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Preface 

The use of partial least squares structural equation modeling (PLS-SEM) has gained 
enormous momentum in the past decade in various business research fields such as 
accounting, information systems, marketing, strategic management, tourism but also in 
other non-business disciplines such as computer sciences, engineering, environmental 
sciences, medical sciences, political sciences, and psychology. The widespread adoption 
of the method is attributed to the confluence of various factors. PLS-SEM facilitates the 
estimation of models with many constructs and complex inter-relationships, while also 
accommodating advanced modeling such as higher-order constructs, nonlinear relation-
ships, and conditional process models. Other strengths of PLS-SEM include the ability 
to support model comparisons and to test the predictive power of models. Especially the 
predictive assessment of the results obtained by PLS-SEM allows researchers to sub-
stantiate their findings and managerial recommendations, which are predictive in nature. 

Continued efforts by researchers to refine and improve the method have yielded 
rich resources (e.g., textbooks and edited volumes on the method, methodological 
articles, and review papers on the method’s use), which have further fueled the 
method’s dissemination by creating an understanding how PLS-SEM can support 
researchers in accomplishing the study goals. In addition, access to software with 
user-friendly graphical user interfaces and to freely available PLS-SEM packages in 
the R Statistical Environment have encouraged the use of the method among 
non-technical researchers and among the researchers who are mindful of costs. 

This proceedings book includes a collection of manuscripts presented during the 
2022 International Conference on Partial Least Squares Structural Equation Model-
ing Conference (PLS2022) that was held September 6–9, 2022 at the Faculty of 
Economics and Business Administration of the Babeș-Bolyai University in Cluj-
Napoca, Romania. The conference has been designed to cater the needs of 
researchers and practitioners who empirically apply and methodologically advance 
the PLS-SEM method. It is part of a tradition of great conferences in the context of 
the PLS-SEM method such as the PLS2005 in Barcelona, Spain, the PLS2015 in 
Seville, Spain, and the PLS2017 in Macau, China. As with the previous conferences, 
the PLS2022 served as a vehicle to share and discuss new ideas, help each other, and 
explore new ideas in a friendly environment among friends.
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Photograph by Mumtaz Ali Memon, NUST Business School (NBS), Pakistan 

The diverse scientific inquiries addressed in this collection of manuscripts testify 
both the widespread adoption of the method and researchers’ interest to further 
address methodological issues in PLS-SEM. This book also supplements the 
resources available for the PLS-SEM community, which, we hope, will expand 
knowledge and foster novel research in various fields of inquiry. 

We would like to seize this opportunity to thank all the authors and the numerous 
colleagues who have devoted their time to reviewing the submissions, thereby 
helping further improving the manuscripts. Without your consolidated effort, this 
edited volume wouldn’t have been possible. Thank you! 

Cluj-Napoca, Romania Lăcrămioara Radomir 
Cluj-Napoca, Romania Raluca Ciornea 
Beijing, China Huiwen Wang 
Taipa, Macau Yide Liu 
Hamburg, Germany Christian M. Ringle 
Munich, Germany Marko Sarstedt
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Empirical Validation of the 10-Times Rule 
for SEM 

Ralf Wagner and Malek Simon Grimm 

1 Introduction 

Structural equation modeling has become indispensable in scholarly empirical 
research due to its ability to investigate latent constructs. However, researchers 
always face the central dilemma of determining a sufficient sample size to ensure a 
converting model, unbiased estimates, and sufficient statistical power. Various rules 
of thumb have been established to determine the optimal sample size, such as a 
sample of at least 200 participants (Boomsma 1983), 5–10 observations per esti-
mated parameter (Bentler and Chou 1987), and 10 observations per variable 
(Nunnally 1975). Monte Carlo simulation and the inverse square root method are 
alternative and more complex methods that require a deeper understanding of 
statistical power analysis (Ranatunga et al. 2020). 

For decades, researchers have cited the 10-times rule as representing a sufficient 
sample size in structural equation models (SEMs) (Thompson et al. 1995). The 
10-times rule suggests that the minimum sample size should be 10 times the 
maximum number of arrowheads pointing at a latent variable anywhere in the partial 
least squares (PLS) path model (Hair et al. 2021). According to Google Scholar 
(October 2022), Thompson et al.’s (1995) initial paper by has been cited over 7000 
times. However, an empirical validation of this rule of thumb is still lacking. This 
paper takes a simulation approach to validate the 10-times rule. Only a few studies 
have investigated the sample size requirements for SEMs (cf. Wolf et al. 2013; Stone 
and Sobel 1990), but no extant study has specifically attempted to validate the 
prominent 10-times rule. 

R. Wagner (✉) · M. S. Grimm 
University of Kassel, Chair for Sustainable Marketing, Kassel, Germany 
e-mail: rwagner@wirtschaft.uni-kassel.de; m.grimm@wirtschaft.uni-kassel.de 

© Springer Nature Switzerland AG 2023 
L. Radomir et al. (eds.), State of the Art in Partial Least Squares Structural Equation 
Modeling (PLS-SEM), Springer Proceedings in Business and Economics, 
https://doi.org/10.1007/978-3-031-34589-0_1

http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-031-34589-0_1&domain=pdf
mailto:rwagner@wirtschaft.uni-kassel.de
mailto:m.grimm@wirtschaft.uni-kassel.de
https://doi.org/10.1007/978-3-031-34589-0_1#DOI


4 R. Wagner and M. S. Grimm

To pursue the research question, we drew upon the European Customer Satisfac-
tion Index (ESCI) data set provided by SmartPLS 3.0 and the respective model, 
which contains 24 independent variables. We used a random algorithm to induce 
randomly missing cases (MCs) into the data set to decrease the sample size ran-
domly. A 60-times trait (N = 240) was tested against the original trait (N = 250) and 
traits with 50 times (N = 200), 40 times (N = 160), 30 times (N = 120), 20 times 
(N = 80), and 10 times (N = 40). Each trait was tested by an aggregated simulation 
of 30 data sets per trait, so that each data set had a unique pattern of MCs. We tested 
model stability by investigating the model fit indices SRMR, d_ULS, d_G, X2 , and 
NFI. It was found that the 60-times trait was nearly as precise as the original trait, 
whereas the remaining traits suffered significantly in measurement quality. 

2 Methodology 

The simulation data were evaluated using SmartPLS 4.0 and the associated ESCI 
data set and model containing 24 independent variables. All the available model fit 
indices (SRMR, d_ULS, d_G, X2 , and NFI) as well as the adjusted R2 values were 
investigated. To address the research question, we induced MCs into the original 
data set, which contained 250 cases without any missing values (MVs). The char-
acteristics of the MCs can be described by the missing completely at random 
(MCAR) condition. 

The MCAR condition requires that the probability of the MVs (and, in this case, 
MCs) in a given variable is unrelated to all other measures (Grimm and Wagner 
2020; Parwoll and Wagner 2012). This condition was ensured by using a code that 
generated randomly MCs within the spectrum of N with respect to the desired 
number of MCs. Seven traits were investigated. To prevent occasionally occurring 
patterns, 30 data sets with unique MCs patterns were generated for each trait (except 
the original trait). Accordingly, the results depict the average of 30 data sets for the 
test traits. 

3 Results 

Table 1 illustrates the results of the model fit indices as well as the respective 
differences from the original trait; Table 2 illustrates the results of the adjusted R2 

values. 
The diverse values shown in Tables 1 and 2 imply that the 60-times trait is the 

most stable in comparison to the original trait. Biases arise if the number of MCs 
increases. Because the adjusted R2 will vary according to the variable and from 
survey to survey, no general conclusion can be derived with this assessment. 
Notably, the values are increasingly biased as the number of MCs increases. The



Trait Estimates

Trait Estimates

results in Table 1 also imply that a bias is induced and increases when the number of 
MCs increases. 
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Table 1 Estimation results and differences in percentage of the model fit indices 

Model fit indices 

SRMR D_ULS d_G X2 NFI 

Original trait Estimate 0.13 5.21 0.79 993.22 0.67 

Δ 0% 0% 0% 0% 0% 

60× trait Estimate 0.13 5.21 0.81 968.59 0.66 

Δ 1% 0% 2% - 2% -1% 

50× trait Estimate 0.13 5.36 0.88 875.43 0.65 

Δ 3% 3% 12% -12% -4% 

40× trait Estimate 0.13 5.44 0.98 772.31 0.62 

Δ 3% 4% 25% -22% -7% 

30× trait Estimate 0.13 5.37 1.17 672.99 0.6 

Δ 3% 3% 48% -32% -10% 

20× trait Estimate 0.14 6.33 1.67 597.36 0.52 

Δ 10% 21% 108% -38% -11% 

10× trait Estimate 0.17 8.67 3.88 546.42 0.40 

Δ 27% 62% 339% -38% -38% 

Table 2 Estimation results and differences in percentage of the adjusted R2 values 

R2 Values 

Complaints Expectation Loyalty Quality Satisfaction Value 

Original 
trait 

Estimate 0.28 0.25 0.45 0.31 0.68 0.34 

Δ 0% 0% 0% 0% 0% 0% 

60× trait Estimate 0.27 0.25 0.68 0.44 0.31 0.34 

Δ -3% 0% 50% 43% -55% -1% 

50× trait Estimate 0.28 0.26 0.68 0.44 0.31 0.34 

Δ -1% 4% 51% 43% -54% 1% 

40× trait Estimate 0.28 0.27 0.67 0.45 0.32 0.34 

Δ -2% 7% 48% 44% 54% 1% 

30× trait Estimate 0.29 0.30 0.69 0.47 0.35 0.35 

Δ 2% 19% 52% 53% -48% 4% 

20× trait Estimate 0.28 0.28 0.68 0.47 0.33 0.37 

Δ 11% 11% 0% 4% 10% -4% 

10× trait Estimate 0.28 0.25 0.45 0.31 0.68 0.34 

Δ 0% 0% 0% 0% 0% 0% 

One-sample t-tests were computed to test the statistical significance with the 
original trait (Fig. 1), with each single trait being tested against the respective 
original trait. The t-tests were run with the original values of the respective model 
fit indices. To provide a better comparison, Fig. 1 includes percentage values that 
indicate the percentage of difference from the original value.
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Fig. 1 Direct comparison of the model fit indices with statistical significance test. Notes: 
*p < 0.05; **p < 0.01; ***p < 0.001 

The results suggest that d_G, NFI, and X2 in particular are substantially and 
significantly biased and that d_ULS and SRMR are biased if the number of MCs 
increases. Overall, the 60-times trait is the most stable in comparison to the original 
trait, even though the models are slightly skewed with respect to the indices d_G, 
NFI, and X2 . Because the NFI measure is calculated on the basis of the X2 value, the 
assessment of biases is related within that measure. The most relevant characteristic 
is the elbow that becomes apparent at the 30-times trait. 

4 Conclusion 

Challenging the common assumption that the PLS algorithm is robust against MVs 
and small sample sizes, this simulation study yields important implications for the 
theory and practice of recommending a minimum sample size. The results indicate 
that the 10-times rule is a misleading heuristic. With a decrease in sample size, the 
likelihood of biases increases. The 60-times trait performed best in this study and in 
comparison to the original trait. An elbow in the bias plot suggests that researchers 
are well advised to use at least a 30-times trait. Further research should adopt 
different models as test instances and should address the facets of statistical power 
(inverse square root of error variance) in relation to the fit statistics



(heteroskedasticity), an overfitting assessment (outer sample validation routine), 
endogeneity tests, and non-MCAR MVs. 
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1 Introduction 

Multidisciplinary approaches are now common in scientific research and provide 
multiple and heterogeneous sources of measures of a given phenomenon. These 
sources or blocks can be viewed as a collection of interconnected datasets, and 
dedicated algorithms are mandatory for providing relevant information from 
multiblock data. 

Regularized generalized canonical correlation analysis (RGCCA) is a general 
statistical framework for multiblock data analysis which gathers many multiblock 
methods (PCA, PLS, CCA, consensus PCA, PLS-PM, etc.) through a single and 
very simple iterative algorithm. The global convergence of the algorithm was 
demonstrated in Tenenhaus et al. (2017). 

However, multiblock data often have missing structure, i.e., data in one or more 
blocks may be completely unobserved for a sample (block-wise structure) or par-
tially unobserved (random structure). The probability to observe missing data 
increases with the number of blocks. It is therefore mandatory to properly handle 
these missing structures within the framework of RGCCA. 

In this work, several solutions were investigated and compared on simulations. 
An R package, “RGCCA,” implementing all the methods is under development and 
is available on GitHub (https://github.com/rgcca-factory/RGCCA). 

2 Background 

2.1 Regularized Generalized Canonical Correlation Analysis 

Let X1, . . ., XJ be J blocks of variables, each block representing a set of pj variables 
observed on n individuals. The number and the nature of the variables usually differ 
from one block to another, but the individuals must be the same across blocks. 
RGCCA is based on the following optimization problem (Tenenhaus et al. 2017). 

Maximize 
J 

j,k= 1 
cjkg cov Xj � wj,Xk � wk s:t:wt 

jMjwj = 1, 8j 2 1, . . . , Jf  

where g(x) is any continuously differentiable convex function. 
The connection matrix C = (cjk) is a symmetric J*J matrix of nonnegative 

elements describing the network of connections between blocks that the user 
wants to take into account. Usually, cjk = 1 for two connected blocks and 
0 otherwise. 

Mj is a positive definite matrix, such as Mj = τjIþ 1- τj Xt 
jXj with 0 ≤ τj ≤ 1. 

In the context of RGCCA, τj is called shrinkage constant. τj varies between 0 and 
1 and interpolates smoothly between maximizing the covariance and maximizing the 
correlation.

https://github.com/rgcca-factory/RGCCA
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In this work, we focused on the situation where τj = 1 and all blocks are 
connected or connected to a superblock, defined as the concatenation of the indi-
viduals blocks. 

2.2 Missing Data Literature 

Pigott (2001) reviewed different types of strategies to deal with missing data: 
complete data technique, technique based on available data, imputation methods 
(including expectation-maximization algorithms), and multi-imputation methods. 

2.3 Methodology 

2.3.1 Complete Data Technique (Complete) 

The complete approach consists in computing RGCCA only on the complete 
individuals. This is the simplest method and is the only one available until now. 

2.3.2 Technique Based on Available Data (Passive) 

This approach (the so-called passive) follows the approach presented in PLS-PM 
(Tenenhaus et al. 2005). RGCCA is closely related to the nonlinear estimation by 
iterative partial least squares algorithm (NIPALS; Wold 1966) as the components, 
and the axes are estimated alternatively. As in Tenenhaus et al. (2005), means and 
standard deviations of the variables are computed on all the available data; covari-
ance matrices are computed using all the pairwise available data. This pairwise 
deletion procedure shows the drawback of possibly computing covariances of 
different sample sizes and/or different individuals. 

2.3.3 Imputation Method (Iterative) 

The imputation method (Fig. 1) is iterative and based on the alternated two steps 
(i) calculating the RGCCA weight vectors wj and components yj = Xjwj and 
(ii) imputation of the missing values. This imputation was based on the hypothesis 
that each column of Xj can be estimated by a vector proportional to the RGCCA 
block component yj. This estimation is especially relevant when each block is 
unidimensional. Thus, the used reconstruction formulae for imputation was Xj = yj 
γT j where γj j is a column vector of size pj containing the regression coefficients of yj 
in the regression of Xj on yj.
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Fig. 1 Iterative algorithm for RGCCA with missing values 

This method is directly inspired by the fixed effect model used in Josse and 
Husson (2012) for PCA with missing data. However, when the missing structure is 
blockwise, this approach gives the same results for all missing individuals, even if 
they have very different (non-missing) values in the other blocks. 

To overcome this issue, we propose to use a “superblock” strategy. In the 
multiblock literature, a superblock XJ +  1  = [X1, . . .,XJ] is defined as the concate-
nation of all blocks. In this framework, each block is connected to the superblock 
(that is, cj, J + 1  = 1 for j = 1, . . ., J and 0 otherwise), and optimization problem 
(1) reduces to 

Maximize 
J 

j= 1 
g cov Xjwj,XJþ1wJþ1 s:t:wt 

jMJwj = 1, 8j 2 1, . . . , J þ 1f  

This optimization problem is fully described in Tenenhaus et al. (2017). When a 
superblock XJ +  1  is considered, the imputation is obtained by using the following 
reconstruction formulae XJ +  1  = yJ + 1  γT Jþ1, where γJ +  1  is a column vector of size 
p = Σpj containing the regression coefficients of yJ + 1  in the regression of XJ + 1  on 
yJ + 1.with an algorithm similar to Algorithm 1. 

2.3.4 Dataset Presentation 

These methods were tested on the Russett dataset, available within the RGCCA 
package. The Russett dataset (Russett 1964) are studied in Gifi (1990) and aims to 
study the relationships between agricultural inequality, industrial development, and



political instability. Three blocks of variables were defined accordingly (3, 2, and 
2 variables for agriculture, industry, and political, respectively) for 47 countries. 
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2.3.5 Comparison Method 

From the Russett dataset, 20 datasets with 5, 10, 15, 20, and 25% of random missing 
datasets were simulated. For each block, the norm of the difference between the first 
weight vector obtained from the full case wj and the one from the missing case wj is 
calculated. Consequently, the closer to 0 this norm is, the better the method is. We 
used this method to compare complete, available, iterative, and superblock 
approach. 

3 Results and Discussion 

From our simulations, it appears that the iterative algorithm (with and without 
superblock) converges monotonically. Furthermore, the simulations showed that 
the implemented methods outperformed the complete approach on Russett data 
(Fig. 2) especially for superblock or iterative method. 

Fig. 2 The norm of the difference (mean and standard error) between the first axis of RGCCA 
based on the complete dataset and the first axis of the different “missing” methods according to the 
proportion of missing values in the dataset



14 C. Peltier et al.

4 Conclusions and Implications for Theory and Practice 

This work presents different methods for taking missing values into account in 
RGCCA. The iterative method presented in this chapter gave good results on the 
Russett dataset. The convergence of this algorithm was observed but is still to be 
studied. Multiple imputations for visualizing the variability induced by the imputa-
tion could be implemented according to the model used. Furthermore, the strong 
hypothesis of unidimensionality of blocks used in this chapter could be relaxed by 
considering more than one component per block, including deflation steps in the 
iterative algorithm. Finally, this work was illustrated on the Russett dataset with a 
small number of variables, blocks, and samples, but aims to be also tested on more 
datasets. 
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Comparing Local vs Global Clustering 
with FIMIX-PLS: Application to Marketing 

Sophie Dominique, Mohamed Hanafi, Fabien Llobell, Jean-Marc Ferrandi, 
and Véronique Cariou 

1 Introduction 

The use of Partial Least Squares Structural Equation Modeling (PLS-SEM) to 
estimate model parameters with interrelationships between observed concepts and 
their corresponding latent variables has gained popularity in marketing research 
since past decades (Sarstedt et al. 2022). When applied to a set of observations, 
the determination of a single set of parameters, encompassing the latent variables 
scores and their associated path coefficients estimations, implicitly assumes that 
heterogeneity is negligible. In practice, this assumption is not realistic in the social 
sciences, and there is generally unobserved heterogeneity that can taint the validity 
of PLS-SEM results. To uncover this potential heterogeneity in the data, one can 
apply a clustering strategy that aims to identify homogeneous segments of observa-
tions sharing the same pattern relationships (i.e., the same path coefficients within a 
segment). 
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For the last two decades, several clustering techniques have been developed 
within the PLS-SEM framework, such as FIMIX-PLS (Hahn et al. 2002; Ringle 
et al. 2010), REBUS (Esposito Vinzi et al. 2008), PLS-POS (Becker et al. 2013), 
GAS (Ringle et al. 2014), PLS-IRRS (Schlittgen et al. 2016), or more recently 
PLS-SEM KMEANS (Fordellone and Vichi 2020). Undoubtedly, the finite mixture 
PLS method (FIMIX-PLS) remains the most popular of them. In FIMIX-PLS, the 
measurement model is considered common to all observations, while observations 
can differ from each other only at the structural level. This approach is well suited to 
the context of social science because it leads to the rational assumption that the 
measurement scales are identical from one segment to another and observation to 
observation. 

Going further, in some situations, heterogeneity can be concentrated only in a part 
of the structural model and not affect the entire set of path coefficients parameters. 
This leads to determining part of the path coefficients as common to all the 
observations and the other part as parameters reflecting heterogeneity, which 
depends on the observation segments. A marketing expert’s knowledge is required 
to identify the constant and variable parts of the model for all observations. Our work 
aims to adapt FIMIX-PLS procedure so that the segmentation is only performed on a 
subpart of the structural model. Subsequently, local partitioning is introduced as a 
moderating variable in the PLS-SEM applied to all the observations. We advocate 
such a rationale to provide clusters, which aim to be more stable and interpretable. 
This strategy is illustrated using a case study pertaining to marketing. Local vs global 
partitioning with FIMIX-PLS are compared both in terms of interpretability and 
model quality. 

2 Methodology 

This analysis was carried out on a sample of 315 French people who are members of 
a CSA (Community Supported Agriculture) in Nantes in 2011 (Dufeu and Ferrandi 
2013). CSA belongs to the family of short supply chains, with products sold directly 
from producers to consumers. Their members are generally opposed to other modes 
of retailing, particularly mass distribution. Mainly based on the principle of mutual 
commitment of both parts, CSA seeks to create strong links and proximity between 
producers and consumers. 

The objective of this study on the Nantes CSAs was to model the link between the 
proximity perceived by members toward their CSA and their trust, satisfaction, and 
commitment in this CSA that are the key variables of relational marketing. 

In marketing the concept of proximity is composed of several dimensions. 
Beyond the geographical proximity, the direct and repeated exchanges between all 
the actors (relational proximity), the sharing of values (identity proximity), and the 
knowledge on the production and distribution process (process proximity) are the 
dimensions evaluated in our work (Bergadaà and Del Bucchia 2009). They can all 
constitute antecedents of trust, satisfaction, and loyalty. Figure 1 represents the path
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diagram associated with the six latent concepts detailed above. Trust, satisfaction, 
and commitment are the founding concepts of relational marketing and are therefore 
common to all segments that can be defined.
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The first subpart of the model was chosen to segment the respondents. Indeed, 
proximity is considered here as an antecedent of the relationship marketing chain; 
thus, we assume that heterogeneity lies mainly on the relationships between prox-
imity and trust. A first partitioning algorithm was carried out on this subpart of the 
model leading to a so-called local partition. 

In parallel, a global partition was determined on the basis of the complete 
structural model. To compare the two strategies, parameters associated with the 
complete structural model were estimated independently for each segment of the 
local partition. Finally, the two partitions obtained (local vs global) were compared 
in terms of path coefficients and variance accounted for (R2 ). Both partitions were 
obtained with FIMIX-PLS algorithm implemented in the SmartPLS software. 

3 Results and Discussion 

The partition obtained from the sub-model consisted of two segments. In contrast, 
the segmentation on the complete model led to retain identified three segments of 
observations. This number of segments was chosen with the BIC and CAIC indices 
(Sarstedt et al. 2011). 

3.1 Global Partition 

The global partition consists of one main segment (N1 = 201) and two smaller ones 
(N2 = 80 and N3 = 34). Table 1 presents the results of the model associated with 
each cluster. 

The first segment is characterized by a valuation of process and identity proxim-
ities (path coefficient, respectively, equals to 0.630 and 0.252). By feeling close to 
these dimensions, consumers are confident in their CSA which in turn leads to 
increased satisfaction and commitment. The R2 values for each latent variable are 
greater than 0.6, indicating that they are well explained by the variables directly 
related to them and therefore that the structure model associated with segment 
1 performs well. 

Only the identity dimension of proximity explains the trust of segment 2 con-
sumers (path coefficient = 0.347). Notwithstanding, proximity alone explains the 
trust dimension poorly (R2 = 0.147). 

Finally, the last segment is characterized by a strong valuation of identity 
proximity associated with a lower valuation of relational proximity. Moreover, the 
R2 values are very close to 1; this indicates that the model is fully explained by the 
relationships defined between the latent variables, which is difficult to achieve in



practice. Moreover, one emphasizes the small size of the segment (N3 = 34). 
Focusing on the optimization of the structural model, the FIMIX-PLS strategy has 
led to a partition with a very specific cluster corresponding to an overfitted model 
with R2 close to 1. 
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Table 1 Results of the global partition models 

Segment 1 (N = 201) Segment 2 (N = 80) Segment 3 (N = 34) 

Path coefficient 

Relational prox. → Trust 0.074 -0.149 0.130* 

Identity prox. → Trust 0.252*** 0.347* 0.914*** 

Process prox. → Trust 0.630*** -0.055 -0.012 

Trust → Satisfaction 0.911*** 0.648*** 0.957*** 

Satisfaction → 
Commitment 

0.811*** 0.798*** 0.999*** 

R2 

Trust 0.774 0.147 0.919 

Satisfaction 0.831 0.420 0.916 

Commitment 0.658 0.636 0.998 

Notes: *p-value < 0.05; **p-value < 0.01; ***p-value < 0.001 

3.2 Local Partition 

The local partitioning strategy, that is, to say on the first part of the structural model 
as shown in Fig. 1, led to consider a partition with two clusters whose respective size 
are N1= 228 and N2 = 87. The results associated with the two models are figured out 
in Table 2. 

In the largest segment, all three dimensions of proximity are antecedents to the 
concept of trust, with the proximity of the process being particularly important to the

Table 2 Results of the local partition models 

Segment 1 (N = 228) Segment 2 (N = 87) 

Path coefficient 

Relational prox. → Trust 0.154*** -0.245* 

Identity prox. → Trust 0.234*** 0.425*** 

Process prox. → Trust 0.634*** -0.204* 

Trust → Satisfaction 0.869*** 0.746*** 

Satisfaction → Commitment 0.844*** 0.804*** 

R2 

Trust 0.857 0.250 

Satisfaction 0.755 0.556 

Commitment 0.712 0.646 

Notes: *p-value < 0.05; **p-value < 0.01; ***p-value < 0.001



Segment 1 Segment 2 Segment 3 Total

trust that consumers place in their CSA (path coefficient = 0.634). The quality of the 
structural model related to this segment is satisfactory, with R2 values greater than 
0.7.
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The smallest segment values only identity proximity (path coefficient = 0.425). 
The negative sign of the path coefficients linking process and relational proximity to 
trust may reveal that consumers have more trust if they share the company’s identity 
values, but less if the process and relational proximity dimensions are present. 

3.3 Local Partition and Global Partition 

By comparing the sizes of both partitions, in Table 3, we notice that segments 1 and 
2 of each partition group have the same observations. Moreover, the Adjusted Rand 
Indices (ARI) and Normalized Mutual Information (NMI) are satisfactory, and thus 
the two partitions are close (ARI = 0.32, NMI = 0.23). 

From Table 3, it can also be seen that the third segment obtained in the global 
partition is included into the first segment of the local partition. The average R2 of 
each segment of the local partition is greater than that obtained with the global 
partition (segment 1: R2 

local1 = 0:775 vs R2 
global1 = 0:754; segment 2: R2 

local2 = 0:484 vs 

R2 
global2 = 0:401). Furthermore, we achieve a larger value for the local partition by 

computing the average of the R2 weighted by the number of observations on all 
clusters of each partition (weighted R2 

local = 0:694 vs weighted R2 
global = 0:685 ). 

Therefore, the local partition that groups segment 3 into segment 1 performs better. 
Thus, this tends to confirm our hypothesis that this third cluster is probably an 

artifact. The strategy of performing a partition on a subpart of the structural model 
improves both the quality of the segmentation and its interpretability. 

To conclude, local partitioning aims at bringing a prior knowledge on the source 
of the heterogeneity by imposing constraints on the structure for the determination of 
the path coefficients. These constraints consist in imposing some of the path 
coefficients to be common for all segments. The underlying constraints aim at 
(1) improving the quality of the partition and (2) facilitating the interpretation of 
the clusters obtained. 

Future works are needed to directly take into account this a priori knowledge to be 
integrated as constraints within the FIMIX-PLS clustering criterion. 

Table 3 Cross-tabulation of the size of the two partitions 

Global partition 

Local partition 

Segment 1 177 21 30 228 

Segment 2 24 59 4 87 

Total 201 80 34 315
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Partial Least Squares Structural Equation 
Modeling-Based Discrete Choice Modeling: 
An Illustration in Modeling Hospital Choice 
with Latent Class Segmentation 

Andreas Fischer, Marcel Lichters, and Siegfried P. Gudergan 

1 Introduction 

Understanding and predicting individual choices—such as those between different 
means of transport, hospitals, or retailers—is extremely important in business 
research (Louviere et al. 2008). One commonly used method to explain and predict 
consumer choices is discrete choice modeling (DCM), first introduced by Luce and 
Tukey (1964), formalized by McFadden (1974), and introduced to marketing as 
choice-based conjoint (CBC) analysis by Louviere and Woodworth (1983). This 
method allows researchers to estimate the relative likelihood of choosing one option 
from a set of alternatives. This allows for estimating the utility values (i.e., prefer-
ence of an attribute level over others, usually zero-centered within each attribute) and 
determining every attribute’s relative importance weight (i.e., the importance of 
every attribute as a whole in the consumer’s decision process) (Train 2009).
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However, since DCM provides results on an aggregated data level, researchers often 
use the latent class analysis (LCA) introduced by Greene and Hensher (2003) or  
hierarchical Bayes analysis (Lenk et al. 1996) to uncover distinct segments of 
individuals in the dataset. As an advantageous alternative, Hair et al. (2019a) suggest 
using partial least squares structural equation modeling (PLS-SEM) (Hair et al. 
2016a, 2019b) for the estimation of individuals’ preference functions drawing on 
discrete choice experiment (DCE) data. This method permits estimating the coeffi-
cients and the importance of both the attribute levels but also the entire attributes. In 
this research, we substantiate that LCA using PLS-SEM produces similar results 
compared to those generated using conventional DCM. An advantage of using 
PLS-SEM draws on its capability to reveal segments in consideration of the relation-
ships between attributes as a whole (rather than attribute levels) and the choice 
variable. Thereby, the segmentation approach allows for uncovering segments with 
segment-specific differences related to the entire attribute rather than certain attribute 
levels when using conventional DCM. Specifying segments based on whole attri-
butes is beneficial for describing and characterizing segments, interpreting results, 
and drawing conclusions.
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2 Methodology 

Our illustrative application of PLS-SEM in LCA utilizes DCE data from the 
healthcare sector. The model focuses on the choice of patience between different 
hospitals in Germany. Schuldt et al. (2017) estimated patient choices concerning 
hospitals, using a sample of 590 randomly selected participants in three different 
German cities of the federal state Saxony-Anhalt, which responded to the DCE study 
in a “paper-and-pen” questionnaire. Within this study, each participant provided 
answers to eight choice tasks, comprising two options each. Four attributes described 
each option (distance to hospital, information, number of treatments, and complica-
tion rate). Each of these attributes had two levels (distance 1 km or 20 km to hospital, 
high or low level of information for treatment, high or low number of treatments per 
year, high or low rate of complications). The authors used Sawtooth Software 
Lighthouse Studio Sawtooth Software (2019) to create individualized choice designs 
according to a balanced overlap strategy (Johnson et al. 2013; Orme and Chrzan 
2017). 

3 Results 

For the DCM analysis, we revert to the results presented by Schuldt et al. (2017). 
These authors used a mixed effect logit model with a random effects intercept to 
estimate attribute level utilities and the relative importance of each attribute. The 
PLS-SEM results reported here draw on the use of SmartPLS 3 (Ringle et al. 2015).



Figure 1 shows both the importance weights of our estimates and those of the 
estimates of Schuldt et al. (2017). The differences are very small and play no role 
in the interpretation of results. The complication rate is the most important attribute, 
followed by information and the number of treatments, and then distance. 
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Fig. 1 Comparison of importance weights 

Table 1 Part worth utilities and segment sizes PLS-SEM 

Attribute Attribute level 1 2 3 4 

Part worth 
utilities 

Distance 1 km 0.054 0.182 0.019 0.00 

20 km -0.054 -0.182 -0.019 0.00 

Information on 
treatment 

Brief 0.151 0.161 0.642 0.00 

Detailed -0.151 -0.161 -0.642 0.00 

Number of 
treatments 

More than 
100 times 

0.127 0.254 0.106 0.00 

Less than 
50 times

-0.127 -0.254 -0.106 0.00 

Complication rate Low 0.659 0.227 0.200 1.00 

High -0.659 -0.227 -0.200 -1.00 

Segment size 46.8% 36.4% 14.1% 2.7% 

A LCA allows for uncovering distinct segments of individuals with different 
preferences. Based on the latent variable scores we run a LCA by using the statistical 
software R (R Core Team 2019) and the flexmix package (Grün and Leisch 2007). 
Table 1 shows the results of the four-segment solution, Table 2 presents the results 
from Schuldt et al. (2017), which rely on LCA model proposed by DeSarbo et al. 
(1995) and implemented in Sawtooth Software Lighthouse Studio (Sawtooth Soft-
ware 2019). In contrast to the traditional LCA, our method reveals segments at the 
level of path coefficients in the PLS-SEM and the level of attributes in the DCM.
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Table 2 Part worth utilities and segment sizes (Schuldt et al. 2017) 

Attribute Attribute level 1 2 3 4 

Part worth 
utilities 

Distance 1 km 0.511 -0.084 1.103 1.170 

20 km -0.511 0.084 -1.103 -1.170 

Information on 
treatment 

Brief 1.173 0.913 0.882 0.218 

Detailed -1.173 -0.913 -0.882 -0.218 

Number of 
treatments 

More than 
100 times 

0.906 0.466 2.505 -0.173 

Less than 
50 times

-0.906 -0.466 -2.505 0.173 

Complication rate Low 3.103 0.616 1.885 0.263 

High -3.103 -0.616 -1.885 -0.263 

Segment size 60.1% 20.3% 11.0% 8.7% 
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Fig. 2 Importance weights Segment 1 

Figure 2 shows that the estimated relative importance scores for the largest 
segment are almost identical when comparing both methods. The complication 
rate is the most important attribute, after that information on treatment, then the 
number of treatments, and subsequently distance. The differences between the two 
methods play again no role in the interpretation. The results for the other segments 
are, however, different. While the coefficients have consistent signs, they differ in 
magnitude. The segment sizes are also different, but with both methods the largest 
two segments cover more than 80% of the individuals. 

A closer look at the smallest segment—based on PLS-SEM estimation—offers, 
however, interesting insights. For each respondent, in this segment, each individual 
choice set throughout the DCM study presented one option with a high and a low 
complication rate alternative and the respondents choose systematically the alterna-
tive with the lower complication rate. Thus, our PLS segmentation successfully



identified decision-makers with non-compensatory decision-making behavior. 
Schuldt et al. (2017) did not reveal this segment. 
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Table 3 Fit indices for a one- to four-segment solution 

Number of segments 

Criteria 1 2 3 4 

AIC 10559.642 9932.747 -7810.799 -7982.517 

BIC 10595.405 10011.427 -7689.203 -7818.005 

EIC Na 0.815 0.793 0.781 

To determine the optimal number of segments, Table 3 shows the Akaike 
information criterion (AIC; Akaike 1974), Bayesian information criterion (BIC; 
Schwarz 1978), and entropic information criterion (EIC; Ramaswamy et al. 1993) 
for a one- to a four-segment solution obtained by PLS-SEM and flexmix. In line with 
the original study, also our segmentation method would suggest four distinct seg-
ments of respondents. 

For the selection of the number of segments, a deeper understanding of the 
information criteria is, however, important (Oliveira-Brochado and Vitorino Martins 
2014). Information criteria are not always useful to determine the optimal numbers 
of segments, because they don’t take into account, how well separated the segments 
are (Hair et al. 2016b). Further research is needed to understand the performance of 
the information criteria in the use of PLS-SEM in DCM. 

4 Discussion 

With this chapter, we substantiate the suitability of PLS-SEM to estimate DCMs 
drawing on DCE data. The DCM and PLS-SEM results are comparable to other 
estimation methods; in this case, a multilevel mixed-effects logit model and a LCA, 
drawing on Sawtooth Software Lighthouse Studio. Using PLS-SEM is promising, 
because it reduces computational runtimes as compared to hierarchical Bayes esti-
mation, while at the same time, it reduces complexity by focusing on the attribute 
and not on the attribute level. Furthermore, the use of PLS-SEM enables the 
researcher to model latent benefit dimensions, by combining multiple attributes 
into a higher-order construct, when appropriate. More importantly, we show that 
PLS-SEM in combination with the LCA permits to uncover meaningful and distinct 
segments in the DCE data and allows uncovering of unobserved heterogeneity. 
Unobserved heterogeneity is a validity threat in statistical analysis (Becker et al. 
2013). The estimation of DCM with PLS-SEM enables the researcher to conduct 
respondent-specific analysis (e.g., calculating individual R2 values to uncover indi-
vidual choice behavior) to develop a deeper understanding of the choices. 

These findings are important on a practical level, as they enable companies, for 
example, to target individuals belonging to different segments. On a theoretical 
level, they enable researchers to understand more about the choice process



(non-compensatory decision-making) and the advantages and disadvantages of 
different estimation methods. Nonetheless, some limitations pertain to the results 
that we are presenting here. First, we need to further analyze the differences between 
traditional LCA and our method, and we need to more fully understand, which data 
structures are better uncovered with our or the traditional method if the data structure 
conditions the suitability of a particular method. For instance, does the decision-
making approach (compensatory versus non-compensatory) affect the suitability of 
employing PLS-SEM for the estimation of choices? 
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The Use of PLS-SEM in Engineering: 
A Tool to Apply the Design Science 

Ari Melo-Mariano and Ana Bárbara Plá 

1 Introduction 

The growth in using PLS-SEM in the social sciences is a fact. Hair et al. (2019a) 
explain that since 2015 there has been a significant advance in the number of 
published papers in the social sciences area, which evidences the growth of the 
method’s importance. However, PLS-SEM use has not been limited to the social 
sciences; it has demonstrated its use’s versatility in distinct areas such as Knowledge 
Management (Cepeda-Carrion et al. 2019), Hospitality and Tourism (Usakli and 
Kucukergin 2018), Information Systems Research (e.g., Hair et al. 2017), Psychol-
ogy (e.g., Willaby et al. 2015), Medicine (e.g., Menni et al. 2018), and Engineering 
(Aibinu and Al-Lawati 2010; Durdyev et al. 2018). 

The adaptability of the PLS-SEM method to different contexts demonstrates its 
flexibility in different knowledge areas, positioning it as a “border” tool once it can 
consolidate different science fields, becoming applicable in contexts where the limits 
between one science field and another are not well known, as Industry 4.0, or even in 
the large data volume, as Big Data. 

According to Schwab (2019), to think about Industry 4.0 is to comprehend the 
increasing harmonization and integration in the different areas’ discoveries making 
the fourth industrial revolution unique, the fruit of innovation that resulted from 
these technologies collaborations from distinct areas that are already real and are 
transforming the society. 
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Industry 4.0 has been a significant engineering concern, mainly as regards the 
interconnection with other knowledge areas and the need for a greater comprehen-
sion of the production context. 

The same interaction inquiries between the areas occur in the data context 
currently receiving the title of Big Data. For example, Shmueli (2017) explains 
that one of the Big Data challenges is in the integration of different data sources 
(with different volumes, variety, and velocity), many times unknown for the Engi-
neering, that is used to work with inanimate data, which can generate erroneous 
analyses when not considering behavioral aspects. 

These Engineering challenges favor the search for models and methodologies that 
dialogue well with different knowledge areas, maximizing results for the research in 
the area. Engineering has been using a few decades of distinguished research 
approaches compared to the natural sciences, the Design Science Research. Dresch 
et al. (2015) explain that traditional scientific research presents descriptions and 
explanations about existing phenomena, but Engineering is not limited to existing 
phenomena and systems. It also includes the project and study of phenomena and 
objects that do not exist yet but will be created by the engineer for the common good, 
which shows the need for a distinguished research approach. Thus, Engineering 
research assumes a position based on an artifact that should be developed, validated, 
and applied, generating an impact on society. 

The new challenges faced by Engineering and its research assumptions based on 
design approximate the knowledge area to the current understanding of PLS-SEM 
from the composites’ perspective (Henseler 2017; Schuberth et al. 2018), by 
adopting the view of artificial sciences, advocated by Simon (1978), separating 
what is natural from what is artificial. 

This research seeks to answer the question: How can the PLS-SEM be inserted in 
the scientific research context in Engineering? 

The existing Engineering context is marked by Industry 4.0 and a significant data 
background (known as the Big Data era), which sometimes favors exploratory 
research, sometimes confirmatory research, with new constructs, experimental 
models, or almost experimental, and mainly the scarcity of consolidated literature. 
These premises can be well developed in the PLS-SEM context. This way is possible 
to comprehend how the PLS-SEM can be a useful Engineering tool that can 
collaborate with a better understanding and management of the borders between 
the different knowledge areas and kinds, being a connection point and favoring in a 
certain way the areas in which Engineering will be connected with to overcome the 
new challenges. 

Thus, this chapter aims to realize the methodological connections between the 
PLS-SEM and Engineering through Design Science. 

This chapter is divided into one chapter of background, followed by methodol-
ogy, results, and discussions, and finally, the conclusions and implications for theory 
and practice.
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2 Background 

2.1 Design Science 

According to Dresch et al. (2015), the concept of Design Science (or project science) 
was born from observations of the Nobel Prize winner Herbert Simon, from what he 
interprets as Artificial Science, a book launched in 1969. In this work, he detaches 
what is natural from what is artificial regarding the research object. 

In this new context, the artificial is everything that is idealized/designed by man, 
as machines, organizations, and economy, and in this way, the research engages in 
the study of the creation and projection of new artifacts, or yet, to support the actual 
problem solving that is not sustained by the paradigm of the natural sciences (Dresch 
et al. 2015). 

Aken (2004) describes the design science concept, which includes engineering, 
medical sciences, and modern psychotherapy, and has as its research mission: 
develop valid and reliable knowledge to design solutions to problems. It is empha-
sized that the goal is not the action itself but the knowledge that will be generated and 
could be used to design new solutions, and then, it will be made an action from that 
point. 

Design Science is a scientific paradigm that emerges to help researchers with a 
goal, a prescription, and, consequently, the creation of knowledge about how to 
project (Cauchick et al. 2019). It is an approach alternative that promotes investiga-
tions through artifacts that will contribute to the creation of new systems or in the 
improvement of the existing ones, aiming for better results in the actual problem 
solving, differentiating from the natural sciences that aim the study of known 
phenomena and problems, and abandoning the concept of new. 

This way, artificial science sees the actions involving man as artifacts, a connec-
tion between the internal environment (artifact organization) and external environ-
ment (operating conditions), projected to answer a particular purpose that should be 
validated and given a satisfactory solution. 

This construction character favors Engineering research, mainly artifacts in the 
solution creation context. This way to think about models created as ingredients of a 
construct is to think in artifacts and, at the same time, in composite models of free 
constructions, typical of Engineering use. 

Design Science as a research approach operationalizes its stages in a context 
called Design Science Research, which is essential to comprehend the difference 
in the use of both terminologies (one as a method and the other as steps to the 
method).
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2.2 PLS-SEM (Partial Least Square-Structured Equation 
Model) 

The technology increment and the need to improve the understanding of data to 
decision-making has caused a search for methods to project and deliver relevant 
results. In this context emerges the partial least square structural equation 
modeling—PLS-SEM, a union of two critical areas, the econometrics, utilizing 
predictive models, and the psychometrics, using behavioral models (Hair et al. 
2019a). 

Structural equation modeling (SEM) is a technique that allows the analysis of 
multiple relations between factors that are not observable and are challenging to 
measure through variables that function as indicators. Equations are used to evaluate 
the relationship between these variables using a statistical toolset. 

The variables represent constructs, which are the unobservable factors that will be 
analyzed. The SEM then enables modeling and estimating parameters of the relation 
between the constructs. 

Henseler (2017) defines construct as “constructions that are theoretically justi-
fied.” In other words, it is a term that describes an event that generates theoretical 
interest. Usually, the constructs are formed by measures made by observation or 
indicators that can represent the concepts. 

The SEM realized through the partial least squares (PLS) method becomes a 
technique that can estimate the cause-and-effect relationship between the constructs 
(Hair et al. 2012). The PLS cannot represent visual concepts in complex models. 
However, according to Shmueli et al. (2016), the PLS can “produce parameter 
estimates of complex models without many of the distributional and other con-
straints of traditional parametric methods.” 

The PLS-SEM is more attractive primarily when the research goal focuses on 
predicting and explaining the variance of the primary constructs through the differ-
ent explanation constructs (Hair et al. 2012). 

Usually, the constructs that study behavior are treated via common factors, but in 
recent years, composite models have been discovered. Behavioral constructs are, 
generally, latent variables that can be understood and ontological entities, that is, of 
the science of being, as people’s attributes. However, the design constructs are 
created as the fruit of thinking (composite constructions) (Henseler 2017), the 
same as the artifact in Design Science. 

Similar to the Design Science concepts, the PLS-SEM has its models anchored in 
artifacts that should be identified in the literature, developed, validated, and applied, 
delivering valuable results.
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3 Methodology 

This was exploratory research with a qualitative-quantitative approach. It was 
conducted in three steps: first, describing the principles of Design Science and 
PLS-SEM; second, presenting the principles of Design Science and PLS-SEM to 
15 professionals and professors from different engineering fields to opine about the 
principles’ adhesion; and third, conducting a systematic review through an adapta-
tion of the theory of consolidated meta-analytical approach from Mariano and 
Rocha (2017). 

In step 1, many principles were searched in article databases, getting to books 
(that had to be acquired by the researchers) that explained the concepts of Design 
Science and PLS-SEM in a more didactic way, which was very important to step 
2, since the experts and professors evaluations depended of the understanding of 
both approaches. In step 2, professionals and professors from different Engineering 
areas were searched in person and sometimes online. The information contained in 
the Background section of this article and the Design Science stages was presented to 
them, named Design Science Research. Some of the interviewees requested addi-
tional material, such as Henseler’s articles. These results showed opinions about the 
possible connections between Design Science and PLS-SEM in a text presented in 
the results section. 

Finally, step 3 is through a systematic review of Web of Science (WoS) and 
Scopus databases. The review was made using the strings presented by Khan et al. 
(2019) (“partial least squares structural equation modeling” or “partial least squares 
structural equation modeling” or “partial least squares path modeling” or “partial 
least squares path modeling” or “PLS path modeling” or “PLS path modeling” or 
“path model with latent variables” or “PLS-SEM” or “PLS path model” or “PLS-
PM” or “SmartPLS” or “PLSgraph” or “PLS-Graph” or “XLSTAT” or “semPLS” or 
“matrixpls” or “ADANCO” or “PLSgui” or “PLS-GUI” or “LVPLS”). 

All the papers in Engineering areas in Scopus and WoS were filled with the search 
endings referring to PLS-SEM to understand the evolution and use of the method in 
Engineering after that. They analyzed the authors through the number of quotes to 
have a cluster of the most influential authors (Fig. 1). 

The four clusters were analyzed to understand the ecosystem in which all the use 
of PLS-SEM in Engineering was organized. 

Finally, the union between Design Science and the terms that refer to PLS-SEM 
was sought to understand what had already been done from this perspective 
(although it was presented last, it was one of the first steps in this chapter, which 
motivated the work due to the insufficient number of indexed articles). 

To analyze the quote network between authors, it was used the VOS viewer. The 
VOS viewer is free software available to create and visualize bibliographic maps. 

According to Van Eck and Waltman (2009), the VOS viewer allows the biblio-
graphic map to be shown in different ways, reinforcing an aspect that would prefer. 
This allows analysis with more options. In general, it indicates a large amount of data 
uses, but its use is also beneficial in cases of little data.
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Fig. 1 Research PRISMA process adapted 

4 Results and Discussion 

4.1 Similarities Between Design Science and PLS-SEM 
(Partial Least Square-Structured Equation Model) 

A first impression is that Design Science is defined through an organization from the 
bottom up. This organization begins with artifacts following constructs, models, 
methods, instances, and design propositions (Cauchick et al. 2019):

• Construct: Concepts used to describe problems or specify solutions.
• Models: Set of elements and relations that represent the general structure of 

reality.
• Method: Set of logical steps needed to effectuate a specific activity.
• Instances: Execution of the artifacts in their natural environment, highlighting the 

viability and efficiency of the artifacts.
• Design proposition: Technological rules or project rules are considered theoret-

ical contributions of Design Science.
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The research with the Design Science approach is oriented to problem-solving, 
being of practical nature. With the creation of artifacts support, these solutions aim to 
benefit society increasingly. This organization resembles the modeling phases of the 
PLS-SEM. 

A second impression about Design Science is that the solution it develops doesn’t 
have to be a great solution but a satisfactory one. In other words, it means that the 
main goal is to solve the problem, not necessarily that it is made in the better way it 
can, which could have impediments to its application in the real world. In the same 
way, the PLS-SEM is flexible and can present different solutions in different 
contexts of the research, such as confirmatory, exploratory, predictive, explanatory, 
and descriptive (Henseler 2018). 

According to Dresch et al. (2015), the result is considered satisfactory to Design 
Science when there is a consensus that there is a progress in the solution achieved 
with the new artifact, in comparison with previous solutions, when exists solutions 
exist. 

Another factor to be seen is related to Design Science Research, the stages of 
Design Science. From the comprehension of the Design Science concept, which is a 
paradigm, it is possible to understand Design Science Research, a research method-
ology that applies Design Science. Therefore, it is a suggested structure when one 
wishes to prescribe solutions or to develop and/or analyze artifacts (Aken 2004). 

In Fig. 2, it is possible to verify the steps needed to execute the Design Science 
Research. The methodology starts with problem identification, which consists in 
identifying, structuring, and comprehending the situation which it is intended to 
present a solution. Problem understanding is essential to creating a valuable and 
proper solution. Then it must be done a systematic review of the literature, to 
justifying all the research that will be done, in other words, to ground the ideas 
that will be presented in the paper. 

The next step is to identify options for artifacts to be developed to solve the 
problem previously detected. This step is usually creative and subjective. After 
analyzing the options, a proper artifact must be proposed. Finally, with the artifact 
defined, the project to develop the artifact must be created. In Design Science 
Research, the researcher also has the role of an artifact designer. 

According to the interview, both steps occur accordingly to what occurs in the 
PLS-SEM because the relations between the model’s variables must be guided by 
the scientific literature or through specialists that can ensure the relation (Hair et al. 
2019a). 

The next step consists of the execution of the project that will result in the 
development or construction of the artifact chosen in its functional state. The 
researcher constructs the internal environment of the artifact through algorithms, 
graphic models, mockups, and other available tools. 

In order to validate the artifact, the next step is to evaluate the artifact. After 
defining the requirements that should be validated and which is the desirable 
performance of the artifact, the artifact should be evaluated to see if it meets what 
is expected of it. Finally, the explicit learnings must be executed after the evaluation



since it is through it that the improvements needed can be perceived, avoiding 
problems in the future use of the artifact. 
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Fig. 2 DSR Methodology. Source: Cauchick et al. (2019) 

It was noticed that this same process of validation occurs inside the PLS-SEM, 
through the reliability (individual, internal), validity (convergent, discriminating), 
and multicollinearity, to all the A mode and B mode, with the validity in a construct 
level and indicator level (Hair et al. 2019a, b). 

To start the conclusion, all the things that occurred during the research should be 
reported. After that, the generalization to a problem class should be made. It must be 
said that the technological rule quoted by Aken (2004) is defined as “a general 
knowledge that connects an artifact with a result desired in an application field.” He 
says that a technological rule is a primary product of Design Science, which is the 
same as the generalization of a problem class. In other words, this stage is about the 
fact that the solution found is not necessarily just a specific solution to a problem but 
the knowledge that could be applied to a problem class similar to the problem faced. 

Lastly, the results obtained must be reported. Worth it to say that the paper must 
be accessible and must have a description of what has been done and of all the results



found, including problems and limitations faced, since this information will help 
new research and new pieces of knowledge. 
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The comparison analysis noticed that besides the creation of the artifact as a result 
of the Design Science Research to solve problems, there is also the generation of 
prescriptive knowledge that meets the same goal of the artifact lined up with the 
PLS-SEM context. 

This way, it can be perceived that both contexts are connected through its 
application stages, making the PLS-SEM a method that incorporates the Design 
Science principles. 

Once the comparisons were finished, a vision was made of the PLS-SEM use over 
the years in Engineering and its evolution of publications and quotes between 
authors in Web of Science and Scopus, finishing with the use of the PLS-SEM in 
Engineering through Design Science. 

The results demonstrate that the oldest record is the Web of Science database in 
the Engineering field, using PLS-SEM in the article “Partial Least-Squares Path 
Modeling with Latent-Variables” by Gerlach et al. (1979). In this work, the authors 
explain that the partial least squares model is a solution to evaluate complex models, 
ensuring an evaluation through many sources. This way, it can be perceived that the 
PLS-SEM can offer solutions to complex models, being very useful to the current 
challenges, like Industry 4.0 or Big Data, because in both situations, complex 
models are treated, making the PLS-SEM become a border tool, consolidating 
different kinds of knowledge. 

The oldest paper about PLS-SEM + Engineering in the Scopus database is 
“Transnational terrorism: Prospectus for a causal modeling approach” by Hopple 
(1982), where the author proposes a causal model to comprehend the causes of 
transnational terrorism. The author explains that the difficulty of this type of model 
needs a softer modeling, ensuring flexibility to its calculus. Furthermore, the creation 
of models is a human artifact, considered an artifact or artificial object. These 
concepts agglutinate the proximity between Engineering through Design Science 
and the PLS-SEM. 

The most quoted record in the Web of Science database in the Engineering field 
was the paper “Using PLS path modeling in new technology research: updated 
guidelines” (490 quotes) by Henseler et al. (2016), where authors ratify the increas-
ing use of the tool in the technology field. In the paper, the authors discuss the recent 
developments in the structural equations via variance area and the possibility of 
working with composites and factors, being characterized as a formidable statistical 
tool. It can be perceived that working with composites shows up again as a 
preponderant factor in the use of techniques in Engineering. 

In the Scopus database, the most quoted record is the book Modelling Transport 
(1524 quotes) by de Dios Ortúzar and Willumsen (2011), where the authors present 
different kinds of modeling to private and public sectors, providing depth in each 
topic, pedagogically, with the discussion of the role of theory, data, model specifi-
cation, estimative, validation, and application. This way, it can be noticed that the 
models always followed different Engineering areas, translating the recreation of the



real in models (artificial design) comprehensible and feasible to be manipulated on a 
smaller scale, ensuring simulations and observations. 
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Fig. 3 Publication of articles per year in Scopus and WOS 

The publications with the use of PLS-SEM in both databases present growth in 
Engineering, getting to 73 in Web of Science in 2019 and 68 in Scopus (Fig. 3). 

The Web of Science database offers the distinction between the different areas of 
Engineering. This way was possible to count that from the 334 records, 114 papers 
belonged to Industrial Engineering, 80 to Electrical Engineering, 51 to Civil Engi-
neering, and 45 to Environmental Engineering, and the rest was divided between the 
other areas. 

This way, it can be noticed that the use of PLS, at least in the WoS, is diffuse 
between the different areas of Engineering. Therefore, it generated two network 
maps to find the relationship between authors and discover the central quote core 
(Fig. 4). 

The first cluster is revealed by the papers of Ooi and followers, with the approach 
of the effects of new technologies and the way of accepting and using via structural 
equations. Gunasekaran forms a second cluster, where evaluated questions related to 
manufacturing, such as Lean and green product development. Fifty percent of the 
author’s papers are made in Brazil, with the collaboration of Brazilian authors. The 
Chong nucleus approach papers focus on innovation in the supply chain. Finally, the 
Henseler kernel, in which composite-type structural equation models adhering to 
Design Science Theory is shown. The Henseler cluster seen in zoom also reveals the 
participation of Ringle presents in his paper “Gain more insight from your PLS-SEM 
results The importance-performance map analysis,” the IPMA tool, inside the 
SmartPLS software, transforming the results in a business application by revealing 
the variables or indicators that must be prioritized, ratifying once again the use of



PLS-SEM in Engineering, once the Design Science always defends final results of 
their studies, applicable. 
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Fig. 4 Network of WoS quote relation. Source: Extracted from Vosviewer 

Fig. 5 Network of Scopus quote relation. Source: Extracted from Vosviewer 

In the same way, an analysis of the network of authors about the quote dynamic in 
the Scopus database was made. It found four different nuclei (Fig. 5). 

It can be noticed that Wamba and Gunasekaran formed the nucleus one. Wamba 
approaches analysis via PLS-SEM to the business performance in different strategic 
contexts, such as Big Data analysis, senior management commitment to



environmental issues, and quality dynamics. Gunasekaran repeats the work identi-
fied in WoS and additionally is a coauthor of the paper about PLS-SEM and Big 
Data. Lai brings studies related to China and mainly in the operations area. Muller 
works with the study of the supply chains, mainly studying providers. 
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Bamgbade is shown in a cluster studying external and internal factors linked to 
sustainability in construction. Moreover, finally, Henseler, shows up with most of 
the papers found in WoS, but with the addition of one editorial about the use of 
PLS-SEM in the industrial ambit, published in Industrial Management and Data 
Systems (see Henseler 2016). Ringle and Sarstedt are shown together in articles 
related to the use of IPMA, just like in WoS. 

Both figures were made zoom on the name of Henseler because he is a seminal 
author when considering the PLS-SEM context since the composite perspective, the 
approach that is directly associated with the context of the artificial design present in 
the Design Science is used in Engineering. 

The same associations raised in this study were made before by Venable and 
Baskerville (2012), where the authors used Design Science Research to analyze the 
use of PLS-SEM, associating their stages, but in this occasion, the suggestion is the 
use of the PLS-SEM faces to operationalize the Design Science Research. 

In 2018 is already shown a study about a model to predict the use of services in 
mobile health to bring attendance to regions with few resources (Mburu and Oboko 
2018). This model is oriented by Design Science and uses PLS-SEM to 
operationalize the steps of Design Science Research. 

This way, it can be perceived that the PLS-SEM is increasingly used in Engi-
neering. The development of PLS-SEM and the new perspectives established by 
Henseler (Henseler 2017; Schuberth et al. 2018) was significant to establish a more 
extensive contact between PLS-SEM and its use in Engineering. Some studies have 
already begun to make associations between PLS-SEM and Design Science 
Research (Venable and Baskerville 2012) and the use of PLS-SEM to operationalize 
Design Science (Mburu and Oboko 2018). This way to call the attention to the use of 
PLS-SEM to the challenges faced by Engineering is to establish new possibilities of 
research in an interdisciplinary context such as Big Data and Industry 4.0, making 
the PLS-SEM a border tool. 

5 Conclusion and Implications for Theory and Practice 

It can be noticed that the use of PLS-SEM in Engineering has been growing each 
year and that the propositions made by Henseler (Henseler 2017; Schuberth et al. 
2018) about composite models approximate the PLS-SEM to the Design Science 
Research approach. This way, the PLS-SEM is a tool that can contribute in a relevant 
way to the interaction challenges between distinct areas, as in the Big Data context, 
computer sciences, information systems, software engineering, statistic, and math-
ematics in a more generalist way, or specific contexts, as philosophy, marketing, 
psychology and anthropology (in artificial intelligence development), and biology



and medicine (bioinformatic), among others. In such a rich context of information 
for research modeling, a soft tool, such as PLS-SEM, will help in results that will 
converge in the different points of view of the different areas. 
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In the same way, it can be noticed that to the Industry 4.0 context, the unification 
of considered complex approaches, in an isolated way, in research and application 
(Internet of things, cyber-physics systems, additive manufacture, among others), 
potentialized in the integration to create the fourth industrial revolution. This way, 
the PLS-SEM in Engineering, following the Design Science approach, can help 
create applied models that will help in this knowledge frontier, helping a better 
interaction between parts. 

This way, the research problem, which was how the PLS-SEM could be inserted 
in the scientific research context in Engineering, was solved. As a suggestion for 
future research, we advise a research PLS-SEM following the Design Science 
Research steps. 
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Discovering Issues in Cross-Cultural 
Adaptation of Questionnaire Through 
PLS-SEM Analysis 

Fariha Reza and Huma Amir 

1 Background 

Customers who belong to the bottom of the pyramid (BoP) are marginalized from 
the mainstream consumer market because of their financial constraints. Literature 
suggests they desire to bridge the gap between them and the relatively more affluent 
people by purchasing products that reflect a better social status (Srivastava et al. 
2020; Yurdakul et al. 2017). One contemporary example of such aspirational 
products is smartphones penetrating the BoP segment (Prahalad 2019). 

While literature suggests that BoP customers purchase aspirational goods to avoid 
poverty-related shame, it is not fully understood whether such purchases increase 
healthy engagement with one’s environment and subjective well-being (Dahana 
et al. 2018). Furthermore, earlier research suggested that BoP customers sometimes 
sacrificed their immediate needs to save enough to purchase their aspirational 
products (Atkin et al. 2021). Patience in their everyday lives facilitated such 
sacrifices and did not let them despair in challenging circumstances. Not much 
Western marketing literature is available on patience; therefore, studying patience 
in conjunction with motivation for purchasing aspirational goods, healthy engage-
ment with one’s circumstances, and the subjective well-being of BoP customers 
gave novel insights (Haybron 2016). Social identity theory provided the theoretical 
justification for studying motivation for buying aspirational products because of 
social comparisons that BoP customers made with those who were better off in status
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(Jolliffe and Prydz 2021). On the other hand, self-determination theory (Ryan and 
Deci 2000) provided the theoretical background for studying the relationship 
between aspirational purchases and healthy engagement with one’s life and the 
subjective well-being of BoP customers (Jaikumar et al. 2018). Therefore, this 
research empirically tested the relationships between motivation to purchase a 
smartphone, intention to purchase a smartphone, self-determination, patience, sub-
jective well-being, and attitude toward life of BoP customers.
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2 Methodology 

2.1 Population and Sampling 

People who had, at times, made an occasional aspirational purchase, despite earning 
less than USD 8 per day, were the population of this research (United Nations 
Development Program [UNDP] 2008). Furthermore, such people were living in 
rented accommodations and were often unable to engage in socially relevant con-
sumption practices, and consequently, they were facing negative social conse-
quences of poverty (Yurdakul et al. 2017). A sample of 641 respondents was 
chosen through chain referral (Reza et al. 2021). Data was collected through a 
personally administered questionnaire. 

2.2 Data Collection Tool and Method 

Well-established scales were adopted to measure motivation to purchase a 
smartphone, intention to purchase a smartphone, self-determination, subjective 
well-being, patience, and attitude toward life of BoP customers (Reza et al. 2021). 
The scale items were translated from English to Urdu (Pakistan’s national language) 
to make them understandable to the targeted population, keeping in view its shallow 
linguistic proficiency (Alyami et al. 2021). During pilot testing, it was realized that 
the 7-point Likert scale response format contained indistinguishable choices for the 
respondents; therefore, the response format was reduced to 5-point scale. 

2.3 Choice of SmartPLS for Data Analysis 

Various software and applications are available to analyze quantitative data; among 
them, SPSS and SmartPLS are more commonly used in market research (Memon 
et al. 2021). Compared with SPSS PROCESS macro, PLS-SEM software becomes a 
better choice because it can test multiple dependency relationships altogether, 
whereas PROCESS macro tests each dependency relationship individually (Hair



et al. 2019; Hayes et al. 2017; Sarstedt et al. 2022). Hence, multiple dependency 
relationships were tested in this research through PLS-SEM analysis through 
SmartPLS. 
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In PLS-SEM analysis, measurement model fit is assessed through outer loadings, 
composite reliability, bootstrap confidence interval, convergent reliability, and dis-
criminant validity (Sarstedt et al. 2019). After establishing the goodness of fit for the 
measurement model, the analysis proceeds to determine structural model fit through 
the coefficient of determination, effect size, Q-Square, and robustness. However, it 
should be noted that without determining the goodness of fit for a measurement 
model, a researcher should not test the dependency relationships between constructs 
that are shown in the structural model (Henseler et al. 2016). 

3 Results and Discussion 

A reflective measurement model was constructed in SmartPLS that complied with 
theories of motivation, self-determination, and subjective well-being (Reza et al. 
2021). After dropping weak indicators from the model, the composite reliability of 
the scales that measured motivation, intention to make aspirational purchases, 
patience, and subjective well-being improved (Henseler et al. 2012) as shown in 
Table 1. 

However, the low values of average variance extracted (AVE) depicted the low 
convergent validity of the scales (Hair et al. 2019), as shown in Table 2. Earlier 
research suggested that if the composite reliability of all the constructs is greater than 
0.6, a researcher may proceed with structural model fit despite AVE being less than 
0.5 (Ringle et al. 2015); therefore, researchers proceeded with the structural model fit 
analysis despite this limitation. 

The discriminant validity of the constructs was determined with the heterotrait-
monotrait ratio (Hair et al. 2021). This ratio was less than 0.9 for the constructs, as 
shown in Table 3, and hence acceptable (Hair et al. 2021; Sarstedt et al. 2019). 

Table 1 Composite reliability before and after dropping weak indicators 

Composite reliability 

Scale Using all indicators After dropping weak indicators 

ATL 0.867 0.881 

ITP 0.837 0.838 

Motivation 0.786 0.821 

Patience 0.680 0.784 

SD 0.692 0.678 

SWB 0.463 0.753 

Notes: ATL attitude toward life; ITP intention to purchase; SD self-determination; SWB subjective 
well-being
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Table 2 Reliability and validity 

Scale Cronbach’s alpha rho_A Composite reliability AVE 

ATL 0.884 0.888 0.881 0.275 

ITP 0.838 0.841 0.838 0.464 

Motivation 0.833 0.832 0.821 0.343 

Patience 0.792 0.813 0.784 0.389 

SD 0.697 0.765 0.678 0.291 

SWB 0.743 0.812 0.753 0.518 

Notes: ATL attitude toward life; ITP intention to purchase; SD self-determination; SWB subjective 
well-being; AVE average variance extracted 

Table 3 HTMT ratio for discriminant validity 

Scale ATL ITP Motivation Patience SD 

ITP 0.192 

Motivation 0.256 0.380 

Patience 0.613 0.121 0.228 

SD 0.363 0.441 0.410 0.243 

SWB 0.406 0.163 0.125 0.286 0.413 

Notes: ATL attitude toward life; ITP intention to purchase; SD self-determination; SWB subjective 
well-being 

The researchers revisited the tool translation and adaptation process to find out the 
reasons behind low divergent validity. Although the methodology conformed to the 
accepted practices established through literature, the unexpected results could be 
attributed to the multiple understandings of patience by the targeted population and 
the shallowness of communication resulting from educational and social 
deprivations. 

4 Conclusion 

It is reiterated here that multiple definitions of “attitude toward life” and “patience” 
exist in the literature (Bülbül and Arslan 2017; Kunieda 2019). However, clarity of 
thought requires the medium of language for expression (Kronrod 2022). Due to 
social exclusion and living reduced lives, the linguistic proficiency of the BoP 
segment is shallow (Piller 2016). As a result, the respondents had difficulty 
distinguishing the more nuanced differences between life attitudes and patience. 

Another plausible reason for low divergent validity between attitude toward life 
and patience could be the respondents’ religiosity. In the psychology of religion, 
patience is life-shaping virtue and, therefore, could have been understood as a life 
attitude (Bülbül and Arslan 2017).
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The limited linguistic repertoire of the BoP segment and the religiosity were two 
plausible reasons that lowered the validity of well-established tools when used in a 
different context. These reasons emphasize the need to develop specific tools in the 
native language by native researchers. In this case, Pakistani researchers who are 
familiar with the sociocultural characteristics of the BoP population may come 
forward to design data collection tools that exhibit greater reliability and validity. 
Furthermore, using emojis instead of word choices may be explored when develop-
ing a tool for the BoP population (Sheth 2021). The pervasive use of cell phones 
(including smartphones) has raised the level of nonverbal communication through 
emojis in the BoP population. Therefore, using emojis might be a more sensitive way 
to measure the response of a BoP respondent. 

While this paper highlighted the limitations in the translated tool’s compromised 
convergent and divergent validity, new research may target tool refinement or new 
tool development to measure the BoP attitudes more accurately and with greater 
sensitivity. Academic and marketing professionals will appreciate such a develop-
ment as it will enable them to study a marginalized yet multitrillion-dollar segment 
more effectively. 
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in the Construction Management Research 

Sachin Batra 

1 Introduction 

Partial least squares structural equation modeling (PLS-SEM) is a contemporary 
multivariate data analysis method to estimate hypothetically established cause-effect 
relationship models (Zeng et al. 2021). Many scholars have demonstrated the use of 
PLS-SEM in different business disciplines, namely, marketing, strategic manage-
ment, management information systems, international business, human resource 
management, operations management, supply chain management, accounting, and 
tourism and hospitality (Lee et al. 2011; Hair et al. 2012; Ringle et al. 2012; Peng 
and Lai 2012; Kaufmann and Gaeckler 2015; Richter et al. 2016; Sarstedt et al. 
2020). But in the construction management domain, scholars are less acquainted 
with the PLS-SEM approach (Zeng et al. 2021). However, since 2010 when the first 
article was published in the construction management domain using the PLS-SEM 
approach, Scopus search results indicate an exponential increase in the number of 
articles, with 2304 published in 2021. 

Therefore, in this chapter, the author attempted to provide a snapshot of the 
scientific activity of the use of the PLS-SEM approach in the construction manage-
ment domain by answering the following research questions:

• What are the most influential studies using PLS-SEM in the construction sector?
• What is the co-citation network?
• What are the domains and levels of analysis in which PLS-SEM is used in 

construction management research? 
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