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Abstract: Despite the increasing usage of Partial Least Squares Structural Equation Modeling (PLS-
SEM) by the scientific community, there is a series of misconceptions and incorrect usage of the technique 
reported in the literature. This study conducted a critical review of PLS-SEM usage on Production 
Engineering Research in Brazil and provided guidelines for its correct usage. A systematic literature 
review approach was adopted, focusing on papers published in the main Production Engineering 
Research outlets in Brazil. In total, 49 papers were carefully analyzed by the authors. The main issues 
identified while reviewing the selected papers can be categorized into four main groups: conceptual 
design; model operationalization; data analysis; and presentation of results. The study also suggests that 
realizing the full potential provided by PLS-SEM depends on a series of proper decisions made at the 
early stages of the research process. The paper concludes with guidelines for researchers to avoid the 
most common issues associated with using this technique in Production Engineering research. 

Keywords: Structural equation modeling; Partial least square; Production engineering research; 
Systematic literature review. 

Resumo: Apesar do uso crescente da Modelagem de Equações Estruturais de Mínimos Quadrados 
Parciais (PLS-SEM) pela comunidade científica, há uma série de equívocos e uso incorreto da técnica 
sendo relatados na literatura. Este estudo conduziu uma revisão crítica do uso do PLS-SEM na pesquisa 
em Engenharia de Produção no Brasil e fornece orientações para seu uso correto. Adotou-se uma 
abordagem de revisão sistemática da literatura com foco em artigos publicados nos principais veículos 
de pesquisa em Engenharia de Produção no Brasil. No total, 49 artigos foram cuidadosamente 
analisados pelos autores. As principais questões identificadas durante a revisão dos artigos selecionados 
podem ser categorizadas em quatro grupos principais: desenho conceitual, operacionalização do 
modelo, análise de dados e apresentação de resultados. O estudo também sugere que a realização de 
todo o potencial fornecido pelo PLS-SEM depende de uma série de decisões adequadas tomadas nas 
fases iniciais do processo de pesquisa. O artigo conclui com orientações para que os pesquisadores 
evitem os problemas mais comuns associados à implantação desta técnica nas pesquisas em 
Engenharia de Produção. 
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1 Introduction 

Structural Equation Modelling (SEM) has emerged as one of the most significant 
advancements in multivariate data analysis techniques for quantitative research over 
the past decade. Despite the fact that the first papers using SEM were reported toward 
the end of the 20th century (Wold et al., 1984), user-friendly software packages 
released by the early 2000s were fundamental for its widespread use among 
quantitative researchers, notably supporting the assessment of data collected using 
surveys and experiments. In the Brazilian scientific community, researchers from 
different knowledge areas have increasingly reported using SEM in their work, including 
Production Engineering (PE) researchers. Figure 1 illustrates this trend by highlighting 
the evolution of SEM usage in papers published in the main PE Brazilian outlets since 
the first publications adopting SEM were identified around 2011. 

 
Figure 1. Evolution of the number of papers using SEM in Production Engineering research in 

Brazil (*until May).  
Source: The authors. 

Although SEM is a topic still under development, its foundational elements are already 
relatively well consolidated. Nonetheless, despite the increasing usage of SEM by PE 
researchers in Brazil, a considerable number of papers published at main PE conferences 
and journals in Brazil still seem to be making an incorrect or incomplete usage of the 
technique. This scenario is potentially dangerous as it can lead to incorrect conclusions and 
limit the contribution and impact of the research conducted by PE researchers in Brazil. Similar 
to what has been observed in other knowledge areas (Iacobucci, 2009; Jarvis et al., 2003; 
Sosik et al., 2009; Hair et al., 2019), a potential explanation for this phenomenon could be 
associated with the high expectations created by the technique in the scientific community, 
which motivates researchers to take shortcuts and try to use it without properly understanding 
the technique´s fundamental concepts. 

In order to address this potentially detrimental scenario, stimulate the appropriate 
usage of SEM and contribute to improving the methodological rigor of the academic 
research on PE in Brazil, this paper aims to conduct a critical review of SEM application 
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on PE research in Brazil and to provide guidelines for the correct usage. A systematic 
literature review approach was adopted, focusing on papers published in the main 
outlets for PE research in Brazil. 

2 What is PLS SEM and what is it good for? 

SEM is a multivariate data analysis technique that supports the assessment of 
multiple causal relations among the constructs of a theoretical model (Henseler, 2021; 
Hair et al., 2019, 2022). SEM is also an example of a second-generation multivariate 
data analysis technique because it combines elements from factor analysis and linear 
regression (Hair et al., 2022). However, the term SEM represents a family of 
techniques instead of a specific data analysis technique. There are two main 
approaches to SEM: covariance-based and variance-based. The difference between 
them lies in the way they approach the model analysis. In the first case, covariance-
based (CB) SEM tries to maximize the covariance among the model’s constructs and 
is implemented in very popular software such as Lisrel®, Amos®, and R via the lavaan 
package (Rosseel, 2012). The variance-based approach, which is the focus of this 
paper, is also known as Partial Least Squares (PLS) SEM and aims to maximize the 
explained variance of the model’s endogenous constructs. SmartPLS® and Adanco® 
are examples of software that implement this approach. 

The variance-based approach was selected to be the focus of this study as it presents 
key advantages over the covariance-based approach that are especially attractive at initial 
stages of confirmatory research, such as model convergence with smaller samples, lower 
sensitiveness to non-normally distributed data, and support for formative constructs. These 
elements, especially the last one, were key to increasing interest in SEM. 

It is important to highlight that there are still ongoing comparisons in the literature 
between CB and PLS-SEM (Rönkkö & Evermann, 2013; Henseler et al., 2014; 
Rönkkö et al., 2016; Hair et al., 2019), which have ultimately generated a debate about the 
relevance of each approach and every round of this debate must be interpreted in light of 
the moment in which it takes place. This debate, which is often heated, may not have made 
clear the particularities and specificities of each approach, which may have contributed to 
the inadequate application of PLS-SEM in many studies, as discussed in this paper. 

For instance, Rönkö et al. criticize the use of PLS-SEM (Rönkkö & Evermann, 2013; 
Rönkkö et al., 2016, 2023a, b), which was and still is a technique under development. 
Their criticisms highlighted shortcomings in the technique but lacked any commitment 
to propose possible solutions. Their remarks were also accompanied by some 
inaccuracy, for instance, when a comment was made regarding the decision of certain 
journals to immediately reject (desk reject) articles based on PLS-SEM (Rönkkö et al., 
2016). In fact, the editorial (Guide & Ketokivi, 2015) emphasized that submitted papers 
leveraging PLS-SEM should clearly justify the choice of the technique because, at the 
time, there was a perception that PLS-SEM could be a silver bullet even when it was 
inappropriate to use for research objectives. 

Cook & Forzani (2023) describe the evolution of the debate around the criticisms 
made by Rönkkö et al. and recognize that a single journal’s position represents an 
isolated case and does not reflect the position of journals in every area of knowledge. 

Sharma et al. (2023) discuss what they identify as the main objections raised by 
Rönkkö et al. The first criticism is that PLS-SEM generates biased estimators. 
However, a more recent algorithm (Consistent PLS or PLSc) has already been 
developed to address this and is currently available in most software. Furthermore, 
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there is a tradeoff between constructing coefficient estimation and maximizing 
predictive power, which is a fundamental difference between CB-SEM and PLS-SEM. 

Another criticism is that PLS-SEM occupies a position between two equally 
challenging choices: explanation and prediction. However, research objectives are not 
divided into explanation or prediction. The typology of Information System theories 
presented by Gregor (2006), for instance, recognizes the existence of explanatory-
predictive theories and that no dispute prevents the search for a balance between these 
objectives. As an example, neural networks are usually very good at predicting, but do 
not work so well for explanations, which can be required in certain situations, thus 
justifying the need and convenience for prediction-explanation models. 

The third criticism is that research attempts to modernize PLS with a solution that is 
clumsy or inefficient and that it would be better to work with a more original and elegant 
mathematical solution, such as CB-SEM. However, the concept of mathematical elegance 
usually refers to individual perceptions, and objections should not be made when pursuing 
improvements to a model, whatever it may be, including PLS-SEM. 

A fourth criticism is that PLS-SEM is unreliable in correcting measurement errors 
and testing inference. However, this conclusion was based on simulations whose 
nature did not allow generalizations and which used a type of simplified non-realistic 
model of two constructs that represent limit conditions for PLS-SEM, and not on models 
with characteristics closer to those that have used this technique. 

Finally, the last criticism is that adopting PLS-SEM in the discipline was premature 
and casts significant doubt on the validity of the seminal studies, although Rönkö et al. 
did not present any example of these seminal studies containing misleading results. 
Following this idea, if studies carried out using PLS-SEM were reassessed with CB-
SEM or PLSc, different results would be obtained. However, a Unified Theory of 
Acceptance and Use of Technology (UTAUT) model, whose data were analyzed using 
different SEM techniques (CB, PLS and PLSc), presented qualitatively equivalent 
results, also disqualifying this criticism (Sharma et al., 2023). 

Therefore, the more contemporary view is that CB and PLS-SEM are not competing 
approaches, but distinct and, at times, complementary. 

Some operational aspects of PLS-SEM are usually seen as advantages over CB-
SEM: greater ease of working with formative constructs, fewer requirements regarding 
the size of data samples and less sensitivity to data that move away from normality. 
However, overall adjustment measures are more developed in CB-SEM, which would 
make it more suitable for a general assessment of a theory (concepts and relationships 
between them). Perhaps this is the reason why some claim that PLS-SEM is more 
suitable for exploratory studies whereas CB-SEM is better suited to the validation of 
models and, therefore, a more consolidated conceptual framework. The exploratory 
nature mentioned here does not refer to the degree of knowledge or consolidation of 
the hypotheses used in the construction of the structural model, but rather to the degree 
of knowledge of the nature of the measurement model used. 

CB-SEM uses a factorial measurement model, whereas PLS-SEM uses a 
composition model. In the first, the covariances between the indicators and the 
constructs are used to generate a measure (score) of the construct. In the second, the 
linear combinations of indicators that generate the measure of the construct. Thus, the 
choice of an SEM model – either PLS or CB – would be subject to a discussion prior to 
the data collection and it is more related to the nature of the data and constructs used 
in the model. As Rigdon et al. (2017) explain, for an empiricist, it is not possible to 
define a concept irrespective of the data and, therefore, a construct must be derived 
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from the data. This leads to the choice of CB-SEM, which, through a factorial model, 
generates a measure of the construct. On the other hand, a realistic approach 
presupposes the existence of concepts beyond the available or collected data, and that 
science helps to understand these concepts. Thus, construct indicators can be 
intentionally chosen (in a formative or reflective way) to measure the constructs, which 
would lead to the choice of a composition model such as the one used in PLS-SEM. 

However, in real life, it is common that the researcher might not yet be fully certain 
about which measurement model would be the most appropriate for their research. The 
PLSc algorithm, now understood as an extension of PLS-SEM, can better 
accommodate this uncertainty using two calculation modes (Mode A and Mode B) that 
help the researcher understand the impact of this issue on the results of their model. 

3 Foundational aspects of PLS-SEM 

Least squares models aim to minimize the difference between observed and 
predicted values, as in the case of linear regression. Thus, the model estimators are 
defined to minimize the prediction error, and not the correlation between the dependent 
variable and the independent variables. This, however, does not mean that the 
coefficients will never be good estimates of the correlations, merely that the model's main 
objective is to maximize the predictive power (Henseler, 2021; Hair et al., 2019, 2022). 

To exemplify the PLS-SEM usage, let us consider the Technology Acceptance 
Model (TAM) in Figure 2 proposed by Davis et al. (1989). It is a very well-known model 
in information systems and technology management. In this model, the construct 
“intention to use” both causes “actual system use” and is simultaneously influenced by 
“perceived usefulness” and “perceived ease of use”. Lastly, “perceived usefulness” is 
also caused by “perceived ease of use”. In total, the model has four causal relationships 
that PLS-SEM can estimate simultaneously. 

 
Figure 2. The Technology Acceptance Model. 

 Source: Davis et al. (1989). 

This example also illustrates the importance of a strong theoretical framework to 
support the usage of PLS-SEM. As association and causality are related but are 
different concepts, this can cause some confusion about the limits of PLS-SEM 
applications. The path diagram that represents the model under analysis has directed 
arcs, i.e., the arc leaves one construct towards the other, visually suggesting a causal 
relationship. The PLS-SEM algorithm assigns a numerical value to this arc, which may 
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or may not have statistical significance, which is a measure of correlation/association 
between the constructs and not of causality (Henseler, 2021; Hair et al., 2022). 

The causal relationships hypothesized in the model are based on the literature 
review, and not on sample data. Although the causal relationship between two 
constructs also implies some level of association between them, the association per se 
is not a sufficient condition for the causal relationship (they may be effects of a common 
cause). Having said that, if the relationships present in the model do not show evidence 
of association, then an inference can be made that there is no evidence of causality 
either. On the other hand, when evidence of association is found, then it corroborates 
the causal hypothesis constructed based on a theory or literature review, but the 
association itself does not confirm the existence of causality. 

PLS-SEM is not an exploratory data technique, such as Factor Analysis or Cluster 
Analysis. Despite the proximity that the Confirmatory Factor Analysis has with PLS-SEM, 
its application must be based on hypotheses with strong conceptual support derived from 
a robust and high-quality literature review. Even in the case where one wishes to compare 
competing conceptual structures – distinct structural models – each model should have 
strong conceptual support to not incur in the severe risk of adjusting the model to the data, 
i.e., the scenario where the model would be adjusted to the characteristics of the sample 
observed in the study. Thus, unlike the use of Factor Analysis in which data analysis 
suggests an underlying structure that emerges from the sample under study, the use of 
PLS-SEM must be subordinated to hypotheses previously derived from the literature 
(Iacobucci, 2009; Ringle et al., 2014; Henseler, 2021; Hair et al., 2022). 

Furthermore, the constructs proposed in the TAM model are latent and cannot be 
directly observed. Therefore, for each construct, indirectly measurable data from 
indicators are combined to create a construct measure or score. Each set of indicators 
associated with a construct is a scale to indirectly measure the construct level. The 
process of identifying or developing indicators for a specific construct is called 
operationalization. 

There are two types of construct scales: reflexive and formative (Figure 3). Theoretically, 
any construct may be operationalized by a reflexive or a formative scale. In a reflexive scale, 
the behavior of the indicators manifests or reflects the construct behavior, i.e., the construct 
“causes” the indicators. It is the same underlying idea behind factor analysis and principal 
component analysis: there is something that I cannot see that determines the behavior of 
things that I can see. In this case, as all indicators have a common cause, they are highly 
correlated with each other. Hence, an indicator may be replaced, included or excluded without 
major problems to the construct validity and reliability, because just the common variance 
among the indicators is computed to determine the construct level. Historically, the first initial 
SEM models deployed were strongly based on this type of scale, and it is very well supported 
by both covariance and variance-based SEM software (Henseler, 2021; Hair et al., 2022). 

 
Figure 3. Reflexive and formative constructs. Source: The authors. 
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On the other hand, formative constructs use indicators that measure their different 
constituent parts or dimensions. For instance, the Human Development Index (HDI) is 
a formative construct consisting of literacy rate, life expectancy at birth, and gross 
national income. The HDI construct was defined as such, which means that if one 
indicator is replaced, included or excluded the original conceptual definition of the 
construct may change. Formative constructs are usually conceptual constructions or 
intellectual manifestations created to summarize a particular aspect of society, such as 
the HDI, and they are essential for science and knowledge development. An important 
practical aspect of the different types of scales is that reflexive indicators and formative 
indicators must be assessed by adopting different approaches. Whereas PLS-SEM 
easily manages reflexive and formative scales, CB-SEM does not (Henseler, 2021; 
Hair et al., 2019, 2022). Therefore, researchers should pay special care when 
operationalizing their models and selecting their analysis software. Treating a formative 
scale as reflexive only because the software of choice does not handle a formative 
scale can be considered a critical conceptual flaw (Jarvis et al., 2003). 

The considerations and choices made about the scales utilized to measure the 
model´s constructs constitute the measurement model of a PLS-SEM analysis. The 
structural model is concerned with the causal relationships among the constructs and 
is irrespective of the type of measurement scale used. However, the structural model 
is only assessed if the measure model displays appropriate quality in terms of the 
validity and reliability of the constructs. 

The structural model also has different types of constructs and perhaps the main 
distinction between them is the one made according to their relative position in the 
model. Exogenous constructs explain other constructs but are not explained by any 
other construct in the model, whereas endogenous constructs are explained by at least 
one construct (Henseler, 2021; Hair et al., 2022). It is important to note that this 
definition does not preclude endogenous constructs from also explaining other 
constructs, as what characterizes a construct as endogenous is its being explained by 
other variables. Therefore, on the TAM model displayed in Figure 2, there is one 
exogenous construct (perceived ease of use) and three endogenous constructs 
(perceived usefulness, intention to use causes and actual system use). 

The structural model can also incorporate intervening constructs. A mediator construct, as 
illustrated in Figure 4a, represents an indirect relationship between two constructs, i.e., 
construct A impacts the mediator construct, which in turn impacts construct B (Carrión et al., 
2017). In the TAM model displayed in Figure 2, perceived usefulness mediates the 
relationship between perceived ease of use and intention to use. Therefore, in the TAM 
model, perceived ease of use has a direct and indirect impact on the intention to use. Mediator 
constructs can be considered one of the most frequent intervening effects in SEM. 

 
Figure 4. Mediator and moderator effects.  

Source: The authors. 
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A moderator construct, as illustrated by Figure 4b modifies the relationship between 
two constructs (i.e., constructs A and B) by increasing or decreasing the magnitude of 
the effect between the constructs or even inverting the direction of the relationship 
(Hair et al., 2022). 

High-order constructs (HoC) can also be included in PLS-SEM, which represent 
constructs whose dimensions are also constructs (Hair et al., 2017, 2022). For 
instance, Meyer & Allen (1991) defined organizational commitment as the employee's 
identification with an organization, comprising three dimensions: affective commitment; 
normative commitment; and continuance commitment (Figure 5). In this case, 
organizational commitment is a second-order construct (higher order), and affective, 
normative and continuance commitment are first-order constructs (lower order). 

 
Figure 5. Example of an high order construct.  

Source: Meyer & Allen (1991). 

The richness of the types of constructs, scales and relations that PLS-SEM supports 
is the main reason for the growing interest of the scientific community in using this data 
analysis technique. Although powerful, researchers must know how to use it properly 
to realize its full potential. 

4 Review of PLS-SEM usage in PE Research in Brazil 

This study focuses on PE publications in Brazil that deployed PLS-SEM. To achieve 
this, a systematic literature review approach was adopted. The data sources for the 
publications include the top five Brazilian PE journals and the proceedings of the two 
largest PE conferences in Brazil. The five journals selected are Production, Produção 
Online, Brazilian Journal of Operations & Production Management, Gestão e Produção 
(G&P) and Gestão da Produção, Operações e Sistemas (Gepros). The conference 
proceedings selected are from the ENEGEP (Encontro Nacional de Engenharia de 
Produção) and the SIMPEP (Simpósio de Engenharia de Produção). 
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The selection criteria for the journals were mainly the following: recognition of the 
journal by the ABEPRO (Associação Brasileira de Engenharia de Produção) and the 
indexing of the journal in one of the main scientific databases, namely Web of Science, 
Scopus and Scielo. ABEPRO is a traditional institution, and since the 1980s, it has 
worked to strengthen and develop PE in Brazil. On their website, ABEPRO lists the 
main PE journals published in Brazil (Associação Brasileira de Engenharia de 
Produção, 2024). 

The first three journals are supported by ABEPRO, G&P is supported by the Federal 
University of São Carlos (UFSCar), and Gepros is supported by the Bauru School of 
Engineering at the São Paulo State University (UNESP/Bauru). ENEGEP is the first, 
largest and main Brazilian conference on PE and is organized by ABEPRO. The 
second main national event is the SIMPEP organized by UNESP/Bauru. 

The steps to select the papers were: 

1. Accessing each journal and conference website and search for the papers by using 
the following expressions: “structural equation modeling”, “structural equations 
modeling”, “SEM”, “structural equation”, “structural equations”, “SmartPLS”, 
“Adanco”; “Lisrel” and “AMOS”; 

2. Reading the paper abstracts to eliminate publications that did not deploy PLS-SEM 
and/or the papers that deployed a covariance-based approach; 

3. Each one of the remaining publications was carefully read by the authors according 
to a previously developed protocol of analysis whose goal was to identify the main 
flaws during the deployment of PLS-SEM as a technique of data analysis (Table 1). 

Table 1. Criteria for paper assessment. 

Assessment category Item evaluated 

Conceptual design 
Alignment between the research objective and the method 

Theoretical support for model development 
Development of the hypothesis 

Model operationalization 

Presence of multiple dependency relationships 
Sample sizing procedures 

Measurement model adequacy 
Development of measurement scales and pretest 

Utilization of higher-order constructs 
Presence of mediation or moderation 

Utilization of control variables 

Data analysis 

Descriptive statistics 
Measurement model assessment 

Structural model assessment 
Analysis of observed/non-observed heterogeneity 

Presentation of results 
Hypothesis testing 

Interpretation of results 

In total, 49 papers were subject to this screening process and are listed in Appendix 1. 
The distribution of papers per year and journal or conference are presented in Table 2. 
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Table 2. Distribution of papers per year and journal/conference. 

Publication 
year ENEGEP SIMPEP Production Gestão & 

Produção 
Produção 

Online Gepros BJO&PM* 

2011 1       
2012   1 2    
2013 1  1     
2014  1  1    
2015        
2016  1  1    
2017 4 3 2 1    
2018 2 3 1  1   
2019 1 3     1 
2020 1 1 1    1 
2021 3 1  1  1 1 
2022 2 1      
2023    1   2 
Total 15 14 6 7 1 1 5 

*BJO&PM = Brazilian Journal of Operations & Production Management. 

The main issues found while reviewing the papers can be classified into four main 
categories: 
1. Conceptual design: deals with the proper alignment between the method 

conceptualization and the objective of the study, the theoretical framework and the 
development of hypotheses; 

2. Model operationalization: refers to the proper alignment between the method 
features and the operational and methodological decisions made to support the 
empirical assessment of the model; 

3. Data Analysis: focuses on the correctness and up to date usage of evaluation 
techniques for the model assessment; 

4. Presentation of results: deals with aspects related to the appropriateness and sound 
presentation of the research results. 
Starting with issues classified under category 1 (Conceptual design), approximately 

83% of the publications analyzed have correctly defined a research objective that 
focuses on the exploration of a cause-effect relationship which can be considered a 
fundamental aspect for studies that deploy PLS-SEM. However, there were still eight 
papers that have failed to do so. Among these, the most common issue was attempting 
to deploy the method to merely assess levels of certain constructs in a population, but 
without focusing on a potential cause-effect relationship among the constructs. 

A common issue identified within category 1 (Conceptual design) was the lack of a 
theoretical framework to support the cause-effect relationships specified in the 
theoretical model. It was observed that 29 out of 49 papers (or approximately 69% of 
the papers) have failed to do so and have leveraged the literature review mainly to 
define the model concepts or to loosely list studies that have researched the same 
topic. This usually represents a serious misconception for studies deploying PLS-SEM, 
as without the support of a proper theoretical framework, there is an increased risk that 
the cause-effect relationships the researchers expect to exist do not find statistical 
support when the empirical data is assessed. The lack of a theoretical framework 
usually also prevents the development of formal hypotheses for the cause-effect 
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relationships of the theoretical model, and the absence or incorrect definition of 
hypotheses was indeed noticed on approximately 49% of the papers. 

The issues identified in category 1 (Conceptual design) may indicate a lack of 
proper conceptual understanding of the PLS-SEM approach, including its application 
and purpose. This can be a risky scenario as the researchers may be deploying the 
technique on scenarios where other statistical analyses, such as correlation analysis 
or exploratory factor analysis would be more appropriate. 

Regarding category 2 (Model operationalization), the most common issues were the 
lack of multiple cause-effect relationships on the theoretical models specified (49% of 
the papers) and the absence of a formal sampling assessment process (72% of the 
papers). Although a theoretical model assessed via PLS-SEM does not need to present 
multiple dependency relationships, this is a very powerful and unique capability 
provided by the method. Moreover, the absence of multiple cause-effect relationships 
in the model could be an indication that other simpler statistical methods, such as 
multiple linear regression, could be deployed instead. The absence of a sampling 
assessment process, either a priori or posteriori, can be considered a more critical 
issue. Without assessing the minimal sample size required for the theoretical model, 
the researchers are prone to the risk of stopping the data collection too soon without 
collecting enough data for the statistical analysis being targeted, thus potentially 
leading to inconclusive results, mainly type II error. 

Another relatively common issue found in category 2 (Model operationalization) was 
the selection of the incorrect measurement model. Although most of the publications 
assessed have either formally declared or suggested utilizing a reflexive measurement 
model, in at least four publications, a formative measurement model should have been 
selected instead. This is a critical issue as the incorrect operationalization of the 
constructs might not only represent a limited conceptual understanding of the 
phenomenon but also lead the researchers to imprecise or incorrect findings. 

Regarding the operationalization of the constructs, one interesting finding is that the 
studies leveraging more sophisticated analysis made possible by PLS-SEM are 
relatively rare: only three papers have conducted moderation analysis, four studies 
have included control variables in their models, nine have leveraged second-order 
constructs and none have deployed a formal mediation analysis. 

A positive trend was noticed regarding the studies that have operationalized 
constructs by leveraging measurement scales that were previously validated in prior 
studies (approximately 78% of the publications), but only 43% of the papers have 
declared to perform a pre-test to ensure that any adaptations or translations made 
regarding the original measurement scales have not interfered in the precision of the 
measurements. 

The issues identified in category 2 (Model operationalization) can be considered 
critical as the inadequate methodological decisions made in regard to PLS-SEM can 
hinder the empirical analysis of the theoretical models being assessed. They may also 
indicate a lack of proper understanding of the fundamental aspects of PLS-SEM, such 
as the different measurement models, as well as the assumptions and prerequisites of 
the method, such as the minimal sampling requirements. Lastly, the issues identified in 
category 2 can also indicate that the studies may not be extracting the maximum 
potential that the PLS-SEM technique has to offer, such as mediation and moderation 
analysis, high-order constructs and control variables. 

Next, the issues classified under category 3 (Data analysis) suggest that not all the 
applicable criteria to assess the measurement and structural models are being properly 
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or fully utilized. Among all the publications assessed, only six papers have properly and 
fully deployed the minimum set of criteria to assess a reflective measurement model 
and no study using a formative measurement model was found to be fully leveraging 
the assessment criteria required by PLS-SEM. Therefore, irrespective of the 
measurement model adopted, failures to completely assess either the reliability or the 
validity of the measurement models were common. 

Moreover, in category 3 (Data analysis), a similar finding was noticed regarding the 
assessment of the structural models. The most relevant criteria to assess the structural 
model, namely R2, path coefficients and their associated statistical significance were 
correctly reported in only 61% of the publications. Among the papers that did not 
completely report all the structural model assessment criteria, the most common issue 
was the sole reporting of the R2 value, which tended to be only a marginal assessment 
criterion provided by PLS-SEM. 

Furthermore, no publications seemed to correctly adopt more advanced techniques 
to explore the potential effect of observed/non-observed heterogeneity on their 
phenomenon of interest, such as multigroup analysis, even when their sample sizes 
suggest that they could do so. 

The issues found in category 3 (Data analysis) are especially critical as they reveal 
that not all the publications properly evaluate their theoretical models, thus potentially 
leading to incorrect or misleading results. This can also indicate a lack of proper 
knowledge of the more abstract statistical concepts behind the PLS-SEM technique, 
which is critical for its correct application and full realization of its benefits. 

Lastly, for the issues classified under category 4 (Presentation of results), the most 
common fault was related to the hypothesis testing. In approximately 29% of the 
papers, the the hypothesis test was carried out without taking into consideration 
whether or not the path coefficient of the cause-effect relationships demonstrates 
statistical significance at levels considered adequate by the literature. In six 
publications, only the path coefficient value was used, whereas in 13 other publications, 
the lack of statistical significance was not considered an inconclusive result. 

In addition, after testing the hypothesis, only 67% of the publications compared their 
results with previous research, an important aspect in positivist research where the 
hypothesis tends to reflect the current knowledge available about the phenomenon 
being investigated. This finding is related to another prevalent issue identified under 
category 1 (Conceptual design), i.e., the lack of a theoretical framework to support the 
cause-effect relationships included in the theoretical model. As no theoretical 
framework was selected a priori, it is challenging to compare the results obtained with 
previous research. 

The issues classified under category 4 (Presentation of results) are important 
because they can hinder the contribution of the studies deploying PLS-SEM. These 
issues can also potentially indicate that PE researchers are deploying PLS-SEM 
without properly considering the research approach and mindset that best fits the 
technique’s characteristics. The next section will provide insights as to how PE 
researchers can address these four categories of issues identified so far. 

5 Guidelines for PLS-SEM usage 

Ideally, the application of PLS-SEM in research needs to be considered as early as 
possible in the research process as some initial decisions made in early stages of the 
study, such as the research question or its methodological approach, can make the 
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deployment of the PLS-SEM technique impractical at later stages of the research. 
Figure 6 presents a suggested sequence of steps that can be considered a guideline 
for PE researchers when deploying PLS-SEM in their research. These steps are 
detailed next. 

 
Figure 6. Proposed guideline steps for PLS-SEM usage in PE research.  

Source: The authors. 

5.1 Selecting the right tool for the right job 

The first important aspect of deploying PLS-SEM refers to the research goal. PLS-SEM 
is an analysis method targeted at exploring cause-effect relationships from a quantitative 
perspective (Henseler, 2021; Hair et al., 2019, 2022). Therefore, the researchers interested 
in deploying PLS-SEM need to fully ensure that their research goal is set toward this type 
of relationship. More importantly, the objective is not to precisely predict the magnitude 
value of an endogenous construct, but instead to assess the practical and statistical 
significance of the cause-effect relationships contained in a structural model. To accomplish 
this goal, the method relaxes traditional assumptions about the normality of the data and 
accepts non-parametric statistical tests that might not be suitable for other quantitative 
research. Therefore, when researchers define that PLS-SEM is the technique to be 
deployed in their research it is important to make sure that all these characteristics are in 
place, so the potential benefits of the method are maximized and its limitations become 
neglectable. In other words, it is important to select PLS-SEM only when the research 
contexts are favorable to its application as the technique is definitely not a silver bullet to be 
deployed in all quantitative research. 

Moreover, in this first stage of the research, it is important to highlight that PLS-SEM 
is usually applicable to contexts where the researcher is adopting a positivist and 
deductive research paradigm (Henseler, 2021; Henseler et al., 2009; Hair et al., 2022). 
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Therefore, the researcher must adopt such a position when developing the structural 
model investigated. Thus, it is expected that the researchers willing to deploy PLS-SEM 
review the pertinent literature and obtain adequate theoretical evidence, usually via an 
established framework, to support the cause-effect relationships. This is a critical 
consideration as the method is not expected to identify the significance of cause-effect 
relationships that do not exist in the population targeted. Consequently, if the researchers 
want to increase their chances of obtaining meaningful conclusions from the PLS-SEM 
analysis, it is important to obtain adequate theoretical support for the structural model, as 
the relationships of this model constitute the hypothesis of the research. 

Before concluding this first step in the research planning, there is one last important 
aspect that needs to be highlighted about the structural model: each cause-effect 
relationship represents a single hypothesis of the research and vice-versa (Hair et al., 
2022). Therefore, it is not recommended to develop a single hypothesis that 
simultaneously covers two or more relationships of the model, as this can make the 
hypothesis testing cumbersome. 

5.2 Taking wise methodological decisions 

Once the researchers have defined their structural model, it is time to start thinking 
about the measurement model. One fundamental concern is regarding the selection of 
the indicators that will be utilized to either reflect or compose the constructs contained in 
the structural model. As the quality of the results is directly related to the quality of the 
measurements, it is important to adopt indicators that have either already been validated 
by previous research or to develop and validate a new set of indicators before conducting 
the data collection. It is also important to adopt the proper reflexive or formative 
measurement models according to the conceptual definitions of the constructs contained 
in the structural model. The proper choices made at this stage will be crucial for the 
increased validity and reliability of the measurement model to be assessed further. 

At this point, it might also be interesting to consider the pertinent inclusion of 
additional variables in the structural model that might help better explain the cause-
effect relationships investigated. PLS-SEM, for instance, supports not only the 
assessment of control variables that directly affect a target construct but also mediating 
and moderating variables that potentially affect the magnitude of a cause-effect 
relationship (Hair et al., 2022). Extrapolating the concept of control variables to refer to 
the presence of observed heterogeneity in the population, PLS-SEM also supports 
multigroup comparisons, i.e., analysis of the same model for different categorical 
segments of the population (Hair et al., 2016). These are all auxiliary resources that 
are available to the researcher deploying PLS-SEM as long as the proper 
methodological decisions are taken at this stage. 

One of these important methodological decisions refers to the definition of the appropriate 
sample size (Iacobucci, 2010; Hair et al., 2019). Even though the method is claimed to accept 
smaller sample sizes compared with other traditional statistical analysis methods, it is still 
important to carefully determine the appropriate sample size by taking into consideration 
elements such as the effect size of the cause-effect relationships, the level of significance and 
power of test being targeted, and also the number of predictors of the model (Ringle et al., 
2014). To this end, the researcher can leverage free tools such as G*Power (Faul et al., 2009) 
to support this process. This step can be considered crucial for the deployment of PLS-SEM, 
as the inadequate sample size can lead to inconclusive results or even undermine the 
deployment of complementary analyses, such as multigroup analysis. 
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5.3 Carefully assessing the model 

After the data collection is complete, the model should be empirically assessed. In 
PLS-SEM, this assessment is divided into two main stages: evaluation of the 
measurement model and evaluation of the structural model (Henseler, 2021; Hair et al., 
2019, 2022). The structural model is only evaluated if the measurement model satisfies 
the minimum validity and reliability criteria specified by the specialized literature. This 
means that the measurement model needs to be assessed not only by its accuracy (i.e., 
validity) but also by its consistency or stability (i.e., reliability). Furthermore, by carefully 
selecting indicators for the constructs, it may be possible to adapt the measurement 
model to some extent to address potential reliability and validity issues before assessing 
the structural model, thereby enhancing the overall quality of the analysis. 

As can be inferred, the assessment criteria differ depending on whether the 
measurement model is reflexive or formative. Table 3 illustrates the most common criteria 
for assessing a measurement model depending on its reflexive or formative nature. 

Table 3. Criteria for assessment of measurement models. 

Measurement 
model 

Assessment 
type Level Criteria name Reference value 

Reflexive 

Reliability Construct 
Cronbach’s alpha 
(α) and Composite 

reliability (ρc) 
> 0.70 

Reliability Indicator Outer loading Ideally > 0.70 
Validity 

(convergent) Construct Average Variance 
Extracted (AVE) >= 0.50 

Validity 
(discriminant) Indicator Cross-loadings 

An indicator's outer loading 
on the associated construct 
should be greater than all of 

its loadings on other 
constructs 

Validity 
(discriminant) Construct Fornell-Larcker 

The square root of each 
construct's AVE should be 

greater than its highest 
correlation with any other 

construct 

Validity 
(discriminant) Construct 

HTMT (Hereotrait-
Monotrait Matrix of 

Correlations) 
< 0.85 

Formative 

Validity 
(content) Indicator 

Systematic 
analysis of the 

formative 
indicators 

Literature and input from 
specialists 

Validity 
(convergent) Construct Redundancy 

analysis 

The path coefficient 
between the formative and 
reflective constructs should 

be >= 0.70 

Collinearity Indicator Variation Inflation 
Factor (VIF) <= 5 

Relevance and 
significance Indicator 

Outer weight 
significance and/or 

Outer loading 
relevance 

Outer weight is significant 
and/or Outer loading >= 

0.50 
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Once the measurement model has satisfied the applicable criteria, the structural 
model should be assessed. The first global result provided by PLS-SEM is the 
coefficient of determination of the model (R2) that represents an overall measurement 
of the predictive power of the model, more specifically, the percentage of the variance 
of the endogenous constructs that are explained by the exogenous constructs 
(Henseler, 2021; Hair et al., 2019, 2022). This is an important result to communicate 
the overall quality of the model, but it is usually not the main concern of a researcher 
deploying PLS-SEM. As the main motivation to deploy PLS-SEM should be to explore 
the significance of the cause-effect relationships contained in a model, a more 
important element to be assessed in the structural model is the magnitude of the path 
coefficient and its associated statistical significance. These two results combined allow 
the researcher to understand whether or not the cause-effect relationships are 
expected to exist in the target population within a certain significance level and 
therefore, allow the validation of the hypothesis of the research. 

Beyond the core analysis, it is important to highlight that PLS-SEM provides several 
complementary analyses to support the researchers in a more comprehensive 
understanding of the phenomenon at hand, such as the effect size of relationships 
contained in the model (f2 indicator) and the predictive power of endogenous constructs 
(Q2 and q2 indicators) (Henseler, 2021; Hair et al., 2019, 2022). 

Finally, in case the structural model contains intervenient constructs, such as 
mediating or moderating constructs, the reference literature also provides guidelines 
on how to deploy their analyses (Hair et al., 2016, 2017, 2022). 

5.4 Communicating results with precision 

After completely assessing all pertinent criteria relative to the measurement and 
structural models, the next step should be to properly communicate the PLS-SEM 
analysis results. 

The main recommended approach is to utilize the magnitude or signal (i.e., positive 
or negative) value and the statistical significance of each path coefficient from the 
structural model as this is the core information to decide whether a certain hypothesis 
of the research has been supported or not (Henseler, 2021; Hair et al., 2022). In case 
the magnitude or signal value of the path coefficient is consistent with the hypothesized 
relationship and statistical significance is found, then the hypothesis is supported. In 
case the magnitude or signal value of the path coefficient is not consistent with the 
hypothesized relationship and statistical significance is found, then the hypothesis is 
rejected. Otherwise, in case statistical significance is not found then the hypothesis is 
not supported or referred to as inconclusive as there is no statistical evidence to reject 
the null hypothesis. 

Lastly, once all the hypotheses are tested, it is also important to discuss how each 
hypothesis, either supported, rejected or inconclusive contributes to the advancement 
of knowledge in the area of research. A rejected hypothesis is not always a negative 
result from a knowledge creation perspective as it could reveal that the phenomenon 
has a different behavior for a certain group of the target population. Regarding the 
inconclusive hypothesis, it can be associated with inadequate theoretical support when 
developing the model or even a suboptimal methodological decision, but it can also 
contribute to researchers by illustrating paths that must be avoided in a future 
replication or extension of the original study. 
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6 Final remarks 

PLS-SEM is a powerful data analysis tool and researchers must use it properly to 
explore all its potential. Despite the growing use of PLS-SEM within the scientific 
community, numerous misconceptions and instances of improper application have 
been reported in the literature (Iacobucci, 2009; Jarvis et al., 2003; Sosik et al., 2009; 
Hair et al., 2019). This study presents a critical review of PLS SEM usage on PE 
research in Brazil and offers guidelines for its appropriate use. To achieve this, a 
systematic literature review was conducted, focusing on articles published in the 
leading journals for PE research in Brazil. 

The review of these papers suggests that the foundational aspects of PLS-SEM 
have not yet been completely understood and grasped by the PE academic production 
in Brazil. In addition to the obvious and immediate impact on the quality of applications 
using PLS-SEM, this shows a serious limitation for the more sophisticated use of the 
technique and analysis of more complex research questions that include, for example, 
nonlinear effects or conditional mediating effects. Thus, an assessment of scientific 
production, from the perspective of the foundational elements of PLS-SEM, such as 
the one presented here, aims to contribute to a better understanding and 
encouragement of the correct use of multivariate statistical analysis methods in the 
Brazilian academic community. 

The paper contributes to the existing literature by identifying the main issues 
associated with the usage of PLS-SEM in PE research. These issues can be 
categorized into four main groups: conceptual design, model operationalization, data 
analysis, and presentation of results. The paper also provides a methodological 
contribution to researchers by presenting guidelines to avoid the most common issues 
associated with the deployment of this technique in PE research. 

The main limitation of the study lies in the fact that only a sample of all PE papers 
published in Brazil has been reviewed. However, the methodological choices made by 
the authors in selecting the most impactful PE journals and conferences in Brazil have 
contributed to a high-quality analysis. In addition, it is important to highlight that the 
guidelines provided in this study should not be taken as definitive and static guidelines 
for researchers. Given that PLS-SEM is a field under development, improvements to 
the underlying algorithm, new assessment criteria and analysis capabilities are 
expected to be continuously suggested in the literature. Researchers interested in 
using PLS-SEM should therefore be continuously updated on these new 
developments. 

Statement on Data Availability 
The data supporting the findings of this study are included within the manuscript. 
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