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Abstract 
Studying and modeling theoretical concepts is a 
cornerstone activity in information systems (IS) 
research. Researchers have been familiar with one 
type of theoretical concept, namely behavioral 
concepts, which are assumed to exist in nature and 
measured by a set of observable variables. In this 
paper, we present a second type of theoretical concept, 
namely forged concepts, which are designed and 
assumed to emerge within their environment. While 
behavioral concepts are classically operationalized as 
latent variables, forged concepts are better specified 
as emergent variables. Additionally, we propose 
composite-based structural equation modeling (SEM) 
as a subtype of SEM that is eminently suitable to 
analyze models containing emergent variables. We 
shed light on the composite-based SEM steps: model 
specification, model identification, model estimation, 
and model assessment. Then, we present an 
illustrative example from the domain of IS research to 
demonstrate these four steps and show how modeling 
with emergent variables proceeds. 

Keywords: Composite-Based Structural Equation 
Modeling; Emergent Variables; Composite Model; 
Forged Concept; Behavioral Concept. 

Introduction 
Theoretical concepts—formalized ideas of 
unobserved properties or attributes—are one of the 
key elements of a researcher’s theory (Whetten, 1989). 
Structural equation modeling (SEM) is used in many 
disciplines such as information systems (Petter et al., 
2007; Rutner et al., 2008) to model and assess 
researchers’ theories comprising these concepts. In 
SEM, theoretical concepts need to be operationalized, 
i.e., to be modeled as variables in a statistical model. 
Operationalizing theoretical concepts in SEM has 
gone through different waves of evolution.  

In the first evolutionary wave, it was proposed to 
operationalize theoretical concepts as latent variables 
in a reflective measurement model. This idea was 
grounded in the true score theory (Novick, 1966), 
which dates back to Edgeworth (1888) and is 
supported by various theoretical frameworks, such as 
the holistic construal of organizational research 
(Bagozzi & Phillips, 1982). Applying the reflective 
measurement model, it is assumed that the 
observable variables are measurement error-prone 
manifestations of the theoretical concept. To date, the 
reflective measurement model is the dominant way of 
modeling theoretical concepts and is widely 
acknowledged in the IS literature. For instance, 
theoretical concepts such as Ease of Use (Brown & 
Venkatesh, 2005; Gefen et al., 2003; Karimi et al., 
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2004; Lewis et al., 2003; Van der Heijden, 2004; 
Wixom & Todd, 2005), Turnover Intention (Ahuja et al., 
2007; Allen et al., 2009; Armstrong et al., 2018; Joseph 
et al., 2007; Moquin et al., 2019), and Role Overload 
(Ho et al., 2003) have been specified as latent 
variables incorporated in a reflective measurement 
model.  

Recognizing that not all observable variables 
measuring a theoretical concept have to be 
measurement error-prone manifestations of it 
prompted a second evolutionary wave of theoretical 
concept operationalization, and then causal-formative 
measurement model arose (e.g., Bollen, 1984; Bollen 
& Lennox, 1991). The causal-formative measurement 
model originated from the idea of cause indicators, i.e., 
observable variables that affect the latent variable 
(Blalock, 1964; Jöreskog & Goldberger, 1975). It 
assumes that the observable variables are causal 
antecedents of theoretical concepts. Through its 
elaboration in various disciplines such as marketing 
(Diamantopoulos & Winklhofer, 2001) and consumer 
research (Jarvis et al., 2003), the causal-formative 
measurement model experienced an upsurge in the 
last two decades. In the IS discipline, Petter et al. 
(2007) proposed using formative construct and 
causal-formative measurement model as an 
alternative way of concept operationalization. Their 
paper, which reached 3,270 citations by September 
2021 (Google scholar), provides IS scholars with 
guidance on adequately distinguishing between 
reflective and causal-formative measurement models. 
Following their guidelines, theoretical concepts such 
as Social Influence (Johnston & Warkentin, 2010) and 
Third-Party Assurance (Dimoka et al., 2012) have 
been specified as latent variables through a causal-
formative measurement model.  

Recently, a third evolutionary wave was triggered due 
to a new type of conceptualization and 
operationalization. While latent variables were 
introduced to model the unobserved properties of 
social units or entities (see Bagozzi & Phillips, 1982, p. 
465), i.e., organisms, IS research also deals with the 
properties of technical units or entities, i.e., IT artifacts. 
These require a different type of conceptualization and 
operationalization. To emphasize that such concepts 
are made or designed, they were dubbed ‘forged 
concepts’ (Henseler, 2021). Instead of employing a 
latent variable to illustrate such concepts in the 
statistical model, it was proposed to use an emergent 
variable, i.e., a linear combination of variables, 
incorporated in the composite model (Henseler, 2015, 
2017; Schuberth et al., 2018). This idea was inspired 
by research that proposed employing composites as a 
summary of the effects in SEM (Bollen & 
Diamantopoulos, 2017a; Grace & Bollen, 2008; Heise, 
1972). However, not all composites are emergent 

variables. While both are weighted linear 
combinations of variables, composite variables do not 
necessarily have to have conceptual unity (Bollen & 
Diamantopoulos, 2017a), whereas emergent variables 
are composite variables that have conceptual unity. 
The composite’s status changed with the development 
of the composite model (Cho & Choi, 2020; Dijkstra, 
2013, 2017; Henseler et al., 2014). Although the 
composite model also contains a composite at its core, 
namely the emergent variable, it additionally imposes 
restrictions on the observable variables’ variance-
covariance matrix, which can be exploited in statistical 
testing to empirically falsify a researcher’s theory. 
Previous research that was supposed to model forged 
concepts ignored this (see, e.g., Fornell & Bookstein, 
1982). Moreover, modeling theoretical concepts by 
means of the composite model has proven useful in 
many fields, such as management research (Law & 
Wong, 1999), advertising (Henseler, 2017), tourism 
research (Müller et al., 2018; Rasoolimanesh et al., 
2019), business research (Henseler & Schuberth, 
2020b), and ecology (Grace & Bollen, 2008). 

In the IS literature, Henseler et al. (2016) and Benitez 
et al. (2020) sketched this idea in the context of partial 
least squares path modeling (PLS-PM, Wold, 1975), 
an estimator that consistently estimates composite 
models (Dijkstra, 2017). However, modeling forged 
concepts is not only relevant in the context of PLS-PM, 
but also in other contexts. Hence, the necessity of 
expanding SEM’s applicability to study forged 
concepts becomes evident. To address this issue, our 
study aims to shed light on forged concepts, their 
connection to composite-based SEM, and their 
operationalization as emergent variables. By doing so, 
we present the notion of forged concepts as a second 
type of theoretical concept and distinguish it from 
behavioral concepts that are typically studied in SEM. 

The paper is structured as follows. In the next section, 
we distinguish between behavioral and forged 
concepts and show the different ways of representing 
them in SEM. The following section explains 
composite-based SEM and presents its successive 
steps. Then, we demonstrate how composite-based 
SEM can be applied to a model with emergent 
variables through an illustrative example. Finally, we 
conclude the paper with a discussion and an outlook 
on future research. 

Review of Theoretical Concepts 
Types of Theoretical Concepts 
At least two types of theoretical concepts can be 
distinguished in SEM, namely behavioral concepts 
and forged concepts (Benitez et al., 2020; Henseler, 
2017; Henseler & Schuberth, 2020b; Hubona et al., 
2021; Schuberth et al., 2018). In the following, we 
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argue that the type of theoretical concept determines 
how a concept should be operationalized. 

Following a scientific realist perspective, behavioral 
concepts are ontological entities assumed to exist in 
nature (Borsboom, 2008; Borsboom et al., 2003). 
Examples from IS research include Customer 
Behavior (Venkatesh et al., 2012; Zhang & Venkatesh, 
2017), User Attitudes (Thatcher et al., 2018), Feelings 
(Armstrong et al., 2015), and Perceptions (Davis, 
1989). To represent behavioral concepts in the 
structural model, latent variables are eminently 
suitable. Since the behavioral concept is assumed to 
be the common cause underlying a set of observable 
variables (Reichenbach, 1956), the observable 
variables are measurement error-prone 
manifestations of it; the reflective measurement model 
is suited to capture these characteristics. In contrast, 
if the behavioral concept is assumed to exist in nature 
and is caused by a set of observable variables, the 
causal-formative measurement model is a more 
obvious way of operationalizing such concepts (e.g., 
Bollen & Diamantopoulos, 2017a, 2017b; Hardin, 
2017). 

Besides behavioral concepts, forged concepts have 
been identified as another type of theoretical concept 
(Benitez et al., 2020; Henseler, 2017, 2021; Müller et 
al., 2018; Schuberth et al., 2018). Forged concepts 
emerge from the elements within their environment, as 
human constructions rather than naturally occurring 
phenomena (Henseler, 2017; Henseler & Schuberth, 
2020a). Consequently, they are context-specific and 
not existent per se in nature. In the literature, this type 
of theoretical concept is also known as an artifact 
(Benitez et al., 2020; Henseler, 2017; Hubona et al., 
2021; Müller et al., 2018; Schuberth et al., 2018). In 
the IS literature, there are some differences between 
artifacts and forged concepts. Artifacts are generally 
regarded as “things that have been, or can be 
transformed into, a material existence as artificially 
made objects (e.g., a model) or processes (e.g., 
method, software)” (Henseler, 2021, p. 31). However, 
forged concepts conceptualize attributes instead of 
objects. For example, distributed computing is an 
object and thus can be regarded as an artifact, while 
the distributivity of computing is an attribute that can 
be thought of as a forged concept. Imaginably, an 
artifact is possible to possess multiple forged concepts. 
Examples of forged concepts from IS research are 
Information Quality, System Quality, and Service 
Quality (Xu et al., 2013). Whereas Completeness, 
Accuracy, Format, and Currency serve as attributes in 
composing Information Quality, Reliability, Flexibility, 
Accessibility, and Timeliness define System Quality. 
Similarly, Tangibles, Responsiveness, Empathy, 
Service Reliability, and Assurance define Service 
Quality. In all of these examples, the dimensions do 

not cause the theoretical concepts; rather, they make 
them up. 

Ways to Operationalize Theoretical Concepts 
Petter et al. (2007) observed that reflective 
measurement models are too rigid in some situations, 
and thus should not be used in modeling all theoretical 
concepts. Specifically, they argue that latent variables 
cannot only be modeled in reflective measurement 
models, but also causal-formative measurement 
models, giving the IS research community more 
freedom to model their phenomena than they could do 
before. We take it a step further and argue that 
researchers have more freedom in operationalizing 
their theoretical concepts than simply having to 
choose a latent variable in the form of a reflective or 
causal-formative measurement model. They can also 
choose which type of representation to employ for their 
theoretical concepts. Besides latent variables, they 
can use emergent variables. Table 1 depicts the 
various ways of modeling theoretical concepts in a 
structural equation model. Following Grace and Bollen 
(2008), composites and thus emergent variables are 
depicted by hexagons to distinguish them from latent 
variables, which are usually depicted by ovals. 

We find latent variables in the reflective and the 
causal-formative measurement model to 
operationalize behavioral concepts. In the reflective 
measurement model, a latent variable explains the 
covariance structure of the observable variables. As 
shown In Table 1, in the reflective measurement model, 
the arrows are initiated from the latent variable to 
observable variables. To capture the variance in the 
observable variables that cannot be explained by the 
latent variables, so-called unique factors, which are 
also latent variables, account for the remaining 
variance in the observable variables. In the classical 
reflective measurement model, these unique factors 
are assumed to be uncorrelated. Consequently, the 
observable variables are uncorrelated when controlled 
for the latent variable. The dominant statistical 
methods to assess reflective measurement models 
are confirmatory factor analysis (CFA) and factor-
based structural equation modeling (SEM). 

In contrast to the reflective measurement model, in the 
causal-formative measurement model, the 
relationship between the observable variables and the 
latent variable is reversed (Diamantopoulos et al., 
2008). Consequently, the arrows point from the 
observable variables to the latent variable. Since the 
observable variables most likely do not explain all the 
latent variable’s variation, a disturbance term accounts 
for the remaining variation in the construct. The 
dominant statistical method to assess causal-
formative measurement models is factor-based SEM. 
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Considering forged concepts, measurement models, 
regardless of whether they are reflective or causal-
formative, are hardly suitable for their 
operationalization. Both measurement models 
assume that 1) the theoretical concept exists in nature, 
and 2) there is a causal relationship between the 
theoretical concept and the observable variables. 
These assumptions ignore an important aspect of 
forged concepts, namely that they are human-made 
and do not otherwise exist in nature. Forged concepts 
have a definitorial relationship rather than a causal one 
with their observable variables. To capture these 
characteristics, the composite model is well suited to 
their operationalization (Henseler, 2015; Henseler, 
2017). 

In the composite model, the theoretical concept is 
represented by an emergent variable, i.e., a linear 
combination of the observable variables, which can be 
regarded as a simplification of the forged concept’s 
composition. As displayed on the right-hand side of 
Table 1, the emergent variable is at the core of the 
composite model. In contrast to the two measurement 
models that contain latent variables, in the composite 
model, it is assumed that the construct is fully 
composed of the observable variables. Hence, there is 
no error term on the construct level. The dominant 
statistical methods to assess composite models are 
confirmatory composite analysis (CCA) and 
composite-based SEM. 

CCA is an innovative statistical method to specify and 
assess composite models, designed analogous to 
CFA, and includes the same steps: model specification, 
model identification, model estimation, and model 
assessment (Henseler & Schuberth, 2020b; Hubona 
et al., 2021; Schuberth, 2021; Schuberth et al., 2018). 
The difference between CCA and CFA is that CCA is 
designed to assess models with emergent variables, 
whereas CFA is applied to assess reflective 
measurement models containing latent variables. As 
originally proposed, in the first step of CCA, a model is 
specified that relates two or more emergent variables. 
However, models where one emergent variable 
correlates with other variables are also conceivable. 
To ensure that the model is identified, researchers 
need to determine the scale of the emergent variables 
and to ensure there is no isolated emergent variable in 
the model. The third step is to estimate the model to 
obtain the model parameter estimates. To assess the 
model, researchers should consider the overall model 
fit, the parameter estimates, including their 
significances, and other metrics as proposed by 
Henseler and Schuberth (2020b). 

To conclude, while Petter et al. (2007, p. 624) “call both 
the constructs and measures either formative or 
reflective,” we distinguish between latent and 
emergent variables, between behavioral and forged 
concepts, and between reflective measurement, 
causal-formative measurement, and composite 
models. In doing so, we argue that the nature of the 
theoretical concept should determine its 
operationalization. Specifically, we argue that a 
behavioral concept, i.e., a theoretical concept 
assumed to exist, should be modeled as a latent 
variable. In contrast, a forged concept, i.e., a 
theoretical concept assumed to be human-made, 
should be modeled as an emergent variable 
incorporated in the composite model. Further, 
researchers should employ either the reflective or the 
causal-formative measurement depending on the 
assumption regarding the relationship between the 
observable variables and the behavioral concept. 

Composite-Based Structural Equation 
Modeling 
SEM is a powerful approach to studying the 
relationships between theoretical concepts. In general, 
it comprises the following four steps (Schumacker & 
Lomax, 2009, Chapter 4): model specification, model 
identification, model estimation, and model 
assessment. Notably, the estimator choice in the 
estimation step has a significant impact on the other 
three steps because it determines which models can 
be specified, and which identification rules need to be 
employed. Moreover, the employed estimator and its 
statistical properties determine the opportunities for 
model assessment. 

SEM estimators can be determined in several ways 
(Henseler, 2021, Chapter 1). First, estimators can be 
distinguished with regard to the model they assume 
and estimate. While certain estimators, such as the full 
information maximum likelihood (ML) estimator 
proposed by Jöreskog (1970), have been specifically 
tailored for estimating latent variable models, other 
estimators, such as generalized structured component 
analysis (GSCA, Hwang & Takane, 2004), can be used 
to consistently estimate models containing solely 
emergent variables in the structural model. Moreover, 
certain estimators such as ML (Henseler, 2021; 
Schuberth, in press), consistent partial least squares 
(PLSc, Dijkstra & Henseler, 2015b; Rademaker et al., 
2019), and integrated generalized structured 
component analysis (IGSCA, Hwang et al., 2021) can 
deal with models containing both latent and emergent 
variables. 
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Table 1. Ways of Operationalizing Theoretical Concepts in SEM 

Type of Concept: Behavioral Concept Forged Concept 

Type of Construct: Latent Variable Latent Variable  
 

Emergent Variable 

Type of Model: 
 

Reflective Measurement 
Model 
 

Causal-formative 
Measurement Model 
 

Composite Model 
 
 
 
 

 

Statistical Method: CFA / SEM SEM CCA / SEM 

Evolutionary Wave: 1st Wave: 1980s 2nd Wave: 2000s 3rd Wave: 2020s 

*Squares symbolize observable variables; ovals symbolize latent variables; hexagons symbolize emergent variables; circles 
symbolize disturbance terms; direct arrows represent causal relationships; and fork arrows represent definitorial relationships. 
For further details, see Appendix A.

Second, estimators can be differentiated according to 
the employed optimization criterion, i.e., a variance-
based or covariance-based estimator. Variance-based 
estimators, such as PLS-PM (Wold, 1975), create 
linear combinations of observable variables as proxies 
for the constructs, such that a certain criterion of 
interrelatedness between these proxies is optimized. 
Subsequently, the model parameters are estimated 
based on these proxies. In contrast, to obtain the 
parameter estimates, covariance-based estimators 
minimize the discrepancy between the empirical and 
the model-implied variance-covariance matrix of the 
observable variables. 
Finally, SEM estimators can be distinguished by full-
information and limited information estimators (Lance 
et al., 1988). Full information estimators such as 
GSCA utilize intra- and inter-equation information to 
estimate the model parameters. In contrast, limited 
information estimators such as PLS-PM use only the 
intra-equation information, i.e., the information 
relevant to the equation under investigation, while the 
results of the other equations are regarded as being 
given.  

Only recently, extant literature distinguished between 
two types of SEM, namely composite-based and 
factor-based SEM (e.g., Hair et al., 2017; Hwang et al., 
2021; Rigdon, 2012; Rigdon, 2016; Sarstedt et al., 
2016). Following Rigdon’s (2012) definition, in factor-
based SEM, theoretical concepts are represented by 
common factors, i.e., latent variables, while in 
composite-based SEM, the theoretical concepts are 

modeled as composites, i.e., emergent variables 
(Rigdon, 2012). This is in line with our distinction of the 
estimators with regard to the estimated model, i.e., 
common factor model (reflective measurement model) 
and composite model. Although we mainly agree with 
the current definitions of composite-based and factor-
based SEM, they are unnecessarily limited. For 
instance, based on these definitions, PLSc would fall 
under factor-based SEM, although it builds on the 
composite model to estimate a common factor model. 
Therefore, it requires the identification rules of the 
composite model. Hence, it is more closely related to 
composite-based SEM than to factor-based SEM.  

To address this shortcoming, we extend the current 
definition of composite-based SEM to include SEM 
that builds on composites in the estimation step. 
Consequently, composite-based and factor-based 
SEMs are shortcuts to describe the estimator type 
employed in the SEM’s estimation step.  

Composite-based SEM is a shortcut for SEM in which 
an estimator is employed that builds on composites to 
obtain the model parameters. Hence, it covers 
estimators that use composites in combination with a 
correction for attenuation to estimate latent variable 
models such as PLSc. Moreover, composite-based 
SEM comprises structural equation models containing 
emergent variables, i.e., composites do not only serve 
as auxiliary variables in the estimation, but also 
represent theoretical concepts in the form of emergent 
variables in the statistical model. Since composite-
based SEM is a subtype of SEM, it follows the same 
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four steps as SEM: (1) model specification, (2) model 
identification, (3) model estimation, and (4) model 
assessment. The four steps are elaborated in the 
following section. 

Model Specification 
In SEM, model specification is generally applied to 
transfer a researcher’s theory into a statistical model 
(Bollen, 1989). The same is true for composite-based 
SEM. Consequently, a researcher needs to decide 
how a theoretical concept is represented in the 
statistical model, i.e., by means of a latent variable or 
an emergent variable. Following our recommendation 
from above, forged concepts should be 
operationalized by the composite model, while 
concepts assumed to exist naturally, i.e., behavioral 
concepts, should be modeled via the reflective or the 
causal-formative measurement model. Considering 
the composite model comprising the emergent 
variable, a researcher needs to decide about the 
variables forming the emergent variable. In doing so, 
emergent variables formed by observable variables, 
latent variables, emergent variables, or a mixture of all 
three are conceivable (Grace & Bollen, 2008; 
Schuberth et al., 2020; van Riel et al., 2017). The 
variables chosen to form the emergent ones are 
derived from a researcher’s theory about the 
theoretical concept, i.e., about which ingredients are 
assumed to compose the forged concept. The most 
elaborate explanation of how to specify emergent 
variables can be found in Schuberth (in press). 
Considering the reflective and causal-formative 
measurement model, their specification is well 
elaborated in the existing literature. Hence, we refer to 
the studies of Bollen (2011) and Diamantopoulos 
(2011) for details about the specification of these 
models. Finally, the emergent and latent variables 
need to be linked in the structural model according to 
the researcher’s theory. In doing so, different structural 
models, e.g., recursive and non-recursive ones, and 
other relationships, e.g., linear and non-linear ones, 
can be specified. 

Model Identification 
Once the model is specified, the next step must ensure 
that the specified model is identified. By “a model is 
identified,” we mean that in theory, it is possible to 
obtain a unique set of model parameters from the 
variance-covariance matrix of the observable 
variables. Model identification is a necessary condition 
for trustworthy interpretation of the model parameter 
estimates (Marcoulides & Chin, 2013; Martin & 
Quintana, 2002).  

Considering the composite model, identification can 
be achieved if the following two conditions are met: 1) 
the scale of the emergent variable has to be 

determined, 2) the emergent variable is not allowed to 
be isolated in the structural model, i.e., the emergent 
variable needs to have at least one antecedent or 
consequence, besides the variables forming the 
emergent variable. Determining the scale of an 
emergent variable can be achieved in various ways. 
Depending on the estimator employed, the variance 
can be, for instance, fixed directly, e.g., if ML is used 
(see Schuberth, in press), indirectly by scaling the 
weights to create an emergent variable with a unit 
variance. In both cases, the sign of the weights is not 
determined. Therefore, we recommend selecting a 
dominant indicator, i.e., the sign of the weights be 
chosen in such a way that the correlation between the 
dominant indicator and the emergent variable is 
positive (Henseler et al., 2016). Considering reflective 
and causal-formative measurement models, their 
identification is well covered in the literature such as 
Bollen (1989, Chapter 7) and Diamantopoulos (2011), 
thus not elaborated here.  

Finally, the structural model needs to be identified. 
Following Bollen (1989), the recursive structural 
models with uncorrelated error terms are always 
identified. For more complex structural models, e.g., 
non-recursive models, identification needs to be 
additionally assessed (e.g., Rigdon, 1995). 

Model Estimation 
A defining characteristic of composite-based SEM is 
the estimator employed. Composite-based SEM 
comprises two types of estimators: (1) estimators that 
employ composites as auxiliary variables to obtain the 
model parameter estimates, and (2) estimators 
capable of estimating composite models. Considering 
the first category, PLSc and factor score regression 
with a correction for attenuation (Devlieger & Rosseel, 
2017) are covered. Estimators such as PLS-PM, 
GSCA, and the ML estimator for composite models fall 
in the second category.  

In choosing an estimator, a researcher should select 
an estimator that conforms to the model to be 
estimated, i.e., it produces unbiased and/or consistent 
estimates. On the one hand, if the model comprises 
only latent variables, estimators such as PLSc, GSCA 
with unique terms (GSCAm; Hwang et al., 2017), and 
factor scores regression with a correction for 
attenuation provide estimates. On the other hand, if 
the model consists only of emergent variables, PLS-
PM, GSCA, and the ML estimator for composite 
models are suitable choices. Since researchers 
usually study not only forged concepts, but also 
behavioral concepts, their research models most likely 
consist of both latent and emergent variables. In this 
case, estimators such as PLSc, IGSCA, or the ML 
estimator can be employed. Finally, the estimator must 
satisfy the characteristics of the structural model. For 

 

The DATA BASE for Advances in Information Systems 119 Volume 52, Number SI, December 2021



example, not all estimators allow for the estimation of 
feedback loops among constructs. 

Model Assessment 
Once the model has been estimated, it needs to be 
assessed. As is standard in SEM, the model 
assessment involves assessing the overall model fit 
and assessing the operationalized theoretical 
concepts, i.e., reflective measurement, causal-
formative measurement, and composite model, 
including the relationships among the constructs. 

Overall model fit assessment, i.e., investigating how 
well the model explains the data, is an integral part of 
SEM (Kline, 2015, p. 120). “If a model is consistent 
with reality, then the data should be consistent with the 
model” (Bollen, 1989, p. 68). The discrepancy 
between the empirical variance-covariance and the 
estimated model-implied variance-covariance matrix 
is considered in assessing the overall model fit. To do 
this, various ways have been proposed, which can be 
broadly organized into two categories: (1) statistical 
tests, and (2) fit indices.  

Various statistical tests have been proposed to assess 
the exact overall model fit (Yuan & Bentler, 1997, 
1999). We need to emphasize that the suitability of a 
test depends on the employed estimator’s statistical 
properties. If the normality assumption does not hold, 
i.e., the unobservable variables cannot be assumed to 
follow a multivariate normal distribution, robust 
versions of the chi-square test can be employed (for 
an overview, the interested reader is referred to 
Savalei, 2014). Alternatively, a non-parametric 
bootstrap-based test can be used to assess the exact 
overall model fit (Beran & Srivastava, 1985), as has 
also been proposed in the context of PLSc (Dijkstra & 
Henseler, 2015a).  

Besides statistical tests, various fit indices have been 
proposed to assess the approximate fit of a model 
(e.g., Bentler & Bonett, 1980; Jöreskog & Sörbom, 
1982). Although most of the fit indices were initially 
developed for latent variable models, they have 
recently been proposed for evaluating models 
containing emergent variables (Cho et al., 2020; 
Schuberth et al., Accepted). Potential candidates are 
the standardized root mean squared residual (SRMR; 
Bentler, 2006; Henseler et al., 2014), the root mean 
square error of approximation (RMSEA; Browne & 
Cudeck, 1993), the comparative fit index (CFI; Bentler, 
1990), and the Tucker-Lewis index (TLI; Tucker & 
Lewis, 1973). In contrast to statistical tests, they are 
descriptive and typically compared to threshold values 
derived from simulation studies to judge the 
approximate fit of a model. However, we must point out 
that the common practice of comparing fit indices to 

thresholds has been criticized in the SEM literature 
(e.g., Marsh et al., 2004).  

In assessing the model fit, a two-step assessment 
procedure has proven to be more advantageous than 
testing the complete model all at once (e.g., Anderson 
& Gerbing, 1988; Henseler et al., 2016). In the first 
step, the structural model’s restrictions are ignored, 
and all constructs are allowed to be freely correlated, 
i.e., the structural model is saturated in this step. 
Subsequently, this model’s fit is assessed to detect 
misspecifications in the reflective measurement, 
causal-formative measurement, and/or composite 
models. If the model contains latent variables only, a 
CFA is conducted. In contrast, if the model comprises 
only emergent variables, a CCA is conducted. If the 
model contains both latent and emergent variables, a 
confirmatory composite factor analysis (CCFA) is 
applied. In the second step, once the model’s fit has 
been found acceptable in the first step, the initially 
specified model is assessed.  

Once the overall model fit is acceptable, researchers 
should adopt the appropriate assessment criteria 
based on their operationalization of the theoretical 
concepts in their respective structural models. 
Importantly, the assessment criteria differ for reflective 
measurement models, causal-formative measurement 
models, and composite models. For an elaboration of 
the assessment criteria for the different models, we 
refer to Henseler et al. (2016), Benitez et al. (2020), 
and Henseler and Schuberth (2020b). 

Illustrative Example 
To demonstrate the relevance and usefulness of our 
proposed approach of determining a theoretical 
concept’s operationalization by its nature, we show 
how it can be applied to a concrete IS research project. 
Instead of presenting an entirely new study, we review 
and re-analyze a well-received and influential1 study in 
IS research, namely Rai et al. (2006). The study 
introduced IT Infrastructure Integration for Supply 
Chain Management (SCM) to the IS body of 
knowledge “as the degree to which a focal firm has 
established IT capabilities for the consistent and high-
velocity transfer of supply chain-related information 
within and across its boundaries” (Rai et al., 2006, p. 
229). This means that they conceptualize IT 
Infrastructure Integration for SCM as a particular kind 
of capability, namely an IT integration capability. 
Management scholars commonly regard capabilities 
as bundles of routines (Peng et al., 2008), which 
essentially means that they conceive of capabilities as 
forged concepts. Since capabilities “emerge” (Ellram 
et al., 2013, p. 31), are typically “built” or “acquired” 
(Barney, 2012, p. 4), and are understood to be 
developed, created, or produced (see, e.g., Andreu & 
Ciborra, 1996), they do not exist in nature. In particular, 
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since IT Infrastructure Integration for SCM is IT-
enabled, it can be defined as a forged concept. 
Notably, the charm of capabilities is that they are easily 
interpretable as attributes, in the sense of being more 
or less capable. This makes them eminently suitable 
as building blocks in theory building.  

While Rai et al. (2006) showed how IT Infrastructure 
Integration for SCM can be created and that it has 
positive performance outcomes, they did not assess 
whether these performance outcomes were 
attributable to the theoretical concept itself or merely 
to its constituents. 2  In other words, it remains unclear 
whether IT Infrastructure Integration for SCM acts as 
one whole, i.e., whether it makes sense to synthesize 
the forged concept. In addition, their model contains 
two more forged concepts, Supply Chain Process 
Integration and Firm Performance. In the following 
section, we will employ the four steps (i.e., model 
specification, model identification, model estimation, 
and model assessment) to assess whether empirical 
evidence speaks against the emergence of IT 
Infrastructure Integration for SCM. 

Model Specification 
Since IT Infrastructure Integration for SCM, Supply 
Chain Process Integration, and Firm Performance are 

understood to be forged concepts, we modeled them 
as emergent variables. According to Rai et al. (2006), 
IT Infrastructure Integration for SCM is made up of 
Data Consistency and Cross-Functional Application 
Integration; Supply Chain Process Integration is 
formed by Financial Flow Integration, Physical Flow 
Integration, and Information Flow Integration; and Firm 
Performance consists of Operational Excellence, 
Revenue Growth, and Customer Relationships.  

In line with Rai et al. (2006), we hypothesized a direct 
effect of IT Infrastructure Integration for SCM on 
Supply Chain Process Integration, which in turn is 
hypothesized to affect Firm Performance. Moreover, 
two control variables were included as single-item 
constructs: Consumer Demand Predictability and Firm 
Size. The resulting model is depicted in Figure 1. 

Model Identification 
We ensured that the specified model is identified, i.e., 
that the parameters can be theoretically, uniquely 
retrieved from the variance-covariance matrix of the 
observable variables. To do so, we relied on the 
identification rules formulated in Henseler (2021) and 
Schuberth (in press). 

 

 

 
Figure 1. A Model of IT Infrastructure Integration for SCM
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Model Estimation 
As empirical data, we employed Rai et al.’s (2006) 
descriptive statistics and correlations from their study 
based on 110 observations collected in industrial 
organizations. The authors undertook multiple actions 
to ensure high data quality, such as screening the 
respondents’ expertise and checking for non-response 
bias.  

To obtain the model parameter estimates, we 
employed the full information maximum likelihood 
estimator as implemented in Mplus version 7.3 
(Muthén & Muthén, 1998-2017). 3  The model 
estimation terminated normally.  

The most important results of the model estimation are 
the model parameters, in our case, the indicator 
weights and path coefficients. As shown in Table 2, 
virtually all estimates obtained from our estimation 
strongly resemble Rai et al.’s (2006) original estimates. 

Model Assessment 
Finally, we inspected the overall fit of the model, i.e., 
we empirically assessed the model’s validity. The 
central model test result is a χ² value of 33.363, which 
corresponds to a p-value of .2226 (28 degrees of 
freedom). This implies that the model is not 
significantly inconsistent with the data, and the model 
should thus not be rejected. The commonly 
considered model fit indices gave the same picture: An 
SRMR of .071, an RMSEA of 0.042, a CFI of .968, and 
a TLI of .950 all indicate a well-fitting model.  

Thus, overall, there is no empirical evidence for model 
misfit whatsoever. Consequently, we have no 
evidence against the emergent variables, which 
particularly holds for IT Infrastructure Integration for 
SCM. In combination with the positive direct and 
indirect effects of IT Infrastructure Integration for SCM 
on the variables of its nomological net, we can 
therefore conclude that it is useful to construct the 
forged concept IT Infrastructure Integration for SCM. 

Discussion 
Operationalizing theoretical concepts is a crucial task 
for IS researchers applying SEM. Initially, the reflective 
measurement model was proposed and became the 
dominant way of operationalizing. Recognizing that 
not every observable variable is necessarily a 
manifestation of a studied theoretical concept, i.e., a 
reflective measure, Petter et al. (2007) proposed the 
notion of the formative construct to the IS discipline. A 
formative construct is a latent variable affected by a 
set of observable variables as in the causal-formative 
measurement (Diamantopoulos, 2011). Besides the 
reflective and causal-formative measurement model, 
the study at hand elaborates a recently proposed third 
way of operationalizing theoretical concepts, namely, 
the composite model, which draws on emergent 
variables to represent theoretical concepts in the 
structural model (Benitez et al., 2020; Schuberth et al., 
2018). Table 3 juxtaposes the three ways of 
operationalizing theoretical concepts.

Table 2. Results of Model Estimation 
Result Rai et al. (2006)  

(PLS-PM) 
Our analysis 
(ML) 

Weights 
Data Consistency .81  .81 
Cross-Functional Application Integration .28  .30 
Information Flow Integration .78  .77 
Physical Flow Integration .31 .28 
Financial Flow Integration .12 .17 
Operational Excellence .61 .62 
Customer Relationships .14 .13 
Revenue Growth .55 .55 
Path to Supply Chain Process Integration 
IT Infrastructure Integration for SCM .58 

 
.58 

Paths to Firm Performance 
Supply Chain Process Integration .44 .43 
Consumer Demand Predictability −.04 −.04 
Firm Size −.09 .09 
R² 
Supply Chain Process Integration .336 .333 
Firm Performance .186  .195 
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Table 3. Characteristics of the Composite, Reflective Measurement, and Causal-Formative Measurement 
Model 

Characteristic Composite model Reflective measurement model Causal-formative 
measurement model 

Suitable to model type of 
theoretical concept 

Forged concept  Behavioral concept Behavioral concept 

Type of construct Emergent variable  Latent variable Latent variable 

Observable variables’ role Ingredients/elements Consequences Causes 

Observable variables 
correlations 

High correlations are possible 
 

High correlations are expected 
 

No reason to expect high 
correlations 

Informative about observable 
variable’s measurement error 

Not informative 
 

Informative  Not informative 
 

Consequence of dropping an 
observable variable 

Alters the construct’s meaning 
 

Does not alter the construct’s 
meaning 
 

Increases the error on 
construct level 

 
In this study, we argue that the type of theoretical 
concept determines how a theoretical concept should 
be represented in the structural model. Theoretical 
concepts that are designed and assumed to emerge 
within their environment, so-called forged concepts, 
should be operationalized by the composite model 
comprising an emergent variable. In doing so, the 
observable variables that are assumed to compose 
the forged concept serve as ingredients, i.e., they have 
an assumed definitorial relationship with their concept, 
and removing an ingredient could potentially alter the 
construct’s meaning. Although high correlations 
between the ingredients are common, they are not 
necessary. In the composite model we presented, the 
ingredients are assumed to be free from random 
measurement errors. To relax this assumption, 

researchers can manually adjust the reliability of their 
indicators (e.g., Mosier, 1943).  

In contrast to forged concepts, behavioral concepts, 
assumed to exist in nature and typically measured by 
a set of observable variables, are best specified as 
latent variables by means of a reflective or causal-
formative measurement model. In the reflective 
measurement model, the observable variables, i.e., 
reflective indicators, are assumed to be consequences 
of the theoretical concept; hence, removing an effect 
indicator should, in theory, not alter the meaning of the 
construct. Also, high correlations are expected 
between the indicators because they share the same 
underlying cause. In the causal-formative 
measurement model, the observable variables, i.e., 
causal indicators, are assumed to cause the 
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theoretical concept; hence, removing a causal 
indicator will increase the error on the construct level 
even though it does not alter the construct’s meaning 
(Aguirre-Urreta et al., 2016). Moreover, there is no 
reason to expect high correlations among the causal 
indicators  

To demonstrate the four steps of composite-based 
SEM and its use in modeling and assessing theories 
comprising forged concepts, we used Rai et al.’s (2006) 
empirical study as an illustrative case from the IS 
discipline. We examined IT Infrastructure Integration 
for SCM as a forged concept that is assumed to 

emerge from six attributes, namely as Information 
Flow Integration, Physical Flow Integration, Financial 
Flow Integration, Operational Excellence, Customer 
Relationships, and Revenue Growth. The results show 
no empirical evidence against an emergent variable. 
Moreover, we emphasize that our demonstrative case 
solely illustrates the steps of composite-based SEM. 
Therefore, several crucial steps in an empirical study 
have not been addressed, such as proper theory 
development, data collection, and assessment of the 
employed statistical tests’ power. We simply built on 
the work of the original researchers.  

 
Figure 2. An Emergent Variable Made Up of Different Component
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Overall, composite-based SEM opens new avenues 
for design-oriented IS researchers theorizing about 
forged concepts. For behavioral concepts, several 
guidelines have been proposed to assess their validity, 
including convergent validity, discriminant validity, and 
measurement invariance. However, for forged 
concepts such validity theories are less developed. 
Hence, it is up to future research to propose such 
theories and develop more sophisticated guidelines to 
assess forged concepts. Additionally, as shown in 
Figure 2, although we assume that emergent variables 
are made up of observable variables, in general, they 
can also be built by latent variables, emergent 
variables, or even a mixture of the two, i.e., a second-
order emergent variable made of first-order latent 
variables, a second-order emergent variable made of 
first-order emergent variables, a second-order 
emergent variable made up of different types of 
variables (Schuberth et al., 2020; van Riel et al., 2017). 
Similarly, the complexity of models containing latent 
variables is currently much larger than those 
containing emergent variables; thus, it allows for the 
study of behavioral concepts in a broad range of 
contexts such as latent growth curve modeling (e.g., 
Muthén & Curran, 1997) and multilevel modeling (e.g., 
Rabe-Hesketh et al., 2004). We call for future research 
to examine whether these ideas can be transferred to 

 
Notes 
1 As indicated by the absolute number of citations, as well as 
their distribution over time. 
2 In Rai et al.’s (2006) study, IT Infrastructure Integration for 
SCM is described as being operationalized through a 
causal-formative measurement model. However, both the 

forged concepts and how the proposed frameworks 
can be adopted to emergent variables. 

Conclusion 
IS researchers study not only social units and entities 
but also technical ones. While latent variables were 
used to model the properties of the former, we propose 
forged concepts to be used to model the properties of 
the latter. We discuss how to operationalize forged 
concepts as emergent variables in the composite 
model, distinct from the causal-formative and reflective 
measurement models. Most importantly, we offer CCA 
or composite-based SEM as the statistical method to 
assess the composite models. To help IS researchers 
assess composite models, we provided an empirical 
example from the IS literature and detailed four steps 
to follow: model specification, model identification, 
model estimation, and model assessment. We hope 
this new conceptualization and operationalization will 
trigger researchers to consider forged concepts as 
another type of theoretical concepts and CCA or 
composite-based SEM as an expansion to their toolset 
to better understand the theoretical concept under 
study and ultimately contribute to research and 
practice.

construct definition and the actual modeling approach 
(partial least squares path modeling and principal 
component analysis) are in line with employing composites 
to model the theoretical concepts (Rigdon, 2016). 
3 Mplus code is available from the corresponding author on 
request. 
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