC scores
when the number of variables per group factor was four, the loadings in the general factor

was moderate, and the correlation between general factors was .50 and .70.
Empirical Examples

In this section, two empirical examples are briefly described. The first one uses the
Ezperiences in Close Relationships scale (Lafontaine et al., 2015), that illustrates well data
that fits a structure akin to a correlated traits structure. The second example uses the
Misinformation Susceptibility Test (MIST) was published (Maertens et al., 2023), illustrating

data that fits better a structure akin to a bifactor structure.
Example One: Experiences in Close Relationships

We analyzed data from the 12-item Experiences in Close Relationships [FCR-12;
Lafontaine et al. (2015)] scale to compare the fit of a correlated-factors model against a
bifactor model. The ECR-12 is purported to measure two attachment factors, anxiety and
avoidance, each measured by six items. In general, the ECR published literature has not
considered a bifactor model of attachment for the responses to this scale. The data was
obtained from the Open Source Psychometrics Project (openpsychometrics.org), which

contained full responses by 27,883 persons from the United States.

The items were responded via a 5-point Likert scale with options strongly disagree
(1), disagree (2), neither agree nor disagree (3), agree (4), and strongly agree (5). Cronbach’s

alpha reliability was .858 for avoidance and .840 for anxiety.


openpsychometrics.org
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Correlated Traits Bifactor Structure

Q18 Q15 :

Q14 Q25

: —

Figure 9
Correlated traits (left) and Bifactor (right) structures of the Experiences in Close Relationships
Scale.

881 The factor models were estimated using robust maximum likelihood. The two-factor
g2 CFA model produced a good fit to the data with CFI = 0.95, RMSEA = 0.07, and SRMR =
g3 0.05. Additionally, AIC = 1,825,558.68 and BIC = 1,825,779.91 for this model (see left plot
s on Figure 9). The standardized loadings on the avoidance factor ranged from .54 to .80 (M
sss = .70), while the loadings on the anxiety factor ranged from .50 to .79 (M = .6785). The two
sss  attachment factors were estimated to be approximately orthogonal, with a correlation of
se7 -0.002. The bifactor model produced an even better fit to the data according to all

s factor-analytic fit indices, with CFI = 0.97, RMSEA = 0.05, and SRMR = 0.03, AIC =

s0  1,819,293.09, and BIC = 1,819,611.66 for this model (see right plot on Figure 9).

890 However, the standardized loadings did not support this bifactor structure as none
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item of the avoidance dimension had loadings above .12 on the general factor (M = -0.01),
while the anxiety items had a mean loading of .67 on it. Conversely, the anxiety items did
not load on the anxiety group factor well with a mean loading of -0.13, while the avoidance

items had a large mean loading of .70 on the avoidance group factor.

When Exploratory Graph Analysis in the ECR data, the two-dimensional structure of
the avoidance and anxiety items became very clear (see Figure 10). The generalized total
entropy fit results point to the first-order two-community structure with avoidance and
anxiety factors (T EFIfirsi—order = -9.74) as fitting better than the bifactor structure with a
general factor (T EF Isecond—order = -6.22). The lower TEFT value for the first-order structure,
compared to the second-order TEFT value, indicates that a two-community structure

presents a lower level of disorganization, fitting the data better.
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Figure 10
Exploratory Graph Analysis with Walktrap community detection algorithm

The two-factor structure aligns closely with attachment theory as developed by
Bowlby and Ainsworth. This theory conceptualizes attachment in terms of anxiety about
abandonment and avoidance of intimacy. Lafontaine et al. (2015) points that the
two-dimensional factor structure of the ECR has been observed consistently across various
populations, cultures, and languages. This robust replication supports the validity of the
two-factor model. The paper emphasizes that anxiety and avoidance are designed to be
orthogonal (uncorrelated) dimensions. This independence is theoretically important and has
been supported by research, although small correlations are sometimes observed. Therefore,

a bifactor model does not make theoretical sense, altought it is shown to fit better the data
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than a correlated-traits structure with two factors, according to the traditional indices (CFI,
RMSEA, SRMR, AIC, and BIC). The new Generalized Total Entropy Fit index, on the
other hand, identified the two-factor structure as fitting the data better than a the bifactor

structure.
Example Two: The Misinformation Susceptibility Test

Recently, a series of three studies aimed at developing and validating a comprehensive
measurement tool for misinformation susceptibility called the Misinformation Susceptibility
Test (MIST) was published (Maertens et al., 2023). The researchers created a set of fake
news headlines (using *GPT-3*) and real news headlines from trusted sources. They
employed several psychometric analyses, including EGA (Golino & Epskamp, 2017; Golino et
al., 2020) and hierarchical EGA (Jiménez, Abad, Garcia-Garzon, Golino, et al., 2023), to

select the items and investigate the structural validity of the instrument.

The studies collectively demonstrate the feasibility of developing a psychometrically
validated measurement instrument for misinformation susceptibility. The MIST showed
evidence of superiority in predicting outcomes compared to other measures. Overall, the
Misinformation Susceptibility Test (MIST) provides a reliable and standardized tool for
assessing individuals’ susceptibility to misinformation, allowing researchers to gain insights

into different facets of misinformation discernment and judgment biases.

In the current paper, Sample 2E from the MIST paper (Maertens et al., 2023) is used.
The reason to use this sample is to contrast and replicate the hierarchical EGA of the
original paper (used in Sample 2E) with the analysis implemented in this section. Sample 2E
was collected in November 2022 using Respondi/Bilendi, using the 16 items version of the
MIST instrument. The sample is a nationally representative quota sample (N = 1213) of
adults from the US, with 54% of the participants identifying as female (44% male, 2%
nonbinary), 33% aged between 18 and 34 years, 31% between 35 and 54 years, and 36%

between 55 and 75 years; 24% of the participants reported coming from the Midwest, 17%
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from the Northeast, 40% from the South, and 20% from the West of the US.

Hierarchical EGA (hierEGA) was implemented in the current study using the
EGAnet package (version 2.0.6; Golino & Christensen, 2022) using two different strategies.
First, hierEGA is implemented using the Walktrap algorithm to identify the group factors
(first-order factors or first-order communities). In the second strategy, the Louvain algorithm
is used to identify the group factors (or first-order factors). The resulting bifactor structure
for each hierEGA estimation approach is compared using the generalized total entropy fit

index.

### Load Data:

data.disinfo <- read.csv2("MIST Data Golino 2022.csv")

##t## MIST Scale:

mist.items <- colnames(data.disinfo) [7:21]

# False Items
mist.false <- as.data.frame(apply(data.disinfol,
c(mist.items[c(1:3,6,10,12,14)]1)],

2,function(x)ifelse(x == 1,1,0)))

# True Items
mist.true <- as.data.frame(apply(data.disinfol,

c(mist.items[c(4,5,7,8,9,11,13,15)]1)],
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2,function(x)ifelse(x == 2,1,0)))

# Merge the items to the dataset
disinfo.all <- cbind.data.frame(data.disinfo[,1:6],

mist.false, mist.true)

## Hierarchical EGA ANALYSIS:

library(EGAnet)

# Louvain Algorithm (Community Detection)

set.seed(1234)

hierega.disinfo <- hierEGA(disinfo.all[,-c(1:6)],
scores = '"network",
consensus.iter = 1000,
consensus.method = "most_common",

lower.algorithm = "louvain"

# Walktrap Algorithm (Community Detection)

set.seed(1234)

hierega.disinfo.walktrap <- hierEGA(disinfo.all[,-c(1:6)],
scores = "network",

lower.algorithm = "walktrap"

)

51
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# Compute GenTEFI:

gentefi.hierega <- genTEFI(hierega.disinfo)$VN.Entropy.Fit

gentefi.hierega.walk <- genTEFI(hierega.disinfo.walktrap)$VN.Entropy.Fit

# Alternatively, use the correlation matrixz and a list

# representing the lower and the higher order structure:

gentefi.hierega <- tefi(hierega.disinfo$lower_ order$correlation,
structure = list(lower_order =
hierega.disinfo$lower_order$wc,

higher order = hierega.disinfo$higher order$wc))

gentefi.hierega.walk <- tefi(hierega.disinfo.walktrap$lower_order$correlation,
structure = list(lower_order =

hierega.disinfo.walktrap$lower_order$wc,

higher order =

hierega.disinfo.walktrap$higher_order$wc))
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Figure 11

Hierarchical exploratory graph analysis with the Walktrap (left) and Louvain (right) commu-
nity detection algorithms and the resulting generalized total entropy fit index value for each
structure.

Figure 11 shows that the hierarchical EGA technique with the Walktrap algorithm
identified only two first-order dimensions (real and fake news items), and one general
second-order dimension. In contrast, the hierarchical EGA technique with the Louvain
algorithm identified the original four-dimensional (first-order) structure and two general
factors found by Maertens et al. (2023) when analyzing the same data. The four first-order
structure with two general dimensions (right side of Figure 11) estimated using hierarchical
EGA with the Louvain algorithm resulted in the lowest GenTEFI value, fitting the data
better than the two group-factor structure with one general factor estimated using the
Walktrap algorithm. Additionally, the second-order TEFI (-20.32) with the first-order TEFI
(-13.61) of the four first-order structure with two general dimensions (right side of Figure 11),

the former was less than the latter, indicating that the two-level organization presents lower
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uncertainty than the four-factor correlated traits structure (first-order structure only).

Dimension one (green nodes on Figure 11) has fake news items related to general
conspiracy beliefs, such as item MIST 1 (A Small Group of People Control the World
Economy by Manipulating the Price of Gold and Oil), and conspiracies related to the
government, such as items MIST 31 (The Government Is Actively Destroying Evidence
Related to the JFK Assassination) and MIST 32 (The Government Is Conducting a Massive
Cover-Up of Their Involvement in 9/11). Dimension two (orange nodes on Figure 11) has
fake news items about science, such as item MIST 8 (Climate Scientists” Work Is
“Unreliable”, a “Deceptive Method of Communication”), and false statements against people
with a liberal world view, such as items MIST 16 (Left-Wingers Are More Likely to Lie to
Get a Good Grade) and MIST 20 (New Study: Left-Wingers Are More Likely to Lie to Get

a Higher Salary). Dimensions one and two are part of a second-order dimension of fake news.

Dimension three (yellow nodes on Figure 11) is a combination of US and international
real news headlines, with items such as MIST 92 (Taiwan Seeks to Join Fight Against Global
Warming), and MIST 60 (Hyatt Will Remove Small Bottles from Hotel Bathrooms by 2021).
Dimension four (purple nodes on Figure 1) has real news items related to politically charged
topics in the US, such as items MIST 70 (Majority in US Still Want Abortion Legal, with
Limits), MIST 74 (Most Americans Say It’s OK for Professional Athletes to Speak out
Publicly about Politics), and MIST 94 (United Nations Gets Mostly Positive Marks from
People Around the World). Dimensions three and four are part of a second-order dimension

of real news.
Discussion

In this study, we introduced the Generalized Total Entropy Fit Index (GenTEFI), a
novel tool to assess the fit of competing dimensionality structures in psychometric research.
GenTEFT extends the recently developed Total Entropy Fit Index (Golino et al., 2021) to

accommodate more complex, two-level structures such as those represented by bifactor
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models with multiple correlated general factors. Our simulation studies demonstrate that
GenTEFI is the only fit index that can adequately differentiate between correlated traits and
bifactor structures in both the sample and population level (simulations one and two),

addressing a critical limitation in the field.

Fit indices are crucial in psychometrics as they allow researchers to evaluate how well
a statistical model fits the empirical data, thereby aiding the interpretation of the underlying
structure of the variables and making predictions about their behavior (Golino et al., 2021;
Savalei & Rhemtulla, 2013; Shi, DiStefano, McDaniel, & Jiang, 2018). However, traditional
fit indices have limitations, such as assumptions about the data and model, and the use of
cut-off values with low power to detect population structure in simulation studies.
Additionally, recent simulation studies have pointed to the strong bias of traditional fit
indices when comparing correlated traits and bifactor structures, usually suggesting the
latter as fitting data better (Bonifay & Cai, 2017; Greene et al., 2019; Morgan et al., 2015;
Murray & Johnson, 2013).

Examining the limitations of the traditional fit indices in this context, the field has
adopted two general approaches that we call evasion and bifactor avoidance. The evasive
approach argues that other elements should be used when comparing different structures in
psychological research, such as theory and reliability, and that reliance on fit indices is
inadequate. The bifactor avoidance approach, on the other hand, argues that bifactor
structures should not be used because they overfit the data. In this paper, we argue that
both positions overlook the main issue: A new fit index that can be used to compare the fit
of competing dimensionality structures, such as a correlated traits model and a bifactor
model, is necessary. In response to the limitations of the traditional fit indices, our study

introduced the GenTEFI.

Our study also advances previous simulation studies investigating the accuracy of

traditional fit indices to differentiate between bifactor and other competing models. These
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previous simulations focused solely on DE, which quantifies sampling error or the
discrepancy between population and sample estimates (Cudeck & Henly, 1991; Preacher et
al., 2013). In our simulations, we use (Cudeck & Henly, 1991) different types of discrepancy.
DA represents the difference between the population covariance matrix and the model’s
implied covariance matrix in the population. DA is a measure of the model’s lack of fit in
the population, independent of sample size and sampling variability, and was implemented in
our study by computing the accuracy of different fit indices at the population level, with two
magnitudes of errors: lower and higher population error. It quantifies the degree of model
misspecification or the extent to which the model deviates from the true data-generating
process. Minimizing DA is equivalent to maximizing the model’s verisimilitude or proximity

to the truth.

Previous research showed that traditional fit indices are biased in favor of bifactor
models (Bonifay & Cai, 2017; Greene et al., 2019; Morgan et al., 2015). Similarly, Kan et al.
(2024) argued that approximate fit indices (like CFI and RMSEA), which reflect sample
discrepancy between the sample covariance matrix and the model-implied covariance matrix,
should not be used for comparing models. Instead, they proposed that relative fit metrics
like AIC and BIC, which approximate the OD, are more accurate in differentiating bifactor
models from other models. However, as stated above, these studies share a common
limitation: they focus solely on the accuracy of fit indices in selecting the model with the
highest generalizability (i.e., minimizing OD), failing to consider the equally important goal

of selecting the model with the highest verisimilitude (i.e., minimizing DA).

When the emphasis is placed on a single type of evidence, due to the data generation
mechanism only capturing model divergence resulting from estimation (i.e., the data is
generated from a model-implied covariance matrix that perfectly represents the population
covariance matrix), it becomes impossible to evaluate the fit indices’ ability to detect
divergence caused by approximation. Divergence due to approximation can only occur when

the data generation mechanism’s model-implied covariance matrix does not perfectly match
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the population covariance matrix. In other words, introducing error into the population is
necessary to capture more realistic evidence of divergence caused by estimation (at the
sample level) and to capture divergence due to approximation (at the population level).
Previous studies did not include errors in the population and did not explore how various fit
indices perform at the population level (Bonifay & Cai, 2017; Greene et al., 2019; Kan et al.,
2024; Morgan et al., 2015).

The result of the present study shows that GenTEFI is the only fit index that can
adequately differentiate a correlated traits structure from a bifactor structure in terms of fit
both at the population (DA) and sample levels (DE), irrespective of the true data generation
mechanism. Considering all conditions tested in the first and second simulation of our study,
GenTEFI presented a balanced accuracy of 94% at the sample level and 95% at the
population level for both lower and higher population error. GenTFEFI is a very good fit
index to capture both discrepancy due to estimation and discrepancy due to approximation,
and it was not impacted by the magnitude of population error. BIC and AIC, pointed out by
Kan et al. (2024) as the go-to fit indices for comparing bifactor models with competing
models, presented a very high and moderately high balanced accuracy, respectively, at the
sample level. However, both fit indices performed poorly at the population level, indicating
that their capacity to detect DA is inadequate. In the population, BIC and AIC favor the
larger model if there is population error, and they are impacted by the magnitude of the
population error, although the latter is more than the former. RMSEA and SRMR presented
a moderately high and moderate balanced accuracy at the sample and the population level

but with performances much lower than the performance observed by GenTEFI.

When considering the results of simulation one (correlated traits vs. bifactor)
separately, we observed that GenTEFI was the most effective fit index to differentiate a
correlated traits from a bifactor structure when the data generation mechanism was, in fact,
a correlated traits model. GenTEFI presented low percentage correct values when the

correlation between factors was .5, the loadings were high, and the number of items per
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factor was four. With high loadings and increased factor correlation, the uncertainty of a
general factor decreases because, in this condition, the overall system of variables has a
higher entropy or uncertainty than the average entropy of its individual factors. The global
interactions of the variables contribute more to its entropy than the internal structure of its
factors, and therefore, the uncertainty of a hypothetical second-order general factor
decreases. However, increasing the number of variables per factor addresses the issue caused
by the moderate correlations and high loadings, leading GenTEFI to a percentage correct
above 87%. Our results show that BIC is more conservative the smaller the sample size, thus
will favor the smaller model (correlated traits model) with smaller samples. With increased
sample sizes, BIC performs worse, favoring the larger (bifactor) model. When the data came
from a bifactor model, then the fit indices performed as expected, and all presented percent
correct scores above 90%. This result aligns with the most recent evidence (Bonifay & Cai,
2017; Greene et al., 2019; Morgan et al., 2015, 2015) showing that traditional fit indices tend

to be biased toward bifactor structures over correlated factor structures.

In the third simulation, the results indicate that RMSEA was the most accurate fit
index in identifying the correct bifactor structure when comparing it to several misspecified
structures that either underestimated or overestimated the number of group and/or general
factors, both at the population and at the sample level. All fit indices presented percent
correct scores around or above 80% at the population level and above 90% at the sample
level. This indicates that the fit indices are very good at identifying the correct bifactor
structure compared to misspecified group or general factor structures. The “Over GF”
structure was the most difficult structure misspecification tested in the third simulation since
it overestimates the number of general factors. Overall, GenTEFI, BIC, and RMSFEA
presented the highest percent correct scores in this condition and worked well or very well

when the loadings in the general factor were moderate.

It is interesting to note that the traditional fit indices work well in the “Over First”

condition but not in the “Over GF.” When the number of first-order factors increases,
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compared to the number of group factors in the true population model, it does not add any
factor correlations to the model because these are orthogonal group factors in the bifactor
model. Whereas when one additional general factor is added in the “Over GF” condition,
several parameters are added in the new factor correlations. Thus, “Over GF” actually
implies a larger model than the true bifactor model used to generate the data, and the
traditional fit indices have a tendency to favor larger, more complex models. GenTEFI, on
the other side, identifies the correct structure in the “Over GF” condition perfectly when the
loadings in the general factors are moderate. Items that are more informative with respect to
the general factors are all that GenTEFI needs, as shown by the results of our third
simulation. The issue of the number of parameters also helps explain why traditional fit
indices tend to select a bifactor model even when the data is generated from a correlated
traits model. The bifactor model posits additional loading parameters for each item on the

general factor, thus constituting a notably larger model than the correlated traits one.

Taking the results across simulations together, there are a clear set of
recommendations that applied researchers should follow. First, based on simulations 1 and 2,
GenTEFI should be the sole metric used to decide between a correlated traits or bifactor
model. No other fit index achieved results that would satisfy a balanced, unbiased estimate
of the generating model. If GenTEFI suggests a bifactor model, then, based on simulation 3,
traditional fit indices (e.g., RMSEA, BIC) and GenTEFI are acceptable and can be used in
combination to determine the appropriate structure among competing bifactor structures.

Undoubtedly, the first step is the most crucial one.
Conclusion

The development of GenTEFT represents a significant advancement in psychometric
research. By leveraging information theory and quantum information theory, GenTEFI
provides a principled and objective criterion to evaluate dimensionality structures in two

different levels (first and second-order). Unlike traditional fit indices, which rely on the
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distance or equivalence between model-implied and observed covariance matrices, GenTEFI
captures the reduction in uncertainty or disorder achieved by partitioning a multidimensional
space into subsets of variables in two different levels. This entropy-based approach offers a
fresh perspective on model fit that is less sensitive to the biases and limitations of

conventional methods.

In practice, GenTEFI can be a valuable tool for researchers investigating the structure
of psychological constructs. It is particularly advantageous when comparing correlated traits
and bifactor models, a common challenge in fields such as personality, intelligence, and
psychopathology. By accurately identifying the underlying structure, GenTEFI can help
researchers develop more valid and reliable measurement instruments and advance
theoretical understanding. Moreover, GenTEFI’s ability to handle complex, hierarchical

structures makes it suitable for a wide range of research questions and data types.

Our simulation studies provide compelling evidence for the superiority of GenTEFT in
certain contexts. When the true structure follows a correlated traits model, GenTEFI
consistently outperforms traditional fit indices in selecting the correct structure; when the
true structure follows a bifactor structure, GenTEFI exhibits high accuracy in detecting the
best fitting structure. GenTEFT also presented a moderately high accuracy in the third
simulation comparing bifactor with bifactor structures with different types of
misspecifications, such as underfactoring or overfactoring at different levels. However, it is
important to acknowledge that there may be conditions under which researchers might prefer
conventional fit indices. For instance, if the primary goal is to assess the absolute fit of a
single model rather than compare competing structures, indices like RMSEA or CFI may be

more appropriate.

Our empirical examples provide valuable insights into model selection. In a large
dataset using the Ezperiences in Close Relationships Questionnaire, traditional fit indices

(CFI, RMSEA, SRMR, AIC, and BIC) favored a bifactor model over a two-factor model of
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attachment styles in close relationships. However, the Generalized Total Entropy Fit Index
indicated a superior fit for the two-factor structure. This aligns with the strong theoretical
and empirical support for the two-factor structure, as well as its practical utility and
interpretability in conceptualizing adult attachment (Lafontaine et al., 2015). It’s noteworthy
that Lafontaine et al. (2015) did not directly compare the two-factor and bifactor models.
Such comparisons often encounter the well-documented issue of fit indices being biased
towards bifactor models, which contradicts both attachment theory and the patterns

observed in ECR data when using Exploratory Graph Analysis (as shown in our paper).

Conversely, our second empirical example demonstrates that the Misinformation
Susceptibility Test is better represented by first and second-order communities/factors, as
evidenced by the Generalized Total Entropy Fit Index results. This finding aligns well with
the theoretical framework of misinformation susceptibility. These contrasting examples
highlight the importance of considering both statistical indicators and theoretical

foundations when selecting appropriate models for psychological constructs.

Future research could explore several promising directions to further refine and
extend GenTEFI. One avenue is to investigate its performance under a broader range of data
conditions, such as different sample sizes, variable distributions, and model complexities.
Additionally, integrating GenTEFI with other advanced psychometric techniques, such as
exploratory structural equation modeling, could yield novel insights into the structure of

psychological phenomena.

By addressing the limitations of traditional fit indices and providing a theoretically
grounded approach based on entropy reduction, GenTEFT offers researchers a powerful new
tool for understanding the structure of psychological constructs. Our findings underscore the
potential of GenTEFT to enhance the validity and reliability of measurement instruments
and contribute to theoretical advancements in psychology. As researchers continue to grapple

with the challenges of modeling complex, hierarchical structures, GenTEFI provides a
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