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Abstract
In this article, we propose integrated generalized structured component analysis (IGSCA), which is a
general statistical approach for analyzing data with both components and factors in the same model,
simultaneously. This approach combines generalized structured component analysis (GSCA) and generalized structured component analysis with measurement errors incorporated (GSCAM) in a unified
manner and can estimate both factor- and component-model parameters, including component and factor
loadings, component and factor path coefficients, and path coefficients connecting factors and components. We conduct 2 simulation studies to investigate the performance of IGSCA under models with both
factors and components. The first simulation study assesses how existing approaches for structural
equation modeling and IGSCA recover parameters. This study shows that only consistent partial least
squares (PLSc) and IGSCA yield unbiased estimates of all parameters, whereas the other approaches
always provided biased estimates of several parameters. As such, we conduct a second, extensive
simulation study to evaluate the relative performance of the 2 competitors (PLSc and IGSCA), considering a variety of experimental factors (model specification, sample size, the number of indicators per
factor/component, and exogenous factor/component correlation). IGSCA exhibits better performance
than PLSc under most conditions. We also present a real data application of IGSCA to the study of genes
and their influence on depression. Finally, we discuss the implications and limitations of this approach,
and recommendations for future research.
Translational Abstract
As psychology and many other sciences become interdisciplinary, there is an ever-increasing need for
accommodating two statistical representations of constructs, that is, common factors and components, at
the same time and examining their relationships to aid in an understanding of human behavior and
cognition from more diverse perspectives. For example, psychologists have increasingly been interested
in the influences of genetic variation and/or altered brain activities on the variation of psychological
constructs in cognition, personality, or mental disorders. Such psychological constructs have typically been
represented by common factors, whereas genetic or imaging constructs, such as genes and brain regions, by
components. We thus propose a general statistical approach, called integrated generalized structured component analysis (IGSCA), for estimating structural equation models with both factors and components. This
approach combines two versions of generalized structured component analysis in a unified manner to estimate
both factor- and component-model parameters, including component and factor loadings, component and
factor path coefficients, and path coefficients connecting components and factors. We report on two simulation
studies that establish IGSCA as a sensible method for estimating models with both factors and components,
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as compared with existing approaches. Finally, we demonstrate the potential of IGSCA in real data applications with an investigation of the effects of multiple genes on depression.
Keywords: structural equation modeling, common factor, component, gene, depression
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Structural equation modeling (SEM) is a general multivariate
framework for specifying and examining a system of linear models
that involve observed and latent variables. In the SEM literature, a
latent variable is synonymous with a (common) factor (e.g., McDonald, 1999; Treiblmaier, Bentler, & Mair, 2011), which is not
directly measurable and exists as an entity independent of observed variables, yet serving as the sole source for the covariation
of the observed variables (e.g., Borsboom, Mellenbergh, & van
Heerden, 2004). Observed variables linked to a factor are called
effect or reflective indicators (Bollen, 1989, p. 65; Edwards &
Bagozzi, 2000; MacCallum & Browne, 1993). If the model assumption holds, then the unique factor of an effect indicator, which
is unexplained by the common factor, is assumed to be the sum of
the specific factor and random measurement error of the effect
indicator (e.g., Mulaik, 2010, pp. 132–133). Factors have been
standard representations of various psychological constructs in
cognition, personality, emotion, learning, and mental disorders
(e.g., Borsboom et al., 2004). The measurement model that specifies the relationships between factors and their effect indicators is
referred to as a reflective model.
In multivariate modeling, researchers can also contemplate a
(weighted) composite or component of observed variables, which
varies as a deterministic linear function of observed variables (e.g.,
Jarvis, MacKenzie, & Podsakoff, 2003). Observed variables forming a component are referred to as composite indicators (Bollen &
Bauldry, 2011; Grace & Bollen, 2008). For example, according to
the Grid-Enabled Measures (GEM) database created by the National Cancer Institute (www.gem-beta.org/public/home.aspx), activity space is defined as a “geographic area that people visit,”
indicating that it may be treated as a (weighted) sum of all the
physical locations that individuals visited. In the same database,
body composition is considered an aggregation of body fat, muscle, and bone mineral in the entire body or specific body sites, such
as the hip, spine, and limbs. Furthermore, in genetic and neuroimaging studies, candidate genotypes, such as single nucleotide
polymorphisms (SNPs), and brain voxel-level phenotypes are observed measures at particular genomic or brain locations, indicating that a different set of SNPs or voxels constitutes a different
gene or brain region. Thus, a gene or brain region can be seen as
a biological composite of SNPs or voxels, respectively (e.g., Jung,
Takane, Hwang, & Woodward, 2012, 2016; Lee et al., 2016;
Romdhani, Hwang, Paradis, Roy-Gagnon, & Labbe, 2015). The
measurement model that specifies the relationships between components and their composite indicators is known as a composite
model (e.g., Bollen & Diamantopoulos, 2017; Diamantopoulos &
Winklhofer, 2001; Henseler et al., 2014; Schuberth, Henseler, &
Dijkstra, 2018).
Depending on whether the measurement model involves either
factors or components, SEM has evolved into two domains—
factor-based and component-based (e.g., Jöreskog & Wold, 1982;

Rigdon, 2012; Rigdon, Sarstedt, & Ringle, 2017; Tenenhaus,
2008). As the names denote, factor-based SEM involves the reflective model with factors only, whereas component-based SEM
involves the composite model with components only. Methodologically, covariance structure analysis (CSA; Jöreskog, 1970, 1978)
was developed for factor-based SEM, whereas partial least squares
path modeling (PLSPM; Lohmöller, 1989; Wold, 1966, 1973,
1982) and generalized structured component analysis (GSCA;
Hwang & Takane, 2004) were for component-based SEM. More
recently, consistent partial least squares (PLSc; Dijkstra, 2010;
Dijkstra & Henseler, 2015a, 2015b) and generalized structured
component analysis with measurement errors incorporated
(GSCAM; Hwang, Takane, & Jung, 2017) were also developed for
factor-based SEM.
The two SEM domains largely remain mutually exclusive, adhering to only either of factors or components. This methodological status quo is a barrier to a demand for representing both factors
and components in the same model. Data with both factors and
components can emerge from various social, behavioral and health
sciences, and examining their relations facilitates an understanding
of human behavior and mind from more diverse perspectives. For
example, due to ever-increasing advances in measurement tools,
psychologists have more access to both genetic and neuroimaging
data collected from the same individuals, and combine the two data
sources with behavioral or cognitive outcomes to identify neuromechanisms linked to psychological disorders, clinical symptoms,
or cognitive tasks (e.g., Bookheimer et al., 2000; Hariri & Weinberger, 2003; Rasetti & Weinberger, 2011). SEM can a sensible
choice for specifying and examining such gene-brain-behavior/
cognition relationships based on theories or knowledge from previous
studies, for example, in genome-wide whole brain association (e.g.,
Wang, Li, & Hakonarson, 2010) and brain connectivity analysis (e.g.,
Birnbaum & Weinberger, 2013; Friston, 1994). As stated earlier, it
would be more plausible to represent genes and brain regions as
components of SNPs and voxels, respectively, whereas psychological
disorders, such as depression or posttraumatic stress disorder (PTSD),
may be represented as factors. Relying on either of the SEM domains
would not be sufficient for models that include both factors and
components and their interrelationships, such as a model where several genes influence PTSD severity.
In this article, we propose a statistical approach to SEM with
both factors and components. The proposed approach is a unified
framework of GSCA and GSCAM. As stated earlier, GSCA was
developed for component-based SEM only. Conversely, GSCAM
is its recent extension for factor-based SEM only, which contemplates both common and unique parts of each indicator, as postulated in common factor analysis or factor-based SEM. As a consequence, GSCAM produces unbiased estimates of loadings and
path coefficients in factor-based structural equation models.
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By combining GSCA and GSCAM into a single framework, the
proposed approach can provide estimates of parameters in structural equation models that include both factors and components.
We term this approach integrated generalized structured component analysis (IGSCA). Strictly speaking, IGSCA still falls within
the domain of component-based SEM, because it obtains components regardless of whether unique parts of indicators are taken
into account, as will be discussed in the next section. Nevertheless,
it simultaneously provides the estimates of factor loadings for
reflective indicators and component loadings for composite indicators, as well as those of path coefficients involving factors and
components.
It is worth mentioning that IGSCA can be chosen for estimating
models with both factors and components. As summarized in
Table 1, when the model contains factors only, IGSCA is expected
to perform at most as similarly as to CSA or other methods for
factor-based SEM. When the model includes components only,
IGSCA is likely to perform comparably to GSCA at the most.
Thus, in such situations modeling either factors or components
only, there will be little practical advantages of using IGSCA. As
with other SEM methods, furthermore, IGSCA does not necessarily protect against the situation where the researcher fits a model
with an incorrectly specified dimension (e.g., a factor is misspecified as a component or vice versa), and we emphasize that theory
is of ultimate importance in choosing an appropriate model.
In the next section, we provide the technical underpinnings of
the proposed approach—IGSCA, including model specification
and parameter estimation. We then discuss how existing approaches for factor- or component-based SEM and IGSCA are
expected to estimate models containing factors and components at
the same time. In particular, we provide new theoretical expectations regarding parameters that appear only in models with both
factors and components: path coefficients connecting factors and
components. We subsequently conduct two simulation studies to
empirically examine the performance of the existing SEM approaches and IGSCA. Next, we apply IGSCA to real data to
further demonstrate its empirical usefulness. In this application, we
investigate the effects of different genes on depression severity in
a sample of Korean participants. Lastly, we summarize the previous sections and discuss the implications and limitations of the
proposed approach.

3

Integrated Generalized Structured
Component Analysis
Similarly to GSCA and GSCAM, IGSCA involves specification of three submodels: measurement, structural, and weighted
relation models. The measurement model specifies the relationships between indicators and factors/components, whereas the
structural model expresses the relationships between factors/
components. CSA and PLSPM also involve these two submodels. The weighted relation model, which is unique to GSCA and
GSCAM, is used to explicitly specify a component. Let z1 and
z2 denote vectors of composite and effect indicators, respectively. Let ␥1 and ␥2 denote vectors of components and factors
associated with z1 and z2, respectively. Assume that all indicators, components, and factors are standardized to have zero
means and unit variances. Let C1 and C2 denote matrices of
loadings relating ␥1 and ␥2 to z1 and z2, respectively. Let u
denote a vector of unique variables. Let D denote a diagonal
matrix of unique loadings.
The measurement model for IGSCA is a combination of those
for GSCA and GSCAM. Specifically, the measurement model
for GSCA is given as
z1 ⫽ C1␥1 ⫹ 1 ,

(1)

where 1 is the residual term that represents the portion of z1
left unexplained by ␥1, as in linear regression (Hwang &
Takane, 2014, Chapter 2). The measurement model for GSCAM
is given as
z2 ⫽ C2␥2 ⫹ Du ⫹ 2 ,

(2)

where C2␥2 and Du indicate common and unique parts of z2,
respectively, and 2 denotes the portion of z2 left unexplained
by their common and unique parts (Hwang et al., 2017). If the
common factor analytic model also holds for a sample, 2 will be zero
(Velicer & Jackson, 1990). We assume that ␥2 is uncorrelated with u,
that is, ␥2u= ⫽ u␥2= ⫽ 0, and u is columnwise orthonormalized, that
is, uu= ⫽ I, where I is an identity matrix. Thus, the main difference
between Equations 1 and 2 is that the latter additionally considers the
unique parts of indicators.
The measurement model for IGSCA is then given by

Table 1
A Summary of Expected Behaviors of Different SEM Approaches in Estimating Parameters of Models With Both Factors
and Components
Approach

Factor
loadings

Component
loadings

Paths connecting
factors only

Paths connecting
components only

Paths connecting
factors and components

CSA
GSCAM
PLSPM
GSCA
PLSc
IGSCA

0
0
⫹
⫹
0
0

⫺
⫺
0
0
0
0

0
0
⫺
⫺
0
0

⫹
⫹
0
0
0
0

⫹
⫹
⫺
⫺
0
0

Note. 0 ⫽ no bias; ⫹ ⫽ positive bias; ⫺ ⫽ negative bias; CSA ⫽ covariance structure analysis; GSCAM ⫽ generalized structured component analysis
with measurement errors incorporated; PLSPM ⫽ partial least squares path modeling; GSCA ⫽ generalized structured component analysis; PLSc ⫽
consistent partial least squares; IGSCA ⫽ integrated generalized structured component analysis.
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冋zz 册 ⫽ 冋C0 C0 册冋␥␥ 册 ⫹ 冋Du0 册 ⫹ 冋 册
1

1

2

1

2

1

2

2

(3)

z ⫽ C␥ ⫹ s ⫹ ,

冋

册

C1 0
where z ⫽ [z1; z2], C ⫽
, ␥ ⫽ [␥1; ␥2], s ⫽ [0; Du], and
0 C2
 ⫽ [1; 2].
Similarly, the weighted relation model for IGSCA is a simple
mixture of those for GSCA and GSCAM. The weighted relation
model for GSCA is given as
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␥1 ⫽ W1z1 ,

(4)

where W1 is a matrix of weights assigned to z1 (Hwang & Takane,
2014, Chapter 2). The weighted relation model for GSCAM is
given as
␥2 ⫽ W2共z2 – Du兲 ,

(5)

where W2 is a matrix of weights assigned to z2, whose unique parts
are removed (Hwang et al., 2017).
Then, the weighted relation model for IGSCA is expressed as

冋␥␥ 册 ⫽ 冋W0

0
W2
2
␥ ⫽ Wz * ,

1

1

册冋z ⫺z Du 册
1

2

(6)

where zⴱ ⫽ [z1; z2 – Du]. This submodel shows that both ␥1 and
␥2 represent components in nature rather than factors. Nonetheless, as shown in (5), ␥2 is components of effect indicators, whose
unique parts are removed. In this way, measurement errors in
effective indicators are accounted for, rendering the parameters
involving ␥2 close to those from factor-based SEM (Hwang et al.,
2017).
Let B denote a matrix of path coefficients relating ␥ among
themselves. The structural model for IGSCA is expressed as
␥ ⫽ B␥ ⫹ ,

(7)

where  is the residual term for ␥. The B matrix contains path
coefficients relating components to factors, as well as those among
either factors or components only.
IGSCA integrates the submodels into a unified formulation, as
follows.

冋␥z 册 ⫽ 冋CB 册␥ ⫹ 冋0s 册 ⫹ 冋 册

(8)

 ⫽ A␥ ⫹ v ⫹ e,

where  ⫽ [z; ␥], A ⫽ [C; B], v ⫽ [s; 0], and e ⫽ [; ]. This is
called the IGSCA model. It is essentially of the same form as the
GSCAM model. However, Equation 8 also includes components in
the measurement model and path coefficients connecting factors
and components in the structural model, which is distinctive from
the GSCAM model. IGSCA does not make distributional assumptions or impose structural constraints on e. Also, it does not impose
any specific constraints on the covariance structure of composite
indicators, leaving them to be correlated or uncorrelated freely. On
the other hand, in the article, IGSCA imposes the ordinary, conditional independence among effect indicators (Mulaik, 2010, p.
167), keeping D to be a diagonal matrix, although this constraint
can be relaxed by specifying D as a symmetric matrix rather than
a diagonal one.

Let ei denote the entire residual term in Equation 8 for a single
observation of a sample of N observations (i ⫽ 1, . . . , N). To
estimate all parameters in W, A, and v, IGSCA seeks to minimize
the following least squares criterion
⫽

N

兺 ei⬘ei,
i⫽1

(9)

subject to diag(␥␥=) ⫽ NI, ␥2u= ⫽ u␥2= ⫽ 0, and uu= ⫽ I. This
criterion is essentially of the same form as that for GSCAM. A
main difference is that v (more precisely, s in Equation 3) contains
additional zero elements that correspond to composite indicators
z1. Thus, virtually the same iterative algorithm for GSCAM can be
used to minimize the criterion. This algorithm alternates several
steps, each of which estimates a set of parameters in a least squares
sense with the other sets fixed, until no substantial differences in
parameter estimates occurs between iterations. Specifically, in
Step 1, the two sets of component weights W1 and W2 in Equation
6 are estimated via the corresponding step in the original GSCA
algorithm for W1 or in the GSCAM algorithm for W2. In steps 2
and 3, the loadings and path coefficients in Equations 3 and 7 are
estimated. In the last step, the unique variables and loadings in
Equation 3 are updated for effect indicators (refer to Hwang et al.,
2017). Although this estimation procedure of IGSCA amounts to a
simple adoption of the existing algorithms, it is efficient to estimate both factor and component loadings as well as path coefficients involving factors and components, as will be demonstrated
through the analyses of both simulated and real data in the next
sections.
By minimizing the above least squares criterion, IGSCA estimates components (or their weights) in such a way that they
maximize the variances of all endogenous indicators and components. If only the measurement model is specified, the components
are obtained in the same way as those in (confirmatory) principal
component analysis (e.g., Kiers, Takane, & ten Berge, 1996; ten
Berge, 1993, p. 43), which maximize the variances of their own
indicators (with or without their unique parts removed). If both
measurement and structural models are specified, the components
are obtained by applying principal component analysis and linear
regression concurrently, maximizing the variances of their own
indicators and endogenous components. Thus, the components in
IGSCA can always be interpreted as low-dimensional approximations of their own indicators in the measurement model. This helps
circumvent potential interpretational confounding of components
that are typically considered in the composite model, where only
component weights are specified (without component loadings)
and estimated to predict their endogenous variables, so that their
meaning can change depending on what they predict in the structural model (e.g., Howell, Breivik, & Wilcox, 2007; Kim, Shin, &
Grover, 2010; Treiblmaier et al., 2011). In addition, it enables
IGSCA to accommodate purely endogenous components that do
not have effects on other components in the structural model.
Once all parameters are estimated, IGSCA can calculate indirect
effects of variables as the products of relevant direct effects and
also compute total effects as the sums of their direct and indirect
effects. Examining indirect or total effects can be useful for providing additional information that testing direct effects only cannot
give. For example, psychological disorders (i.e., factors) can be
predicted by different genes (i.e., components), each of which is
associated with multiple SNPs, as considered partly in the Empir-
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ical Application section. If researchers are further interested in the
effects of an individual SNP for a given gene on psychological
disorders, these effects can be computed as the products of the
SNP’s component weight in W1 and the gene’s direct effects
(signified by its path coefficients in B) on psychological disorders.
The indirect effects can be seen as the differential influences of an
indicator on dependent variables mediated by its component.
Like GSCA and GSCAM, IGSCA is also a nonparametric or
distribution-free approach in the sense that it estimates parameters
without recourse to distributional assumptions such as multivariate
normality of indicators. As a trade-off of no reliance on distributional assumptions, it cannot estimate the standard errors of parameter estimates based on asymptotic (normal-theory) approximations. Instead, it utilizes the bootstrap method (Efron, 1979,
1982) to obtain the standard errors or confidence intervals of
parameter estimates nonparametrically.

Current Statistical Approaches’ Expected
Behaviors of Estimating Models With Both Factors
and Components
CSA is the de facto standard statistical approach for estimating
factor-based structural equation models, although GSCAM and
PLSc can also be used for estimating such models, as discussed
earlier. These approaches generally provide unbiased estimates of
factor loadings for effect indicators and factor path coefficients
relating factors among themselves in factor-based models. On the
other hand, PLSPM and GSCA are the main statistical approaches
for estimating component-based structural equation models.
PLSPM and GSCA generally yield unbiased estimates of component loadings for composite indicators and component path coefficients connecting components to each other in component-based
models (e.g., Cho & Choi, 2020; Sarstedt, Hair, Ringle, Thiele, &
Gudergan, 2016).
When a factor-based SEM approach (CSA, PLSc, or GSCAM) is
applied to models with both factors and components, it is expected
to provide unbiased estimates of only factor loadings and factor
path coefficients, but negatively biased estimates of component
loadings and positively biased estimates of component path coefficients (Rhemtulla, van Bork, & Borsboom, 2020; Sarstedt et al.,
2016). Conversely, when a component-based SEM approach
(PLSPM or GSCA) is applied to models with factors and components, it is expected to provide unbiased estimates of only component loadings and component path coefficients, but positively
biased estimates of factor loadings and negatively biased (attenuated) estimates of factor path coefficients (e.g., Dijkstra, 2010;
Hwang, Malhotra, Kim, Tomiuk, & Hong, 2010; Velicer & Jackson, 1990).
A unique set of parameters that appears only in models with
both factors and components are the path coefficients connecting
factors and components. As we derive theoretically in Appendix
A, factor-based SEM approaches, such as CSA and GSCAM, are
expected to overestimate these path coefficients, whereas
component-based SEM approaches, that is, PLSPM and GSCA,
are expected to underestimate them.
Prior to IGSCA, PLSc is thus far the only statistical approach
that can be used for estimating models with both factor and
components. We provide a brief description of this approach
because it is a relatively novel development in the SEM literature.

5

PLSc is a bias correction method that is built on Nunnally and
Bernstein’s (1994, pp. 241, 257) adjustment formula for the attenuated structural/path coefficients of components based on consistent reliabilities of the components. It begins with the assumption
that the true measurement model is a particular type of reflective
model, the so-called basic design (Wold, 1982), where each factor
underlies at least two indicators, each of which loads on one and
only one factor. This basic design is analogous to what is known
as an independent clusters structure in factor-based SEM (Flora,
2018, p. 267). PLSc then carries out two main steps sequentially.
In the first step, PLSPM is applied to estimate component weights
and components. In the second, a new reliability, denoted by A,
for each component is calculated using the weight estimates, and
subsequently used for estimating factor path coefficients. This
reliability is also used to obtain consistent factor loading estimates
per factor. PLSc was initially developed as a computationally
efficient alternative for estimating loadings and path coefficients in
factor-based models because the PLSPM algorithm usually converges rapidly (Dijkstra, 2010; Dijkstra & Henseler, 2015b). However, it was soon recognized that PLSc can also be used for
estimating the path coefficient relating a component to a factor in
the case that no A-based correction is applied to the component
(Dijkstra & Henseler, 2015b). In the same way, it can estimate the
loadings of both components and factors. Thus, PLSc is expected
to provide unbiased estimates of all parameters in models with
both factors and components, if the basic design holds for the
reflective model (Dijkstra & Henseler, 2015b). It has indeed been
regarded as “the method of choice” (Dijkstra & Henseler, 2015b,
p. 311) for such models. However, there has been little empirical
investigation into the performance of PLSc under the models. In
addition, the imposition of the basic design assumption can be
restrictive in practice, excluding multidimensional measurement
models that have been well researched (Asparouhov & Muthén,
2009). Conversely, IGSCA is a single-step approach that estimates
all parameters simultaneously without recourse to the basic design
assumption.
Table 1 provides a summary of the expected behaviors of the
existing SEM approaches and IGSCA in estimating models with
both factors and components. Nevertheless, no studies have been
conducted to empirically assess the performance of all these approaches under such models. Thus, in the following section, we
conduct a simulation study to evaluate how all the approaches
perform in recovering parameters in a model involving two components and a factor simultaneously.

Simulation Study 1
In this study, we specified a data generating model that was
composed of two exogenous components and one endogenous
factor. Each factor or component was linked to three indicators.
Figure 1 displays the specified model along with its prescribed
loadings and path coefficients, where circles and hexagons are
used to signify factors and components, respectively (e.g., Grace &
Bollen, 2008). The loadings for the composite indicators z1 to z6
are component loadings, whereas those for the effect indicators z7
to z9 are factor loadings. The two path coefficients b1 and b2
denote the effects of the exogenous components on the endogenous factor. Besides their loadings, the composite indicators were
additionally assigned weights to produce components, which are
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Figure 1. The data generating structural equation model specified for the first simulation study. Squares denote
indicators, and circles and hexagons represent factors and components, respectively. Arrows signify loadings or
path coefficients. All weights for composite indicators and residual terms are omitted.

omitted to make the figure concise. The weights per component
were fixed as .41, .37, and .39. The correlation between the two
exogenous components () was .3.
We considered four levels of sample size (N ⫽ 100, 200, 500,
and 1,000) and generated 1,000 random samples from a multivariate normal distribution with zero means and the covariance matrix
implied by the parameters per sample size. We provide a detailed
description of our data generation procedure in Appendix B. We
applied the five existing SEM approaches (CSA, GSCAM,
PLSPM, GSCA, and PLSc) and IGSCA to each sample. We used
the R package lavaan (Version 0.5–16; Rosseel, 2012) to apply
CSA and wrote a MATLAB code for the other approaches.1 We
fixed the first loading per factor/component to one to avoid scale
indeterminacy in CSA, and fixed the sign of each factor/component to be positively correlated with the indicator with the largest
loading to avoid sign indeterminacy in the other approaches (e.g.,
Henseler, Hubona, & Ray, 2016; Tenenhaus, Esposito Vinzi, Chatelin, & Lauro, 2005).
As parameter recovery measures, we calculated finite-sample
properties, such as relative bias expressed as a percentage, standard deviation, and root mean square error, of the parameter
estimates obtained from each approach. To conserve space, we
focus here on reporting the relative biases of the parameters
estimated from the six approaches for each experimental condition.
All the properties of the parameter estimates per condition are fully
provided in the online supplementary materials.
In the calculation of the parameter recovery measures, we removed any sample entailing nonconvergence or convergence to
improper solutions. Only CSA had such convergence problems
when the sample size was small (N ⫽ 100), which is consistent
with the literature (e.g., Anderson & Gerbing, 1984; Boomsma,
1982, 1985; Chen, Bollen, Paxton, Curran, & Kirby, 2001; Hwang
et al., 2017). Specifically, when N ⫽ 100, nine samples was
omitted for the convergence problems under CSA.
Table 2 presents the relative biases of the standardized loadings
estimated from all the approaches over the different sample sizes. We
regarded a relative bias greater than 10% in absolute value as indicative of an unacceptable degree of bias (e.g., Bollen, Kirby, Curran,
Paxton, & Chen, 2007; Lei & Wu, 2012). CSA and GSCAM resulted
in unbiased estimates of the factor loadings, whereas yielded nega-

tively biased estimates of a few component loadings across all the
sample sizes. As we have noted in the previous section, this is
consistent with the literature (Rhemtulla et al., 2020; Sarstedt et al.,
2016). On the other hand, GSCA and PLSPM provided positively
biased estimates of the factor loadings regardless of the sample size.
The inflated estimation of factor loadings by GSCA and PLSPM is
also consistent with the literature (e.g., Dijkstra, 2010; Hwang et al.,
2010; Sarstedt et al., 2016; Velicer & Jackson, 1990). As expected as
well, both GSCA and PLSPM resulted in unbiased estimates of the
component loadings across the same conditions. On the contrary,
PLSc and IGSCA provided unbiased estimates of both factor and
component loadings across all the sample sizes.
Most importantly, we now turn to examine the relative bias of
the standardized path coefficients estimated from the six approaches (see Table 3), which has not been examined in prior
research. CSA and GSCAM yielded positively biased estimates of
the path coefficients relating two components to a factor, whereas
GSCA and PLSPM provided negatively biased estimates of them,
regardless of the sample size. On the other hand, PLSc and IGSCA
provided unbiased estimates of both path coefficients in all the
sample sizes. This empirically supports our derivation regarding
the behaviors of such path coefficients in Appendix A.
To summarize, this is the first study to empirically evaluate the
performance of the existing SEM approaches and IGSCA in estimating a model with both factors and components. Factor-based SEM
approaches, such as CSA and GSCAM, provided unbiased estimates
of factor loadings, yet underestimated several component loadings
and overestimated both path coefficients. Component-based SEM
approaches, including PLSPM and GSCA, resulted in unbiased estimates of all component loadings, whereas underestimated the factor
loadings and overestimated the path coefficients. Conversely, PLSc
and IGSCA were the only approaches that provided unbiased estimates of all the loadings and path coefficients.
Although the present study may be perceived as limited in scope
as it considered only two experimental factors (SEM approach and
sample size) under a relatively simple data generating model, it
provides empirical support for our theoretical expectations. Fur1

The MATLAB code is available from the first author upon request.
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Table 2
Relative Biases Expressed as Percentages of Standardized Loadings Obtained From Different SEM Approaches in Simulation Study 1
N
100
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200

500

1,000

Approach

z1 (c)

z2 (c)

z3 (c)

z4 (c)

z5 (c)

z6 (c)

z7 (f)

z8 (f)

z9 (f)

CSA
GSCAM
PLSPM
GSCA
PLSc
IGSCA
CSA
GSCAM
PLSPM
GSCA
PLSc
IGSCA
CSA
GSCAM
PLSPM
GSCA
PLSc
IGSCA
CSA
GSCAM
PLSPM
GSCA
PLSc
IGSCA

⫺3.52
2.41
⫺0.24
⫺0.15
⫺0.24
⫺0.12
⫺3.32
3.25
⫺0.06
⫺0.05
⫺0.06
⫺0.02
⫺3.20
3.58
0.04
0.03
0.04
0.04
⫺3.32
3.67
0.00
⫺0.02
0.00
⫺0.01

⫺15.53
⫺17.67
⫺0.49
⫺0.25
⫺0.49
⫺0.27
⫺15.53
⫺18.09
⫺0.15
⫺0.07
⫺0.15
⫺0.12
⫺15.34
⫺18.23
⫺0.03
0.06
⫺0.03
0.02
⫺15.44
⫺18.44
⫺0.02
0.03
⫺0.02
⫺0.01

⫺8.50
⫺11.06
⫺0.24
⫺0.25
⫺0.24
⫺0.24
⫺8.14
⫺11.49
⫺0.13
⫺0.08
⫺0.13
⫺0.06
⫺8.16
⫺11.87
⫺0.04
⫺0.05
⫺0.04
⫺0.03
⫺8.09
⫺12.00
⫺0.04
⫺0.04
⫺0.04
⫺0.01

⫺2.08
1.72
⫺1.42
⫺0.07
⫺1.42
⫺0.06
⫺2.11
2.37
⫺0.39
⫺0.07
⫺0.39
⫺0.04
⫺1.93
2.55
⫺0.03
0.01
⫺0.03
0.03
⫺2.02
2.48
⫺0.10
⫺0.04
⫺0.10
⫺0.02

⫺16.89
⫺17.98
⫺1.73
⫺0.31
⫺1.73
⫺0.34
⫺16.71
⫺18.42
⫺0.70
⫺0.18
⫺0.70
⫺0.22
⫺16.60
⫺18.55
⫺0.22
⫺0.04
⫺0.22
⫺0.09
⫺16.54
⫺18.57
0.05
0.03
0.05
⫺0.02

⫺8.76
⫺10.45
⫺1.64
⫺0.12
⫺1.64
⫺0.09
⫺8.83
⫺11.36
⫺0.44
⫺0.12
⫺0.44
⫺0.10
⫺8.75
⫺11.47
⫺0.17
⫺0.06
⫺0.17
⫺0.03
⫺8.77
⫺11.58
⫺0.18
⫺0.07
⫺0.18
⫺0.04

⫺0.58
0.61
23.51
24.65
⫺0.82
0.04
0.20
0.73
24.42
25.42
0.04
0.51
⫺0.16
⫺0.11
24.23
25.28
⫺0.14
⫺0.21
0.10
0.08
24.48
25.52
0.23
⫺0.03

⫺0.34
0.91
16.49
16.24
⫺0.50
0.37
⫺0.16
0.35
16.64
16.34
⫺0.08
0.03
0.03
⫺0.01
16.79
16.44
0.07
⫺0.07
⫺0.16
⫺0.05
16.70
16.36
⫺0.27
⫺0.04

⫺0.28
0.82
7.81
7.51
⫺0.89
0.52
⫺0.10
0.54
7.96
7.68
⫺0.38
0.41
0.05
0.63
8.08
7.77
⫺0.17
0.49
0.07
0.25
8.08
7.75
0.00
0.19

Note. c ⫽ component loading; f ⫽ factor loading; CSA ⫽ covariance structure analysis; GSCAM ⫽ generalized structured component analysis with
measurement errors incorporated; PLSPM ⫽ partial least squares path modeling; GSCA ⫽ generalized structured component analysis; PLSc ⫽ consistent
partial least squares; IGSCA ⫽ integrated generalized structured component analysis.

thermore, only PLSc and IGSCA appear appropriate for estimating models with both factors and components as other approaches always resulted in biased estimates of several
parameters, even under such a simple model. In the next section, therefore, we conduct another simulation study to examine
the relative performance of PLSc and IGSCA while at the same
time greatly expanding upon the generalizability of our simulation results.

Simulation Study 2
In the second study, we considered a more complex data generating model than the one used in the previous study. In partic-

ular, we used a model, where three factors and three components
had effects on one component and one factor, as displayed in
Figure 2. We manipulated four experimental factors for PLSc
and IGSCA: (a) measurement model complexity, (b) the degree
of the correlations of exogenous factors and components, (c)
sample size, and (d) model specification. These experimental
factors are frequently encountered in SEM simulations (Bandalos & Gagné, 2012; Paxton, Curran, Bollen, Kirby, & Chen,
2001). We did not additionally manipulate data distribution
(e.g., normal vs. non-normal) as an experimental factor because
both PLSc and IGSCA do not require distributional assumptions.

Table 3
Relative Biases Expressed as Percentages of Standardized Path Coefficients Obtained From
Different SEM Approaches in Simulation Study 1
N
100
200
500
1,000

Path
coefficient

CSA

GSCAM

PLSPM

GSCA

PLSc

IGSCA

b1
b2
b1
b2
b1
b2
b1
b2

12.81
16.51
12.53
15.91
12.80
15.75
12.66
15.54

10.82
15.15
12.44
16.59
13.79
17.87
14.00
18.14

⫺13.01
⫺11.99
⫺12.85
⫺12.49
⫺12.71
⫺12.77
⫺12.88
⫺13.01

⫺12.45
⫺12.03
⫺12.73
⫺12.73
⫺12.72
⫺12.92
⫺12.93
⫺13.12

⫺0.15
1.03
0.01
0.43
0.24
0.18
0.07
⫺0.07

⫺1.40
⫺0.96
⫺0.62
⫺0.60
⫺0.02
⫺0.24
⫺0.03
⫺0.25

Note. CSA ⫽ covariance structure analysis; GSCAM ⫽ generalized structured component analysis with
measurement errors incorporated; PLSPM ⫽ partial least squares path modeling; GSCA ⫽ generalized
structured component analysis; PLSc ⫽ consistent partial least squares; IGSCA ⫽ integrated generalized
structured component analysis.
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We contemplated five different model specifications— correct,
Underparameterized I, Overparameterized I, Underparameterized
II, and Overparameterized II. The correct specification indicates
that the fitted model was equivalent to the data generating model.
The Underparameterized Model I represents a misspecification of
the measurement model, where the fitted model was more restricted than the data generating model, omitting two indicators for
factors in the data generating model. The Overparameterized
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Three levels of measurement model complexity were determined by varying the number of indicators per factor/component
(Nind ⫽ 3, 5, and 7). The loading parameters per factor/component
were fixed as follows: when Nind ⫽ 3, c ⫽ .6, .7, and .8; when
Nind ⫽ 5, c ⫽ .6, .6, .7, .8, and .8; and when Nind ⫽ 7, c ⫽ .6, .6,
.7, .7, .7, .8, and .8. All composite indicators were also assigned
weights to yield components, which are not displayed in Figure 2
to make the figure succinct.

Figure 2. The data generating structural equation model specified for the second simulation study. Squares
denote indicators, where zpk is the kth indicator for the pth factor/component (k ⫽ 1, . . . , K). Circles and
hexagons represent factors and components, respectively. Arrows signify loadings or path coefficients in the data
generating model. Dashed arrows indicate additional loadings or path coefficients in the overparameterized
models. The two loadings labeled A and the two path coefficients labeled B are excluded in the Underparameterized Models I and II, respectively. All weights for composite indicators and residual terms are omitted.
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.6, .7} for each random sample. This can alleviate the potential
problem that our results are dependent on specific choices of path
coefficient parameter values, thereby further increasing the generalizability of the results. We also had the signs of the exogenous
factor/component correlations changed randomly per sample. Note
that we retained the same loadings and exogenous factor/component
correlations to maintain the validity of the measurement model.
We applied PLSc and IGSCA to each random sample per
condition. In this study, we could not calculate the same recovery
measures for their estimates as in the previous stimulation study
(e.g., relative bias) because path coefficients were randomly chosen for each sample. Instead, we computed the mean absolute error
(MAE) of each set of loading and path coefficient estimates per
sample as follows.

Model I stands for another misspecification of the measurement
model, where the fitted model incorrectly included additional
component cross loadings, although the data generating model had
no such cross loadings. The Underparameterized Model II denotes
a misspecification of the structural model, where the fitted model
incorrectly excluded two path coefficients from the data generating
model. The Overparameterized Model II indicates a different misspecification of the structural model, in which the fitted model
incorrectly contained two additional path coefficients despite that
no such additional path coefficients existed in the data generating
model. In Figure 2, the incorrectly omitted loadings and path
coefficients in the Underparameterized Models I and II are labeled
A and B, respectively, whereas the additional component cross
loadings and path coefficients in the Overparameterized Models I
and II are denoted by dashed arrows. In the figure, therefore, the
data generating model is the one without the dashed arrows. The
Underparameterized Models I and II are the data generating model
without the arrows labeled A and B, respectively. The Overparameterized Models I and II are the data generating model with the
dashed component cross loadings and dashed path coefficients
added, respectively. PLSc can be applied to the Overparameterized
Model I because the basic design should hold for the reflective
measurement model with factors. In this specification, only components involved cross loadings. As stated earlier, PLSc does not
need to correct component loadings or component scores (Dijkstra
& Henseler, 2015b).
We also varied sample size (N ⫽ 100, 200, 500, and 1,000) and the
correlation of each pair of exogenous factors and components ( ⫽ .1,
.3, and .5). The correlations of some pairs of exogenous factors and
components (i.e., ␥1 and ␥3, ␥1 and ␥5, ␥2 and ␥3, ␥2 and ␥6, ␥3 and
␥5, ␥4 and ␥5, and ␥4 and ␥6) were fixed to zero in order to keep the
implied covariance matrix of indicators to be positive definite even
when the correlation level  was high. In sum, our simulation design
consisted of a total of 180 data generating conditions (3 measurement
model complexities ⫻ 5 model specifications ⫻ 4 sample sizes ⫻ 3
exogenous component/factor correlations). For each experimental
condition, we generated 1,000 random samples based on the data
generation procedure proposed by Cho and Choi (2020).
Lastly, we generated all path coefficients in the model randomly
from the set of {⫺.7, ⫺.6, ⫺.5, ⫺.4, ⫺.3, ⫺.2, ⫺.1, .1, .2, .3, .4, .5,

I

兺ⱍ

ⱍ

MAE ⫽ 1
 ⫺ ˆ i ,
I i⫽1 i

(10)

where I is the number of either loadings or path coefficients, and
i and ˆ i are the ith loading or path coefficient and its estimate
obtained from each approach, respectively. The smaller the MAE,
the closer the estimates are to parameters on average.
In the calculation of the MAE values per condition, we removed
any sample entailing nonconvergence or convergence to improper
solutions. We found that only PLSc had cases with improper
solutions, which was also reported in previous studies (e.g.,
Hwang et al., 2017; Rönkkö, McIntosh, & Aguirre-Urreta, 2016;
Schamberger, Schuberth, Henseler, & Dijkstra, 2020). This problem occurred in all conditions yet tended to occur more frequently
when sample size was small (see Table 4).
To conserve space, we focus here on reporting the average MAE
values of the parameters estimated from PLSc and IGSCA. We
provided the individual MAE values of the estimates from the
approaches under all the conditions in the online supplementary
materials. Figure 3 displays the average MAE values of the estimates from PLSc and IGSCA for each of the three experimental
factors (the number of indicators, exogenous factor/component
correlation, and sample size) under correct model specification. As
shown in Figure 3, on average, the MAE values of the IGSCA
estimates of loadings were consistently smaller than those of the
PLSc estimates, regardless of the simulation conditions. The MAE

Table 4
The Number of Samples With Improper Solutions per Condition Over 1,000 Samples in PLSc
Nind ⫽ 3

Nind ⫽ 5

Nind ⫽ 7



N

M1

M2

M3

M4

M5

M1

M2

M3

M4

M5

M1

M2

M3

M4

M5

0.1

100
200
400
1,000
100
200
400
1,000
100
200
400
1,000

423
288
146
77
396
267
154
96
400
303
187
121

492
357
188
93
479
334
175
129
485
363
217
155

418
288
146
78
401
266
153
97
396
304
186
123

507
386
211
127
479
372
238
148
487
383
244
198

400
273
131
76
366
241
141
78
366
264
161
110

386
265
145
82
378
260
152
116
391
272
167
127

404
277
153
84
412
289
163
124
417
293
175
147

390
264
145
82
378
261
152
116
397
275
166
129

470
350
198
127
441
353
214
154
467
347
230
188

358
245
132
77
361
232
132
97
350
234
135
108

451
311
167
86
441
328
175
106
409
298
190
131

467
311
163
97
444
334
173
108
422
293
196
142

451
311
166
86
444
326
176
107
412
300
192
131

525
404
229
131
523
402
247
166
505
379
256
193

435
309
158
81
421
293
154
88
383
275
154
107

0.3

0.5

Note.

M1 ⫽ correct model; M2 ⫽ Underparameterized I; M3 ⫽ Overparameterized I; M4 ⫽ Underparameterized II; M5 ⫽ Overparameterized II.
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Figure 3. Average mean absolute error (MAE) values of the estimates of integrated generalized structured
component analysis (IGSCA) and consistent partial least squares (PLSc) per condition under correct specification (o: IGSCA and ⌬: PLSc). See the online article for the color version of this figure.

values of both estimators approached zero when sample size
increased, whereas the other conditions did not seem to influence
their performance in recovering loading parameters. On the other
hand, the MAE values of both IGSCA and PLSc estimates of path
coefficients were quite similar across the conditions. In general,
for both approaches, the exogenous factor/component correlation
had an adverse influence on the recovery of the path coefficients
(i.e., the larger this correlation, the larger MAE), whereas the
sample size had a positive impact (i.e., the larger the sample size,
the smaller MAE). Conversely, the number of indicators had little
influence on their recovery of path coefficients.
The average MAE values of the PLSc and IGSCA estimates
under the Underparameterized Model I were quite comparable to
those obtained under the correct model in Figure 3. To further
conserve space, therefore, these results were relegated to the online
supplementary materials. As stated earlier, in the Underparameterized Model I, an effect indicator was incorrectly removed from
each of two factors. Removing the effect indicators had little impact
on both approaches’ recovery of remaining parameters, leading them
to perform similarly to the case of correct model specification. This is
consistent with that adding or omitting an effect indicator for a
common factor does not change loading estimates of the other indicators for the factor (e.g., Widaman, 2018).
Figure 4 shows the average MAE values of the PLSc and
IGSCA estimates under the Overparameterized Model I. In all
conditions, the PLSc and IGSCA estimates of loadings and path
coefficients generally showed similar MAE patterns to those under

correct model specification. Nonetheless, PLSc performed more
poorly in recovering both loadings and path coefficients than under
correct model specification. Consequently, the MAE values of the
loadings and path coefficients estimated from PLSc were larger
than their counterparts from IGSCA in most conditions. In the
Overparameterized Model I, a composite indicator for each of two
components was incorrectly linked to another component, giving
rise to additional cross component loadings. PLSPM, on which
PLSc relies solely for estimating component loadings, tends to
yield more biased loading estimates than GSCA in models with
cross loadings (Hwang et al., 2010; Hwang & Takane, 2014,
Chapter 2), which can in turn affect the recovery of path coefficients negatively. This might lead PLSc to perform more poorly
than IGSCA under the Overparameterized Model I.
Figures 5 and 6 exhibit the average MAE values of the PLSc and
IGSCA estimates under the Underparameterized Model II and the
Overparameterized Model II, both of which involved misspecified
structural models. Under both misspecifications, again, the PLSc
and IGSCA estimates of loadings and path coefficients showed
similar MAE patterns to those obtained under correct model specification. That is, in general, IGSCA recovered loadings better than
PLSc, whereas they recovered path coefficients similarly. Furthermore, the average MAE values of the IGSCA estimates of both
loadings and path coefficients largely remained similar to those
under correct model speciation, suggesting that the two misspecifications of the structural model had no substantial influence on the
performance of IGSCA. Conversely, PLSc recovered loadings
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Figure 4. Average mean absolute error (MAE) values of the estimates of integrated generalized structured
component analysis (IGSCA) and consistent partial least squares (PLSc) per condition under the Overparameterized Model I (o: IGSCA and ⌬: PLSc). See the online article for the color version of this figure.

better under the Overparameterized Model II than under the Underparameterized Model II. This performance of PLSc seems to be
related to that PLSPM tends to better recover parameters in more
complex structural models than those in simpler structural models
(Henseler et al., 2014). As PLSc utilizes PLSPM for the first stage
of parameter estimation, the positive effect of structural model
complexity on PLSPM was likely to carry over to PLSc under the
Overparametrized Model II, which had a more complex structural
model with additional path coefficients than the Underparameterized Model II.
In sum, we investigated the relative performance of PLSc and
IGSCA in recovering parameters in a complex model involving
multiple factors and components, taking into account a variety of
experimental conditions. To enhance the generalizability of our
results, we did not fix path coefficients to specific values in
advance and instead had them randomly chosen from a wide range
of candidate values per sample. In general, IGSCA showed better
performance in parameter recovery than PLSc. IGSCA always
recovered loadings better than PLSc regardless of the experimental
factors, while the two approaches recovered path coefficients
similarly in most conditions except for the case of a misspecified
model with cross component loadings, where IGSCA largely recovered path coefficients better. In addition, PLSc suffered from
the occurrence of improper solutions in all conditions, whereas
IGSCA did not encounter such a problem.

Empirical Application: The Gene and Depression Data
In this example, we investigate the influence of genes on the
severity of depression. The example had a total of 231 Korean
participants, which included 137 (59.3%) healthy volunteers recruited from community advertisements and 94 PTSD patients
recruited from notices on the bulletin board at a university hospital
in a northern suburban area of Seoul, Korea. The PTSD patients
were diagnosed based on the Diagnostic and Statistical Manual of
Mental Disorders, Fifth Edition (DSM–5) by a psychiatrist, and
healthy participants were also evaluated using the DSM–5
by a psychiatrist. There were 75 (32.5%) men and 156 women with a
mean age of 46.10 years (SD ⫽ 13.49). Each participant signed a
written form of informed consent approved by the Institutional Review Board at the hospital before participating in the study (IRB no.
2015-07-025), and all measurements and experiments were executed
in accordance with the guidelines and regulations of the board.
To measure the severity of depression symptoms among the
participants, the Korean translation of the Hospital Anxiety Depression Scale (HADS; Oh, Min, & Park, 1999) was administered.
The HADS is a self-report rating scale that has two subscales, each
of which consists of seven items for anxiety (HADS-A) and
depression (HADS-D). We used the seven items for depression in
the HADS-D. To control for the effect of alcohol-related problems
as a covariate, the alcohol use disorders identification test
(AUDIT) was used to assess alcohol consumption, drinking be-
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Figure 5. Average mean absolute error (MAE) values of the estimates of integrated generalized structured
component analysis (IGSCA) and consistent partial least squares (PLSc) per condition under the Underparameterized Model II (o: IGSCA and ⌬: PLSc). See the online article for the color version of this figure.

haviors, and alcohol-related problems. The AUDIT is a 10-item
screening tool developed by the World Health Organization, and
well-validated in Korea (B. O. Lee, Lee, Lee, Choi, & Namkoong,
2000). The AUDIT is assessed with a 5-point Likert scale ranging
from 0 (never) to 4 (4 or more times a week).
All the participants had their blood sampled to extract DNA
using NanoDrop® ND-1000 UV-Vis Spectrophotometer. Then,
genomic DNA were diluted to 10 ng/ᐉ concentration at 96 well
PCR plates. TaqMan SNP Genotyping Assays were obtained from
Applied Biosystems (Waltham, MA). The probes were labeled
with FAM or VIC dye at the 5= end and a minor-groove binder and
nonfluorescent quencher at the 3= end; 2 l of DNA was added to
each 5 l PCR reaction at 384 well reaction plates. SNP genotyping reactions were performed on ABI PRISM 7900HT Real-time
PCR system. After the PCR amplification, allelic discrimination is
performed at the same machines (ABI 7900HT). The allelic discrimination is an end point plate read. The SDS v2.4 software
calculates the fluorescence measurements made during the plate
read and plots Rn values based on the signals from each well. A
total of 18 SNPs from nine different DNAs were obtained for the
study. For all SNPs, the wild, hetero, and mutant genotypes were
coded as 1, 2, and 3, respectively. We selected nine genes that may
be related to depression, including SLC6A4 (Holmes, Bogdan, &
Pizzagalli, 2010), FKBP5 (Zobel et al., 2010), ADCYAP1R1
(Lowe et al., 2015), BDNF (Sen et al., 2003), COMT (Åberg,
Fandiño-Losada, Sjöholm, Forsell, & Lavebratt, 2011), HTR3A
(Gatt et al., 2010), DRD2 (Vaske, Makarios, Boisvert, Beaver, &

Wright, 2009), NR3C1 (Gałecka et al., 2013), and OXTR (McQuaid, McInnis, Stead, Matheson, & Anisman, 2013). Table 6
exhibits all the genes and their associated SNPs.
Depression symptoms are known to be affected by genetic
polymorphism (Peper, Brouwer, Boomsma, Kahn, & Hulshoff Pol,
2007) and also influenced by other extraneous variables, such as
gender (Piccinelli & Wilkinson, 2000; Sowell et al., 2007), age
(Kessler et al., 2010; Salat et al., 2004), and alcohol-related problems (Boden & Fergusson, 2011; Durazzo et al., 2011). In addition, some studies have observed potential interaction effects of
gender and age (Patten et al., 2016) and of gender and alcohol use
(e.g., Danzo, Connell, & Stormshak, 2017; Edwards et al., 2014;
Fleming, Mason, Mazza, Abbott, & Catalano, 2008; Miettunen et
al., 2014; Nolen-Hoeksema, 2004) on depression symptoms. Accordingly, we hypothesized that the nine genes had direct effects
on depression severity, while controlling for the direct and interaction
effects of gender, age, and AUDIT as covariates on depression severity. Table 5 provides the correlation matrix of all the SNPs,
depression items, and covariates, along with their means and standard
deviations. There were no extreme observations (e.g., their z scores
were greater than | 3.3 | ) or skewed variables. As discussed earlier,
we assumed that each of the nine genes was a component of SNPs,
whose number per gene ranged from one to nine, whereas depression
was a factor that underlay the seven items in the HADS-D. Figure 7
displays the hypothesized structural model.
We applied IGSCA to fit the hypothesized model to the data.
We used 1,000 bootstrap samples to estimate the standard errors
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Figure 6. Average mean absolute error (MAE) values of the estimates of integrated generalized structured
component analysis (IGSCA) and consistent partial least squares (PLSc) per condition under the Overparameterized Model II (o: IGSCA and ⌬: PLSc). See the online article for the color version of this figure.

and 95% confidence intervals of the parameter estimates. Tables 6 and 7 present the standardized loadings and path coefficients, respectively, estimated from IGSCA. All loading estimates were statistically significant and large in magnitude. We
found that the pituitary adenylate cyclase activating polypeptide
1 receptor Type I (ADCYAP1R1) gene had a statistically significant and positive effect on depression (b3 ⫽ .18, SE ⫽ .07,
95% CI [.03, .30]), suggesting that people with the mutant allele
in ADCYAP1R1 may experience a higher level of depression
severity. This finding is consistent with previous studies that
the ADCYAP1R1 gene may be implicated in stress response
processes (Hashimoto, Shintani, & Baba, 2006), trauma-related
psychopathology (Roman et al., 2014), and depression
(Aragam, Wang, & Pan, 2011), because the neuropeptide pituitary adenylate cyclase-activating polypeptide (PACAP) regulates activation of the hypothalamic-pituitary-adrenal axis after
stressful experience (Lehmann, Mustafa, Eiden, Herkenham, &
Eiden, 2013). The R2 value of depression was .13.

Discussion
We proposed a novel statistical approach to SEM with both factors
and components. The proposed method, IGSCA, combines GCSA
and GSCAM into a single framework. IGSCA estimates all parameters simultaneously by minimizing a single least squares criterion
without recourse to distributional assumptions.
We conducted two simulation studies to evaluate the performance
of IGSCA relative to existing approaches in the domains of factor-

and component-based SEM. The first study evaluated the performance of all of the approaches. In line with our derivations, only PLSc
and IGSCA are appropriate candidates for estimating models with
both factors and components because the other approaches always
yielded biased estimates of some parameters— even under a simple
model. The second study then focused on examining the relative
performance of the two competing approaches (PLSc and IGSCA),
considering a number of experimental conditions. The second study
shows that IGSCA generally outperformed PLSc in that it recovered
loadings better while recovering path coefficients equally or better.
Also, IGSCA was less vulnerable to model misspecification and the
occurrence of improper solutions.
We also applied IGSCA to examine the effects of several candidate
genes on depression. We utilized biological pathway information to
specify genes as components of SNPs, which are known to be related
to depression symptoms. Moreover, we considered multiple genes
simultaneously, taking into account potential correlations among the
genes. This can also help avoid the multiple testing problem in genetic
studies (Lee et al., 2016).2 Several studies have also considered
multiple genes at the same time, each of which was regarded as a
component of SNPs (e.g., Romdhani et al., 2015). However, these
2
Although some researchers had suggested more stringent Type I error
control for SEM (e.g., Cribbie, 2000), we did not employ such additional
Type I error control as it still seems uncommon to do so. If desired,
researchers may conduct adjusted tests that are based on the conventional
Bonferroni correction or less conservative procedures such as the Šidák or
Benjamini-Hochberg correction.

1

z1
z2
z3
z4
z5
z6
z7
z8
z9
z10
z11
z12
z13
z14
z15
z16
z17
z18
z19
z20
z21
z22
z23
z24
z25
z26
z27
z28
Mean
SD

.63
.37
.44
.60
.36
⫺.03
⫺.05
⫺.05
⫺.06
.01
.04
.03
.05
.04
⫺.03
.08
⫺.07
⫺.10
⫺.14
.09
⫺.01
⫺.02
⫺.05
⫺.18
⫺.08
.09
0.91
0.81

1

z2

.35
.53
.63
.44
⫺.07
⫺.06
⫺.14
⫺.11
⫺.04
⫺.05
⫺.09
.02
⫺.00
⫺.07
.12
⫺.01
⫺.00
⫺.03
.08
⫺.02
.07
⫺.03
⫺.17
⫺.04
.14
1.68
0.79

1

z3

.40
.46
.24
.08
⫺.00
⫺.01
.01
.01
.05
.03
.02
.05
.03
.11
⫺.02
.06
.03
⫺.04
⫺.10
⫺.00
.10
⫺.10
.03
.06
1.60
0.75

1

z4

.45
.45
⫺.03
⫺.05
⫺.07
⫺.05
⫺.01
⫺.00
⫺.01
.02
⫺.00
⫺.02
.12
⫺.05
.06
.04
.02
⫺.10
.01
⫺.11
⫺.12
.08
.07
1.03
0.95

1

z5

.38
.03
⫺.08
⫺.08
⫺.08
⫺.07
.01
⫺.03
⫺.03
.04
⫺.00
.06
⫺.06
⫺.00
⫺.02
.01
.01
.02
⫺.02
⫺.19
⫺.10
.19
1.25
1.01

1

z6

1
⫺.08
⫺.01
⫺.01
⫺.02
⫺.02
⫺.05
⫺.04
⫺.04
⫺.08
⫺.02
.06
.02
⫺.00
⫺.04
.14
⫺.07
.02
⫺.13
⫺.07
⫺.01
.02
0.82
0.82

z7

1
⫺.06
⫺.01
⫺.03
⫺.04
⫺.01
.01
⫺.06
⫺.03
⫺.04
⫺.04
⫺.03
⫺.03
⫺.04
.00
.03
⫺.07
.04
.03
⫺.01
⫺.06
1.25
0.43

z8

.79
.81
.92
.69
.67
.85
.62
.73
.06
.09
.11
.12
.03
⫺.04
.06
.07
⫺.04
⫺.00
.06
1.58
0.63

1

z9

.93
.75
.79
.69
.65
.68
.81
⫺.01
.06
.05
.06
.03
⫺.02
.03
⫺.01
⫺.08
⫺.03
.08
1.41
0.59

1

z10

1
.78
.84
.74
.69
.75
.85
.02
.08
.06
.04
.01
.01
.04
.02
⫺.07
⫺.02
.07
1.43
0.60

z11

.79
.77
.93
.64
.68
.07
.10
.07
.07
.03
⫺.03
.05
.04
⫺.01
.04
.06
1.61
0.64

1

z12

.82
.82
.82
.87
.04
.04
⫺.00
⫺.02
⫺.01
.04
.05
.03
⫺.08
⫺.01
.14
1.42
0.58

1

z13

.75
.69
.72
.07
.13
.02
⫺.03
⫺.03
.01
.07
⫺.01
⫺.04
.04
.08
1.52
0.64

1

z14

1
.68
.72
.06
.05
.04
.04
.01
.01
.05
.05
⫺.00
.03
.08
1.56
0.62

z15

.78
⫺.00
.02
.01
⫺.01
⫺.08
.06
.03
.10
⫺.17
⫺.02
.11
1.29
0.49

1

z16

.01
.04
.05
.04
⫺.00
.03
.07
.08
⫺.07
⫺.02
.11
1.35
0.55

1

z17

1
⫺.01
⫺.08
⫺.08
⫺.03
⫺.01
.02
.03
.17
.07
⫺.05
1.97
0.70

z18

.07
.04
.05
⫺.04
.12
⫺.03
⫺.05
.11
.04
1.88
0.72

1

z19

1
.93
.03
.01
.14
.02
.05
⫺.01
.00
1.55
0.60

z20

.03
.02
.12
.06
.04
.01
.01
1.54
0.59

1

z21

1
⫺.06
.05
⫺.01
.09
.08
.01
1.17
0.41

z22

1
.13
⫺.00
⫺.05
⫺.16
.10
1.83
0.74

z23

1
⫺.13
⫺.02
.12
⫺.01
1.53
0.63

z24

1
⫺.02
⫺.03
⫺.02
1.77
0.72

z25

1
.02
⫺.44
1.68
0.47

z26

1
⫺.21
46.10
13.46

z27

1
3.04
3.61

z28

Note. z1 ⫽ HAD2; z2 ⫽ HAD4; z3 ⫽ HAD6; z4 ⫽ HAD8; z5 ⫽ HAD10; z6 ⫽ HAD12; z7 ⫽ HAD14; z8 ⫽ rs25531; z9 ⫽ rs9296158; z10 ⫽ rs3800373; z11 ⫽ rs1360780; z12 ⫽ rs9470080; z13 ⫽
rs4713916; z14 ⫽ rs4713919; z15 ⫽ rs6902321; z16 ⫽ rs56311918; z17 ⫽ rs3798345; z18 ⫽ rs2267735; z19 ⫽ rs6265; z20 ⫽ rs4680; z21 ⫽ rs4633; z22 ⫽ rs1062613; z23 ⫽ rs2075652; z24 ⫽ rs258747;
z25 ⫽ rs53576; z26 ⫽ gender; z27 ⫽ age; and z28 ⫽ AUDIT.

.50
.55
.27
.47
.48
.45
.02
.00
⫺.08
⫺.09
.04
⫺.02
⫺.02
.07
⫺.02
⫺.01
.07
⫺.04
⫺.12
⫺.14
.08
⫺.10
.01
⫺.08
⫺.14
.03
.13
1.51
1.13

z1

Indicator

Table 5
The Correlations, Means, and Standard Deviations (SD) of the Gene and Depression Data
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Table 6
The Standardized Loadings Estimated From Integrated Generalized Structured Component
Analysis for the Gene and Depression Data
Factor/component
Depression
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SLC6A4
FKBP5

ADCYAP1R1
BDNF
COMT
HTR3A
DRD2
NR3C1
OXTR

Indicator

Estimate

SE

z1 ⫽ HADS2
z2 ⫽ HADS4
z3 ⫽ HADS6
z4 ⫽ HADS8
z5 ⫽ HADS10
z6 ⫽ HADS12
z7 ⫽ HADS14
z8 ⫽ rs25531
z9 ⫽ rs9296158
z10 ⫽ rs3800373
z11 ⫽ rs1360780
z12 ⫽ rs9470080
z13 ⫽ rs4713916
z14 ⫽ rs4713919
z15 ⫽ rs6902321
z16 ⫽ rs56311918
z17 ⫽ rs3798345
z18 ⫽ rs2267735
z19 ⫽ rs6265
z20 ⫽ rs4680
z21 ⫽ rs4633
z22 ⫽ rs1062613
z23 ⫽ rs2075652
z24 ⫽ rs258747
z25 ⫽ rs53576

0.68
0.74
0.81
0.51
0.66
0.76
0.56
1.00
0.89
0.89
0.93
0.91
0.93
0.86
0.89
0.83
0.90
1.00
1.00
0.98
0.98
1.00
1.00
1.00
1.00

0.04
0.03
0.04
0.05
0.05
0.04
0.06
0
0.02
0.03
0.01
0.01
0.01
0.02
0.02
0.02
0.02
0
0
0.01
0.01
0
0
0
0

previous studies did not consider factors at all because they relied on
component-based statistical approaches. Conversely, by applying
IGSCA, we modeled genes as components and depression as a factor,
which, as outlined in our introduction, is more theoretically plausible.
Based on this model, we found evidence that a particular gene
(ADCYAP1R1) appears to have an effect on depression, which is
consistent with previous research.
The development of IGSCA has both technical and empirical
implications. IGSCA enables us to efficiently estimate structural
equation models that are composed of both components and factors.
It will make a technical contribution to bridging the two SEM domains, substantially expanding the scope and applicability of SEM.
IGSCA can serve as a flexible tool for researchers to examine the
relationships involving factors and components at the same time. The
availability of such an analytic tool can allow researchers to consider
a greater variety of variables emerged from different disciplines. For
example, the integration of gene- and brain-level variables into studies
in clinical child or pediatric psychology via IGSCA may provide
insights for better comprehension of children’s healthy development,
as well as identifying which neurobiological pathways are involved in
altered neurodevelopment and behavior. We believe that the demand
for accommodating both factors and components continues to rise in
psychology and other sciences that are becoming increasingly interdisciplinary.
Despite its technical and empirical implications, IGSCA has
limitations. Notably, IGSCA does not offer a conventional test
statistic for examining overall model-data consistency or comparing alternative models, such as the chi-square test of fit in CSA,
partly because it does not require distributional assumptions.
IGSCA can still allow examining the statistical significance of
individual parameter estimates, helping to investigate consistency

95% CI
[0.60,
[0.68,
[0.74,
[0.40,
[0.56,
[0.68,
[0.43,
[1.00,
[0.85,
[0.83,
[0.90,
[0.88,
[0.90,
[0.80,
[0.85,
[0.78,
[0.85,
[1.00,
[1.00,
[0.97,
[0.97,
[1.00,
[1.00,
[1.00,
[1.00,

0.76]
0.80]
0.88]
0.60]
0.75]
0.83]
0.68]
1.00]
0.92]
0.93]
0.95]
0.93]
0.95]
0.90]
0.92]
0.88]
0.93]
1.00]
1.00]
0.99]
0.99]
1.00]
1.00]
1.00]
1.00]

between data and a series of hypotheses that constitutes the model.
This local fit evaluation may contribute to confirmation, rejection,
or revision of the entire model. Nevertheless, it would be necessary
to develop more formal procedures for evaluating overall modeldata consistency and alternative models. Additionally, it would be
worthwhile to develop a test statistic or index for evaluating model
predictability, which has been highly recommended in SEM (Cho
et al., 2019; Hair, Pieper, & Ringle, 2012; MacCallum & Austin,
2000; MacCallum, Roznowski, & Necowitz, 1992; Ringle,
Sarstedt, & Straub, 2012).
Despite the promising results of the current article, IGSCA is at
an early stage of development relative to other existing SEM
approaches. Additional work is needed to refine and extend
IGSCA to improve its data-analytic capability. For example,
IGSCA in this article has focused mainly on unidimensional measurement models where a single factor or component is associated
with a set of indicators. Although IGSCA in theory can accommodate
more complex models and we have considered a multidimensional
model with cross loadings in our simulation study, more work is
needed to develop and test IGSCA with various complex measurement models, including multitrait-multimethod (Campbell & Fiske,
1959), latent growth curve (Duncan, Duncan, & Strycker, 2006;
Meredith & Tisak, 1990), bifactor (Holzinger & Swineford, 1937),
and random intercept (Maydeu-Olivares & Coffman, 2006) models.
IGSCA is geared only for an aggregate sample analysis, which
estimates parameters by pooling the data across observations under
the assumption that all observations come from a single homogenous population. In some situations, however, it may be more
reasonable to assume that observations are drawn from (unknown)
heterogeneous subgroups in the population that have different
parameters or relations among factors and/or components. For
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Figure 7. The structural model hypothesized for the gene and depression data. No residual terms are displayed.

example, two different trends of antisocial behavior, such as lifecourse persistent and adolescent-limited, have been discussed in
the literature (Moffitt, 1993). In the situations where such clusterlevel heterogeneity is present, an aggregate sample analysis tends
to yield biased estimates (e.g., DeSarbo & Cron, 1988; Jedidi,

Jagpal, & DeSarbo, 1997; Muthén, 1989). Thus, future work may
extend IGSCA to account for cluster-level heterogeneity through
combining it with cluster analysis or latent class models.
IGSCA is currently based on the assumption that a set of
indicators is always linearly related to a factor/component, as is

Table 7
The Standardized Path Coefficients Estimated From Integrated Generalized Structured
Component Analysis for the Gene and Depression Data
Path coefficient
Genes
SLC6A4 ¡ Depression (b1)
FKBP5 ¡ Depression (b2)
ADCYAP1R1 ¡ Depression (b3)
BDNF ¡ Depression (b4)
COMT ¡ Depression (b5)
HTR3A ¡ Depression (b6)
DRD2 ¡ Depression (b7)
NR3C1 ¡ Depression (b8)
OXTR ¡ Depression (b9)
Covariates
Gender ¡ Depression (b10)
Age ¡ Depression (b11)
AUDIT ¡ Depression (b12)
Gender ⫻ Age ¡ Depression (b13)
Gender ⫻ AUDIT ¡ Depression (b14)

Estimate

SE

95% CI

0.01
⫺0.06
0.18
⫺0.05
⫺0.03
0.10
⫺0.10
0.04
⫺0.07

0.07
0.06
0.07
0.07
0.07
0.08
0.07
0.07
0.07

[⫺0.12, 0.14]
[⫺0.18, 0.07]
[0.03, 0.30]
[⫺0.18, 0.08]
[⫺0.18, 0.11]
[⫺0.05, 0.26]
[⫺0.23, 0.03]
[⫺0.09, 0.17]
[⫺0.21, 0.06]

⫺0.24
⫺0.06
0.09
⫺0.10
0.07

0.08
0.07
0.09
0.06
0.06

[⫺0.39,
[⫺0.21,
[⫺0.08,
[⫺.023,
[⫺0.06,

⫺0.07]
0.08]
0.25]
0.02]
0.18]
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also the case with most applications of other SEM approaches.
However, in some cases, such an indicator-factor/component relationship may not be strictly linear. For instance, a factor/component may have a floor or ceiling effect on its indicators (e.g.,
Bauer, 2005; Mooijaart & Bentler, 1986). Thus, future work may
expand IGSCA to capture potentially nonlinear relationships between indicators and factors/components.
IGSCA has not yet been developed to deal with the issues of
multicollinearity and variable selection. Multicollinearity makes it
difficult to interpret the unique influences of predictor variables on
outcomes, possibly leading to inferential error. Selection of an
optimal set of variables is of use in facilitating the interpretation of
a given model, eliminating uninformative variables (e.g., Baumann, Albert, & von Korff, 2002). To address these issues, we
may consider combining IGSCA with the elastic net (Zou &
Hastie, 2005) in a single framework, which includes the ridge
(Hoerl & Kennard, 1970) and lasso (Tibshirani, 1996), following
the prior development of ridge- and lasso-regularized GSCA
(Hwang, 2009; Hwang & Takane, 2014, Chapter 9).
IGSCA cannot yet account for the dynamic nature of temporally
(serially) correlated data, where the term dynamic refers to a
process in which a state of a variable at a particular time may be
influenced by a state of the same or other variables at previous
times. In brain connectivity studies (Friston, 1994), such time
series data are ubiquitous. For example, functional MRI records
changes in blood oxygenation over scans (time points), called
blood-oxygen level dependent signals, while a subject is presented
with stimuli or asked to perform a task. The development of
dynamic GSCA (Jung et al., 2012) can be adapted to integrate
multivariate autoregressive models into IGSCA to explicitly take
into account the dynamic relationships in time series data.
IGSCA may not be robust to outliers because it estimates
parameters via least squares. It would be desirable to develop
robust estimation procedures for IGSCA, where observations
are iteratively reweighted based on their residuals. We note that
such approaches have been developed for GSCA (Hwang &
Takane, 2014, Chapter 3) and may be adapted for use with
IGSCA. To accommodate missing data, it may be desirable to
develop methods that are more efficient than listwise deletion
or mean substitution. For example, we may consider estimating
missing observations iteratively based on the data and model
specification as is already available for GSCA (e.g., Hwang &
Takane, 2014, Chapter 3).
As with many SEM approaches, IGSCA requires researchers to
formulate the nature of each dimension as a factor or component in
advance. This formulation should be based on prior substantive theory
or knowledge. Nevertheless, in practice, this decision may sometimes
prove difficult if a strong theoretical foundation is lacking. In this
case, we may consider applying a confirmatory tetrad analysis (Bollen
& Ting, 1993, 2000), which tests the statistical significance of (nonredundant) model-implied vanishing tetrads per factor/component, in
order to statistically evaluate whether having factors or components is
more consistent with the data.
In closing, we believe that IGSCA has great potential to unify
disparate research areas in psychology and other social and behavioral sciences where either factors or components dominate the
research terrain. Although we have listed numerous limitations of
IGSCA, many of these are common to traditional factor-based and
component-based approaches, and these problems may be ad-
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dressed by borrowing innovations that are already available for the
very closely related GSCA approach (e.g., outliers, missing data,
multicollinearity, variable selection, dynamic data, etc.). We hope
to continue to make IGSCA more widely applicable and useful to
both methodologists and applied researchers by addressing these
issues in future research, and by also developing a software program for IGSCA in an accessible format, such as an R package.
We expect that this will allow IGSCA to be useful for a wide range
of real-world problems and allow more thorough investigations of
its empirical performance.
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The Impact of Factor/Component Misspecification on the Estimation of a Structural Correlation When the True
Model Contains Both Factor and Component
We consider a simple case, where the true model has a factor and a
component that is a unit-weighted composite, as in Rhemtulla et al.
(2020). We show how the estimation of the structural correlation between
the component and factor in the model is affected (1) when the
component is incorrectly specified as a factor (i.e., both are treated
as factors); and (2) when the factor is erroneously specified as a
component (i.e., both are components). Methodologically, Case 1
corresponds to when a factor-based SEM approach (CSA, PLSc, or
GSCAM) is applied to the true model, whereas Case 2 corresponds
to when a component-based SEM approach (PLSPM or GSCA) is
applied to the true model.
Let x ⫽ [x1, . . . , xp] denote a p-dimensional vector of composite indicators. Let y ⫽ [y1, . . . , yq] denote a q-dimensional
vector of effect indicators. Let ␥1 denote the unit-weighted component of x, that is, ␥1 ⫽ x1p, where 1p is a p-dimensional vector
of ones. Let ␥2 denote the factor that underlies y, based on the
reflective model yj ⫽ j␥2 ⫹ uj, where j and uj are the loading
and unique factor for yj, respectively (j ⫽ 1, . . . , q). We assume
that var(xp) ⫽ var(yq) ⫽ 1, cov(xp, xp=) ⫽ cov(yq, yq=) ⫽ m, and
cov(xp, yq) ⫽ h (p ⫽ p=; q ⫽ q=). For simplicity, we further assume
that all composite indicators are measured without error. The
reflective model will perfectly reproduce the covariance matrix of
y, when j ⫽ 1, var(␥2) ⫽ m, and var(uj) ⫽ 1 ⫺ m.
Then, the correlation between ␥1 and ␥2 is given by
␤ ⫽ corr共␥1, ␥2兲 ⫽

reflective model again perfectly reproduces the covariance matrix
of x when s ⫽ 1, var(␥3) ⫽ m, and var(us) ⫽ 1 ⫺ m. Then, the
correlation between ␥3 and ␥2 is given by
␤ f ⫽ corr共␥3, ␥2兲 ⫽

When ␥1 is incorrectly specified as another factor, say ␥3, based
on the reflective model xs ⫽ s␥3 ⫹ us (s ⫽ 1, . . . , p). This

(A1.2)

(also see Bollen, 1989, p. 327).
When ␥2 is incorrectly specified as another component, denoted
by ␥4 ⫽ y1q, where 1q is a q-dimensional vector of ones, then the
correlation between ␥1 and ␥4 is given by
␤c ⫽ corr共␥1, ␥4兲 ⫽

cov(x1p, y1q)
兹var(x1p)兹var(y1q)
⫽

pqh
兹p ⫹ p(p ⫺ 1)m兹q ⫹ q(q ⫺ 1)m

.

(A1.3)

By dividing ␤f by ␤, we have
␤ f 兹p ⫹ p(p ⫺ 1)m兹m
⫽
.
␤
pm

(A1.4)

This ratio will be greater than 1 unless m ⫽ 1. Thus, when the
component in the true model is misspecified as a factor (i.e., Case
1), the structural correlation ␤ tends to be overestimated. On the
other hand, the ratio of ␤c to ␤ is given by

cov(x1p, ␥2)
ph
⫽
.
兹var(x1p)兹var(␥2) 兹p ⫹ p(p ⫺ 1)m兹m
(A1.1)

cov(␥3, ␥2)
⫽ h.
m
var(␥
)
var(␥
)
兹
3 兹
2

␤c
q兹m
⫽
.
␤ 兹q ⫹ q(q ⫺ 1)m

(A1.5)

This ratio will be smaller than 1 unless m ⫽ 1, indicating that when the
factor in the true model is misspecified as a component (i.e., Case 2), the
structural correlation ␤ tends to be underestimated.

(Appendices continue)
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Appendix B
The Data Generation Procedure for the First Simulation Study
In our first simulation study, a structural equation model was
considered that contained two exogenous components, one endogenous factor, and three indicators per component or factor. All the
indicators, components, and factor were assumed to be standardz
ized. Let zX ⫽ zX1 denote a vector of composite indicators for the
X2
two components. Let zY denote a vector of effect indicators for the
␥
endogenous factor. Let ␥X ⫽ ␥X1 denote a vector of

冋 册

冋 册
X2
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the components, and ␥Y denote the endogenous factor. Let

冋

⌺z

⌺ X1

册

z z
X1
⌺zX ⫽
denote the covariance matrix of the com⌺zX1zX2 ⌺zX2
posite indicators, where ⌺zX1 and ⌺zX2 are the covariance matrices of zX1 and zX2, respectively, and ⌺zX1zX2 is the covariance
1 
matrix between zX1 and zX2. Let ⌺X ⫽
denote the covari 1
ance matrix of the two exogenous components. Let WX ⫽
X2

冋 册

冋

␥Y ⫽ B␥X ⫹ ,

(A2.4)

where cov(␥X, X) ⫽ 0, and cov(␥Y, Y) ⫽ 0, and cov(␥Y, ) ⫽ 0.
For the simulation study, the prescribed loadings of effect
indicators for a common factor were used to derive the covariance matrix of the effect indicators, whereas the prescribed
covariance matrix of composite indicators for a component was
used to derive their weights and loadings. Specifically, we
predetermined the values of ⌺zX1, ⌺zX2, CY, B, and , as

冤

冥

冤 冥 冤 冥, B ⫽ [⫺.7,
.5], and  ⫽ .3, .5, or .7.
Given the prescribed parameter values, W ⫽ 冋
册 was

follows: ⌺zX1 ⫽ ⌺zX2 ⫽

1 .6 .7
1 .5
1

, CY ⫽

cy1

⫽

cy2

cy3

.6
.7
.8

wX1

X

0

0 wX2
共⌺zX2兲⫺1⁄2qX2, where

obtained by wX1 ⫽ 共⌺zX1兲⫺1⁄2qX1 and wX2 ⫽
qX1 and qX2 are the eigenvectors corresponding to the largest
eigenvalues of ⌺zX1 and ⌺zX2, respectively (see Cho & Choi,

册 denote a matrix of weights assigned to the composite
indicators z and z . Let C ⫽ 冋
册 denote a matrix of 2020). Then, C ⫽ 冋 册 was obtained by c ⫽ w ⌺ and
component loadings for z and z , and C denote a vector of
c ⫽ w ⌺ , and ⌺ε ⫽ 冋
册 was by ⌺ε ⫽ ⌺z ⫺
c c and ⌺ε ⫽ ⌺z ⫺ c c . Subsequently, ⌺z ⫽
factor loadings for z . Let ε ⫽ 冋 册 denote a vector of the
residuals for z and z , and  denote a vector of the residuals
冋
册 was given by ⌺z ⫽ C ⌺ ⌺ ⫹ ⌺ . We generated z from a multivariate normal distribution with zero means
for z . Let ⌺ε ⫽ 冋
册 and ⌺ε ⫽ 冤 冥 denote the and ⌺ . We then derived ␥ from (A2.3) and generated ␥ from
WX1

0

0
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X

X2

X1

X1

Y

X

X2

0

0

cX2

X2

X
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X

Y

cX1

X2

⌺zX1zX2

0
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⌺εX2

Y
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0 d2 0
0 0 d3

0

0

CX2

ZX2

X1 X1
⌺zX1 ⌺z X1zX2
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X
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X

X

X

covariance matrices of X and Y, respectively. Let B ⫽ [␤1, ␤2]
denote a vector of path coefficients. Let  denote the residual for
␥Y in the structural model.
The specified model can be expressed by the following equations.
zX ⫽ CX␥X ⫹ X

(A2.1)

zY ⫽ CY␥Y ⫹ Y ,

(A2.2)

␥X ⫽ WXzX

(A2.3)

Zx

X

Y

a normal distribution with zero mean and var(Y), where
var(Y) ⫽ 1 ⫺ B=B ⫺ 2␤1␤2. We also generated Y from a
multivariate normal distribution with zero mean and ⌺εY, where
⌺εY ⫽

冤

1-c2y1

0

0

0

1-c2y2

0

0

0

1-c2y3

冥

. Finally, we generated zY from (A2.2). In

this way, we could obtain z ⫽

冋 册.
zX

zY
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