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Abstract

Over the last decade, partial least squares structural equation modeling (PLS-
SEM) has undergone various enhancements. However, the model equations un-
derlying PLS-SEM have hardly been discussed in the PLS-SEM literature. Conse-
quently, applied researchers are left unaware of the assumptions attached to these 
equations and risk unintentionally misspecifying their models. This chapter ad-
dresses this issue and reveals the model equations including the implicit assump-
tions underlying PLS-SEM.
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1. Introduction

Over the last four decades, partial least squares structural equation modeling 
(PLS-SEM, Hair et al., 2011; Wold, 1982) has been widely used as a research ap-
proach. It can be applied for different types of research, including exploratory, 
descriptive, explanatory, confirmatory, and predictive research (Henseler, 2018). 
To date, researchers apply it in various disciplines, such as information systems re-
search (Benitez et al., 2020), marketing (Reinartz et al., 2009), tourism and hospi-
tality research (Müller et al., 2018), operations management (Peng and Lai, 2012), 
family business research (Sarstedt et al., 2014b), human resource management 
(Ringle et al., 2020), and strategic management research (Hulland, 1999) – to only 
name a few.

In 2013 a number of scholars (in particular, Rönkkö and Evermann, 2013; Hense-
ler et al., 2014; Robins, 2014; Sarstedt et al., 2014a; Rönkkö et al., 2016) initiated 
a fruitful scientific debate, which stimulated a series of enhancements to PLS-
SEM. These enhancements include bootstrap-based tests to assess the overall 
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model fit (Dijkstra and Henseler, 2015a), the standardized root mean square re-
sidual (SRMR) as an index to assess the approximate model fit (Henseler et al., 
2014), the heterotrait-monotrait (HTMT) ratio of correlations as a criterion to 
assess discriminant validity (Henseler et al., 2015), consistent partial least squares 
(PLSc) to consistently estimate common factor models (Dijkstra and Henseler, 
2015b; Rademaker et al., 2019), a version of PLSc that is robust against outliers 
(robustPLSc, Schamberger et al., 2020), an extension of PLSc to deal with ordi-
nal categorical observed variables (OrdPLSc, Schuberth et al., 2018b), PLS-based 
confirmatory composite analysis (CCA) as a tool to analyze covarying emergent 
variables (Henseler and Schuberth, 2020, 2021b), approaches to multigroup anal-
ysis (Klesel et al., 2019) and measurement invariance of composites (Henseler 
et al., 2016b), concretizations of how to analyze and report moderating effects 
(Fassott et al., 2016), PLSpredict to assess out-of-sample predictive performance 
(Shmueli et al., 2016), a cross-validated predictive ability test to compare predic-
tive performance across models (Liengaard et al., 2020), criteria for model selec-
tion (Sharma et al., 2018), frameworks that justify the use of PLS-SEM (Rigdon, 
2012), and updated guidelines regarding the use of PLS-SEM for explanatory and 
predictive research (e.g., Henseler et al., 2016a; Benitez et al., 2020; Shmueli et al., 
2019). For an overview of recent developments in PLS-SEM, the interested reader 
is referred to Khan et al. (2019), Evermann and Rönkkö (2021), and the recent 
textbook on composite-based structural equation modeling, Henseler (2021). To 
facilitate PLS-SEM’s use, it has been implemented in various statistical software 
packages, including commercial software such as ADANCO (Henseler and Di-
jkstra, 2016), SmartPLS (Ringle et al., 2015), and WarpPLS (Kock, 2020), open-
source packages such as cSEM (Rademaker and Schuberth, 2020) and SEMinR 
(Ray et al., 2020), and extensions to other software packages such as Stata (Ven-
turini and Mehmetoglu, 2019).

Although equations are a constitutive part of PLS-SEM (the „E” in PLS-SEM does 
not stand for „equation” without reason), publications with PLS-SEM as topic 
tend to neglect the model equations underlying PLS-SEM. This is of particular 
concern because an overwhelming part of PLS-SEM literature uses expressions 
known from structural equation modeling (SEM) with latent variables such as 
reflective and formative measurement (Bollen and Bauldry, 2011) that differ from 
the standard meaning assigned to them in the SEM literature (Rigdon, 2012). Ad-
ditionally, through a graphical user interface software implementations of PLS-
SEM such as ADANCO (Henseler and Dijkstra, 2016) and SmartPLS (Ringle et 
al., 2015) have greatly facilitated the use of PLS-SEM, to the extent that users can 
specify their models without knowing the underlying model equations and the 
implicitly made assumptions of PLS-SEM. Consequently, researchers applying 
PLS-SEM face the risk of unintentionally misspecifying their models and drawing 
wrong conclusions from their estimated models.
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In this contribution, we respond a call put out in recent PLS-SEM literature (Ever-
mann and Rönkkö, 2021) and present the model equations underlying PLS-SEM 
to prevent researchers from inadvertently misspecifying their models. Specifical-
ly, we highlight the assumptions implied by these equations and implicitly made 
in PLS-SEM. In addition, we show which PLSSEM settings should be used for 
which model.

The remainder of this contribution is structured as follows. In Section 2, we pre-
sent the model equations underlying PLS-SEM. Section 3 provides the necessary 
conditions for uniquely determining the model parameters. In Section 4, we ex-
plain how the model parameters are estimated in PLS-SEM and which setting 
should be used in PLS-SEM to obtain consistent estimates. Finally, we conclude 
the contribution in Section 5.

2. What are the model equations underlying PLS-SEM?

PLS-SEM actually entails two models: the inner model and the outer model. The 
inner model describes the relationships between the constructs. In contrast, the 
outer model specifies the relationships between the observed variables and the 
constructs, and it determines the type of construct, i.e., whether the construct is a 
latent variable or an emergent variable (Henseler, 2021). As is customary in PLS-
SEM, in the following all observed variables and constructs are assumed to be 
standardized, i.e., they have a mean of zero and a unit variance. Figure 1 illustrates 
an example model that serves as a showcase in the remainder of the contribution.

Figure 1: An example partial least squares structural equation model
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Predominantly, two types of outer models have been proposed in the literature: the 
reflective measurement model and the composite model.1 In the reflective meas-
urement model, the construct is expressed as a latent variable, and it is assumed 
that the observed variables yi are manifestations of their underlying latent vari-
able ηi. The so-called random measurement errors εi capture the variance in the 
observed variables that cannot be explained by the latent variable. The equation 
underlying the reflective measurement model is given in the following formula:

 yi =λiηi +εi,  (1)

where the vector λi contains the factor loadings. The reflective measurement mod-
el assumes that the random measurement errors εi are uncorrelated with the latent 
variable ηi. In addition, it is usually assumed that the random measurement errors 
are mutually uncorrelated and consequently, the latent variable ηi accounts fully 
for the covariances among its associated observed variables yi.

2

Whereas traditional PLS-SEM provides inconsistent estimates for reflective meas-
urement models and hence should not be used under such circumstances (Rönkkö 
et al., 2016), PLSc overcomes this shortcoming and provides consistent estimates 
for reflective measurement models (Dijkstra and Henseler, 2015a,b). In its stand-
ard form, PLSc assumes that the observed variables’ random measurement errors 
are uncorrelated. However, PLSc has recently been enhanced to allow for correla-
tions between random measurement errors belonging to one reflective measure-
ment model (Rademaker et al., 2019). To the best of our knowledge, this enhance-
ment is only implemented in the open source R package cSEM (Rademaker and 
Schuberth, 2020). Further, in PLS-SEM it is assumed that each observed variable 
loads on one latent variable only, i.e., cross-loadings cannot be specified and esti-
mated. Our example model given in Figure 1 shows the latent variables ηex,2, ηen,1 
and ηen,2 embedded in reflective measurement models, each of which consists of 
three observed variables. As is typically done, the latent variables are displayed by 

1 Besides the reflective measurement model and the composite model, the literature on SEM 
suggests a third type of outer model, the causal-formative measurement model (Diamantopoulos 
et al., 2008; Bollen and Diamantopoulos, 2017). Similar to the reflective measurement model, in 
the causal-formative measurement model the studied concept is represented by a latent variable. 
However, the relationship between the observed variables and the construct is reversed, i.e., the 
observed variables affect the latent variable. Since the causal-formative measurement model can 
be regarded as a special case of the reflective measurement model (Jarvis et al., 2003), we do not 
consider it in the following.

2 In general, correlations between the random measurement errors can be taken into account in the 
reflective measurement model and the literature provides a number of cases in which the assump-
tion of uncorrelated random measurement error should be relaxed (e.g., Gerbing and Anderson, 
1984; Henseler and Chin, 2010; Brown, 2015).
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ovals and the observed variables by rectangles. Similarly, the random measure-
ment errors are displayed by smaller circles. However, it is noticed that most PLS-
SEM software with graphical user interfaces do not display random measurement 
errors and thereby obfuscate the statistical model. The equations for the reflective 
measurement models of our example model are given in Equations 2 to 4 below.

   (2)

   (3)

  (4)

In contrast, in the composite model the observed variables yi are assumed to make 
up the construct ηi (Henseler and Schuberth, 2021a). Since in the composite mod-
el, the construct emerges out of a linear combination of the observed variables, we 
refer to it as an emergent variable (e.g., Cole et al., 1993; Henseler and Schuberth, 
2020). Equation 5 displays the equation underlying the general composite model.

 ηi = w’iyi (5)

It is assumed that an observed variable contributes to one emergent variable only. 
Analogous to the reflective measurement model, the correlations between the emer-
gent variable and its observed variables are dubbed composite loadings (cf., Schuberth 
et al., 2018a): λc

i = Σiiwi, where Σii is the variance-covariance matrix of the observed 
variables belonging to the emergent variable ηi. Consequently, the composite loadings 
are not real model parameters, because they can be derived from the weights. Our 
example model in Figure 1 models the construct ηex,1 as an emergent variable:

   (6)

To visually distinguish between emergent variables and latent variables, we recom-
mend displaying them as hexagons (e.g., Grace and Bollen, 2008; Henseler, 2021).3

3  Some authors have used octagons (Cadogan and Lee, 2013; Evermann and Rönkkö, 2021).

 

latent variable only, i.e., cross-loadings cannot be specified and estimated. Our example model 
given in Figure 1 shows the latent variables ηex,2, ηen,1 and ηen,2 embedded in reflective 
measurement models, each of which consists of three observed variables. As is typically done, 
the latent variables are displayed by ovals and the observed variables by rectangles. Similarly, 
the random measurement errors are displayed by smaller circles. However, it is noticed that 
most PLS-SEM software with graphical user interfaces do not display random measurement 
errors and thereby obfuscate the statistical model. The equations for the reflective measurement 
models of our example model are given in Equations 2 to 4 below. 
 

�
𝑦𝑦𝑦𝑦21
𝑦𝑦𝑦𝑦22
𝑦𝑦𝑦𝑦23

� =  �
𝜆𝜆𝜆𝜆21
𝜆𝜆𝜆𝜆22
𝜆𝜆𝜆𝜆23

�  𝜂𝜂𝜂𝜂ex,2 + �
𝜀𝜀𝜀𝜀21
𝜀𝜀𝜀𝜀22
𝜀𝜀𝜀𝜀23

�  (2) 

 

�
𝑦𝑦𝑦𝑦31
𝑦𝑦𝑦𝑦32
𝑦𝑦𝑦𝑦33

� =  �
𝜆𝜆𝜆𝜆31
𝜆𝜆𝜆𝜆32
𝜆𝜆𝜆𝜆33

�  𝜂𝜂𝜂𝜂en,1 +  �
𝜀𝜀𝜀𝜀31
𝜀𝜀𝜀𝜀32
𝜀𝜀𝜀𝜀33

�  (3) 

 

�
𝑦𝑦𝑦𝑦41
𝑦𝑦𝑦𝑦42
𝑦𝑦𝑦𝑦43

� =  �
𝜆𝜆𝜆𝜆41
𝜆𝜆𝜆𝜆42
𝜆𝜆𝜆𝜆43

�  𝜂𝜂𝜂𝜂en,2 +  �
𝜀𝜀𝜀𝜀41
𝜀𝜀𝜀𝜀42
𝜀𝜀𝜀𝜀43

� (4) 

 
In contrast, in the composite model the observed variables yi are assumed to make up the 
construct ηi (Henseler and Schuberth, 2021a). Since in the composite model, the construct 
emerges out of a linear combination of the observed variables, we refer to it as an emergent 
variable (e.g., Cole et al., 1993; Henseler and Schuberth, 2020). Equation 5 displays the 
equation underlying the general composite model. 
 
 ηi = w'iyi (5) 
 
It is assumed that an observed variable contributes to one emergent variable only. Analogous 
to the reflective measurement model, the correlations between the emergent variable and its 
observed variables are dubbed composite loadings (cf., Schuberth et al., 2018a): λc

i = Σiiwi, 
where Σii is the variance-covariance matrix of the observed variables belonging to the emergent 
variable ηi. Consequently, the composite loadings are not real model parameters, because they 
can be derived from the weights. Our example model in Figure 1 models the construct ηex,1 as 
an emergent variable: 
 

𝜂𝜂𝜂𝜂ex,1 = (𝑤𝑤𝑤𝑤11 𝑤𝑤𝑤𝑤12 𝑤𝑤𝑤𝑤13) �
𝑦𝑦𝑦𝑦11
𝑦𝑦𝑦𝑦12
𝑦𝑦𝑦𝑦13

�  (6) 

 
To visually distinguish between emergent variables and latent variables, we recommend 
displaying them as hexagons (e.g., Grace and Bollen, 2008; Henseler, 2021).3 
 
In PLS-SEM, the inner model captures the relationships between the constructs. Since it 
represents a researcher’s substantial theory, it tends to be the focus of interest. Equation 7 
illustrates PLS-SEM’s inner model. 
 
 ηen = Γηex+ Bηen + ζ (7) 

 
3 Some authors have used octagons (Cadogan and Lee, 2013; Evermann and Rönkkö, 2021). 

 

latent variable only, i.e., cross-loadings cannot be specified and estimated. Our example model 
given in Figure 1 shows the latent variables ηex,2, ηen,1 and ηen,2 embedded in reflective 
measurement models, each of which consists of three observed variables. As is typically done, 
the latent variables are displayed by ovals and the observed variables by rectangles. Similarly, 
the random measurement errors are displayed by smaller circles. However, it is noticed that 
most PLS-SEM software with graphical user interfaces do not display random measurement 
errors and thereby obfuscate the statistical model. The equations for the reflective measurement 
models of our example model are given in Equations 2 to 4 below. 
 

�
𝑦𝑦𝑦𝑦21
𝑦𝑦𝑦𝑦22
𝑦𝑦𝑦𝑦23

� =  �
𝜆𝜆𝜆𝜆21
𝜆𝜆𝜆𝜆22
𝜆𝜆𝜆𝜆23

�  𝜂𝜂𝜂𝜂ex,2 + �
𝜀𝜀𝜀𝜀21
𝜀𝜀𝜀𝜀22
𝜀𝜀𝜀𝜀23

�  (2) 

 

�
𝑦𝑦𝑦𝑦31
𝑦𝑦𝑦𝑦32
𝑦𝑦𝑦𝑦33

� =  �
𝜆𝜆𝜆𝜆31
𝜆𝜆𝜆𝜆32
𝜆𝜆𝜆𝜆33

�  𝜂𝜂𝜂𝜂en,1 +  �
𝜀𝜀𝜀𝜀31
𝜀𝜀𝜀𝜀32
𝜀𝜀𝜀𝜀33

�  (3) 

 

�
𝑦𝑦𝑦𝑦41
𝑦𝑦𝑦𝑦42
𝑦𝑦𝑦𝑦43

� =  �
𝜆𝜆𝜆𝜆41
𝜆𝜆𝜆𝜆42
𝜆𝜆𝜆𝜆43

�  𝜂𝜂𝜂𝜂en,2 +  �
𝜀𝜀𝜀𝜀41
𝜀𝜀𝜀𝜀42
𝜀𝜀𝜀𝜀43

� (4) 

 
In contrast, in the composite model the observed variables yi are assumed to make up the 
construct ηi (Henseler and Schuberth, 2021a). Since in the composite model, the construct 
emerges out of a linear combination of the observed variables, we refer to it as an emergent 
variable (e.g., Cole et al., 1993; Henseler and Schuberth, 2020). Equation 5 displays the 
equation underlying the general composite model. 
 
 ηi = w'iyi (5) 
 
It is assumed that an observed variable contributes to one emergent variable only. Analogous 
to the reflective measurement model, the correlations between the emergent variable and its 
observed variables are dubbed composite loadings (cf., Schuberth et al., 2018a): λc

i = Σiiwi, 
where Σii is the variance-covariance matrix of the observed variables belonging to the emergent 
variable ηi. Consequently, the composite loadings are not real model parameters, because they 
can be derived from the weights. Our example model in Figure 1 models the construct ηex,1 as 
an emergent variable: 
 

𝜂𝜂𝜂𝜂ex,1 = (𝑤𝑤𝑤𝑤11 𝑤𝑤𝑤𝑤12 𝑤𝑤𝑤𝑤13) �
𝑦𝑦𝑦𝑦11
𝑦𝑦𝑦𝑦12
𝑦𝑦𝑦𝑦13

�  (6) 

 
To visually distinguish between emergent variables and latent variables, we recommend 
displaying them as hexagons (e.g., Grace and Bollen, 2008; Henseler, 2021).3 
 
In PLS-SEM, the inner model captures the relationships between the constructs. Since it 
represents a researcher’s substantial theory, it tends to be the focus of interest. Equation 7 
illustrates PLS-SEM’s inner model. 
 
 ηen = Γηex+ Bηen + ζ (7) 

 
3 Some authors have used octagons (Cadogan and Lee, 2013; Evermann and Rönkkö, 2021). 



101

In PLS-SEM, the inner model captures the relationships between the constructs. 
Since it represents a researcher’s substantial theory, it tends to be the focus of in-
terest. Equation 7 illustrates PLS-SEM’s inner model.

 ηen = Γηex+ Bηen + ζ (7)

The coefficient matrices Γ and B contain the parameters of the exogenous and 
endogenous constructs, respectively, of the inner model. The inner model aims at 
explaining the endogenous constructs ηen. In contrast, exogenous constructs ηex 
remain unexplained. The latter are always allowed to correlate freely in PLS-SEM, 
i.e., no constraints can be imposed on the exogenous constructs’ variance-covar-
iance matrix. Hence, the correlations between exogenous constructs are typically 
omitted in PLS-SEM software. The disturbance terms ζ account for the variances 
in the dependent constructs that their independent constructs cannot explain. 
Moreover, they are assumed to be uncorrelated with the exogenous constructs, 
i.e., the constructs that the inner model does not explain. Note that typically, the 
disturbance terms of the inner model and the correlations between exogenous 
constructs are not displayed in PLS-SEM software.

In the current form of PLS-SEM, recursive and non-recursive inner models can 
be specified (Dijkstra and Henseler, 2015a; Benitez et al., 2016; Hult et al., 2018). 
In contrast to non-recursive inner models, the recursive inner models have no 
feedback loops between the constructs. Further, the disturbance terms ζ are as-
sumed to be mutually uncorrelated. For simplicity, in the remainder, we focus on 
recursive inner models. The inner model equations for our example model are 
given as follows:

   (8)

As Figure 1 shows, our example’s inner model is recursive as it does not contain 
feedback loops and correlations between the disturbance terms.

3. Can the model parameters be uniquely determined?

Ensuring that the model parameters have a unique solution is an important task 
because otherwise, only questionable conclusions can be drawn from the estimat-
ed model parameters. In the literature this topic is discussed under the term model 
identification. In the context of SEM and PLS-SEM, model identification refers to 
the question whether the following equation can be uniquely solved regarding the 
model parameters:
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As Figure 1 shows, our example’s inner model is recursive as it does not contain feedback loops 
and correlations between the disturbance terms. 
 
3. Can the model parameters be uniquely determined? 
 
Ensuring that the model parameters have a unique solution is an important task because 
otherwise, only questionable conclusions can be drawn from the estimated model parameters. 
In the literature this topic is discussed under the term model identification. In the context of 
SEM and PLS-SEM, model identification refers to the question whether the following equation 
can be uniquely solved regarding the model parameters: 
 
 Σ(θ) = Σ, (9) 
 
where Σ is the population variance-covariance matrix of the observed variables and Σ(θ) is the 
model-implied counterpart. The latter depends on the model parameters θ and contains the 
covariances between the observed variables based on the model equations and their implied 
assumptions. 
 

The shape of the observed variables’ variance-covariance matrix implied by our example 
model as in Figure 1 is given in Equation 10. 
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 Σ(θ) = Σ,  (9)

where Σ is the population variance-covariance matrix of the observed variables 
and Σ(θ) is the model-implied counterpart. The latter depends on the model pa-
rameters θ and contains the covariances between the observed variables based on 
the model equations and their implied assumptions.

The shape of the observed variables’ variance-covariance matrix implied by our 
example model as in Figure 1 is given in Equation 10.

 (10)

The 66 entries are expressions that depend solely on the model parameters. To 
preserve clarity, we express the covariances involving observed variables belong-
ing to the emergent variable (y11, y12 and y13) by means of composite loadings λc 

(see also Section 2). We acknowledge that in PLS-SEM, the composite weights 
are the real model parameters, not the composite loadings. However, composite 
weights can unambiguously be converted into composite loadings, and vice versa 
(Henseler, 2021). Applying Equation 9 to our example model denotes a system of 
66 non-redundant equations. These equations can be expressed one by one or in 
the form of blocks, as follows:
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This system of equations is a crucial cornerstone for various tasks, such as model 
estimation, model testing, and model identification. Covariance-based SEM de-
termines the model parameters such that a certain discrepancy between Σ(θ) and 
S is minimized. The latter is the empirical variance-covariance matrix of the ob-
served variables which is an estimate of the population variance-covariance ma-
trix Σ. The same principle is exploited by efficient partial least squares (PLSe and 
PLSe2, Bentler and Huang, 2014). Additionally, Equation 9 constitutes the null 
hypothesis in overall model fit testing (H0 : Σ(θ)=Σ, Dijkstra and Henseler, 2015a)

Equation 9 is also the central equation in the context of model identification. Al-
though model identification gets attention in theoretical work on PLS-SEM (e.g., 
Dijkstra, 1985, 2017), PLS-SEM guidelines hardly discuss it (with the exception of 
the guidelines proposed by Benitez et al., 2020). This is surprising because model 
identification has the same importance in PLSSEM as in SEM and it is a necessary 
step to ensure that the model is identified before its parameters are estimated.

In general, three states of model identification can be distinguished: (i) unde-
ridentified, (ii) just-identified, and (iii) overidentified. A model counts as unde-
ridentified if there are several sets of parameters consistent with the model con-
straints, i.e., several sets of model parameters θ satisfy Equation 9. In general, the 
conclusions drawn from underidentified models can be no more than question-
able. A model is labeled just-identified if the model parameters can be uniquely 
determined. Also, just-identified models show the same number of parameters 
as non-redundant elements in the observed variables’ variance-covariance ma-
trix. As a result, justidentified models perfectly fit the data. Finally, overidentified 
models show a unique solution for their parameters as well. However, they have 
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fewer model parameters than non-redundant elements in the variance-covariance 
matrix. This fact can be exploited in empirical studies for assessing the overall 
model fit.

Based on Equation 9, assessing whether a model is identified can be a cumber-
some task. To ensure that the model is identified, we need to show that the model 
parameters can be uniquely determined from the systems of equations presented 
above. Fortunately, researchers have proposed helpful rules to determine whether 
their models are identified without solving Equation 9. Due to the assumptions 
implicit in PLS-SEM, such as no cross-loadings, no correlated random measure-
ment errors, and each observed variable being connected to only one construct, 
model identification can be assessed quite easily. Particularly, the following condi-
tions are necessary to ensure that the model is identified in PLS-SEM.4 First, each 
construct must be connected to at least one observed variable. Although second-
order constructs, which are not directly connected to observed variables, can also 
be specified in PLS-SEM (e.g., Van Riel et al., 2017; Schuberth et al., 2020), in 
estimating models that contain such constructs, the model is either estimated in 
several steps or observed variables are attached to the second-order constructs 
as auxiliary variables to ensure model identification. Second, the scale of each 
construct must be fixed. In PLS-SEM the partial least squares (PLS) algorithm 
ensures that all constructs have a unit variance, and thus a fixed scale. Third, no 
construct is allowed to be isolated in the inner model. Finally, the inner model 
needs to be identified. Recursive models with uncorrelated disturbance terms are 
always identified (Bollen, 1989, p. 104).

Following the previously presented identification rule, we can posit that our ex-
ample model in Figure 1 provides a unique solution for the parameters of the sys-
tem of equations (  1  to  66  ), i.e., the correlations between the observed variables 
belonging to an emergent variable, the correlation between the exogenous con-
structs, the weights, the factor loadings, and the coefficients of the inner model. 
Further, the example model shows 66 non-redundant elements in the variance-
covariance matrix of the observed variables and 18 model parameters that are 
freely estimated:

•  3 correlations between the observed variables forming the emergent vari-
able: σ11,12, σ11,13, and σ12,13,

•  2 weights5: w11 and w12

4   We ignore trivial regularity assumptions, such as weight and loading vectors consisting of zeros 
only.

5   Although the model contains three weights, in fact only two weights are estimated. One of the 
weights used to form an emergent variable can be derived from the other weights because of the 
scaling condition. For an elaboration, the interested reader is referred to Schuberth et al. (2018a).
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•  9 factor loadings: λ21, λ22, λ23, λ31, λ32, λ33, λ41, λ42 and λ43,
•  1 correlation between the exogenous constructs: φ12, and
•  3 coefficients of the inner model: γ11, γ12 and b21.

Consequently, the model shows 48(= 66−18) degrees of freedom and in principle 
its overall fit can be assessed.

4. How to estimate the model parameters of the equations?

In PLS-SEM the model parameters are estimated in two steps. In the first step, the 
PLS algorithm is applied to obtain weights to calculate construct scores. In the 
second step, these scores are used to estimate the remaining model parameters.

Considering the PLS algorithm, two implementations have been suggested, 
namely, Wold’s (1985) implementation and Lohmöller’s (1989) implementation. 
Although for Wold’s (1985) implementation some desirable statistical properties, 
such as convergence, have been proven (Hanafi, 2007), most statistical softwares, 
such as ADANCO (Henseler and Dijkstra, 2016), SmartPLS (Ringle et al., 2015), 
and the open source R package cSEM (Rademaker and Schuberth, 2020) rely on 
Lohmöller’s (1989) implementation because it allows for an efficient computation 
by means of matrix algebra.

To estimate the model parameters, the inner weighting scheme of the PLS algo-
rithm needs to be chosen. The three main inner weighting schemes are the cen-
troid, the factorial, and the path weighting scheme (Wold, 1982; Lohmöller, 1989). 
Essentially, all three inner weighting schemes yield the same results (Noonan and 
Wold, 1982). However, there are different recommendations regarding which in-
ner weighting scheme to choose in the context of models containing second-order 
constructs (Becker et al., 2012; Schuberth et al., 2020). Differences in the conver-
gence behavior are largely negligible (Henseler, 2010)

Besides the inner weighting scheme, for each construct a mode for calculating 
the weights needs to be chosen. The two dominant ways to determine weights for 
calculating construct scores in PLS-SEM, arguably, are Mode A and Mode B.6 In 
applying Mode A, the weights are calculated as correlations between the observed 
variables and the corresponding construct scores. In contrast, if Mode B is ap-

6  Besides Mode A and Mode B, the PLS-SEM literature proposes a third mode, namely, Mode C 
which is a combination of Modes A and B. However, in PLS-SEM, Mode C is hardly applied and 
therefore not discussed. Moreover, Dijkstra and Henseler (2011) proposed so-called best-fitting 
proper indices.
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plied, the weights equal the estimated coefficients of an ordinary least squares 
(OLS) regression from the construct scores on the corresponding observed vari-
ables. For more details, the interested reader is referred to Dijkstra (1985).

In the PLS-SEM literature, Mode A and B are unfortunately often equated with 
reflective and formative measurement, respectively (e.g., Rigdon, 2012; Hair et al., 
2017b). This causes an ambiguity that has already created confusion among schol-
ars questioning PLS-SEM’s suitability (e.g., Aguirre-Urreta and Marakas, 2014b; 
Rigdon et al., 2014; Aguirre-Urreta and Marakas, 2014a). Echoing critical voices 
about PLS-SEM (e.g., Rönkkö et al., 2016), we agree that this notation can be 
hazardous because both Mode A and Mode B produce inconsistent parameter es-
timates for latent variable models such as the reflective measurement and causal-
formative measurement models (Dijkstra, 1985). This is explained by the fact that 
PLS-SEM’s construct scores, regardless of whether Mode A or Mode B is applied, 
are ‘only’ measurement errorprone approximations of latent variables. Hence, the 
estimated parameters belonging to the latent variables suffer from the well known 
attenuation bias (Cohen et al., 2013).

To overcome this problem, PLSc was developed as an approach which takes the 
reliabilities of the construct scores into account during the estimation of these 
parameters. Originally, PLSc assumed that Mode A weights are used calculate 
construct scores (Dijkstra and Henseler, 2015a,b). However, a similar approach 
can be applied to construct scores obtained by Mode B weights (Dijkstra, 1985, 
Chap. 2). To conclude, if researchers want to estimate the parameters belonging to 
latent variables, the use of PLSc is highly recommended.

For observed variables of reflective measurement models, ‘cross-loadings’ are of-
ten ‘estimated’ and reported in PLS-SEM (see, e.g., Hair et al., 2017a). However, 
‘cross-loadings’ are no model parameters in PLS-SEM. They are simply the cor-
relations between an observed variable and the scores of a latent variable that is 
not directly connected to this observed variable. This is problematic in two ways. 
First, these ‘cross-loadings’ suffer from attenuation bias. Second, these ‘cross-load-
ings’ do not take into account the latent variable’s effect on which the observed 
variable actually loads. Consequently, these ‘cross-loadings’ should be considered 
cautiously. As mentioned in Section 2, in PLS-SEM it is not possible to specify and 
estimate cross-loadings as is possible in SEM.

Considering composite models, we recommend to use Mode B because it provides 
consistent estimates (Dijkstra, 2017). However, in some instances, e.g., in cases of 
high multicollinearity among the observed variables forming the emergent varia-
ble, or if the goal is to achieve a high out-of-sample predictive performance, using 
Mode A can be justified (Rigdon, 2012; Henseler and Schuberth, 2020). Addition-
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ally, recently a second type of composite model has been proposed which Mode 
A can consistently estimate (Cho and Choi, 2020). However, future research still 
needs to demonstrate the value of this composite model for empirical research. 
Moreover, since this type of composite model is a special case of the composite 
model presented in this study, Mode B also produces consistent estimates.

Considering the inner model, the parameters of each equation are typically esti-
mated by OLS in PLS-SEM. As is well known in the literature, OLS assumes that 
the disturbance term of an equation from the inner model is uncorrelated with 
the independent variables of the same equation; otherwise, OLS would produce 
inconsistent estimates (Wooldridge, 2012, Chap. 5). In empirical research, the dis-
turbance term might be correlated with independent variables because relevant 
variables have not been taken into account in explaining the dependent variable. 
Researchers face a similar situation regarding models that contain feedback loops 
among the constructs. In such cases, to obtain consistent estimates, the OLS es-
timator can be replaced by the two-stage least squares estimator. However, this 
requires valid instruments (see e.g., Antonakis et al., 2010).

5. Conclusion

Many developments have enhanced PLS-SEM over the last decade, shaping it into 
a versatile approach for various types of research. However, literature that focuses 
on the model underlying PLS-SEM is scarce. In this chapter, we have addressed 
this issue, making the model equations explicit. Particularly, we have presented 
the general equations underlying the reflective measurement model, the compos-
ite model, and the inner model. Moreover, we revealed the assumptions implicitly 
made in PLS-SEM, such as that exogenous constructs are always allowed to freely 
correlate and that cross-loadings do not exist. Based on the equations and the 
implied assumptions, we highlighted the importance of model identification in 
PLS-SEM and presented the conditions necessary to ensure that the parameters 
can be uniquely determined. Finally, we discussed different settings for the PLS 
algorithm and emphasize that if the model contains latent variables the use of 
PLSc is highly recommended in PLS-SEM.
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