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Abstract:

Partial least squares (PLS) path modeling is a widely used method in the information systems (IS) discipline for
estimating linear structural equation models. At the same time, researchers have debated its relative merits compared
to simple summed scores or to covariance-based estimation of structural equation models. In this paper, we comment
on recent developments in PLS to ensure that IS researchers have up-to-date methodological knowledge and best
practices if they decide to use PLS. In particular, we briefly review its mechanisms, its well-known properties, and its
usage history in IS research. We briefly revisit a high-impact critique and debate a few years ago to identify the critical
arguments around current PLS practices and use. That critique proved to be the driver for many advances in the PLS
method and its applications which we discuss extensively and use to make 14 recommendations for how and when to
use PLS or alternatives.
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1 Introduction

Partial least squares (PLS) path modeling is a statistical method used to estimate linear structural
equation models. It originated with Herman Wold (Wold, 1982) as an alternative to the then nascent
covariance estimation that Karl Jéreskog developed (Jéreskog & Wold, 1982). IS researchers were
among the earliest PLS adopters in the social sciences (Chin & Gopal, 1995; Chin et al., 1996, 2003; Chin
& Newsted, 1999). PLS has been increasingly popular not only in the IS discipline (Ringle et al., 2012) but
in many other disciplines, such as marketing (Henseler et al., 2009; Hair et al., 2012a), tourism (Do Valle
& Assaker, 2016), and hospitality (Ali et al., 2018). Researchers have also introduced the technique to
other business disciplines such as operations management (Peng & Lai, 2012) and strategic management
(Hulland, 1999; Hair et al., 2012b) but it gained less traction there.

In 2012, realizing that many claims that PLS proponents made lacked sufficient substantiation and the
growing voices that cautioned researchers on using PLS (Goodhue et al., 2007, 2012; Aguirre-Urreta &
Marakas, 2008; Rouse & Corbitt, 2008; Reinartz et al., 2009; Evermann & Tate, 2010; Ronkkd & Ylitalo,
2010), we independently began to empirically investigate how PLS behaves. After we became aware of
each other’s research at the 2010 International Conference on Information Systems (Evermann & Tate,
2010; Ronkkoé & Ylitalo, 2010), we joined forces to critically assess PLS using a basic structural equation
model in a journal paper published in 2013 (R6nkkd & Evermann, 2013). Motivated by our critique,
researchers have made many positive developments around PLS in recent years both to further
investigate its performance and, more importantly, to improve the method itself and its use. In sum, we
know a lot more about how PLS behaves and we know better how and when to use it.

While acknowledging our critical perspective in this paper, we do not intend to argue for or against using
PLS. Instead, we highlight recent developments to ensure that IS researchers have up-to-date
methodological knowledge about PLS if they decide to use it. As we present in this paper, we have seen a
veritable flood of new developments in the past five to 10 years. In this paper, we also help to set
minimum standards for methodological competence when using PLS. In essence, if researchers choose
to use PLS, they must keep the latest advances for the method in mind and use best practices.

We first clarify what we mean by “minimum standards”. Consider a study that uses a sample size of 50 to
estimate a complex common factor model with PLS mode A, uses t-tests to perform significance tests on
weak path estimates, justifies its use of PLS by appealing to its predictive capabilities while reporting only
R? and focusing on properties of the factor model. This is clearly inadequate and inspires little confidence
in its validity, for reasons discussed below. On the other hand, a paper that uses consistent PLS with a
large sample size based on an a priori simulation power analysis and that reports fit statistics to indicate a
well-fitting model while citing methodological research that supports using these procedures inspires
significantly more confidence in its validity. However, researchers will often find themselves between
these two ideals. In that situation, they need to recognize the pros and cons and the trade-offs inherent in
every statistical technique and argue persuasively based on substance (i.e., what we know based on
methodological research) and not based on an appeal to authority or prior studies.

Again, we do not intend to argue for or against using PLS compared to other methods; we leave it to
readers to come to their own conclusions. Moreover, in reviewing recent developments, we do not engage
with the many “review and guideline” papers (Sarstedt et al., 2020; Ringle et al., 2020; Ali et al., 2018; Do
Valle & Assaker, 2016; Hulland 1999; Hair, Sarstedt et al., 2012; Hair et al., 2017; Henseler et al., 2009;
Hair et al., 2012; Peng & Lai, 2012; Ringle et al., 2012) and polemic “advocacy” pieces (Hair et al., 2011,
2013; Petter, 2018; Hair et al., 2019) in the PLS literature that seem, to be broadly scattered across many
research domains and yet contribute no new substantive knowledge. Instead, we focus on studies that
present either algebraic deductions or convincing evidence from simulation studies to make their point.

This paper proceeds as follows: In Section 2, we review linear structural equation models, PLS, and the
history of PLS use in IS research. In Section 3, we revisit our 2013 paper in which we critique PLS as a
starting point for this commentary. In Section 4, we present recent PLS methodological developments and
make recommendations for researchers based on the presented arguments and evidence. In Section 5,
we discuss alternatives to PLS. Finally, in Section 6, we conclude the paper.
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2 A Brief Introduction to PLS and its Use in IS Research

Structural equation modeling refers to methods to estimate the parameters of a system of (typically linear)
equations that include observed (manifest) and unobserved (latent) variables. PLS is one method that is
commonly used to estimate the parameters of such a system of linear regressions.

21 Structural Equation Models

Structural equation models differ in type. While one can classify models in different ways, for our
purposes, we distinguish them based on the way in which they connect observed and unobserved
variables.

First, consider the common factor model that we show in Figure 1. The variables ¢ and n are latent
variables, while the x; are manifest variables. For every dependent variable (or every regression
equation), an error term (¢€;,{) exists. The figure shows the parameters of the linear regression
relationships on the arrows. Additionally, every independent variable (¢;, ¢, {) has a variance; one does not
usually show the variances. Covariances exist between all exogenous variables (which double-headed
arrows show if they are part of the estimated model). Researchers typically assume (as a model
constraint) that most of these covariances equal zero (e.g., those between the ¢; and ¢ or between ¢ and
{). However, they may relax this assumption for a subset of the indicators as long as the model remains
statistically identified.

B
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Figure 1. Common Factor Model: Two Latent Variables Each with Three Indicators and Measurement Errors

Another model type is the mixed formative-reflective model such as that in Figure 2. ¢ is a formative latent
variable (i.e., a function of some manifest variables), and some of the x; are independent variables in this
model. In this case, one need not estimate their covariances since one observes them, and they are not
parameters in the model. Note also that £ is a dependent variable in this model and, therefore, has an
associated error term ;.
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Figure 2. Mixed Formative-reflective Model (We Omit Correlations among the Exogenous x Indicators for
Clarity)
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The literature contains considerable debate about the usefulness and appropriateness of different model
types for various research applications (Cadogan & Lee, 2013; Edwards, 2011; Howell et al., 2007a,
2007b; Bagozzi 2007; Wilcox et al., 2008; Hardin, 2017; Markus, 2018; Guyon, 2018). This debate has
occurred in the IS discipline as well (Marakas et al., 2007, 2008; Hardin et al., 2008). However, we do not
address that debate in this paper; instead, we assume that a researcher has identified a suitable statistical
model and seeks a method to estimate its parameters.

2.2 Principles of PLS

Partial least squares (PLS) path modeling is a method for estimating structural equation models. With that
said, we acknowledge that researchers have debated whether PLS constitutes a good technique for doing
so. Nonetheless, IS researchers widely use PLS to estimate all of these model types (Ringle et al., 2012).
In this section, we describe classic PLS. We describe consistent PLS ("PLSc”)—a significant extension to
it— in Section 4.1.

PLS is a two-phase method. In the first phase, it calculates a weighted sum (composite) from each block
of manifest variables (i.e., from each set of manifest variables linked to the same latent variable). In other
words, PLS estimates the kind of model that we show in Figure 3, which uses composites to approximate
the latent variables. In our example model, the two variables ¢ and n are weighted sums (“aggregates”,
“composites”) of the observed component variables x;. Note that the model lacks an error term for &, while
the error term ¢ on n is supposed to represent the error term of the structural regression only (see
Section 4.8 for further discussion). We can see that the composites can only be imperfect approximations
("proxies”) of the latent variables in the common factor and the formative model: Figure 1 shows that the
latent variables in the common factor model are not functions of the manifest ones as is the case for the
PLS composite but rather vice versa. Figure 2 shows that formative latent variables have an associated
error term, which is not part of the PLS composite.

wl w2 w3 wé w3 w6

x1 x2 x3 x4 x5 X6

Figure 3. Composite Model (We Omit Correlations among the x Indicators for Clarity)

PLS forms composites by weighting the manifest variables using the following iterative algorithm. It begins
with equal weights w and iterates until the change in weights is below a threshold between successive
iterations. PLS begins with an “outer approximation” step to determine “outer weights”. To do so, it uses
either mode A, which regresses indicators on the composite (7} = X ex, w; x; + d;, similarly for £), or mode

B, which regresses the composite on the indicators (x; = w;ij + e;Vj € k,,, similarly for £). Using the
weights, the outer approximation of the latent variable is computed (7} = f; X e, w; X;, Where f, is used to

standardize 7, similarly for £). The subsequent “inner approximation” determines “inner weights. These
two steps are repeated until stable weights are reached.

In the second phase, PLS uses ordinary least squares regression (OLS) to estimate the regression
relationships between the composite proxies and between the composite proxies and indicators.

The indicator weights constitute the only difference between PLS and regression with simple (unweighted)
summed scales. Yet, there is still significant uncertainty in the PLS research community about the precise
purpose and properties of the PLS weights (Ronkké et al. 2016; Rénkkd, Mcintosh, and Antonakis 2015).
In the IS discipline, there is a commonly held belief that the weighting process is intended to produce
better composite proxies by weighting more reliable indicators, i.e. those with less measurement error,
more strongly than less reliable ones (R6nkké and Ylitalo 2010). Indeed, in a recent MIS Quarterly
editorial, Gefen et al. (2011) noted as much in stating that:
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Optimization of these weights aims to maximize the explained variance of dependent variables
[which] will also tend to minimize the presence of random measurement error in these latent
variable proxies, especially as compared to using simple unit-weighted composites (p. v).

However, as no set of perfectly reliable indicators exists, no weighting system can completely exclude
measurement error (Henseler et al., 2014). We address to what extent PLS weights effectively reduce the
effects of measurement error in Section 3.1.

2.3 Known Limitations

Including measurement error in the independent variables in a regression attenuates (biases, reduces) the
estimate of regression coefficients, a well-known fact that Spearman (1904) first discussed more than 100
years ago. Hence, one should expect biased estimates when composites are used as proxies to estimate
the regression coefficients between latent variables, as the measurement errors inherent in the imperfectly
reliable manifest variables are summed into the composite proxies.

In fact, researchers have known PLS estimates to exhibit bias even before they began applying it in the IS
discipline. Indeed, Herman Wold, who originally developed PLS, acknowledged this bias as early as 1982
(Hui & Wold, 1982). Specifically, the bias decreases and the estimates approach the true value as the
sample size increases and the number of indicators for each latent variable increases. Comparing PLS
and SEM, Jéreskog and Wold (1982 p. 266) wrote:

Under general conditions of regularity, ML [maximum likelihood] estimates of the unknowns are
known to be optimal in the large-sample sense (asymptotic minimum of the confidence
intervals), while the accuracy of the PLS estimates is less sharp—they are asymptotically
correct in the joint sense of consistency (large number of cases) and consistency at large (large
number of indicators for each latent variable).

Wold (1982, p. 28) wrote: “Sacrificing optimality, PLS rests content with consistency, albeit in the qualified
sense of consistency at large”. In a separate paper three years later (Wold, 1985, p. 213), he added:

The PLS estimates of parameters and of LV case values are inconsistent in as much as they
do not tend to the true values when the number of observed cases (N) increases indefinitely.
However, the PLS estimates are consistent at large in the sense that they tend to the true
values when there is indefinite increase not only in the number of observed cases (N), but also
in the number of indicators for each LV.

Dijkstra (1983) proved these properties algebraically by stating that:

PLS will tend to underestimate the correlations between the latent variables; the discrepancy
between true values and probability limits depends in a simple way on the quality of the proxies
as measured by [the reliability of the composite] R?(q;, f,). (p. 81).

In his seminal work on PLS, Lohmadller (1989, p. 207) demonstrated that “the bias factor depends primarily
on the value of s (the higher the true loadings, the smaller the bias can be) and on K, i.e. the number of
MVs”.

Even the earliest applications to IS research demonstrated this bias as Chin (1998, p. 330) noted: “Two
points become clear from these formulas: the bias decreases as the loadings become more reliable, and
the bias decreases as the number of indicators increases”. More than 10 years later, in an extensive and
systematic simulation study, Reinartz et al. (2009) found that, with respect to the quality of the estimates:

ML-based CBSEM emerges as the more precise estimation method, as the mean parameter
estimates are much closer to their theoretical values for CBSEM than for PLS (absolute
difference 0.00-1.03% for CBSEM, 6.10-19.99% for PLS). Therefore, if consistency matters,
ML-based CBSEM should be preferred over PLS. (p. 338)

Given that the bias of the estimator was well known (one might say it was designed to be biased) and
published since the early 1980s, one has to wonder why the IS discipline thought it a good idea to adopt a
designed-to-be-biased estimator for the common factor model. Of course, we ask this question rhetorically
and leave it as an exercise for the reader to ponder or perhaps research historians to investigate.

An early understanding of consistency at large and the role of large samples should also have pre-empted
the debate around minimum sample size of PLS that began with a hypothetical statement that Chin (1998,
p. 311) made:
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If one were to use a regression heuristic of 10 cases per predictor, the sample size requirement
would be 10 times either (a) or (b), whichever is the greater.... Under this condition, it may be
possible to obtain stable estimates for the weights and loadings of each component
independent of the final estimates for the structural model.

In a subsequent chapter on the small sample argument, Chin and Newsted (1999) provided simulation
evidence to support their claims about the small sample advantages of PLS. It took more than 10 years for
an exhaustive simulation study (Goodhue et al., 2012) to emerge and conclude, as theoretically expected,
that:

The belief among MIS researchers that PLS has special powers at small sample size or with
non-normal distributions is strongly and widely held in the MIS research community. Our study,
however, found no advantage of PLS over the other techniques for non-normal data or for small
sample size (other than the universally stated concern that with smaller samples, LISREL may
not converge). (p. 998).

In the following year, we conducted a study (Ronkké & Evermann, 2013) in which we noted how Chin and
Newsted (1999) had misinterpreted their evidence, which Ronkko (2014) further confirmed.

Today, researchers commonly agree that PLS often provides parameter estimates for very small samples,
whereas other methods may not converge. For example, Henseler et al. (2014, p. 199) conclude that
“PLS can be applied in many instances of small samples when other methods fail”. But should it? The
more important question concerns not whether it estimates parameters but whether one can trust the
estimates. Rigdon (2016, p. 600) succinctly stated as much in noting: “Yes, PLS path modeling will
produce parameter estimates even when sample size is very small, but reviewers and editors can be
expected to question the value of those estimates, beyond simple data description”. As theoretically
expected, multiple studies have shown that alternative methods have less bias than PLS (Chumney,
2013; Goodhue et al., 2012; Reinartz et al., 2009). In fact, Henseler et al. (2016, p. 14) have unequivocally
stated that “PLS does not need fewer observations than other techniques when it comes to inference
statistics.”

Given that even Wold noted the asymptotic consistency of the estimator for large samples in his original
works, one has to wonder why the IS discipline thought that it was a good idea to use PLS, particularly for
small sample sizes. Again, we leave this rhetorical question as an exercise for the reader (and future
historians) to ponder.

24 Premature Adoption and Damage to the IS Discipline

It seemingly only took IS researchers 25 years, much debate, and many simulation studies to realize what
Wold pointed out early on. How much damage has occurred in these 25 years? IS researchers were one
of the earliest PLS adopters (Ringle et al., 2012), and many main IS theories build on empirical research
that uses PLS. In Table 1, we list early, prominent IS theories whose foundational study builds on PLS
analyses. Sample sizes in these studies ranged from 52 to 929, and they all relied on common factor
models using t-tests for significance testing. These studies did not use consistent PLS (Section 4.1) as it
had not yet been developed, did not use confidence intervals (Section 4.2) as the inappropriateness of the
t-statistic was not known then, used the AVE and CR criteria for model fit assessment despite a lack of
evidence supporting their use; they have since been shown to be completely inadequate for this task and
better techniques are now available (Sections 4.4, 4.6). Of course, hindsight is always perfect, and those
studies’ authors acted on the best available knowledge and advice at the time. While these seminal
studies have undergone rigorous peer review, our insufficient early understanding also limited that review
process.

In retrospect, it becomes apparent that the IS discipline prematurely adopted PLS, which now casts
significant doubts on seminal studies’ validity. Of course, researchers have since expanded, extended,
adopted, and/or replicated these theories, sometimes with other statistical methods, which may lend more
credibility to them. But the fact remains that we, as a discipline, have staked our collective reputation on
PLS and “bet the farm” with very little understanding. However, while this realization may cast serious
doubt on those 25 years of IS research, it also finally provides the impetus to not only debate and argue
back and forth about the merits of PLS but also to make significant progress in improving it and its use in
applied research.

Volume 52 10.17705/1CAIS.05229 Paper 29



669 Recent Developments in PLS

Table 1. Prominent Early IS Theories with Foundational Studies Based on PLS (sorted by citation count)

Theory Citation Approx. no. of citations
User acceptance Venkatesh et al. (2003) 28000
Computer self-efficacy Compeau & Higgins (1995) 7000
Technology acceptance Venkatesh (2000) 6100
Cognitive absorption and IT use Agarwal and Karahanna (2000) 5000
IT adoption Karahanna et al. (1999) 4300
User satisfaction and technology acceptance Wixom & Todd (2005) 3000
Interorganizational IT adoption Teo et al. (2003) 1800
IT usage Bhattacherjee & Premkumar (2004) 1800
Computer self-efficacy Thatcher & Perrewé (2002) 800
IT-business linkage Bassellier & Benbasat (2004) 700

3 Owur 2013 Critique

In 2013, we presented a widely noted paper in which we critically assessed PLS (Ronkk6 & Evermann,
2013) after which appeared an even more widely noted response by a group of PLS researchers
(Henseler et al., 2014) and a rejoinder by independent methodology experts to take stock and provide
additional comments and context (Mclntosh et al., 2014). Our critique focused on six beliefs that we called
“statistical and methodological myths and urban legends” in the spirit of Vandenberg (2006). At the time,
researchers widely accepted these beliefs but had not substantiated them well; in some cases, it was
difficult to find any evidence to support a belief and, in other cases, a belief had its roots in misinterpreted
evidence. Specifically, we asked the following questions:

1) Does PLS have an advantage over traditional techniques as a SEM estimation method?
2) Does PLS reduce the effect of measurement error?

3) Can one use PLS to validate measurement models?

4) Can one use PLS to test null hypotheses about path coefficients?

5) Does PLS have minimal requirements on sample size?

6) Is PLS most appropriate for exploratory research?

We presented evidence and arguments to answer each question in the negative. In our discussion, we
focused largely on two issues: 1) estimation bias due to including measurement error, and 2)
capitalization on chance due to sample error correlations (R6nkko, 2014). In this section, we do not revisit
the arguments in their entirety but briefly present our main findings and the main arguments that emerged
from the subsequent exchange with Henseler et al. (2014) and Mcintosh et al. (2014).

In our critiqgue, we noted that many studies referred to PLS as a SEM estimator and claimed that it would,
therefore, have an advantage over other methods. For example, Gefen, Rigdon, and Straub (2011 pg. iv)
state that "SEM has potential advantages over linear regression models that make SEM a priori the
methods of choice in analyzing path diagrams when these involve latent variables with multiple
indicators.” Our critique has been misinterpreted as denying that PLS is a SEM technique. However, we
make no such claim: What is or is not a SEM technique is a matter of definitions and semantics (R6nkko
et al.,, 2015). Instead, we claim that this labeling has misled and continues to mislead researchers to
project other SEM methods’ abilities onto PLS (R6nkkd et al., 2016). Rather than debating whether PLS is
a SEM technique, we focus here on its capabilities.

3.1 Reliability

In our critique, we used a simple two factor model to show that PLS composites are less reliable than
simple summed scales. This finding counters claims that the weighting mechanism favors more reliable
indicators and, thus, that it improves the reliability and, consequently, addresses (at least partially) the
attenuation of estimates due to measurement error. While the idea of weighting indicators by their
reliability sounds reasonable, in most cases, the reliability advantages lack sufficient size to be relevant
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even if one knew the ideal weights (Ronkkd et al., 2015; Ronkkd et al., 2016c). Moreover, even if indicator
weighting can increase reliability, techniques other than PLS, such as maximal reliability composites
(Aguirre-Urreta et al., 2019), are specifically designed for this purpose and can be expected to perform
better.

We noted that, in computing mode A weights, the error correlations between indicators of related
composites play a substantial part in the weighting mechanism. In particular, in the absence of a true
structural effect (8 = 0), the error correlation is the only term that enters the weighting mechanism, which
we noted as “problematic, because as a result of sampling variation, the errors are never exactly
uncorrelated” (R6nkkd & Evermann, 2013, p. 434). For mode B weights, we noted that highly correlated
indicators, as one typically finds in the common factor model, can lead to unstable regression results. We
demonstrated these issues empirically by showing that mode B weights generally lead to far less reliable
composites than mode A weights, which, in turn, are slightly worse than simple summed scales.

The PLS method propagates the indicator weighting problems to the estimation of structural path
coefficients from the composites. We showed analytically and demonstrated empirically that error
correlations form a part of the structural path estimate. Especially in the absence of a true structural effect
(B = 0), this leads to parameter estimates that are biased bimodally away from zero. As error correlations
due to sampling fluctuations are larger with smaller sample sizes, we termed this behavior capitalization
on chance correlations. Ronkko (2014) further expanded on this finding.

Our study was not the first to suggest this idea. In fact, Goodhue et al. (2007) first suspected capitalization
on chance in PLS in the interaction analysis context. In particular, they concluded that PLS capitalizes on
chance through its weighing of interaction indicators based on their correlation with the dependent
variable Y, but they hid away this important insight in their online appendix. ROnkkd (2014) examined
capitalization on chance in a more extensive simulation study and showed that the effect persists with
larger models, larger and smaller sample sizes, and different indicator loadings.

In their response, Henseler et al. (2014) extended our own simulation studies to larger samples and larger
structural effects (). They found that the reliability of composites depends strongly on sample size, the
size of the true parameter, and the loadings of the indicators. While summed scales also dominate mode
B composites also in their study mode A composites appear to have a marginal advantage over simple
summed scales for large samples (n = 500), strong effects (B = 0.5), or higher loadings (or some
combination of these). One would expect the sample size effect as chance error correlations diminish with
larger sample size. The higher loading of the most reliable indicator in Henseler et al.’s (2014) extension
consequently led to a more reliable resulting composite due to its higher weighting. Nevertheless, in these
ideal scenarios, the techniques differed only to a small degree (i.e., in the third decimal) (McIntosh et al.,
2014).

In line with Henseler et al.’s (2014) conclusions about the requirement of a “broader nomological net” to
reduce the effects of capitalization on chance (p. 190), Rigdon (2016, p. 602) points out that we specified
a model “that violated the known conditions under which the PLS path modeling estimation algorithm
works. This algorithm requires that every composite proxy must be correlated with at least one other
composite” and that our “simulation showed what happens when you ‘break’ a statistical method, asking it
to work outside of its boundary conditions”. Given the iterative weight computation mechanism that we
describe in Section 2, we see this point as a valid one. However, we see it as unfortunate that PLS
“breaks” in precisely that condition in which researchers typically use it (i.e., when they do not know if an
effect exists or its size may be small). Indeed, in their review, Goodhue et al. (2015) concluded that such
models appear commonly in IS research and, thus, that this issue may affect much PLS-based IS
research.

3.2 Model Testing

In our 2013 critique, we also highlighted an issue with model testing. We investigated a set of traditionally
recommended model quality metrics such as composite reliability (CR), average variance extracted (AVE),
goodness of fit (GoF) and relative GoF, and the standardized root mean squared residual (SRMR) to
identify how well they performed in identifying misspecified models. In line with earlier work that Evermann
and Tate (2010) conducted, we found that none of these metrics can reliably identify misspecified models
and accept correctly specified models. As Mcintosh et al. (2014) explained, “Measures that reflect the
magnitudes of model parameters, such as the CR, AVE, GoF, and relative GoF, are incapable of
reflecting how well the model reproduces the data” (p. 266) and “all four of these measures are
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determined by the magnitudes of the parameter estimates for a model and are insensitive to how well the
model fits the sample data (p. 225).

Mclintosh et al. (2014)further cautioned researchers against “interpret[ing] measures based on parameter
magnitude as indicating model fit, which is the province of the chi-square test and SRMR” (p. 226).
Indeed, in their extended simulations, Henseler et al. (2014) concurred with our results on traditional
model quality metrics: “R&E’s critique on the efficacy of conventional measurement model assessment
criteria...is justified” (p. 195) Additionally, they demonstrated that SRMR and what they termed the “test of
exact fit” can indeed distinguish between misspecified and correctly specified models (which we discuss in
more detail in Section 4.4). Ironically, IS researchers tend to favor the CR and AVE statistics and have
largely ignored these tests despite their demonstrated incapability to differentiate good models from bad
ones.

3.3 Parameter Testing

As we note above, we found that, with no or very weak effects, estimates of structural parameters follow a
distinctly non-normal distribution, which does not satisfy a key requirement for using the t-test for
significance testing. We concluded that the t statistic and the t-test will be biased and that researchers
should not use it. We also noted potential issues with bootstrapping the parameter estimates by pointing
out that the bootstrapped estimates do not seem to follow the original distribution and, thus, violate a key
bootstrapping assumption. Admittedly, we did not investigate empirically whether any statistics calculated
from bootstrap replications might be robust to these violations.

In their extended simulations, Henseler et al. (2014) showed that normal or bias-corrected and
accelerated (BCa)—but not basic—bootstrapping provides acceptable inference. They also showed it to
be reasonably robust even when there is no true effect. Bootstrap performance improves for larger sample
sizes and a more extended latent variable model. They stated that, “with regard to type Il errors, the BCa
confidence intervals turn out to show the lowest power. However, BCa confidence intervals are the only
ones that under all conditions maintained the alpha protection level of 5%” (Henseler et al., 2014, p. 198).
Mclintosh et al. (2014) agreed that “the routine use of the t distribution to test parameters is questionable”
(p. 229) and cautioned that “significance tests are meaningful only if the estimates can be trusted to be
consistent” (p.. 229). Of course, we can question the latter, especially in situations with no effect (8 = 0).
Indeed, in a recent simulation, Aguirre-Urreta and Rdnkké (2018) demonstrated that, while bootstrap-
based confidence intervals performed well when testing an existing path, they could not always trust them
in the no-effect scenarios.

3.4 Exploratory Research

In our 2013 critique, we noted that, given its shortcomings, PLS might not be appropriate for what we
understood as exploratory modeling. We argued that, in situations with tentative theory, identifying model
fit and testing parameter significance become important for further model improvements. We also
lamented the fact that PLS provides few diagnostics tools that could indicate to researchers specific
changes for improving their models.

In response, Henseler et al. (2014, p.200) argued that “a blind faith in covariance-based SEM'’s
exploratory capabilities appear both unwise and unjustified”. We concur with this assertion in that one
should never apply blind faith toward any scientific method or theory. As Mcintosh et al. (2014, p. 233)
stated, “conventional SEM modification indices (Mls) show suboptimal performance”. However, they also
noted that:

There are numerous automated search algorithms that can determine the optimal number of
latent variables and system of relations between them.... These technigues will almost invariably
return several models that provide a good fit to the data. (p. 234)

Importantly, they noted that “subject matter expertise can then be used to help select the most plausible of
the discovered models, which can be subjected to cross-validation using independent data”. (p. 234). In
fact, we should replace the word “can” in the prior quote with the word “must”.

We concluded our critique by suggesting that “PLS is decidedly not a “silver bullet”, and it is very difficult
to justify its use for theory testing” (p. 443). At the same time, we agree with Henseler et al.’s (2014,
p. 202) conclusions that:
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There are many more important questions about the behaviour of PLS that deserve scholarly
attention, such as these: 'How well can PLS predict?' and 'How well does PLS perform if the
composite factor model is indeed correct?"

With respect to that last point, Mcintosh et al. (2014, p. 235) suggested that “much of the controversy
surrounding the viability of PLS-PM as a statistical method can be attributed to its original development
and ongoing application as a technique that attempts to imitate factor-based SEM”. Henseler et al. (2014)
also emphasized this latter point in their response, and it has led to important recent developments that
we discuss in Section 4.

4 Recent Developments in PLS

Our 2013 critique spurred interesting and important developments of the PLS method and its use.
Henseler et al. (2014) already foreshadowed some developments in their response or researchers had
already begun working on them, but they have seen further advancement since then.

4.1.1 Consistent PLS

Dijkstra and Henseler (2015b, 2015a) developed consistent PLS (PLSc) to correct for the bias of structural
regression parameter estimates due to measurement error in the composites when used to estimate the
common factor model. Based on PLS indicator weights for mode A weighting and reflective indicators,
they developed a consistent way to estimate a composite variable proxy’s composite reliability:

wT (S — diag(S))w

T (T — diag(daT))w

pa = (w'w)? 1)
Here, w is the weight vector for a latent variable proxy and S is the sample covariance matrix for that
proxy’s indicators.

In the first step, one conducts the traditional PLS algorithm, which computes the scores for the latent
variable proxies (£) and the weight vectors (W) for each latent variable proxy. The biased estimate of the
latent variable correlation between latent variables i and j is then:

ri; = cor(§;,€)) @

Next, one computes the reliability p, for each latent variable proxy. One then estimates the corrected
latent variable correlations using the well-known correction for attenuation that Spearman (1904)
introduced:
. iy
= . (3)
pa(&i)pa(&;)

Finally, one can derive consistent estimates of the loadings using p, and w.

In their initial simulation studies, Dijkstra and Henseler (2015b) showed that PLSc provides estimates
close to what the maximum likelihood estimator provides with little bias and comparable precision for the
structural parameters, but less precision for the item loadings. In a later comparison using a real data set,
Henseler (2017) confirmed that PLSc provided results close to unweighted least squares (ULS)-based
covariance estimation.

However, not all studies have found similarly encouraging effects. Both Huang (2013) and RAnkko et al.
(2016b) found less precise and more biased PLSc loading estimates compared to traditional ML
estimates. They showed that PLSc tends to overestimate small correlations and underestimate large
correlations. The positive bias may be due to capitalization on chance (Ronkké et al., 2016b) and the
negative bias due to overestimating reliability (Aguirre-Urreta et al., 2019). PLSc also produces more non-
convergent or inadmissible results. Most recently, Yuan et al. (2020, p. 334) argued that PLSc provides no
clear advantage over disattenuating unweighted scales with coefficient (Cronbach’s) alpha. Finally,
Dijkstra and Henseler (2015a, p. 309) noted that “among the consistent techniques, PLSc typically had the
lowest statistical power”. Other studies have drawn the same conclusion.

Dijkstra and Schermelleh-Engel (2014) and Becker et al. (2018) have also examined PLSc to identify its
performance in estimating models with interaction terms. Using a simulation study with sample size
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n = 500, Becker et al. (2018) investigated different methods for modeling and estimating the interaction
term and also compared PLS to PLSc. They found evidence for PLSc’s bias correction also in the
interaction terms. We would expect as much since PLSc estimates the interaction term using an OLS
regression based on the product of the bias-corrected main effects composite scores (Henseler & Fassott,
2010). Their findings extend to both common factor models and to mixed formative-reflective models.

In further extending PLSc to address the bias from ignoring correlated measurement errors, Rademaker et
al. (2019) demonstrated that their extension showed a small improvement over the original PLSc method,
although they concluded that “original PLSc is comparatively robust with respect to misspecification”
(p. 459). Rademaker et al. (2019) suggested that handling correlated measurement errors may Yyield
better results particularly with the product-indicator approach to interaction modelling in PLS (Henseler &
Fassott, 2010). However, noting Becker et al.’s (2018) results, the PLSc-corrected two-step method might
be preferable. On the other hand, Becker et al. (2018) only examined PLSc without Rademaker et al.’s
(2019) extension. Hence, identifying the best way to estimate interaction models in PLS remains an open
issue.

While PLSc represents a significant improvement over traditional PLS when applied to the common factor
model, further simulation research is required to clearly identify the limits of its applicability and its
robustness to various different conditions. In particular, given R6nkko et al.’s (2016b) and Yuan et al.’s
(2020) recent findings, its advantage over the simpler approach of using indicator means and
disattenuating the correlations with coefficient alpha or CR (Devlieger & Rosseel, 2017; Devlieger et al.,
2015; Rosseel, 2020) requires further investigation. As a result, we recommend (R):

R1: If researchers use PLS for factor models (reflective), they should use consistent PLS with
measurement error correction.

4.2 T-tests are Inappropriate

In our earlier critique (Ronkk6é & Evermann, 2013), we already showed that t-tests for null-hypothesis
significance testing of the parameter estimates are inappropriate in PLS and suggested that researchers
should use bootstrap confidence intervals instead. Aguirre-Urreta and Ronkko (2018) have examined
different bootstrapping methods for PLSc. They found strong evidence that one should use percentile,
bias-corrected (BC), and bias-corrected and accelerated (BCa) bootstrapping over normal distribution-
based bootstrapping. We do not find this result surprising as Rénkkd and Evermann (2013) noted that the
underlying parameter estimates do not follow a normal distribution. While Aguirre-Urreta and ROnkkd
(2018) found BC and BCa bootstrapped confidence intervals appear more efficient in that they converge
faster to their theoretical values with increasing sample size, they are optimistic in that they do not reach
the nominal coverage level, generally yielding an interval that is too narrow. On the other hand, Aguirre-
Urreta and R6nkkd (2018) found percentile intervals to be less efficient but more conservative and, thus,
the preferred option. Aguirre-Urreta and Ronkké (2018, p. 26) concluded that “the proposed approach
[percentile bootstrap] is not only a valid alternative for statistical inference with PLSc, but also a
substantial improvement over current practice’. Their results imply that researchers should use
conservative percentile bootstrapping of PLSc estimates rather than BC/BCa-based bootstrapping;
Henseler et al. (2014) recommended the latter, and many PLS software tools use it as the default.

R2: If researchers use PLS, they should avoid t-tests and instead use percentile bootstrapping for
statistical inference.

Aguirre-Urreta and Ronkkd (2018) also showed that all bootstrap methods struggle when the latent
variables correlate weakly or do not correlate at all, especially for models with a small number of sparsely
connected latent variables. Thus, bootstrap methods do not entirely address weakly connected latent
variables, which leads to a bimodal parameter estimate distribution and an inappropriate t-test. Because
parameter significance tests are particularly important when researchers are uncertain about the
existence of a relationship, PLS, even with bootstrapping, does not always perform well in critical
situations. Aguirre-Urreta and Ronkkd (2018) also recommended diagnostics such as inspecting the
histogram of bootstrap replications, which most contemporary PLS software programs provide, for a
severely non-normal shape. As a remedy for potential problems, they suggest using equal weights to
calculate the problematic composites.

R3: If researchers use bootstrapping for significance testing, they should examine the bootstrap
estimates for a severely non-normal distribution.
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4.3 Power Estimation Using Simulation

Aguirre-Urreta and R6nkko (2015) recently discussed how to select an appropriate sample size for a PLS
study—a particularly important aspect of using PLS since it affects the estimator’s consistency, its
convergence behavior, and the confidence intervals for parameter significance testing. Examining the
latter, Aguirre-Urreta and Ronkko (2015) developed a guide to using simulation studies for power
calculations.

In general, one should not use traditional rules of thumb such as ten times the largest number of
indicators on a construct (Chin, 1998) or using regression based power calculations (e.g., the popular
GPower software). Aguirre-Urreta and Ronkkd (2015) discussed the questionable origin of the “ten times”
rule at length and noted that regression-based power computations assume perfectly reliable regressors
and regressands. As such, researchers should not use them with multiple-indicator models that one
assumes to contain measurement error.

Aguirre-Urreta and Ronkko (2015) provided a step-by-step guide using a simple script for the R statistical
system. However, the method as reported still uses uncorrected mode A weights by default and the t-test
for significance testing in the power calculations, which one should avoid and replace with percentile
confidence intervals as we note in Section 4.2. Recent versions of the matrixpls package for the R system,
on which Aguirre-Urreta and Ronkkd (2015) built their guide, allow one to choose percentile confidence
intervals (using the citype = “perc” parameter for the matrixpls.sim function) and use PLSc (using the
disattenuate = TRUE and parametersReflective = estimator.plscLoadings parameters for the matrixpls.sim
function). The precise way to use matrixpls has changed since Aguirre-Urreta and ROnkkd (2015)
appeared, but Ronkk¢’s (2020) user manual contains an update to their example.

Given that researchers can easily perform simulation studies for PLS with contemporary PLS software
tools, they should explicitly hypothesize about likely effect sizes and data distribution assumptions, set
them up for a simulation study, and identify the statistical power for various sample sizes before collecting
data.

R4: If researchers use PLS, they should use a simulation study to determine an appropriate
sample size and study power a priori.

4.4 "Goodness of Fit” does not Measure Goodness of Fit

Traditionally, model evaluation in PLS rested on model “quality criteria” such as the composite reliability
(CR) and the average variance extracted (AVE). However, these criteria do not test whether the model fits
the data but evaluate the factor structure and the relationships between observed and latent variables.
Even the goodness-of-fit (GoF) metrics developed by Tenenhaus, Amato, and Esposito Vinzi (2004) are
misnamed, as they also examine the factor structure of the model, rather than the fit of the model with the
observed data. These metrics rely on the parameter estimates but the estimates will be biased if one
misspecifies the model is. Needless to say, simulation studies confirmed that these indices cannot detect
misspecified (i.e., non-fitting) models (Evermann & Tate, 2010; Ronkkd & Evermann, 2013; Henseler &
Sarstedt, 2013; Henseler et al., 2014).

Researchers can demonstrate model testing adequacy using empirical datasets. An adequate model test
or model quality heuristic should reject obviously incorrect models. While one can never know if a model is
correct in an empirical application, one can easily come up with surely misspecified models (e.g., by
combining two factors into one, assigning indicators to obviously incorrect factors, or adding more latent
variables to the model). If the model quality indices that one uses do not reject a surely incorrect model, it
would provide strong evidence against these indices. Ronkkd et al. (2012) demonstrated such an analysis
in evaluating various incorrectly specified models based on various models published in leading 1S
journals. They did not make an encouraging conclusion: “Based on the analysis of the goodness of fit
indices we can conclude that...any model fits approximately as well as the original model” (p. 9).

R5: If researchers use PLS-based indices for model testing or fit evaluation, they should test or
evaluate also models that they assume to be incorrect for the data to ensure that the model
quality indices would actually lead them to reject incorrect models.

Early in PLS’s development, Lohmdller (1989) proposed fit indices and reliability indices based in part on
the residual covariances and on the maximum-likelihood y? fit function. However, the early PLS literature
never adopted them. Only later did Henseler et al. (2014) and Dijkstra and Henseler (2015b) develop
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these ideas further in proposing three ways to evaluate overall model fit by comparing to the observed
covariance matrix, a technique adopted from covariance-based SEM. They defined three distance metrics
as follows:

p i
2 = 6;)2
SRMR = —Z Z G5y~ 0y)° 4)
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Here, S refers to the sample (observed) covariance matrix, £ to the estimated population covariance
matrix, and i, to the k-th eigenvalue of S~1£. One can do the test for exact fit using either the d,; (least
squares) or the d,; (geodesic) distance metric.

As Mclintosh et al. (2014) have pointed out, standardized root mean squared residual (SRMR) is a fit
index, not a statistical test, so the acceptable value is subjective and does not reflect pre-determined error
rates. One interprets SRMR the same way as covariance-based SEM in that one can assume values <
0.08 indicate acceptable model fit (Hu & Bentler, 1999), although debate continues around the
appropriateness and usefulness of fit indices in general and simple cutoff rules of thumb in particular
(Kline, 2011).

Researchers use the metrics d;s and d; by bootstrapping them and comparing the observed sample
statistic to the 95th percentile of the bootstrap. Initial simulation studies suggest that model rejection rates
based on these metrics are too low for small sample sizes (n = 300, 600) and approach the theoretical
values for larger samples (n = 1200) (Dijkstra & Henseler, 2015b). Note that researchers usually consider
what Dijkstra and Henseler (2015b) characterize as “small samples” in their simulation as quite large
samples in PLS applications.

R6: If researchers use PLS, they should establish adequate model fit using dg prior to interpreting
path estimates or assessing factorial structure.

Model selection involves identifying misspecified models and assessing model fit. One uses it to identify
the best model among a set of equally well-fitting competing models. One should never select ill-fitting
over well-fitting models. In covariance-based SEM, the )(2 difference provides a strong and well
understood statistical test for model selection. With non-nested models, researchers often rely on
information theoretical metrics, such as the Akaike information criterion (AIC), the Bayesian information
criterion (BIC) or the Geweke-Meese criterion (GM), all of which researchers have recently also applied to
PLS estimated models (Sharma et al., 2019a, 2019b; Danks et al., 2020). These criteria penalize models
for complexity to achieve a balance between fit and parsimony. When applied to PLS:

Closed-form formulas for the different model selection criteria do not exist. However, when the
error distribution is normal with constant variance, the maximum likelihood-based formulas can
be written as a function of the model residuals, and specifically the sum of squared residuals.
(Sharma et al., 2019b, p. 351).

The assumption of normally distributed errors is a significant departure of the usual characterization of
PLS as a distribution-agnostic or assumption-free method. In a simulation study that they conducted,
Sharma et al. (2019b) found that AIC, BIC, and GM can successfully identify the correct model
significantly better than previous "quality criteria” such as GoF, R? and Q% metrics. These findings confirm
earlier results that we note above: “Overall, none of the PLS criteria performed satisfactorily” (p. 356).
Sharma et al. (2019b) found that BIC and GM provide the best success rates in identifying the correct
model. Their findings also held for relatively small samples (i.e., 100) and remained robust across sample
sizes with performance improving with an increasing sample size. Similarly, their findings also held for
small effect sizes and performance improved with an increasing effect size. They recommended that BIC
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or GW should replace the traditional model “quality criteria”. While Sharma et al. (2019b) used the lowest
information criterion value to select a model, Danks et al. (2020) used AIC, BIC, and GW weights as
selection criterion. As these weights are essentially logit transformations, they unsurprisingly arrive at
similar conclusions: “weights derived from BIC and GM are well suited for separating incorrectly specified
from correctly specified models” (p. 13).

Model selection is comparative in nature while model misfit identification relies on a single model and the
observed data. Thus, while Sharma et al. (2019b) and Danks et al. (2020) have used selection methods to
identify and reject misfitting models, their set of models included one or more well-fitting ones. In general,
comparative model selection cannot substitute for identifying model misfit.

R7: If researchers use PLS to compare multiple, well-fitting models, they may select models
using information-theoretic criteria. They must establish and demonstrate good model fit
before any comparison.

45 R? does not Measure Predictive Power

Researchers have frequently argued that PLS has particular usefulness in predicting rather than
explaining, though few researchers appear to have followed through with this idea (Evermann & Tate,
2016; Ronkkd et al., 2016c). Shmueli et al. (2016) pointed out two key differences between explanation
and prediction. At the data level, prediction deals with predicting new values for specific observations
("out-of-sample prediction”), whereas explanation deals with analyzing patterns in existing values. At the
application level, prediction deals with making individual-level decisions, while explanation deals with
average- or population-level decisions. Metrics such as R? or Q2 do not measure predictive performance:
R? is a population-level, in-sample metric rather than an out-of-sample metric, while Q% is also an
aggregate rather than an individual-level metric.

Shmueli et al. (2016) presented a method to produce out-of-sample, individual-level predictions from PLS.
Adopting the “operative prediction” concept from Lohmoller (1989), Shmueli et al. (2016) described
prediction from manifest variables to manifest variables that can “fully incorporate every aspect of the
theoretical model in gauging predictive validity. Furthermore, operative prediction only requires manifest
data items as predictors and outcomes” (p. 4554).

Evermann and Tate (2016) compared the predictive performance of PLS, covariance-based estimation,
and a theoretic prediction methods (EM and linear regression that operated only on observed variables
with no structural model or mediating latent variables). Purely reflective models, such as the one in
Figure 1, have no exogenous manifest predictor variables, while purely formative models have no
endogenous manifest predictand variables. Consequently, in their first study on purely reflective models,
they necessarily used the Q2 statistics with blindfolding to evaluate prediction performance. They also
examined PLSc but found that traditional PLS with mode A performed better than PLSc. In their second
study, they examined mixed formative-reflective models of the type that Figure 2 shows. These models
contain observed exogenous predictor variables and observed endogenous predicted variables.
Evermann and Tate (2016) used root mean squared error (RMSE) with cross-validation to measure out-
of-sample, individual-level prediction (“operative prediction” Lohmdller (1989)). In both cases, prediction
from PLS estimated models has an advantage over prediction from covariance-estimated models.

In recent work, Liengaard et al. (2020) built on the cross-validated out-of-sample prediction notion that
Shmueli et al. (2016) and Evermann and Tate (2016) used to suggest a prediction-oriented model
selection criterion. Their CVPAT method defines summary statistics of prediction-error differences
between alternative models and uses a t-test to identify significant predictive differences between models.
In an initial simulation study, they found promising results in terms of error rates and test power.

In summary, we do not mean to argue for or against PLS for predictive studies over any other technique
(and many others exist, including atheoretical ones with their roots in machine learning such as support
vector machines and deep neural networks) but rather focus on reminding researchers that simply stating
that a study is predictive in nature does not in fact make it predictive. Evermann and Tate (2016, p. 4581)
suggest that, for predictive studies:

The theoretical motivation, parameter significance testing, and the assessment of validity and
reliability of the measures should take a limited and sub-ordinate role to the presentation of
appropriate blindfolding or cross-validation procedures and metrics.
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Simply put, most IS researchers do not study research questions where predictive modeling would be
applicable but focus on testing theory that requires explanatory models. If predictive modeling pertains to
their study, researchers should clearly explain the predictions’ purpose and usefulness and use operative
prediction (i.e., mixed formative-reflective) to assess their models’ out-of-sample prediction at the
individual level as Shmueli et al. (2016) and Evermann and Tate (2016) recommend.

R8: If researchers use PLS for prediction, they should adequately justify and reflect this
motivation and assess out-of-sample prediction at the individual level.

4.6 AVE and CR do not assess Discriminant Validity

Ronkkoé and Evermann (2013) noted that the typically used criteria AVE and CR cannot identify model
misspecification. Their argument focused on cross-loadings, which affect discriminant validity metrics.
Henseler et al. (2014) confirmed their results, which served as the impetus behind efforts to develop a
new technique for assessing discriminant validity. Taking the multitrait-multimethod matrix (MTMM) as a
starting point, Henseler et al. (2015) derived the hetero-trait-mono-trait (HTMT) criterion for assessing
discriminant validity. They proposed two hard cutoff criteria but also recommended bootstrapping to test
whether the HTMT is less than one. Henseler et al. (2015) showed that the HTMT relates to coefficient
alpha, and, in a recent, study, Rénkké and Cho (2020) proved that HTMT actually constitutes a correlation
between unweighted composites that is disattenuated with standardized alpha.

In a simulation study, Henseler et al. (2015) replicated our poor results for the AVE and CR criteria and
showed that the HTMT method can detect low discriminant validity. However, in a more comprehensive
simulation study, Ronkkd and Cho (2020) found that these results reflect the AVE criterion’s problems
more than any HTMT capability. They further showed that the HTMT method makes more assumptions
than traditional confirmatory factor analysis. It provides little advantage when these assumptions hold and
perform less well in other conditions (R6nkkd & Cho, 2020).

Because HTMT is a disattenuated correlation, using it with PLSc presents two challenges. First, PLSc
calculates composites with PLS weights, whereas HTMT is based on unweighted composites. Second,
disattenuation in HTMT is based on standardized alpha rather than the reliability p, developed for PLSc.
Two different sets of composites and disattenuation correlations will likely confuse researchers and
readers alike; for most researchers, simply estimating a traditional factor analysis might be an easier and
more effective alternative.

R9: Researchers should not use AVE- and CR-based criteria to establish discriminant validity.
They can use the HTMT if they can justify its assumptions. Otherwise, they should use
traditional factor analysis techniques.

4.7 PLS is intended for Composite Models

Given the increasingly critical PLS evaluations (Chin, 1998; Chumney, 2013; Goodhue et al., 2012;
Reinartz et al., 2009), PLS proponents could no longer simply ignore or sweep away the issue of biased
PLS estimates for the common factor model. Prior to PLSc’s development, Rigdon (2012) argued the
need to refocus PLS on composite models. He recommended that researchers should “recognize and
evaluate PLS path modeling as a method strictly in terms of weighted composites...and build the future of
PLS path modeling in entirely factor-free terms” (p. 342). Rigdon (2016) suggested that researchers
misunderstand and misapply PLS to estimate the common factor model. Sarstedt et al. (2016) have made
a similar point and argued for a focus on composite models. Rigdon (2016) and Sarstedt et al. (2016) both
argue that PLS should not be used to estimate models for which the data generating process was the
common factor model and that evaluating the performance of PLS on such models is therefore misguided.
While this argument may be true, applied IS researchers still use PLS most frequently to estimate the
common factor model (Ringle et al., 2012) and the common factor models underpins prominent IS
theories (see Table 1).

Rigdon’s (2012) paper attracted various responses, many of which rejected his proposition to turn away
from the factor model. Dijkstra (2014) responded with an argument for consistent PLS and briefly
sketched its development, one of the earliest publications on PLSc. Bentler and Huang (2014) presented
PLSel and PLSe2. While misleadingly termed “PLS”, the estimation is a covariance-based estimation
rather than a composite approximation mechanism such as PLS. PLSel uses the PLS estimates as
starting values in a conventional CBSEM estimation, -PLSe2 uses PLS estimates to build a weight matrix
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for GLS estimation. While it remains unclear what advantage parameterizing the GLS estimator in such a
way would provide, recent literature has nevertheless promoted these techniques (Ghasemy et al., 2020).

To further complicate matters, in their response to our 2013 critique, Henseler et al. (2014) introduced
what they termed a “composite factor model”. After Mcintosh et al. (2014) pointed out that the model
constituted neither a composite nor a statistically identified model, Schuberth et al. (2018) later refined it.
They showed that one can rewrite the composite model in a mathematical form similar to a common factor
model under the assumption that the loadings are proportional to the weights. This proportionality
constraint statistically identifies the model and Schuberth et al. (2018) proposed a model fit test using the
SRMR, d;s and d,; metrics (see Section 3.2). In their simulation study, they found that d; in particular can
correctly identify composite model misspecifications with an error rate restricted to the theoretical
expectation at the 0.05 and 0.1 significance levels. They also noted that one requires sample sizes that
exceed 350 to consistently detect misspecifications. However, Schuberth et al. (2018) did not estimate
their model using PLS but used generalized canonical correlation analysis (GCCA). Whether PLS weights
work as well remains to be demonstrated.

The literature contains two arguments used to support composite models. First, a misspecified latent
variable model can produce severely biased estimates, and, though biased, estimates from composite
models are less bad (Rhemtulla et al., 2020). While true, as a better course of action, one should avoid
misspecifications in the first place by engaging in proper model diagnostics. Second, PLS represents an
ideal technique when the population follows a composite model rather than a common factor model.
Unfortunately, the literature has yet to provide a compelling argument for why and when one should
expect a phenomenon of interest to follow a composite model. While we need to examine this argument’s
merits, we leave it to another paper to do so and refrain from making a recommendation on using PLS at
this time. Nevertheless, adopting such a perspective would require one to develop an entirely different
measurement theory and abandoning Cronbach’s alpha, CR, and AVE as reliability measures.

4.8 PLS and Dependent Formative Models

Aguirre-Urreta and Marakas (2014) recently examined the way researchers use PLS to estimate models
with a dependent formative construct. They showed algebraically and in simulation that the model that
some PLS users might expect from a graphical representation such as that in Figure 4 differs from what
PLS actually estimates. They argued that the statistical model that one should infer from the path diagram
in Figure 4 based on SEM path diagram rules is:

yi = A+
m= Y _wizi+BE+C

’

where B is the structural parameter of interest. Aguirre-Urreta and Marakas (2014) found that PLS
estimates of g reflect only the indicator covariances between the y; and the x; even when the y; correlate
with the z;. In the case of uncorrelated y;, x;, the estimates for g are zero. They noted that, in earlier work
(Aguirre-Urreta & Marakas, 2008), they mistakenly reported this phenomenon as estimation bias.

B
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Figure 4. Formative Dependent Latent Variable () (We Omit Correlations among the x Indicators for Clarity)

In response, Rigdon et al. (2014) noted that the graphical notation may be misleading. They pointed out
that PLS forms the composites prior to and separately from the structural model estimation and that the
statistical model to be read from Figure 4 is:
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= E W, T; composite
i

m =0+ dependent
= Z wir; = PE+C

This model shows that the g parameter depends on the covariance between the x; components and the
reflective independent latent variable ¢. Hence, given good indicator reliability, the PLS estimate of § as a
function of the covariances between x; and y; is precisely the intended one. Rather than showing a failure
in PLS, Aguirre-Urreta and Marakas (2014) showed that the model that most researchers assume for
specifying formative or composite endogenous variables is not in fact correct.

While Aguirre-Urreta and Marakas (2014) suggested that the observed covariances between the y; and x;
that form the effect could be due to omitted common causes, they are more likely due to precisely the
intended nature of the formative construct: ¢ (and, thus, its highly correlated indicators) has an effect on
the components x; of n;. Indeed, Cadogan and Lee (2013) already made this point in convincingly arguing
that components must necessarily mediate effects on composites and, thus, essentially endorsed Rigdon
et al.’s (2014) variable-level specification).

To avoid the confusion that this debate showcases, researchers must clearly state their assumptions and
the precise statistical model they intend to estimate. While the graphical user interfaces that PLS software
provides make it very easy to perform a PLS analysis, this simplicity comes with the downside that one
does not readily know the actual equations that form the statistical model. Moreover, commonly used PLS
software provides very little documentation (SmartPLS, 2020) on how they translate path diagrams into
equations, which causes considerable ambiguity on what exactly researchers estimated when publications
present the results only in a graphical format.

R10: If researchers use PLS with dependent formative constructs, they should verify and publish
the assumed and estimated statistical model (i.e., the equations) to avoid any confusion.

Given that formative indicators mediate the effects from a latent variable to a formative latent variable,
estimating only the total effect rather than the individual mediator effects represents a wasted research
opportunity. As a result, one might want to use the latent variable specification (Cadogan & Lee, 2013;
Rigdon et al., 2014). One could also obtain comparable results after PLS estimation by exporting the
composite scores for & from the analysis and regressing each indicator x; on these scores.

4.9 Endogeneity and 2SLS

Researchers have traditionally implemented PLS as a two-phase method with ordinary least squares
(OLS) regression in its second phase. OLS has two important restrictions. First, it requires the regressors
to be independent of the regressands’ error terms in order for the parameter estimates to be unbiased.
Second, it requires a recursive system of regression equations (i.e., the structural part of the PLS path
model must be acyclical).

Researchers often violate the first restriction in practice, which leads to “endogeneity” (Antonakis et al.,
2010). Omitted variables (i.e., variables that affect both the regressor and regressand) are typical causes
of endogeneity. When one omits them from the estimated model, the regressor becomes correlated with
the error term (Antonakis et al., 2010). The second restriction prevents researchers from estimating an
entire class of models that incorporate feedback cycles between constructs or composites.

However, researchers use OLS in the second PLS phase for convenience and habit, not necessity.
Dijkstra and Henseler (2015a) used two-stage-least-squares (2SLS) regression to estimate the structural
parameters from the bias-adjusted correlation or covariance matrix in PLSc “whether recursively or with
feedback patterns” (p. 14). As such, they relaxed the second restriction in PLS and allow the modeler to
describe cyclical structural models. One can also use 2SLS to address endogeneity. Benitez-Amado et al.
(2016) and Hult et al. (2018) have recommended 2SLS in order to use the instrumental variable approach
for addressing endogeneity provided researchers have suitable instrumental variables (“instruments”). An
instrument refers to a variable that strongly correlates with the problematic endogenous regressor but is
independent of the error term in the regression model.

Hult et al.’s (2018) approach has two limitations. First, the authors recommended the usual Hausman test
for identifying endogeneity and the Sargan test for identifying the instrument’s suitability. Both tests are
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parametric tests that make distributional assumptions, which runs counter to the typical goal to keep PLS
a distribution-free method. Moreover, these techniques do not consider the unknown effect of the
sampling distribution of PLS. Hult et al. (2018) recommended that future research should investigate using
bootstrapping. A second issue, which Hult et al. (2018) did not address, concerns the first stage in PLS
and, specifically, that it computes composite scores in a way that relies on OLS and may be subject to
endogeneity. Researchers need to conduct more work to examine whether and to what extent the way
PLS computers composite scores has any impact on composites and, hence, parameter estimates.

R11: If researchers use PLS and suspect endogeneity, they should address it using 2SLS.

R12: If researchers use PLS and a non-recursive structural model, they should use 2SLS rather
than OLS.

5 Alternatives to PLS

When first developed, Herman Wold positioned PLS as an alternative to Karl Joéreskog’s nascent
covariance-based analysis (Wold, 1982). Given the computing abilities at the time, Wold’s PLS worked
faster, which allowed one to interactively explore data. However, given its estimation bias and
consistency-at-large property, PLS clearly could not be a valid alternative to covariance-based analysis for
inferential, theory-driven research work with the common factor model. Yet, perhaps based on the
historical context, researchers often view covariance-based SEM as the primary alternative to PLS (e.qg.,
Reinartz et al., 2009; Goodhue et al., 2012; Sarstedt et al., 2016; Rigdon et al., 2017; Hair et al., 2019).

Given that most researchers now explicitly accept PLS’s composite nature and position it primarily as a
composite analysis tool, we can clearly see that covariance-based SEM does not in fact represent the
primary alternative to PLS. Instead, alternatives to PLS are other composite methods, the simplest of
which is unweighted summed scales. Hence, recent work has compared PLS primarily to summed scales
(RONnkkd & Ylitalo, 2010; Ronkkd & Evermann, 2013; R6nkkd, 2014). Composites’ reliability represents the
key consideration in composite modeling (i.e., how well the estimated composite scores correlate with the
true scores). While one can certainly construct scenarios where PLS’s weighting algorithm outperforms
unweighted summed scales by a significant amount, it by no means represents the typical case. More
cases where summed scales provide composites as reliable or more so than PLS weighted composites
exist. In many cases, PLS offers only a small advantage and, given the limitations and cautions around
PLS that we note in the previous section, PLS likely represents an unacceptable trade-off. In situations
with highly correlated indicators, one can gain little reliability by differential item weighting (R6nkko et al.,
2015; RoOnkko et al., 2016a). In fact, Ronkkd, Evermann, and Aguirre-Urreta (2016) found that indicator
weighting provides little advantage even at a low mean indicator correlation of 0.4, well below the typical
level of indicator correlations in IS research.

Does indicator weighting make a difference in practice? Examining published standardized indicator
loadings for the TAM scales across 43 published studies, Evermann and Tate (2014) found only small
differences in the mean loadings of different indicators. Re-analyzing an empirical study, Ronkkd,
Mclintosh, and Antonakis (2015) shows PLS composites that are nearly perfectly correlated with
unweighted composites.. Extending this analysis, Ronkkd et al. (2016) re-analyzed another empirical
dataset to calculate different PLS composites and also concluded that “PLS indicator weights do not
generally provide a meaningful improvement in reliability” (p. 6). Ronkko et al. (2021) analyzed two
datasets that researchers have commonly used to demonstrate PLS and found that the correlations
between PLS composites and corresponding unit-weighted composites exceeded 0.99 for all but one
composite. A single very poorly performing item explained the one outlier correlation. After eliminating that
item, as one would do in the factor analysis stage in scale development (Hair et al., 2010), the correlation
between the corresponding PLS composite exceeded 0.99 in line with the other correlations in that study.

One can easily compare simple summed scale with PLS composites by exporting PLS composite scores
and examining their correlation with the summed item scores. Ronkkd et al. (2021) formalized this
comparison as the composite equivalence index (CEI) statistic. Researchers should adopt this analysis as
a basic diagnostic for any PLS analysis: if they find no meaningful differences, they can hardly justify
using PLS composites over simpler unweighted composites given the challenges associated with PLS
(e.g., in terms of the potential for capitalization on chance and parameters testing (see Section 4.2)). If
researchers do find differences, they should explain them because differing weights can indicate a
problem such as a cross-loading (Ronkkd et al. 2021).
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R13: Researchers should compare PLS composites to unweighted composites to demonstrate any
possible advantage that the PLS composites might have.

Hwang and Takane (2004, 2014) developed another composite analysis method called generalized
structure component analysis (GSCA) explicitly as an alternative to PLS. It has an explicit objective
function (squares of the measurement errors and structural residuals) that GSCA optimizes to estimate
model parameters. In contrast, PLS has no explicit optimizing criterion and researchers have not clearly
and explicitly defined its frequently claimed weight “optimality” (Ronkko et al., 2015; R6nkko et al., 2016a).
Recent advances in GSCA include regularization (Hwang, 2009), latent interactions (Hwang et al., 2010a),
multilevel analysis (Hwang et al., 2007), and non-linear models (Hwang & Takane, 2009). A bias
correction inspired by consistent PLS has been implemented as GSCA,, (Hwang et al., 2017). Curiously,
GSCA has found little adoption in IS research even though various software implementations are
available, such as an R package, an Excel add-on, and a Web-based graphical implementation.

We find the fact that IS researchers have scarcely adopted GSCA and their focus on PLS all the more
puzzling as, in many situations, research has shown GSCA to outperform PLS. In their initial application,
Hwang and Takane (2004) showed GSCA estimates to be very close to PLS estimates but with smaller
standard errors. Examining the quality of composites, Tenenhaus (2008) compared GSCA, PLS,
unweighted summed scales, and principal components and concluded that “all methods vyield to
comparable components” (p. 15) and “when the blocks are good, the computation of the components
does not depend upon the method use.” (p.15) (i.e., for unidimensional and strongly correlated
indicators). Here too the simple method of unweighted summed scales proved as good as complex
weighting methods. Focusing on parameter recovery in misspecified models, Hwang, Malhotra et al.
(2010b) also claimed that GSCA has an advantage over PLS and concluded that “we recommend the
adoption of generalized structured component analysis as a sensible alternative to partial least
squares...[since] [it] performed better than or as well as partial least squares in parameter recovery’
(p. 710) Comparing the bias corrected GSCA,, to consistent PLS, Hwang et al. (2017) found that, with
equal weights, GSCA,, biases parameter estimates positively, while PLSc biases them negatively. Again,
they found consistently smaller standard errors for GSCA,, than PLSc. For heterogeneous weights, GSCA,,
and PLSc exhibit bias in the same direction for loading estimates but in opposite directions for structural
path estimates (negative for GSCA,,, positive for PLSc).

In a systematic simulation study, Hair et al. (2017b) showed that GSCA produces smaller estimation
errors for measurement model parameters than PLS independent of samples size, number of indicators,
and indicator weights. For equal weights, they found that summed scales outperformed both GSCA and
PLS independent of sample sizes and number of indicators. Here, the complexities of PLS and GSCA
actually prove detrimental and lead to worse outcomes. For unequal weights, and especially for few
indicators and large sample sizes, summed scales show a large error, while GSCA and PLS perform
about equally well. In a recent working paper, Hwang et al. (2020a) combined GSCA and GSCA,, for mixed
composite and factor models (“integrated GSCA” or IGSCA”). In their first simulation, they found that, as
theoretically expected, GSCA and PLS “provided positively-biased estimates of the factor loadings” (p. 20)
while “PLSc and IGSCA were the only approaches that provided unbiased estimates of all the loadings
and path coefficients” (p. 20). Their second simulation study with a wider range of conditions pitted PLSc
against IGSCA. Hwang et al. (2020a, p. 27) concluded that:

IGSCA always recovered loadings better than PLSc regardless of the experimental factors,
while the two approaches recovered path coefficients similarly in most conditions except for the
case of a misspecified model with cross component loadings, where IGSCA largely recovered
path coefficients better.

GSCA also features prominently in a recent special issue on composite analysis (Sarstedt & Hwang,
2020). Among a GSCA application (Jung et al., Ronkkd 2020) and a concept analysis of the literature
(Hwang et al., 2020b), Cho and Choi (2020) presented a simulation study in which they compared the
parameter recovery performance and statistical power of GSCA and PLS. They found similar results to
Hair et al. (2017b) in that GSCA outperformed PLS in recovering measurement model parameters while
they performed at a similar level in recovering structural parameters.

In addition to summed scales and GSCA, another alternative to PLS is regularized generalized canonical
correlation analysis (RGCCA) (Tenenhaus & Tenenhaus, 2011, 2014; Tenenhaus et al., 2017). It builds
on elements of both generalized canonical correlation analysis (GCCA) and PLS. While formally well
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developed, we know little about its comparative performance since few simulation studies have compared
RGCCA to GSCA and PLS.

We write this section not to evaluate alternative component-based statistical models in detail but rather to
ensure IS researchers know about these alternatives. The choice researchers must make is not one
between covariance-based SEM and PLS. Instead, unweighted summed scales should be the primary
alternative to PLS since it performs as well or better than complex indicator weighting schemes in many
situations (Tenenhaus, 2008; Hair et al., 2017b). We should prefer simplicity over complexity when the
outcomes are essentially the same. Simple methods are more robust in that they make fewer assumptions
that one can violate, and researchers typically understand them better..

R14: Faced with multiple, equivalent methodological options, researchers should use the simplest
method.

6 Conclusions

Overall, we have seen significant methodological developments that our 2013 critique at least partially
drove (Ronkké & Evermann, 2013). Many developments have focused on addressing concerns that we
raised in that critique, such as estimation bias and model and parameter testing. Since then, the field has
seen a plethora of methodological developments and simulation studies that examine these
methodological developments. This work, which has significantly advanced our understanding of PLS, is
very much welcome.

However, much of that work, such as bias-corrected PLSc and global fit assessment using model-implied
covariance matrices, appears to have tried very hard to retrofit additions to PLS that come naturally and
for free in covariance-based SEM. In contrast to covariance-based SEM, which rests on a unified
foundation of covariance algebra, optimal fit functions, and maximum likelihood estimates, PLS looks
increasingly like a hodgepodge of kludges added upon kludges. Many of the recent developments, such
as model fit and model selection criteria, are based on ideas originally applied to covariance-based SEM,
such as RMSEA, model-implied matrices, and the model likelihood. One has to wonder what, despite all
these improvements, can be gained by using PLS over well-established, better understood, and
conceptually simpler alternatives? Again, we leave this question as a rhetorical one for readers to ponder.

Some PLS researchers advocate a retreat to composite models and acknowledge that, while we have
made advances in PLS, other methods better suit the common factor model. Yet, researchers have
extensively debated whether to use formative and composite models, their place in applied research, and
their ontology (Edwards & Bagozzi, 2000; Howell et al., 2007b, 2007a; Bagozzi 2007; Bollen, 2007; Wilcox
et al., 2008; Marakas et al., 2007, 2008; Hardin et al., 2008; MacKenzie et al., 2011; Edwards, 2011;
Markus, 2018). Moreover, while researchers have made important contributions to composite modeling,
we still lack simulation research to indicate that PLS does indeed represent the best tool for this model
type with the kinds of dataset that IS researchers use. As we note in Section 5, GSCA appears to be
superior to PLS in many composite modeling applications, and so do simple, unweighted summed scales.
The re-focusing of PLS on composite models also does not mean that researchers can simply declare or
claim their model to be a composite one. The hypothesized relationships between observed variables and
composites have to be theoretically plausible. Table 1 shows that many prominent IS theories deal with
human psychology and include latent variables that represent beliefs, attitudes, or similar constructs. For
such constructs, subjects’ responses to measurement questions clearly causally depend on the measured
psychological construct, which leads to a common factor model. While it may be possible to reframe these
theories using composites, those composites would have very different meanings than the latent variables
that reflect psychological constructs (Evermann & Tate, 2012).

Research has shown prediction from PLS estimated models to be superior to predictions from covariance-
based SEM in many situations. However, the restrictions that PLS or otherwise estimated models impose
limit prediction from them. The linearity of the models, the absence of certain paths in the model because
they lack theoretical maotivation, or the imposition of composite or factor structures represent constraints
that necessarily reduce such models’ predictive performance in practical applications compared to a
theoretical prediction techniques such as neural networks or random forests. If users want to predict
individual values for a particular application, they may be unwilling to accept lower predictive performance
when they only gain a theoretically plausible, linear model. This trade-off between prediction and
explanation is specific to every application but will not likely always go well for PLS (or any other linear
structural equation modeling method).
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In summary, PLS finds itself between more than one proverbial rock and a hard place. For the common
factor model, it does not perform as well as the better understood, conceptually simpler, and statistically
grounded covariance-based SEM. For the composite model, summed scales in some applications and
GSCA in the remaining situations outperform PLS. For predictive modeling, it is threatened by various
contemporary atheoretical prediction methods, such as deep learning networks, which outperform
traditional statistical learning techniques in many different applications.

Additionally, PLS can naturally only model composites and cannot truly model latent variables that have
no associated indicators. Such latter models include latent growth curves models (Bollen & Curran, 2006)
and latent difference score models (McArdle, 2009; Grimm et al., 2012). While composites can
approximate latent variables in some models, researchers in many research disciplines (which includes
the IS discipline) have increasingly begun using models with truly latent variables (i.e., without directly
associated observed variables) (e.g., Serva et al., 2011; Bala & Venkatesh 2013).

On a positive note, PLS researchers and critics agree on many issues. For instance, they universally
acknowledge sample size requirements as an invalid reason to choose PLS. They also agree that
parameter estimates in the original PLS algorithm exhibit bias when applied to the common factor model.
Furthermore, they agree that, as Rigdon (2016, p. 602) points out, weakly correlated or uncorrelated
constructs are “outside of its [PLS] boundary conditions”, though researchers have paid little attention to
this requirement in IS applications. Finally, they agree that one should use bootstrap Cls over t-tests,
although IS researchers also rarely do so.

With this paper, we contribute to minimum methodological competence standards and began by asking
what such standards might look like. To give an example, one would hope to not see a paper that
uncritically used traditional mode A for a common factor model, had a sample size of 30 while measuring
five constructs using 20 indicators, employed t-tests to test a weak effect size for significance, and used
CR and AVE criteria to justify model fit. On the other hand, a paper that used PLSc, had done a priori
power analyses to arrive at a sample size of 500, demonstrated good model fit using SRMR and d, and
used percentile bootstrapping confidence intervals around a strong parameter estimate would give a lot
more confidence in the results.

Similarly, it would be inappropriate for researchers to claim they conducted a predictive study but then
proceed with a common factor model, to evaluate model fit and factorial structure, and to report the R?
values for the dependent latent variables. It would be more convincing for such researchers to motivate
the importance of prediction, relegate model tests and evaluation of the factor structure to secondary
considerations or omit them entirely, and present out-of-sample predictive statistics such as mean
squared error (MSE) for a 10-fold cross-validated model. As another example, when employing composite
models, researchers should explicitly justify the departure from the still prevalent measurement using
common factor models. In other words, they cannot simply declare a construct to be a composite; they
should theoretically justify the choice, and the manifest variables should be demonstrably useful in
creating a meaningful composite. They can also not base a subsequent evaluation on traditional factor
analytic criteria either.

In summary, we are pleased to see that our 2013 critique has spurred many constructive developments in
PLS and how researchers use it. Among other reasons, we wrote this paper because some authors still
cite papers on PLS from 25 or 30 years ago while being apparently unaware of both the criticisms and the
recent advances. We write this paper to help IS researchers remain current with important methodological
developments and choose statistical methods based on a sound foundation.
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