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Abstract: Structural Equation Models (SEMs) are widely used to model complex causal
relations as the ones defining human behaviors. Several techniques exist to estimate SEM
parameters. Among them the PLS Path Modeling (PLS- PM) algorithm is the most widely
used technique. In particular, PLS-PM allows taking into account formative blocks of
manifest variables. A new way to compute outer weights in the case of formative block
of manifest variables has been recently proposed by Esposito Vinzi et al. (2009). This
approach involves using PLS Regression (PLS-R) in order to compute outer weights even
in the case of multicollinearity among the manifest variables of the same block. However,
PLS Regression supposes linearity in relations between variables. Following the work by
Esposito Vinzi et al. (2009), we decide to use a non-linear approach to PLS-R in order to
estimate measurement model parameters in a non-linear PLS-PM approach to SEMs.
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1. Introduction

Structural Equation Models (SEMs) (Bollen, 1989) are widely used to model complex
causal relations as the ones defining human behaviors. As a matter of fact, SEMs are
very suitable to describe and estimate conceptual structures where some latent variables
(LVs), linked by linear relations, are measured by sets of manifest variables (MVs). A
double level of relations characterizes each SEM: the first involves relations among the
LVs (structural model), while the other considers the links between each LV and its own
block of MVs (measurement model).
Several techniques exist to estimate SEM parameters. Among them, PLS Path Modeling
(PLS- PM) algorithm (Tenenhaus et al., 2005) is the most widely used technique, thanks
to its features. Actually, PLS-PM does not require distributional hypotheses and is more
prediction-oriented than classical covariance-based methods, like the LISREL one. More-
over, according to Tenenhaus (2008), it provides systematic convergence of the algorithm
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due to its simplicity; it allows data to be managed with a small number of individuals and
a large number of variables; it provides a practical interpretation of the LV estimates; and
it represents a general framework for multi-block analysis. This is of main importance in
several application domains, especially when modeling human behaviors.
However, PLS-PM only allows taking into account linear relations both in measurement
and structural models. Especially in social sciences is of main importance to model also
non-linear relations. Here a modified PLS Path Modeling algorithm, able to model also
non-linear relations, is proposed.
In the next section we briefly review the standard PLS Path Modeling algorithm and the
use of PLS Regression to estimate measurement model parameters (see section 2.). Then,
non-linear approaches to PLS Regression are presented and the original proposition is
detailed (see section 3.).

2. Brief review of PLS Path Modeling and PLS Regression

The PLS approach to SEMs (PLS Path Modeling, PLS-PM) uses an iterative algorithm
to obtain LV estimates through a system of multiple and simple linear regressions. The
iterative algorithm works by alternating inner and outer estimates of the LVs. In particular,
in the outer estimation step each LV is obtained as a weighted linear combination of its
own MVs, while in the inner estimation step each LV is obtained as a weighted linear
combination of the connected LVs (according to the path diagram structure).
Different ways exist to compute outer and inner weights to be used in the two steps of
the iterative algorithm. Namely, the inner weights, i.e. the weights associated to each
LV in the inner estimation step, can be computed according to three different schemes:
the centroid scheme, the factorial scheme and the path weighting scheme. In all of these
schemes, the inner weights are a function of the linear correlation between the LVs.
Computation of the outer weights, instead, depends on the nature of the LVs. As a mat-
ter of fact, in SEMs it is possible to assume that each block of MVs in the model is of
reflective or formative type. In the case of a reflective block, the manifest variables are
assumed to be the reflection in the real word of a latent concept. In other words, the LV
is considered as a predictor of the MV. As a consequence, the generic outer weight used
in the outer estimate of the LV is the regression coefficient of the simple linear regres-
sion of each MV on the inner estimate of the corresponding LV. In a formative scheme,
instead, each LV is formed by its own MVs measuring different aspect of the same la-
tent concept. In other words, the LV is a function of its own indicators. In this case, a
multiple linear regression model defines the relation between the latent and manifest vari-
ables. Hence, in a formative scheme the outer weights are the regression coefficients of
a multiple regression model of the inner estimate of each LV on its own MVs. However,
in the case of multicollinearity among same of the MVs a formative block violates the
independence hypothesis of the classical multiple regression model. In this case variance
of OLS estimators exponentially increases, leading to regression coefficients never sig-
nificant. Moreover, multicollinearity may lead to hardly interpretable weights because of
the difference in sign between the regression coefficient of a MV and its correlation with
the LV. In particular, not interpretable weights may occur if manifest predictors are very
correlated and one of the following conditions occurs:

1. there is a weak correlation between the manifest predictors and the regression ex-
ternal criterion (i.e. the LV).
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2. the LV is strongly correlated with all the predictors; in this case removing a MV
does not change the multiple determination index (redundancy effect).

3. there is some suppressor variable highly correlated with other MVs but very poorly
correlated to the LV: if we remove it, the multiple determination index significantly
decreases.

Starting from these considerations, a new way to compute outer weights in the case of
a formative block has been recently proposed by Esposito Vinzi et al. (2009). This ap-
proach involves using PLS Regression (PLS-R) (Wold et al., 1983; Tenenhaus, 1998) in
order to compute significant outer weights. In particular, Esposito Vinzi et al. (2009) pro-
pose to calculate at each iteration the outer weigths as coefficient of a PLS1 Regression
of the LV inner estimate on the MVs.
The PLS Regression (PLS-R) methodology has been extensively described in the litera-
ture (Wold et al., 1983; Tenenhaus, 1998). PLS-R is a linear regression technique that
allows relating a set of predictor variables to one (PLS1) or several (PLS2) response vari-
ables. PLS-R shrinks the predictor matrix by sequentially extracting orthogonal compo-
nents which at the same time summarise the explanatory variables and allow modelling
and predicting the response variables. Finally, it provides a classical regression equation,
in which the response is estimated as a linear combination of the predictor variables. De
Jong (1995) showed that the sequence of PLS coefficient estimators forms a suite of vec-
tors whose length strictly increases with the number of components. The upper bound of
this suite is the length of least squares estimator. Due to its usefulness in reducing the
variance of estimators, PLS-R has become a standard tool to face multicollinearity prob-
lems such as the ones previously described.
Following the work by Esposito Vinzi et al. (2009) we decide to use non-linear PLS-R in
order to estimate measurement model parameters in a non-linear PLS Path Modeling with
formative indicators. In the following section non-linear approaches to PLS Regression
are investigated and the new proposal is explained.

3. Non-linear PLS Regression in PLS Path Modeling

Several approaches have been proposed to provide non-linear models that retain the prop-
erties of a linear PLS Regression, whereby there appears to be at least three different
approaches to non-linear modeling. The first one is based on a non-linear relation linking
the predictor PLS components with the response PLS components. The second approach,
instead, is based on the maximisation of different criteria, maintaining the properties of a
PLS Regression. The last way to cope with non-linearity is based on the transformation
of the explanatory variables.
All methods following the latter approach are based on a priori transformation function
of the predictors. According to the Durand’s proposal (1997, 2001) predictors are trans-
formed by spline functions, while Berglund’s (2001) proposal involves the transformation
of quantitative variables to a set of dichotomous variables similarly to the coding of quali-
tative variables. In both these approaches the transformed variables are used as predictors
in a linear PLS Regression. All these techniques strongly increase the number of predic-
tors and so there are some difficulties in their application when the number of original
predictors is high.
In order to overcome this problem, we propose to use another approach for handling non
linearity in PLS Regression: the PLS algorithm for CAtegorical Predictors (PLS-CAP)
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(Russolillo, 2009). PLS-CAP was born to handle categorical predictors in a PLS regres-
sion. It involves an optimal quantification of predictors, finding out scaling parameters
that maximize covariance between the first PLS component and the response variable.
PLS-CAP assigns a numerical value to each class of the variable properly discretized.
This implies that the number of predictors does not change when variables are tranformed.
Another advantage of this technique is that the trasformation of the variables is internal
to the algorithm and not a priori. As a consequence, transformations are more prediction
oriented and coherent to the model.
Starting from these considerations, we propose to use such non-linear PLS Regression
instead of linear PLS Regression to compute outer weights in the case of formative blocks
to analyse non linear relations between a LV and its formative MVs. In particular, we
propose to perform at each outer estimation step a PLS-CAP Regression between the
MVs (as predictors) and the LV (as response variable). This approach is compared to
linear PLS-PM and to the approach by Berglund et al. (2001) as estimation methods of
formative measurement models.
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