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Introduction

The difference between causal-formative and composite variables 1s often neglected in structural equation modelling (Henseler, 2017), difficulting the progress and discussions that focus on causal-
formative variables (Bollen & Diamantopoulos, 2017). One problem that both causal-formative and composite variables face 1s their specification in a model as endogenous variables (Rigdon, 2014;
Yu et al., 2022). Temme et al. (2014) proposed a guideline to correctly specify endogenous causal-formative variables under both Covariance Structure Analysis (CSA) and partial least squares (PLS)
perspectives. These autors recommend the use of CSA analysis instead of PLS and avoiding the use of aggregated variables (1.e. composites). However, the development of Confirmatory Composite
Analysis (CCA, Schuberth et al, 2018) the synthesis theory (Henseler & Schuberth, 2021) strongly supports the use of composites in theory-building research. In addition, CCA differs from the
traditional estimation and validation processes of PLS-estimated models (Schuberth, 2020), making it similar to Confimatory Factor Analysis (CFA). This approach can be combined with Temme et al.
(2014) using the Henseler-Ogasawara specification, that permits the use of composite variables in endogenous positions and its estimation using CSA (Schuberth, 2023). Also, a refined version of the
Henseler-Ogasawara specification exists, improving the convergence 1ssues of the original specification (Yu et al., 2022).

Ond¢ et al. (2023) proposed a model that studied the relationships between three latent variables: emotional intelligence, meta-comprehension knowledge and oral communication skills. Their chosen
model contains causal-formative variables in endogenous positions (although these variables are equivalent to composite variables in PLS, the estimation method used in the paper). Reflecting on the
presented advances of causal-formative and composite variables, the model of Ond¢ et al. (2023) was revaluated.

Objectives Methodology

To evaluate the original model and alternative models. Participants: 327 students (46.2% male and 26.3% female) aged 12—17 years (mean age = 14.5, SD = 1.2).

In addition, to show some practical differences of  The original model has one reflective variable (TMMS-24), two causal-formative variables (MARSI-R and TSOC) and two outcomes
modelling causal-formative and composite variables. (PISA and READER items). Here, the “original” model has only one causal-formative variable (MARSI-R) and an extra path from
Model 1: original MARSI-R to TSOC was added. Also, the latent variables were regarded as unidimensional.

Model 2: TMMS -> MARSI via MARSI items The packages seminr and lavaan in R (R Core Team, 2024) were used to estimate the models using CSA (estimator = MLR) and PLS for
Model 3: MARSI 1s a composite (multidimensional) the first and second model and CSA (estimator = MLR) for the third model.

Results Discussion
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Although the Model 2 i1s more complex than models that show a good fit.

Model 1, their df are 1762 and 1761, respectively.
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