QUESTIONS of the MOMENT...

"Why are reviewers complaining about the use of PLS in my paper?"

(The APA citation for this paper is Ping, R.A. (2009). "Why are reviewers complaining about the use of PLS in my paper?" [on-line paper]. http://home.att.net/~rpingjr/PLS.doc)

Theory-test papers propose theory that implies a path model. Then, they report a first, hopefully adequate, disconfirmation test
 of the model (and by implication the theory) that involves a data gathering protocol and a model estimation protocol. Reviewers usually have little difficulty evaluating the proposed theory and the data gathering protocol, but they may have difficulty evaluating the adequacy of a test that relies on a model estimation protocol involving PLS. PLS is not widely used in the social sciences, and some reviewers may be unfamiliar with PLS. These reviewers may reject the paper because they are unable to judge the adequacy of PLS as estimation software for the theory test (see Footnote 1). For the same reason, other reviewers may want to see SEM results, and absent those results, they also may reject the paper. 

Reviewers who are familiar with PLS may judge PLS to be inadequate for theory testing. Anecdotally, some object to its use of least squares estimation that maximizes variance explained rather than model-to-data fit of the covariances (as in SEM). Others may object to PLS's reliance on bootstrap standard errors (SE), and that the newer PLS software implementations appear to produce inconsistent estimates.

BACKGROUND

PLS was proposed about the same time as LISREL (see Wold 1975 for PLS, and Jöreskog 1973 for LISREL). However, the differences between PLS and LISREL are considerable. For example, PLS assumes formative
 latent variables (LV's), instead of reflective LV's as in SEM (e.g., LISREL, EQS, AMOS, etc.). PLS factors are estimated as linear combinations (composites) of their indicators, a form of principal component analysis. In addition, PLS maximizes the ability of factors (X's) to explain variance in responses (Y's). 

PLS's positives include that it estimates nominal variables, and it estimates collinear LV's without resorting to Ridge estimation. Its maximization of explained variance improves forecasting, and, as a result, PLS has a large following outside of theory testing. In addition, PLS can estimate reflective LV's. As a result, mixed models with reflective and formative LV's are possible.

PLS's negatives include that, as previously mentioned, it is not widely seen in theory testing articles within the social sciences. Anecdotally, it is unknown to some theory testers. Its path coefficient estimates are not maximum likelihood (ML), which is preferred in theory testing. PLS's path coefficients also are not covariances, and thus they may be difficult to interpret. Also, as previously mentioned, PLS assumes formative LV's, the need for which may not be well understood in theory testing.

Anecdotally, some reviewers view PLS as a way to avoid dealing with (reflective) measures that have poor psychometric properties (e.g., are unreliable, have low Average Variance Extracted, are discriminant invalid, etc.). In addition, PLS's ability to specify reflective LV's with weights that are proportional to their measurement model loadings may be a minus in theory tests. Since real world models also are likely to have reflective LV's, substantive researchers who want to estimate mixed models with formative and reflective LV's, may have to learn both PLS and SEM software (however, see "How are Formative Latent Variables estimated with LISREL, EQS, AMOS, etc.?" on this web site.).

PLS's negatives also include issues that appear to be less widely known or appreciated outside of statistical circles, such as its reliance on bootstrap (resampling based) Standard Errors (SE's). These statistics are biased without correction. (Efron, who popularized bootstrapping, apparently spent many years trying to resolve this problem--see Efron and Tibshirani 1993, 1997. In an informal review of popular PLS software documentation I could find no indication of bootstrap estimates that were corrected for bias and inconsistency.) Finally, software implementations of Wold's proposals appear to produce inconsistent estimates (e.g., Temme, Kreis and Hildebrandt 2006). 

In addition, most of PLS's strengths--nominal, formative, and collinear LV's; handling LV's with poor psychometrics, and forecasting--are all plausibly "covered" by SEM. For example, (truly) categorical (nominal) variables can be estimated in SEM (see "How does one estimate categorical variables..." on this web site). 

Formative LV's and LV's with poor psychometrics also can be estimated in SEM (see "How are Formative Latent Variables estimated with LISREL...?" on this web site). While PLS may have an advantage in estimating collinear LV's--its SE's for collinear LV's may be less biased than SEM's Ridge estimates--collinear LV's are usually not discriminant valid in real-world theory tests, so they seldom appear in real world survey data tests (see "What is the "validity" of a Latent Variable Interaction (or Quadratic)?" on this web site).

PLS's forecasting capability may be neither a plus nor a minus in theory testing. Prediction-versus-explanation is a contentious area in the philosophy of science. Some authors argue that explanation is a better test of theory than prediction (e.g., Brush 1989), while others argue the reverse (e.g., Maher 1988). Nevertheless, it would be interesting to compare the consistency of a model's interpretations across multiple samples between SEM (i.e., explanation) and PLS (i.e., prediction). 

That being said, SEM eventually may have no advantage over PLS in theory testing. SEM's interpretations may be no more consistent across samples than PLS's. And, PLS's unfamiliarity to reviewers, and its unadjusted SE's and inconsistent software should be remedied over time. 

However, at present, a substantive paper that relies solely on PLS may be difficult to publish in the social sciences. It is likely that many reviewers will reject PLS because they are unfamiliar with it. A few reviewers may reject PLS because they disagree with its assumptions. Still fewer reviewers may reject PLS because of its software implementation's apparent "inadequacies."

While strong arguments for PLS might be provided in a paper, it may be necessary to report PLS and SEM results.
 Specifically, if the model contains nominal LV's, the SEM results could be compared to those of PLS. If LV collinearity is a problem, Ridge and PLS estimates could be compared.
 Finally, formative LV's and LV's with poor psychometric properties
 could be compared between SEM and PLS on their performance versus the hypotheses.
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� The logic of science dictates that an adequate test should falsify the proposed theory--it should show that it is false. If the test fails to falsify the theory, the test may be inadequate. Only after the test is (independently) judged to be adequate despite its failure to disconfirm, should the test results be viewed as suggesting "confirmation" (i.e., confirmation in this one case--confirmation of the theory is an inductive process requiring many disconfirmation tests that fail to disconfirm, and thus building confidence in the theory.)





� Blalock (1964) proposed that an LV can be formative or reflective. Reflective items are affected by (diagrammatically "pointed to" by) the same underlying concept or construct (i.e., the reflective LV). LISREL, EQS, AMOS, etc. assume reflective LV's.


Formative indicators are measures that affect an LV. Diagrammatically, formative indicators point to the LV. A classic example of a formative LV is socio-economic status (SES), which is defined by items such as occupational prestige, income and education. That the indicators "cause" or point to SES, rather than vice versa, is suggested by the likelihood that increased occupational prestige would increase SES, rather than increased SES necessarily would increase occupational prestige. (That being said, judging formative and reflective LV's, including SES, can become messy--see "How are Formative Latent Variables estimated with LISREL, EQS, AMOS, etc.?" on this web site.)





� PLS factors with indicator weights that are proportional to their SEM loadings should produce factors that are similar to their SEM counterparts (e.g., Schneeweiss 1993). However, I have yet to produce such results.


� PLS results may or may not approximate SEM results (see McDonald 1996). However, it is plausible that generally consistent interpretations for PLS versus those of SEM across a holdout sample might support the efficacy of one estimation technique over another in the study at hand.





� However, Ridge SE's are believed to be biased.





� A formative specification might enable estimation of older "well established" (i.e., before SEM) measures that require extensive weeding when they are used in SEM. LV's with poor psychometrics (e.g., LV's with low reliability or Average Variance Extracted, discriminant invalidity, low model-to-data fit, etc.) may include second order LV's (see "Second-Order Latent Variable Interactions... " and "How are Formative Latent Variables estimated with LISREL...?" on this web site).





