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Abstract
Structural equation modeling (SEM) plays an important role in business and
social science and so do composites, that is, linear combinations of vari-
ables. However, existing approaches to integrate composites into structural
equation models still have limitations. A major leap forward has been the
Henseler–Ogasawara (H–O) specification, which for the first time allows for
seamlessly integrating composites into structural equation models. In doing so,
it relies on emergent variables, that is, the composite of interest, and one or
more orthogonal excrescent variables, that is, composites that have no surplus
meaning but just span the remaining space of the emergent variable’s compo-
nents. Although the H–O specification enables researchers to flexibly model
composites in SEM, it comes along with several practical problems: (i) The H–O
specification is difficult to visualize graphically; (ii) its complexity could cre-
ate difficulties for analysts, and (iii) at times SEM software packages seem to
encounter convergence issues with it. In this paper, we present a refinement of
the original H–O specification that addresses these three problems. In this new
specification, only two components load on each excrescent variable, whereas
the excrescent variables are allowed to covary among themselves. This results
in a simpler graphical visualization. Additionally, researchers facing conver-
gence issues of the original H–O specification are provided with an alternative
specification. Finally, we illustrate the new specification’s application by means
of an empirical example and provide guidance on how (standardized) weights
including their standard errors can be calculated in the R package lavaan. The
corresponding Mplus model syntax is provided in the Supplementary Material.
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2 YU et al.

1 INTRODUCTION

Structural equation modeling (SEM) is a widely used
technique to empirically validate theories comprising the-
oretical concepts [3]. It is applied in many disciplines
including the field of child development research [2],
information systems research [8], marketing research [30],
and ecology [18]—to name only a few. Additionally, var-
ious textbooks published on SEM have contributed to its
dissemination and have assisted researchers in the appli-
cation of SEM (see, e.g., [6, 25, 33]).

Traditionally, theoretical concepts are modeled using
the common factor model, also known as the reflective
measurement model, in which a latent variable represents
the theoretical concept of interest [44]. Hereby, we assume
that the theoretical concept is the common cause underly-
ing a set of variables. However, in recent years, increasing
number of scholars see merits in the composite model, in
which a composite of components represents the theoret-
ical concept (e.g., [21, 45, 49, 52]). Nowadays, composites
are applied to model theoretical concepts in various fields
such as ecology [18, 19], information systems research
[4, 26], business research [23], organizational research
[15], tourism research [35, 42], human development
research [47], and marketing research [17].

To model theoretical concepts as latent variables, SEM
is well-equipped and provides enormous flexibility. For
instance, it is possible to model exogenous and endoge-
nous latent variables and to specify models containing
nonlinear and/or nonrecursive relationships among latent
variables [6, 32]. However, concerning modeling com-
posites, the capabilities of SEM are limited, and con-
sequently, widely acknowledged SEM textbooks provide
very little guidance. For example, the commonly used
one-step approach, which models a composite as a depen-
dent latent variable whose error term’s variance is fixed
to zero, does not allow for modeling a composite in an
endogenous position in the structural model [6, 25, 33, 37].
For this reason, researchers who want to model compos-
ites have to draw on approaches that have been developed
outside the realm of SEM, such as partial least squares
path modeling (PLS-PM, [50]) including consistent par-
tial least squares (PLSc, [13, 14]), generalized structured
component analysis [28] including integrated general-
ized structured component analysis (IGSCA, [27]), and
approaches to generalized canonical correlation analysis
(GCCA, [11, 31]).

To overcome this limitation and make all the advan-
tages of SEM available to researchers who are modeling
with composites, the Henseler–Ogasawara (H–O) specifi-
cation was very recently introduced [22, 48]. In the H–O
specification, a set of components forming a composite
is expressed by a set of synthetic variables, namely, one

emergent variable and one or more excrescent variables.
While the emergent variable is the composite of inter-
est and connected to other variables in the model, the
excrescent variables have no surplus meaning and just
serve the purpose of spanning the remaining space of
the components that are not spanned by the emer-
gent variable. In addition, the relationships between
the emergent and excrescent variables and their com-
ponents are expressed using composite loadings instead
of weights. Consequently, the H–O specification enables
researchers to model composites with the same flexibil-
ity as they are accustomed to modeling latent variables.
Further, it allows us to employ commonly used SEM soft-
ware for modeling composites such as lavaan [46] and
Mplus [38].

Although the H–O specification offers various advan-
tages for researchers using SEM to model composites, it
currently shows limitations and drawbacks. First, the H–O
specification, in its current form, is difficult to graphi-
cally visualize and its complexity could create difficulties,
for example, causing specification mistakes for analysts.
Second, even though Schuberth [48] suggested the delta
method to calculate standard errors of the (standardized)
weights, researchers currently lack guidance on how stan-
dard errors of the (standardized) weights can be obtained
from SEM software. Finally, sometimes SEM software
packages using the original H–O specification face conver-
gence issues because the default starting values are likely
not optimal for composite models.

To address these concerns, the study at hand presents
a refinement of the original H–O specification. In contrast
to the original H–O specification, the refined specification
employs a different set of parameter constraints to ensure
model identification. Specifically, only two components
load simultaneously on each excrescent variable. Conse-
quently, the number of free composite loadings associated
with excrescent variables is reduced, which preserves clar-
ity and reduces the risk of specification mistakes. Fur-
ther, we show how standard errors of the weights can
be obtained using the R package lavaan. Additionally,
researchers are provided with an alternative H–O spec-
ification that can be used when SEM software faces a
convergence issue with the original H–O specification. The
remainder of this article is structured as follows: Section 2
shows the original H–O specification. In Section 3, we
present our refined H–O specification and show how stan-
dard errors can be analytically obtained using the delta
method. In Section 4, we provide an illustrative example
comparing the one-step approach, that is, the classical way
of specifying composites in SEM, the original H–O spec-
ification, and our proposed refinement. In this section,
we also show how (standardized) weights including their
standard errors can be obtained from the R package lavaan.
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YU et al. 3

Additionally, the model syntax for the commercial SEM
software Mplus is provided in the Data S1. Finally, we
conclude our paper in Section 5.

2 THE ORIGINAL
HENSELER–OGASAWARA
SPECIFICATION

Composites have a long tradition in multivariate data anal-
ysis and are originally the outcome of dimension reduction
techniques such as principal component analysis [12, 41].
Over the last decades, composites in the form of emergent
variables that represent theoretical concepts have increas-
ingly gained researchers’ attention. Emergent variables
are defined by other variables [43] and are described as
“conceptual conveniences–[… ] phenomena that exist at
a higher level than their constituent elements for reasons
that people find useful” ([10], p. 278). Note that emer-
gent variables are not only linear combinations of com-
ponents but also fulfill the requirement of the composite
model, that is, to act along a single dimension [9, 24].
Consequently, all information shared between the compo-
nents of an emergent variable and other variables in the
model is conveyed by the emergent variable [11]. In other
words, the emergent variable accounts for the covariances
between its components and other variables in the model
[47]. Hence, in contrast to variables forming composites
that do not necessarily show conceptual unity [7], emer-
gent variables are composites that possess this property.

For a long time, modeling composites in SEM, and
thus modeling emergent variables, has been very limited.
Classically, researchers employ the one-step approach for
this purpose. This approach is similar to specifying causal
indicators of a latent variable [37], for example, as done
in the multiple indicators and multiple causes (MIMIC)
model (e.g., [29]). Specifically, a composite is specified as
a dependent latent variable whose error term’s variance
is constrained to zero. In this way, it is ensured that the
composite is fully explained by its components. Although
the one-step approach allows for specifying composites in
a structural equation model, it suffers from various limi-
tations. For instance, a researcher cannot specify a com-
posite that is affected by other variables. This is because
the one-step approach fails to distinguish between the
composite’s components and the antecedents of the com-
posite. Hence, employing the one-step approach in this
situation would result in a composite that is no longer
composed only of its components, but also of the other
variables affecting the composite. This represents obvi-
ously a situation which is not intended by the researcher.
Similarly, it is not possible to specify covariances between
a composite and other exogenous variables of the model,

because the one-step approach always models a compos-
ite as a dependent variable. Consequently, covariances can
only be specified between the composite’s error term and
other exogenous variables of the model. Of course, this
is different from directly specifying covariances with the
composite. Moreover, this is a fruitless endeavor, because
the variance of the error term has been constrained to zero
to ensure that the composite is entirely composed of its
components.

The situation has changed since the introduction of
the H–O specification [22, 39, 48]. Inspired by principal
component analysis, in the H–O specification, not only
one composite, but as many composites as components are
extracted from a set of components x:

c =

(
𝜂

𝝂

)
= Wx, (1)

where the quadratic matrix W contains the weights and
the vector c contains two types of composites, namely, one
emergent variable, 𝜂, and one or more excrescent variables,
𝝂. The emergent variable 𝜂 represents the theoretical con-
cept of interest, whereas the excrescent variables, 𝝂, have
no surplus meaning and are just required to capture the
remaining variances and covariances in the set of compo-
nents that could not be explained by the emergent variable.
This becomes more obvious if one rewrites Equation 1
and expresses the relationship between the composites and
their components in terms of composite loadings instead
of weights (see also [39]):

W−1

(
𝜂

𝝂

)
= 𝚲

(
𝜂

𝝂

)
= x, (2)

where the quadratic matrix𝚲 contains the composite load-
ings. Together, the emergent and excrescent variables span
the complete space of their components.

To ensure that the model parameters are identified,
the emergent variable needs to be connected to at least
one other variable in the model next to its components.
Moreover, the scale of each emergent and excrescent vari-
able needs to be determined. This can be achieved by
fixing one loading per emergent and excrescent variable
to 1. Here no component must be used more than once
as a scaling variable. Additionally, constraints need to
be imposed on the composite loading matrix 𝜦 and the
variance–covariance matrix of the emergent and excres-
cent variables. For this purpose, Schuberth [48] suggested
we should fix the covariances among the excrescent vari-
ables and the covariances between excrescent variables
and all other variables in the model to zero. Hence, the
excrescent variables are orthogonal to all variables in the
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4 YU et al.

F I G U R E 1 Example of the
original H–O specification

model except their components. Further, Schuberth [48]
proposed that we fix the elements of the composite load-
ing matrix to zero in a cascading fashion. Specifically, for
the second excrescent variable, one loading is fixed to zero;
for the third excrescent variable, two loadings are fixed to
zero; for the fourth excrescent variable, three loadings are
fixed to zero; and so on.

Figure 1 depicts an exemplary H–O specification. In
this model, the emergent variable, 𝜂, illustrated by a
hexagon, affects the observed variable, y. The remaining
variances and covariances among the components x1–x4
that cannot be explained by the emergent variable is cap-
tured by the three excrescent variables 𝜈1–𝜈3. (Equation 3)
shows the corresponding composite loading matrix 𝚲
including the imposed constraints.

𝚲 =

x1

x2

x3

x4

⎛⎜⎜⎜⎜⎜⎜⎜⎝

𝜂 𝜈1 𝜈2 𝜈3

1 𝜆12 𝜆13 𝜆14

𝜆21 𝜆22 𝜆23 1
𝜆31 𝜆32 1 0
𝜆41 1 0 0

⎞⎟⎟⎟⎟⎟⎟⎟⎠
(3)

The original H–O specification was an important step
toward a flexible way of modeling composites in SEM
as it overcomes the limitations of the one-step approach,
which is classically used to model composites in structural
equation models. However, the originally proposed H–O
specification also shows some drawbacks. For instance,
its graphical visualization is complicated, particularly if
the number of components gets larger. Similarly, the com-
plexity of the specification can easily lead to specification
errors. This is mainly due to the various orthogonality
constraints and the fact that many composite loadings
are associated with the excrescent variables. Furthermore,
these loadings typically show alternating signs, and there-
fore SEM software sometimes faces convergence issues
because starting values are chosen for common factor

models in which signs of loadings typically do not change,
that is, the default starting values are not optimal for the
original H–O specification. To address these drawbacks,
we present a refinement of the H–O specification below,
which requires the specification of fewer composite load-
ings per excrescent variable and thus reduces the specifi-
cation complexity. Moreover, it presents researchers with
an alternative in case the original H–O specification does
not converge.

3 THE REFINED H–O
SPECIFICATION

Our proposed refinement of the H–O specification is sim-
ilar to the original one, except that it applies more intu-
itive constraints on the composite loading matrix and the
variance–covariance matrix of the emergent and excres-
cent variables. In contrast to the original H–O specifica-
tion, the covariances among the excrescent variables are
free model parameters, that is, the excrescent variables are
no longer constrained to be orthogonal to each other. Con-
sequently, further composite loadings on the excrescent
variables can be constrained leading to a more intuitive
and less complex specification of the composite loadings.
Specifically, only two components load on each excrescent
variable. While one component serves as a scaling variable
and thus its composite loading is fixed to one, the load-
ing of the second component is freely estimated. Impor-
tantly, as in the original H–O specification, no component
is allowed to serve several times as a scaling variable.
Thus, the difference between the original and the refined
H–O specification lies in the rotation of the composites.
Although in the original H–O specification, the emergent
and excrescent variables are all uncorrelated, in its refined
form, the excrescent variables are allowed to be corre-
lated. Nevertheless, in both specifications, the emergent
and excrescent variables together span the space of their
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YU et al. 5

F I G U R E 2 Example of the
refined H–O specification

components, that is, no constraints are imposed on the
components’ variance–covariance matrix. Figure 2 depicts
the refined specification of the model given in Figure 1,
and (Equation 4) shows the corresponding composite load-
ing matrix including the imposed constraints.

𝚲 =

x1

x2

x3

x4

⎛⎜⎜⎜⎜⎜⎜⎜⎝

𝜂 𝜈1 𝜈2 𝜈3

1 𝜆12 0 0
𝜆21 1 𝜆23 0
𝜆31 0 1 𝜆34

𝜆41 0 0 1

⎞⎟⎟⎟⎟⎟⎟⎟⎠
(4)

The weights in the refined H–O specification can be
computed in the same way as in the original H–O spec-
ification, that is, as the inverse of the composite loading
matrix W = 𝚲−1. Similarly, the standard errors of the
weights can be obtained using the delta method ([34],
Chapter 2). Since the weights are functions of the com-
posite loadings, their standard errors can generally be
obtained as follows (see also [36]):

var(w) = var(f(𝛌)) = 𝜕f(𝛌)
𝜕𝛌

var(𝛌)
(
𝜕f(𝛌)
𝜕𝛌

)′

, (5)

where w = vec(W), 𝛌 = vec(𝚲), and f(𝛌) are the functions
producing the vectorized inverse of 𝚲, that is, the weights,
and 𝜕f(𝛌)/𝜕𝛌 is the Jacobian matrix of f. Note that standard
errors of the weight estimates are not produced by default
in SEM software because only composite loadings are spec-
ified and their standard errors are thereby reported.

4 ILLUSTRATIVE EXAMPLE

To demonstrate the application of our refined H–O spec-
ification and to show how standard errors of the (stan-
dardized) weight estimates can be computed in the R
package lavaan, we use an empirical example from the
field of service quality (SQ) [5]. This example also served

to showcase the importance–performance analysis in the
context of PLS-PM [22].

4.1 Conceptual model and data

In the example to which we refer, Henseler [22] inves-
tigates the effect of “service quality on customer satis-
faction.” In doing so, SQ is modeled as a second-order
emergent variable composed of the following five dimen-
sions [40]: (i) Physical facilities, equipment, and appear-
ance of personnel tangibles (TANG), (ii) ability to perform
the promised service dependably and accurately reliabil-
ity (RELI), (iii) willingness to help customers and provide
prompt service responsiveness (RESP), (iv) knowledge and
courtesy of employees and their ability to inspire trust and
confidence assurance (ASSU), and (v) caring, individual-
ized attention the firm provides its customers empathy
(EMPA). Figure 3 shows the theoretical model.

To measure the five dimensions, the scales proposed
by Parasuraman et al. [40] were applied. Thereby, four
items (a01–a04) measure TANG, five items (a05–a09)
measure RELI, four items (a10–a13) measure RESP, four
items (a14–a17) measure ASSU, and five items (a18–a22)
measure EMPA. Additionally, customer satisfaction was
measured by a single item (SAT). All items were measured
on a 6-point scale.

F I G U R E 3 Theoretical model
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6 YU et al.

T A B L E 1 The model specification of the one-step approach, the original H–O specification, and the refined H–O specification used in
the illustrative example

Approach: One-step approach Original H-O specification Refined H-O specification

Illustration:

Loading matrix:

Note: For the sake of clarity, the measures of the dimensions and their corresponding measurement errors are concealed in all figures.

The data used to estimate this model was collected
by a European manufacturer of durable consumer goods
via a questionnaire circulated by mail, which consisted
of the 23 items mentioned above.1 In total, 411 customer
responses were collected. For more details about the set-
ting and the items used, we refer readers to Bliemel et al.
[5] and Henseler [22].

4.2 Model specification

To estimate the model in Figure 3, we applied the follow-
ing three approaches: The one-step approach, the original
H–O specification, and our refined H–O specification. We
included the one-step approach as it is the classical but
limited way of modeling composites in SEM [19]. Table 1
juxtaposes the three specifications. In all three specifica-
tions, the loadings of the indicators a01, a05, a10, a14, and
a18 on their respective dimension are fixed to one for scal-
ing purposes. Further, all random measurement errors are
uncorrelated.

As shown in Table 1, in the one-step approach the
path coefficient of RESP on SQ is constrained to one to fix
the scale of SQ. Additionally, the variance of the distur-
bance term of SQ is fixed to zero to ensure that SQ is fully
composed of its dimensions. To ensure the identification
of the parameters in the original H–O specification, we

1The dataset is publicly available and can be downloaded from the
following URL: http://www.compositebasedsem.com/chapter12/SQ.
xlsx. Note, in contrast to Henseler [22], we used the items measured on
their original scale, that is, a 6-point scale.

constrain the composite loading of RESP on SQ to one
as shown in the corresponding figure of Table 1. Simi-
larly, to fix the scale of the excrescent variables, we con-
strain the following relationships to one: The relationship
between 𝜈1 and EMPA, 𝜈2 and ASSU, 𝜈3 and RELI, and
𝜈4, and TANG. As Schuberth [48] proposed, we further fix
relationships between the excrescent variables and their
components in a cascading fashion to zero as follows: Rela-
tionships between 𝜈2 and EMPA, 𝜈3 and ASSU, 𝜈3 and
EMPA, 𝜈4 and RESP, 𝜈4 and ASSU, and 𝜈4 and EMPA
are fixed to zero. Subsequently, the covariances among
the excrescent variables, and between excrescent variables
and other exogenous variables in the model are also fixed
to zero. The corresponding composite loading matrix is
displayed in Table 1. Finally, the variances of the distur-
bance terms associated with the components of SQ, that is,
TANG, RELI, RESP, ASSU, and EMPA, are fixed to zero.
The figure in Table 1 illustrating the original H–O speci-
fication depicts the imposed constraints and additionally
highlights the complexity of this specification.

For the refined H–O specification, we follow the rules
presented in Section 3. First, we fix the scale of the emer-
gent variable by constraining the composite loading of
RESP on SQ to one. As in the original H–O specifica-
tion, the variances of the disturbance terms associated
with the components (i.e., TANG, RELI, RESP, ASSU, and
EMPA) are fixed to zero to ensure that SQ is fully com-
posed by its dimensions. Additionally, the covariances of
the excrescent variables with other exogenous variables in
the model are fixed to zero. In contrast to the original H–O
specification, in our refined specification, all excrescent
variables are allowed to be correlated. To fix the scale of
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YU et al. 7

T A B L E 2 Results of the one-step approach, the original H–O specification, and the refined H–O specification

One-step Original H–O Refined H–O

Weight Estimate SE Estimate SE Estimate SE
SQ:

wTANG 0.200 0.076 0.200 0.076 0.200 0.076

wRELI −0.528 0.943 −0.528 0.943 −0.528 0.943

wRESP 1.998 2.042 1.998 2.042 1.998 2.042

wASSU −1.089 1.062 −1.089 1.062 −1.089 1.062

wEMPA 0.386 0.285 0.386 0.285 0.386 0.285

Path coefficient

SQ → SAT 0.923 0.033 0.923 0.033 0.923 0.033
Fit statistics

𝜒
2 statistic 1035.049 1035.049 1035.049

p-value (df ) 0.000 (216) 0.000 (216) 0.000 (216)

CFI 0.898 0.898 0.898

TLI 0.880 0.880 0.880

SRMR 0.061 0.061 0.061

the excrescent variables, we constrain the following rela-
tionships to one: The relationship between 𝜈1 and TANG,
𝜈2 and RELI, 𝜈3 and ASSU, 𝜈4 and EMPA. Further, each
excrescent variable is associated with one other dimen-
sion, that is, the following relationships are freely esti-
mated: relationships between 𝜈1 and RELI, 𝜈2 and RESP,
𝜈3 and RESP, and 𝜈4 and ASSU. The figure in the last
column of Table 1 shows the complete refined H–O spec-
ification for the illustrative example and highlights how
model complexity is reduced in comparison to the origi-
nal H–O specification. In addition, the composite loading
matrix of the refined H–O specification is displayed.

To obtain the weights in the H–O specifications, the
composite loading matrix can be inverted. For this pur-
pose, software capable of performing symbolic calcula-
tions can be employed, such as the open-source R packages
Ryacas [1] and calculus [20] or the commercial software
Mathematica [51]. Consequently, the weight of TANG to
form SQ is the element of the first row and first column
of the inverted composite loading matrix. For our refined
H–O specification, it is calculated as follows:

wTANG =
𝜆22𝜆33

1 − 𝜆21𝜆33 + 𝜆11𝜆22𝜆33 − 𝜆34𝜆41 + 𝜆34𝜆45𝜆51
(6)

Similarly, the other weights can be obtained from the
inverted composite loading matrix.

To obtain the weights in the R package lavaan, new
parameters need to be specified. To illustrate, the weight
of TANG to form SQ from Equation 6 is specified in the R
package lavaan as follows:

wTANG := (L22*L33)/(1-L21*L33+
L11*L22*L33-L34*L41+L34*L45*L51)

In this way, wTANG is defined as a new parameter, where
the composite loadings are labeled in the lavaan model
in accordance with the composite loading matrix of the
refined H–O specification displayed in Table 1.

To obtain the standardized weights, the matrix contain-
ing the standardized composite loadings can be inverted
as suggested by Schuberth [48]. However, this approach is
limited using the R package lavaan because standardized
parameters cannot be labeled in lavaan and thus stan-
dardized weights including their standard errors cannot
be computed. As an alternative, the weights can be stan-
dardized by multiplying the original weight with the ratio
of the standard deviation of the component and the stan-
dard deviation of the corresponding emergent/excrescent
variable. For instance, the standardized weight of TANG to
form SQ is calculated as follows:

wstd
TANG = wTANG

√
var(TANG)

var(SQ)
(7)

While the variances of the emergent and excrescent
variables are model parameters, the variances of the com-
ponents need to be calculated. Following the refined
H–O specification, the variance of TANG is calculated as
follows:

var(TANG) = 𝜆2
11var(SQ) + 12var(𝜈1) (8)

The variances of the other dimension can be calculated
similarly. Finally, to obtain the standardized weight esti-
mates including their standard error in lavaan, they need
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F I G U R E 4 An alternative H–O
specification

to be defined. For the standardized weight of TANG to
form SQ, this can be done as follows:

varTANG := L11*L11*varSQ+1*1*varnu1
wTANGstd := wTANG*sqrt(varTANG)/
sqrt(varSQ)

where varSQ and varnu1 are the estimated variances of SQ
and the first excrescent variable 𝜈1. The complete lavaan
syntax for both H–O specifications including the specifica-
tion of all weights to form SQ is provided in the Data S1.
Similarly, we provide the Mplus syntax for the three spec-
ifications in the Data S1.

4.3 Model estimation

For model estimation, we employ the maximum likelihood
(ML) estimator as implemented in the R package lavaan
([46], version 0.6–13). Table 2 shows the results for the
three specifications.

As shown in Table 2, the three specifications provide
identical results, that is, degrees of freedom, fit statistics,
standardized weight and path coefficient estimates, and
standard errors. In addition, we conducted the analysis
using Mplus ([38], version 8.8) and obtained the same
results.

5 CONCLUSION

Various developments in the past years have contributed
to the dissemination of composite modeling. For instance,
the concept-proxy framework proposed by Rigdon [45] jus-
tifies modeling theoretical concepts as composites. Also,
the development of the confirmatory composite analysis
(CCA, [49]) and the synthesis theory [24] have con-
tributed to the application of composites in theory mod-
eling. Similar to the measurement theory, the synthesis
theory is an auxiliary theory that builds on emergent vari-
ables rather than latent variables. Further, only recently
Rhemtulla et al. [44] showed that in situations where the
common factor model is not true, the bias can be much

more variable and often more severe if a common factor
model is mistakenly fitted compared to applying com-
posites using the two-step approach. Note the two-step
approach first creates composite scores, and subsequently
the parameters of the structural model are estimated using
these scores. Consequently, the formation of the compos-
ites is ignored in the model specification. Despite these
developments, until recently, SEM was rather limited for
modeling composites. The situation changed when the
H–O specification was developed since it provides the
opportunity to flexibly model composites in SEM.

In this study, we have refined the original H–O specifi-
cation to address some of its drawbacks. In comparison to
the original H–O specification, the refined version is less
complex because more intuitive parameter constraints are
used for model identification. For instance, only two com-
posite loadings per excrescent variable need to be specified
in the H–O specification refinement. Similarly, covari-
ances among the excrescent variables are unconstrained
and therefore they do not need to be fixed in addition since
exogenous variables are allowed to be correlated by default
in most SEM software. Consequently, the refined specifica-
tion is less prone to specification mistakes since it requires
fewer manual specification steps.

To demonstrate our refined H–O specification and
show how standard errors of the (standardized) weight
estimates can be computed in the R package lavaan,
we applied our refined specification to an illustrative
example from the field of SQ. The results show that it
produces the same parameter estimates and fit statistics
as the one-step approach and the original H–O specifi-
cation. Consequently, our refined specification provides
a potential avenue for modeling in cases where the SEM
software faces convergence problems with the original
H–O specification. However, our refined H–O specifica-
tion is certainly not the only modification of the orig-
inal H–O specification, and other refinements are con-
ceivable. While the original H–O specification and our
refined H–O specification present two extremes, that
is, one specification where all excrescent variables are
uncorrelated and one specification where all excrescent
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YU et al. 9

variables are correlated, further H–O specifications taking
a middle way are possible. Specifically, one could conceive
of H–O specifications in which the covariances among the
excrescent variables are neither completely constrained
to be orthogonal nor completely free model parameters.
An example is illustrated in Figure 4. It is up to future
research to further examine the behavior of the different
H–O specifications.

The calculation of the weights and their standard
errors in the R package lavaan is a further step to enhance
modeling composites in SEM. However, our refined spec-
ification is not free from convergence issues. Therefore,
we suggest future research that will come up with new
routines to obtain more suitable starting values for the
H–O specification. In any case, it is up to future research
to investigate how suitable the developments of SEM
with latent variables are for composite modeling and
thus the H–O specification. As Evermann & Rönkkö [16]
recognized, modeling theoretical concepts as composites
requires an entirely new kind of theoretical underpinning.
Although the synthesis theory is the first step in this direc-
tion, the future research should investigate how concepts
such as construct validity and measurement invariance
can be applied to emergent variables.
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