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1. Background 

Research in social sciences is a human endeavor of theory construction and 
testing. (Singleton & Straits, 2005, Chapter 2). Because of this, our theories 
can never be infallible and need to constantly evolve as new evidence is pre-
sented refuting old theories. In this dissertation, I address an adverse phe-
nomenon that affects this process in management and organizational research: 
In the normal course of research new research methods are constantly devel-
oped and after sufficient testing adopted to wider use. Because of the social 
nature of this process, failures are unavoidable leading to adoption of methods 
or practices based on questionable or non-existent evidence. A typical process 
through which this happens is that a methodological practice is first intro-
duced, but original idea is lost or transformed to something entirely different 
when the citation chains from papers using a method to the original paper pre-
senting the method grow longer over time. In more extreme cases, it can hap-
pen that the original idea is outright misinterpreted in later work. These pro-
cesses may lead to emergence of bad research practices for which Vandenberg 
(2006) coined the term “statistical and methodological myths and urban leg-
ends”, prompting a stream of publications addressing various such beliefs 
(Lance & Vandenberg, 2009; Lance, 2011; Vandenberg, Bergh, & Ketchen, 
2011; Vandenberg, 2006). 

Statistical and methodological myths and legends are common beliefs that 
typically have some basis on methodological research, but over time the origi-
nal results have been forgotten and replaced with a socially constructed ac-
cepted truth that has been institutionalized into researcher training and the 
manuscript review process. Vandenberg vividly summarizes this process and 
its outcomes: “Doctoral students may be taught or told something to do within 
the research process as if it were an absolute truth when in reality it is not, and 
yet, being who they are, they accept that presumed fact as the “truth.” Similar-
ly, authors may accept something from an editor or a reviewer who in turn was 
told that “this” is the way it must be as well. The unfortunate outcome is that 
the truism being perpetuated is anything but true. These are aspects of the re-
search process that are, in reality, myths or urban legends. At one point, there 
may have been a kernel of truth to it, but that kernel has long been forgotten or 
altered in such a way as to be lost. Rather, unbeknown to the student, author, 
reviewer, and editor applying the criterion, it is a criterion of the legendary 
kind (i.e., “my grandpappy . . .”). There are all kinds of deleterious side effects 
to this, not the least of which may be the unfair evaluation of a manuscript 
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against criteria that are mythical in nature or the application of the criteria in 
undertaking some aspect of the research process resulting in a finished study of 
questionable quality. The overall end result, however, is a degradation of the 
whole research process.” (2006, pp. 195–106) 

In this dissertation, I address several methodological myths related to con-
struct measurement in management and organizational research in the con-
text of structural equation models. Two themes run through the five papers; 
partial least squares (PLS) estimation and formative measurement. The ori-
gins of both of these methodological practices are from the 60’s and 70’s. The 
roots of formative measurement can be traced back to sociological texts on 
causal indicators (Blalock, 1963, 1964, 1971; Curtis & Jackson, 1962; Heise, 
1972) and the PLS method originates from a single econometrician (Wold, 
1966, 1974). Since then, these original writings have been reinterpreted by 
various researchers such as Bollen (1984; Bollen & Lennox, 1991), Mac-
Callumn and Browne (1993), and Edwards and Bagozzi (2000) for formative 
measurement, and Fornell and Bookstein (1982), Falk and Miler (1992), Bar-
clay, Higgins, and Thompson (1995), Chin (1998), and Hulland (1999) for PLS 
estimation. During these reinterpretations, some of the original ideas have 
been lost or transformed: While the early papers on PLS presented it as a 
causal-predictive modeling tool, it is currently used almost exclusively for es-
timating structural equations models with the assumption that the method 
poses less requirements for data (Gefen, Rigdon, & Straub, 2011; Hair, Ringle, 
& Sarstedt, 2011, 2012b). Similarly, the idea that directly measured variables 
can be used as causes in a causal variable model has been transformed into the 
idea that indicators can formatively measure latent variables (Jarvis, MacKen-
zie, & Podsakoff, 2003; MacKenzie, Podsakoff, & Jarvis, 2005; Petter, Straub, 
& Rai, 2007). At the same time, the discussion of these methodological prac-
tices has shifted from the journals and conferences in econometrics and soci-
ology where the initial developments took place to the unlikely forum of jour-
nals in various business disciplines, mostly information systems and market-
ing. 

Both these practices, formative measurement and PLS estimation, have seen 
increased usage in the 2000’s (Edwards, 2011; Hair, Sarstedt, Pieper, & Ringle, 
2012; Jarvis et al., 2003; Rönkkö & Evermann, 2013), with particularly PLS 
recently seeing an increasing rate of adoption. The popularity of these methods 
has prompted two streams of publications about these methods. With regards 
to formative measurement, there have been heated debates on the merits of 
the approach (e.g., Aguirre-Urreta & Marakas, 2012; Bagozzi, 2007; Bollen, 
2007; Cadogan, Lee, & Chamberlain, 2013; Diamantopoulos, 2013; Howell, 
Breivik, & Wilcox, 2007a, 2007b; Jarvis, MacKenzie, & Podsakoff, 2012; Lee, 
Cadogan, & Chamberlain, 2013; Petter, Rai, & Straub, 2012; Rigdon, 2013a), 
which Hardin and Marcoulides (2011) argue takes place mainly between 
methodological experts and information systems researchers. There has also 
been a proliferation of publications about PLS, but instead of critically debat-
ing the merits and weaknesses of the method, most papers in this stream 
simply uncritically advocate the method (e.g., Gefen et al., 2011; Hair et al., 
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2011; Hair, Ringle, et al., 2012b; Hair, Sarstedt, et al., 2012; Peng & Lai, 2012; 
Ringle, Sarstedt, & Straub, 2012; Vinzi, Chin, Henseler, & Wang, 2010). 

The five papers in this dissertation critically investigate a number of claims 
that the proponents of these methodological practices have put forward. I fo-
cus in showing that not only are many of these claims unsubstantiated, but 
also very likely to be incorrect. In Paper 1, we review a number of studies in 
four leading management journals where PLS was used. Focusing on six be-
liefs that were commonly presented in this literature, we show that the evi-
dence supporting these claims about the capabilities of the PLS method is ei-
ther non-existent or questionable at best and show that these beliefs do not 
hold even in a simple textbook setting. Paper 2 can be considered as a follow-
up to the Paper 1. In this paper, I explain that PLS capitalizes on chance corre-
lations in a way that is not documented in the existing literature and that this 
effect explains many of the earlier, positive findings about the method.  

Paper 3 moves the dissertation to the domain of formative measurement. In 
this paper, we focus on the claim that PLS would be particularly suitable for 
estimating formative models. In the first part of the paper, we explain the es-
timation difficulties that these models pose and show that contrary to the ear-
lier claims, PLS does not overcome these difficulties but simply hides them. In 
the second part, we show that while PLS can produce some estimates for form-
ative models, estimates produced with regression analysis on summed scales 
outperform the PLS estimates. Paper 4 continues from this as a more general 
treatment of formative measurement. Comparing ten different ways to specify 
and estimate a statistical model, we show that the traditional approach of 
structural equation modeling with reflective measurement clearly outperforms 
all other alternatives to construct measurement. In Paper 5, we compare the 
performance of PLS estimation with more traditional maximum likelihood 
estimation of formative models when one or more indicators are missing, 
showing that PLS estimates deteriorate substantially when indicators are omit-
ted, but maximum likelihood estimates are unaffected.  

In sum, the five papers strongly challenge the viability of PLS as a structural 
equation model estimation technique and the viability of formative measure-
ment as an alternative to more traditional reflective measurement. 
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2. Earlier Literature 

In this section, I review the relevant literature for this dissertation. I start with 
an explanation of what constructs are and how they are measured. Then I pro-
vide a short introduction to structural equation modeling. After these two sub-
sections concerning background, I will use the following two subsections to 
focus on the main topics of this dissertation, formative measurement and par-
tial least squares estimation. 

2.1 Constructs and Measurement 

The tasks of statistical analyses can be divided into two categories: statistical 
prediction and statistical inference. Prediction is concerned with finding a 
model that best predicts the criterion variable, where as statistical inference is 
concerned about making inferences about population characteristics using 
sample data (Shmueli & Koppius, 2011). Statistical inference in management 
and organizational research is complicated by the fact that most of the time the 
concepts of interest are abstract and cannot be observed directly, but can only 
be measured indirectly. These abstract concepts that have been defined for 
research purposes are generally referred to as constructs (Kerlinger, 1973, pp. 
31–32; Singleton & Straits, 2005, p. 140). Constructs are fundamental parts of 
theories (Bacharach, 1989) and therefore construct measurement and valida-
tion of construct measurement emerged as important research topics already 
decades ago (Cronbach & Meehl, 1955; MacCorquodale & Meehl, 1948; see 
Markus & Borsboom, 2013 for a recent review). 

A researcher working with constructs typically assumes realist ontology. Alt-
hough constructs themselves are simply creations by researchers to explain the 
world (Nunnally, 1978, p. 96), and therefore are not real, they always refer to 
real entities that they are surrogates for (Edwards & Bagozzi, 2000). Construct 
measurement refers to the process of obtaining data about the real entity and 
using that data to make inferences about the construct that we cannot measure 
directly. Observed or indicator data are thought to be a function of the real 
entity that the construct refers to (Edwards & Bagozzi, 2000) and the degree to 
which the data reflect the constructs they are supposed to measure and not 
something else is termed construct validity. A key problem with measurement 
validation is that because constructs represent unobservable entities, the rela-
tionships between the constructs and their indicators cannot be directly calcu-
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lated. These link between constructs and their indicators are sometimes called 
correspondence rules and auxiliary theory (Costner, 1969) and a large number 
of statistical techniques exists for evaluating these relationships. 

Construct measurement practices in management and organizational re-
search rely heavily on measurement theories developed in psychometrics. The 
most influential of these theories, the classical test theory (Novick, 1966), 
states that an observed variable can be expressed in the following form: 

 
where x is the measured score, t is the true score referring to the true value of 

the real entity that the construct represents and e is random error. Typically, 
several indicators are used as parallel tests, and under the assumption that e is 
random error, we can estimate the mean correlation between the items and the 
true score (Nunnally, 1978, p. 203). 

The fact that indicator variables can contain random error and variance not 
related to the construct creates challenges for construct measurement. The 
traditional approach for controlling the effects of less-than-perfect reliability 
of indicators is to combine multiple indicators as a summed scale, a composite 
measure, or a factor score and use this composite as a proxy for the construct 
in the statistical analyses. The literature on how these composites should be 
formed to maximize reliability dates back to at least late 1930’s (Horst, 1936; 
Wilks, 1938; see Bobko, Roth, & Buster, 2007 for a recent review). The conclu-
sion of this literature is that generally the advantages of even ideal weights 
over summed scales are very small. Nevertheless, the literature on regression 
with factor scores is still developing (Hoshino & Bentler, 2013; Skrondal & 
Laake, 2001). Forming factor scores as a linear combination of indicators re-
lies on the assumption that measurement errors of different indicators are 
uncorrelated thus combining several items would reduces the effect of meas-
urement error in the composite variable (Nunnally, 1978, p. 6). However, re-
gardless of how the composites are defined, the construct scores will be con-
taminated with error variance leading generally to underestimation (attenua-
tion) of the correlations between the constructs. 

Since construct scores cannot be estimated without error, several techniques 
have been developed to estimate the relationships between constructs when 
measurement error is assumed to exist, of which correction for attenuation 
and structural equation modeling with latent variables are the most influen-
tial. If we assume that the measurement errors are uncorrelated in the popula-
tion and have a sufficiently large sample size so that sampling error is not an 
issue, we can use correction for attenuation to calculate unbiased estimates of 
correlations between the constructs. This is done by dividing the original cor-
relation estimates by the square root of the product of the reliability estimates 
of the constructs, where the reliability estimate is the estimated correlation 
between the measured construct scores and the true scores (Cohen, Cohen, 
West, & Aiken, 2003, pp. 55–57). Matrices of these disattenuated correlation 
coefficients can then be used to estimate unbiased regression coefficients, but 
there are several difficulties in the procedure and it thus sees little use any-
more (Cohen et al., 2003, p. 474). The main issue, which has been under dis-



Earlier Literature 

13 

cussion for more than a hundred years now (Charles, 2005), is how the stand-
ard errors for the disattenuated correlations and regression coefficients should 
be estimated. 

In the ’70s the problem of the attenuation of correlation coefficients was ap-
proached from the perspective of not calculating construct scores at all, but 
presenting the relationships between the indicators and constructs as a group 
of structural equations of observed and latent variables that were estimated 
simultaneously (cf., Fuller & Hidiroglou, 1978). With the development of 
structural equation modeling by fitting a covariance matrix with maximum 
likelihood estimation, this latent variable approach has since then been the 
most popular approach to dealing with attenuation (Cohen et al., 2003, p. 474) 
and has largely superseded the use of correction for attenuation.  

2.2 Structural Equation Models and Estimators 

Structural equation modeling (SEM) has increased in popularity in manage-
ment and organizational research (Shook, Jr, Hult, & Kacmar, 2004; Williams, 
Vandenberg, & Edwards, 2009). The method has several advantages over the 
more traditional method of using constructs scores and linear regression anal-
yses (Cohen et al., 2003, Chapter 12; Ullman & Bentler, 2012). Structural 
equation modeling has two properties that give it several capabilities not avail-
able when using construct scores and regression analysis to test models (Bol-
len, 1989, p. 4). First, instead of using construct scores, SEM uses latent varia-
bles that do not have case values (Bollen, 2002) thus eliminating the problem 
of attenuation of regression coefficients, which is inevitable when the construct 
scores that are contaminated with measurement error are used (Cohen et al., 
2003, p. 474). Second, instead of using separate regressions, these models are 
estimated with path analysis, which estimates the regression models as a sys-
tem of simultaneous equations. The principal advantage of path analysis over 
separate OLS regression analyses is that it can estimate complex systems of 
correlation and regression relationships taking also other relationships of the 
system into account when estimating each model parameter. Besides provid-
ing model test statistics, this approach also enables modeling of endogeneity 
(Antonakis, Bendahan, Jacquart, & Lalive, 2010) and conveniently estimating 
mediation effects using a single model instead of the multiple different models 
required when using separate regression analyses (James, Mulaik, & Brett, 
2006; MacKinnon, Lockwood, Hoffman, West, & Sheets, 2002). 

 Like any other system for inferential statistics, SEM analysis consists always 
of a model and an estimator for that model. A statistical model is formalization 
of relationships as a set of mathematical equations with one or more free pa-
rameters that are to be estimated. An estimator is any algorithm that can be 
used to estimate the free parameters of a model (Lehmann & Casella, 1998, p. 
4). In a structural equation model, the variables in the system are linked with 
structural relations expressed as structural equations. Each structural relation 
has a causal interpretation (Bollen, 1989, p. 11; Pearl, 1998), which means that 
each relationship in the model corresponds to a theoretical relationship. These 
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models typically consist of latent and observed variables, where the latent var-
iables correspond closely to constructs and the observed variables are indica-
tors of those constructs (Bagozzi & Phillips, 1982; Borsboom, Mellenbergh, & 
van Heerden, 2003; Edwards & Bagozzi, 2000). With this configuration, each 
latent variable is a common factor to its indicators and the relationships be-
tween the observed and latent variables correspond to the basic measurement 
equation of classical test theory. The relationships between the latent variables 
then correspond to the hypothetized relationships between the constructs of a 
theory that the model is used to test. 

SEM models can be estimated only if they are identified. In statistical mod-
els, a parameter is identified if it is possible to estimate a unique solution for 
its value (Bollen, 1989, p. 88; Hayduk, 1987, p. 140) and a model is identified 
when all its free parameters are identified. Identification therefore means that 
two different parameterizations of the population model must not result in 
identical observed data distributions (Lehmann & Casella, 1998, p. 24 defini-
tion 5.2). Conversely, an infinite number of samples from a population corre-
sponding to an identified model would in theory allow to solve the exact values 
of the population parameters. 

The free parameters of any identified statistical model can typically be esti-
mated in multiple different ways, and a large part of the statistical literature is 
focused on comparing the properties of different, alternative estimators. The 
two main qualities of estimators are consistency and unbiasedness (Lehmann 
& Casella, 1998).  Consistency means that the estimates converge to the popu-
lation value as the sample size approaches infinity and unbiased means that 
the mean of repeated estimate approaches the population values as the num-
ber of repeated samples increases. Two estimators can be compared by their 
efficiency, which refers to the variance of the estimates, and the one with 
smaller variance is said to be more efficient than the other. Knowing the dis-
tributional characteristics of an estimator is also important because it allows 
comparing an estimate to its theoretical distribution and assess the statistical 
significance of the estimate based on this comparison. 

The simplest possible way to estimate a structural equation model containing 
latent variables is to approximation each latent variable with a proxy con-
structed as a (possibly weighted) sum of its indicators and then estimate the 
model parameters by estimating a separate linear regression model for each 
endogenous variable using the observed variables and proxies. This approach 
is sometimes referred to as “component based estimation” in the literature 
(Bollen, 2011; Hwang, Malhotra, Kim, Tomiuk, & Hong, 2010; Lu, Kwan, 
Thomas, & Cedzynski, 2011; Tenenhaus, 2008). Although this approach is ap-
pealing because of its simplicity, it the resulting estimates are generally both 
biased an inconsistent (Bollen, 1989; Dijkstra, 1983; McDonald, 1996) making 
this an unattractive estimation technique. 

The most popular way to estimate a SEM model is to first set all free parame-
ters to some plausible starting values and then calculate a covariance matrix 
that the observed variables should have conditional on the model and the cur-
rent parameters. This model implied covariance matrix is then compared 
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against the real observed covariance matrix and the free parameters are itera-
tively adjusted to minimize the difference between the observed and implied 
covariance matrices. The difference between the two matrices is expressed as a 
discrepancy function, most commonly FML (maximum likelihood), which casts 
the estimation procedure as a function minimization problem. 

Considering the large number of SEM estimators that have been shown to 
have the desirable unbiasedness and consistency properties (cf., Bollen, 1989), 
it would seem reasonable to question the use of biased estimators altogether. 
However, Lehmann and Casella (1998, pp. 84–85) present two reasons why a 
biased estimator might sometimes be the most appropriate choice: The first 
reason is that for a particular model and data, an unbiased estimator might not 
exist. For example, while maximum likelihood estimates are consistent and 
unbiased with large samples, they may be biased in small samples (Hoogland 
& Boomsma, 1998). The second reason for using a biased estimator relates to 
the variance of the estimates. There may be cases when an unbiased estimator 
exists, but it may be so imprecise (have large variance) that the estimates are 
not very useful. In theory, there might thus be scenarios where a slightly bi-
ased but more precise estimator may be the most appropriate alternative. 
However, while the commonly used maximum likelihood estimator has a large 
variance with small samples, it does not automatically follow that some other, 
biased estimator would more appropriate. 

2.3 Formative Measurement as an Alternative to Reflective Meas-
urement 

Formative measurement has recently gained popularity as an alternative to the 
traditional classical test theory approach to measurement (Edwards, 2011). 
Formative measurement is best understood by comparing it with the classical 
approach to measurement, which in the literature on formative measurement 
is called reflective measurement. In reflective measurement, the indicators are 
though to reflect the construct that they are measuring where as in formative 
measurement this causality is reversed so that the indicators form or cause the 
construct. For example profitability, productivity, and market share are some-
times argued to cause organizational performance (Petter et al., 2007).  

Formative measurement is currently a controversial topic, with heated dis-
cussions going on mostly in management (Cadogan & Lee, 2013; Finn & Wang, 
2014; Lee & Cadogan, 2013; Rigdon, 2014), marketing (Cadogan et al., 2013; 
Diamantopoulos, 2013; Howell, 2013; Lee et al., 2013; Rigdon, 2013a), and 
information systems journals (Aguirre-Urreta & Marakas, 2012; Jarvis et al., 
2012; Petter et al., 2012, 2007), but also extending to psychological journals 
(Bagozzi, 2007; Bollen, 2007; Howell et al., 2007a, 2007b). Hardin and Mar-
coulides (2011) recently reviewed this controversy concluding that “The recent 
flurry of articles on formative measurement, particularly in the information 
systems literature, appears to be symptomatic of a much larger problem. 
Despite significant objections by methodological experts, these articles con-
tinue to deliver a predominately pro formative measurement message to re-
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searchers who rapidly incorporate these recommendations into their re-
search. … The authors suggest that to avoid further confusing the consumers 
of this research, the prudent course of action may be to consider temporarily 
suspending the use of formative measurement.” (p. 753). Similarly, Edwards, 
an early proponent of formative measurement, after reviewing the arguments 
for formative measurement, concluded that the usefulness of the approach is a 
fallacy and that the practice should be discontinued (Edwards, 2011). Regard-
less of these strong recommendations against formative measurement, there 
are little signs that the interest toward these methodological approaches would 
be waning (Boyd, Bergh, Ireland, & Ketchen, 2013; Carlson & Herdman, 2012). 

Although formative measurement has gained popularity only recently, the 
initial ideas can be traced back to 60’s. The idea of formative measurement is 
often attributed to Blalock (1963, 1971), Heise (1972), or Curtis and Jackson 
(1962). These early papers on “cause indicators” do not feature to concept of 
measurement (Hardin, Chang, Fuller, & Torkzadeh, 2011), but rather discuss 
indicators, such as directly measured ‘race’ (Blalock, 1963), as theoretical 
causes of unmeasured variables or as instrumental variables (Blalock & Cost-
ner, 1969; Miller, 1971) rather than direct measures. One notable exception is 
the textbook by Namboodiri, Carter, and Blalock (1975, Chapters 12–13) that 
explicitly links the concept of measurement with cause indicators. However, 
the book does not explain how the novel interpretation differs from the initial 
idea of causal indicators (Hardin et al., 2011) 

The modern interpretation of formative measurement started to form in the 
80’s. The term formative measurement seems to have been coined by Fornell 
and Bookstein (1982) and introducing cause indicators to measurement mod-
els of structural equation models is often attributed to Bollen (1984; Bollen & 
Lennox, 1991). From here the conceptualization of formative indicators started 
to depart from the original writings: The original idea of cause indicators as 
either of theoretical causes or as instrumental variables was surpassed by an 
alternative idea that formative indicators (and possibly error term) define a 
construct (Bollen & Lennox, 1991) and therefore all formative indicators must 
always be included in the model. This idea was further promoted by Jarvis, 
Mackenzie and Podsakoff (2003) and it has consequently become generally 
accepted. The requirement that all formative indicators must be included in a 
model is often contrasted with the traditional psychometric perspective, where 
indicators are thought to be a sample of all possible items following so-called 
domain sampling model (Little, Lindenberger, & Nesselroade, 1999; Nunnally, 
1978), and it is sufficient to choose a representative sample. 

The current conceptualization of formative indicators assumes that the indi-
cators need not be internally consistent. This idea dates back to the paper by 
Curtis and Jackson (1962), and the modern interpretation was initially expli-
cated by Bollen (1984; Bollen & Lennox, 1991) and further developed by Mac-
Callumn and Browne (1993). It was MacCallumn and Browne, who also intro-
duced the idea that poorly fitting structural equation model could be fixed by 
reversing the direction of regression paths between a latent variable and its 
indicators. This kind of indicator reversal is problematic in at least two differ-
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ent ways. First, the reason for poor fit that may be solved by indicator reversal 
is the lack of internal consistency between the indicators. However, lack of 
internal consistency does not automatically imply that the indicators were 
formative, but may simply be evidence of poorly designed reflective measure-
ment (Diamantopoulos & Siguaw, 2006; Edwards & Bagozzi, 2000; Edwards, 
2011). Second, and indicator reversal does not necessarily convert the latent 
variable as a composite of its indicatorxs (and an error term). An indicator that 
is a regressor for a latent variable can take a role of composite indicator, a 
causal indicator, or a covariate (Bollen & Bauldry, 2011) and therefore careless 
reversal of indicator might lead to an unintended model. If the problematic 
latent variable is endogenous, reversing the indicators makes these covariates 
(control variables) for the regression of the focal latent variable on other latent 
variables, leading to illogical models (Cadogan & Lee, 2013). However, this 
error went unnoticed for twenty years and papers addressing formative meas-
urement routinely misspecify their models similarly (e.g., Jarvis et al., 2003; 
MacKenzie et al., 2005). 

Formative measurement models pose difficulties for both estimation and in-
terpretation of the results. The estimation difficulties are related to the fact 
that a formatively measured latent variable must have observed consequences 
to be identified, but the formative indicators are exogenous to the formative 
latent variable. The reason for this is that covariances between exogenous var-
iables in a SEM model do not depend on any of the structural parameters (e.g., 
Bentler & Weeks, 1980). Therefore, if all variables in the model are exogenous, 
the indicator covariance matrix does not provide any information about the 
structural parameters. The early sociological literature made this clear by ex-
plicitly calculating correlations implied by the causal model and showing how 
these could be used to estimate the model parameters based on observed data 
(Blalock, 1963, 1971). However, more recent papers addressing formative 
measurement often present examples of unidentified models, often without 
addressing the issue of identification (e.g., Fornell & Bookstein, 1982). 

A formative measurement model must therefore be identified by adding ob-
served consequences to the model. This can be in the form of direct, reflective 
indicators, or paths toward reflectively measured latent variables. In the gen-
eral case two outgoing regression paths toward observed consequences are 
required, but there are special cases where one path is sufficient (Bollen & Da-
vis, 2009). This has lead to the recommendation that a formative model 
should be identified by adding two reflective indicators for each formative con-
struct (Jarvis et al., 2003; MacKenzie et al., 2005; MacKenzie, Podsakoff, & 
Podsakoff, 2011). While this practice identifies the model, it also renders the 
formatively measured latent variable a reflectively measured latent variable 
leading to an unintended model (Treiblmaier, Bentler, & Mair, 2011).  

The interpretation of a SEM model with formatively measured latent varia-
bles is equally challenging. In management and organizational research, form-
ative models are typically estimated with surveys data. If one were to interpret 
the SEM model parameters as structural and constructs as real, then the cor-
rect interpretation would be that survey data can have an effect (has causal 
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potency) on reality. For example, a person could increase her socioeconomic 
status simply by responding to a survey in a particular way. This is obviously 
not possible and consequently the literature provides multiple alternative in-
terpretations of formative measurement models. The most straightforward 
interpretation is to assume that the indicators are themselves measures of 
some other constructs that cause the focal construct, and when measurement 
error is small assuming that it is non-existent might be something that a re-
searcher can live with (Diamantopoulos, 2006, p. 15). Edwards (2011) pointed 
out that this assumption is unrealistic and stated that because multidimen-
sional construct model (Edwards, 2001) allows for measurement error, forma-
tive measurement models should never be used. 

Another alternative is the interpretation that latent variables in the model do 
not equal constructs or that constructs are not and do not correspond to real 
entities (Bagozzi, 2007, 2010, 2011; Borsboom et al., 2003; MacKenzie et al., 
2011). This rejection of entity realism raises at least two difficult issues. First, 
rejecting entity realism leads to rejecting realism. However, statistical estima-
tion is a realist concept and only meaningful if there is something to be esti-
mated (Borsboom et al., 2003). Second, it raises the question of what exactly 
constructs are and how concepts such as construct validity (Bagozzi, 2011) 
should be interpreted. Philosophical issues are in the center of some of the 
recent discussions on formative measurement (Cadogan et al., 2013; Diaman-
topoulos, 2013; Lee et al., 2013) and some of the controversy can probably be 
attributed to less clear ontological positions. Expanding from the idea that a 
statistical model is simply an approximation of reality, Rigdon (2013a) pro-
posed that the controversy and possibly incompatibility between formative 
measurement and realist ontology can be resolved by considering latent varia-
bles, composite variables, and other statistical constructions as merely proxies 
that are not equivalent to any constructs, but can be sufficiently close approx-
imations so that they can be used as substitutes for constructs in statistical 
modeling. This rather pragmatic approach would avoid the thorny philosophi-
cal and existential issues surrounding formatively-measured constructs (Ba-
gozzi, 2011; Diamantopoulos, 2013), and reduce the issue of measurement to 
simply a question of comparing the performance of different ways to construct 
proxies. Nevertheless, before this idea is adopted into wider use, more re-
search would be needed to compare different approaches for defining proxies. 

2.4 Partial Least Squares Estimation 

Partial Least Squares path modeling1 (PLS) has recently gained popularity in 
several disciplines as an alternative approach to structural equation modeling 
(SEM) or as an alternative to SEM (Hair, Ringle, & Sarstedt, 2012a; Hair, Sar-
stedt, Ringle, & Mena, 2012; Ringle et al., 2012; Rönkkö & Evermann, 2013). 

1 PLS path modeling should not be confused with PLS regression, which is a different method focused on 
extracting predictive dimensions from a large number of indicators for a regression analysis. This method 
is widely used in disciplines such as chemometrics as an alternative to principal component regression 
(see Vinzi, Chin, Henseler, & Wang, 2010 for a recent review). Because PLS regression is not used in 
management research, it is out of scope of the dissertation.  
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The route through which PLS emerged into the mainstream is rather unortho-
dox. The PLS method was initially developed by econometrician Herman Wold 
(1966, 1974, 1980, 1982, 1985a), but after Dijkstra (1981, 1983) proved that the 
method was not consistent, it never gained much attention from other econo-
metricians or other researchers specializing in statistical analysis. Consequent-
ly the PLS method is currently almost non-existent in the mainstream research 
methods journals (Rönkkö & Evermann, 2013). Instead the method re-
emerged through the marketing and information systems disciplines (Hair, 
Ringle, et al., 2012b), where the popularity of the method can be attributed to 
a number of introductory articles that present PLS as a SEM method that has 
less stringent assumptions about the data and that avoids many of the per-
ceived difficulties of SEM. The articles published by these applied scholars, 
and particularly a paper by Fornell and Bookstein (1982) and a book chapter 
by Chin (1998), started to form the core of the modern understanding of the 
PLS method. These publications were followed by a number of articles provid-
ing guidelines for application of PLS in disciplines such as strategic manage-
ment (Hulland, 1999), operations management (Peng & Lai, 2012), marketing 
(Hair et al., 2011), and information systems (Gefen et al., 2011). 

Today PLS is used extensively in information systems and marketing (Hair et 
al., 2012; Henseler, Ringle, & Sinkovics, 2009; Ringle et al., 2012) and it is 
increasingly used also in management and organizational research (Hair, Rin-
gle, et al., 2012a; Rönkkö & Evermann, 2013). The popularity of the PLS 
method has also prompted several textbooks about statistical analysis to in-
clude sections about the method (Hair, Black, Babin, & Anderson, 2010, Chap-
ter 15; Kline, 2010, pp. 287–288; Rigdon, 2013b; Savalei & Bentler, 2007) 
prompting further adoption. 

Like any other statistical technique, PLS is a combination of a model and an 
estimator. The original papers on PLS presented the statistical model as iden-
tical to the original LISREL structural equation model (Jöreskog & Wold, 
1982). This model consist of exogenous latent variables that may be correlated, 
endogenous latent variables that are linear functions of the exogenous and 
other endogenous latent variables and error terms, and indicators that are a 
functions of the latent variables and error terms. The PLS estimation process, 
however, differs: Whereas SEM estimation typically optimizes all model pa-
rameters simultaneously, seeking to minimize a discrepancy function, PLS 
estimates a model by approximating each latent variable by an estimate 
formed as weighted sum of its indicators and then uses these approximations 
(“proxies”) and separate OLS regression analyses to estimate the model pa-
rameters. A this level of abstraction, PLS estimation is identical to analyzing a 
model with regression analysis of summed scales or factor scores (Goodhue, 
Lewis, & Thompson, 2012; Rönkkö & Ylitalo, 2010). A key weakness of this 
estimation approach is that, like any other approach relying on construct 
scores, the resulting estimates are inconsistent and biased (Dijkstra, 1983). 

The indicator weights are calculated iteratively, starting with unweighted 
summed scales as initial approximations, and then recalculating the approxi-
mations for each latent variable in two steps, called inner and outer estima-
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tion. During the inner estimation step, new approximations are calculated as 
weighted sums of “adjacent” latent variable approximations, that is, approxi-
mations of latent variables that are directly related to the focal latent variable 
by regression relationships. During the outer estimation step, new indicator 
weights are calculated in one of two ways. In Mode A estimation, the observed 
variables are regressed on the latent variable approximations, whereas in 
Mode B estimation the latent variable approximations are regressed on the 
observed variables. The new indicator weights are then used to estimate new 
latent variable approximations for the following round of inner estimation. 
These two steps are repeated until the changes to the indicator weights become 
sufficiently small to consider the model converged. 

It is difficult to find any explicit explanation of the objective of the indicator 
weighting process in the original PLS literature, but Dijkstra (2010), who fol-
lowed the development closely, argues that the purpose of the weighting algo-
rithm in PLS is to generate composites that approximate the latent variables as 
accurately as possible. While this belief seems widely held, there is no evidence 
to support the idea. Years ago McDonald (1996) explained that the perfor-
mance of the PLS estimator is difficult to estimate because the bias, consisten-
cy, and efficiency of the PLS had not been thoroughly analyzed. Although it is 
known that in the asymptotic case, Mode A will converge to weight that are 
proportional to population factor loadings, and Mode B will converge to 
weights used in the regression method for factor scores (Dijkstra, 2010), be-
cause the finite sample properties of PLS estimates remain unanalyzed, it is 
not clear what advantage the PLS weighting algorithm would have over 
weights calculated based on more traditional factor analysis. 

Although initially developed with a strong focus on prediction, management 
and organizational researchers have used PLS exclusively for statistical infer-
ence often arguing that PLS is a SEM method or a SEM estimator and applying 
the method in a confirmatory manner similarly to SEM. These applications 
typically consist of two steps, assessing the measurement model and using null 
hypothesis significance testing of the relationships between the constructs. 
This approach of application is comparable to the two-step approach of struc-
tural equation modeling (Anderson & Gerbing, 1988), but instead of estimat-
ing a confirmatory factor analysis model first followed by the full structural 
model, the model is estimated only once. 

The practices of model assessment and hypothesis testing do not originate 
from early PLS papers, but seem to be attributable to Fornell and Bookstein 
(1982), who argued without evidence that the Fornell-Larcker testing system 
(Fornell & Larcker, 1981) could be used. This system relies on calculating aver-
age variance extracted (AVE) and composite reliability (CR) indices to assess 
reliability and comparing the AVE indices and correlations between compo-
sites to assess discriminant validity. While also Lohmöller (1989) introduced 
some model diagnostic statistics, these are not generally used in management 
and organizational research, but PLS users rely almost exclusively on a testing 
system introduced by Fornell and Larcker (1981). The problem with this ap-
proach is that both the CR and AVE indices are calculated from factor loading 
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estimates which the PLS algorithm estimates with composite loadings 
(McDonald, 1996) resulting in a large positive bias (Aguirre-Urreta, Marakas, 
& Ellis, in press; Rönkkö & Evermann, 2013). As a consequence, these model 
quality indices provide biased results leading to incorrect inference in the form 
of inability to reject an incorrect model (Evermann & Tate, 2010, 2013; 
Rönkkö & Evermann, 2013). 

The practice of using PLS for null hypothesis significance testing of path co-
efficients is equally if not even more problematic. This practice does not origi-
nate from any of the original papers about PLS, but was introduced by Fornell 
and Bookstein (1982) and discussed more explicitly by Chin (1998). In this 
approach, statistical inferences are made based on the p-value, which is de-
fined as “… the probability of obtaining a value of a test statistic … as large as 
the one obtained--conditional on the null hypothesis being true” (Nickerson, 
2000, p. 247). Here the problem is that the sampling distribution of PLS esti-
mates is not known (Dijkstra, 1983) and therefore there is no valid theoretical 
distribution that could be used. The current practice is to use one sample t-
tests, which assume normal distribution of the estimates, but the assumption 
of normality has been noted to not hold (Goodhue, Lewis, & Thompson, 2007; 
Rönkkö & Evermann, 2013). 

Papers applying PLS usually present the choice of method as a dichotomous 
choice between PLS and SEM. Then the argument continues by listing the as-
sumptions of the maximum likelihood SEM estimator, such as multivariate 
normal data and large sample size, and then note that because these do not 
hold, PLS must be used presenting a false dichotomy (Rönkkö & Ylitalo, 2010). 
Another commonly given reason to use PLS is that the method would support 
the use formative measurement (Gefen et al., 2011; Hair et al., 2011). The idea 
that PLS could be used to estimate formative models cannot be found in the 
original papers (e.g., Wold, 1985b) nor in the extension presented by Lohmöl-
ler (1989), which both explain that the statistical model represents the indica-
tor variables as dependent on the latent variables, not the other way around. 
Rather, this idea appears to originate from Fornell and Bookstein (1982), who 
seemed to have confused two different ways of estimating the same model 
(Mode A and Mode B) with the structure of the model itself. 

To overcome the inability of the original statistical model to present forma-
tive indicators, more recent papers about PLS have started to include two 
equations for each formatively specified latent variable, one defining the vari-
able as a function of other latent variables, and another specifying it as a func-
tion of observed variables (e.g., Chin, 1998, pp. 312–314; Monecke & Leisch, 
2012, pp. 6–8; Tenenhaus, Vinzi, Chatelin, & Lauro, 2005, p. 165). However, 
this notion has at least three problems. First, it is difficult to find the origin of 
these dual definitions; most authors attribute the model to Wold, but his mod-
el did not support formative relationships. Second, even if we accept that the 
model may contain formative indicators, the estimation algorithm is still the 
same Wold’s PLS algorithm that was designed for reflective models. Third, it 
appears that the two disturbance terms for each latent variable, one for the 
regression of the latent variable on other latent variables (e.g. ζ in Chin, 1998), 
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and one for the regression of the latent variable on the observed variables (e.g. 
δ in Chin, 1998), result in an impossible model: With the standard assumption 
that the disturbance terms are exogenous and uncorrelated with all other ex-
ogenous variables in the model, it follows that a latent variable expressed as a 
sum containing  can never equal a latent variable expressed as a sum contain-
ing δ. 

In contrast to formative measurement, which faces severe criticism and is 
surrounded by controversies, the use of PLS has gone relatively unchallenged 
partly because until recently the method has been relatively obscure in the 
mainstream management and research methods journals. In contrast to the 
large number of papers questioning the use of formative measurement, and 
there are only a handful of papers that critically assess the PLS method and 
question its use (Antonakis et al., 2010; Dijkstra, 1983; Goodhue et al., 2007, 
2012; McDonald, 1996; Rönkkö & Evermann, 2013). However, there are signs 
that a discussion is starting to emerge (Rai, Goodhue, Henseler, & Thompson, 
2013), and it is possible that heated discussions similarly to those surrounding 
formative measurement will start to emerge around the use of PLS in the near 
future. 
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3. Research Questions 

This dissertation consists of five papers with the common theme of addressing 
one or more unsubstantiated beliefs that are prevalent in management and 
organizational research. The five research questions that the papers address 
are explained next. 

3.1 Research Question 1: How and why PLS is used in manage-
ment and organizational research and what evidence exists to 
support its use? 

Although PLS is used extensively in some management disciplines, it is rela-
tively obscure in others, which may have contributed to the fact that the meth-
od is generally ignored by mainstream methodological journals. The editor of 
Organizational Research Methods characterizes the situation as follows “Alt-
hough it seems clear that (mis)use of PLS is common in other disciplines, it 
isn’t clear that PLS is used, much less misused, in management research.  As 
one reviewer put it, you seem to have found a cure for Bigfoot bites.” (Jose M. 
Cortina, personal communications 04-May-2012) Therefore, the first research 
question is how widely the PLS method is used, why it is used, and what evi-
dence is used to support its use. 

This research question is addressed in Paper 1 and Paper 2, which is largely a 
follow-up to Paper 1. In Paper 1, we review the use of the PLS method in four 
leading management journals and examine why the PLS method was chosen 
and how the authors justified its use. Paper 2 continues from here by review-
ing the last ten years of all the journals on the Financial Times 45 journal list 
for the use of PLS and compares these to the use of SEM. This review provides 
quantitative evidence that the PLS method is used broadly and its overall use 
in management disciplines has increased threefold during the last five years. 

The review of papers in Paper 1 revealed several beliefs about that PLS 
method that were shared by most of the papers and that guided the use of PLS 
and were used to justify the use of the method. Most central of these is the idea 
that PLS is a SEM method and would therefore have an advantage over other 
more traditional methods. We then review the origin of each of these beliefs 
and show that there is very little methodological basis or evidence that would 
suggest them to be true and continue by showing that the beliefs about the 
method that the authors in high-quality management journals present do not 
hold even in a simple textbook example. 
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3.2 Research Question 2: Does PLS capitalize on chance correla-
tions? 

The main limitation of Paper 1 is that because of a very broad scope, we could 
only use a simple model to illustrate why the beliefs presented by PLS users 
are unlikely to hold. This paper can be challenged by arguing that there is no 
evidence that the results from a simple model of two latent variables generalize 
to real research settings with more complex models and that there are a large 
number of papers reaching the exact opposite conclusions. Although some 
earlier papers (Goodhue et al., 2007; Schermelleh-Engel, Werner, Klein, & 
Moosbrugger, 2010), including Paper 1, suggest that PLS may capitalize on 
chance correlations, there is no direct evidence that this would actually happen 
in more realistic, larger models. Consequently, a recent panel on the merits of 
PLS called for studies addressing the possible effect of chance correlations on 
PLS (Rai et al., 2013). 

Paper 2 therefore continues from Paper 1. The main argument of the paper is 
that evidence presented for the usefulness of the PLS method and several 
anomalies in existing studies can be explained by capitalizing on chance corre-
lations. While the assumption of uncorrelated errors has been repeatedly and 
clearly noted in the PLS literature (Chin, 1998; Dijkstra, 1983, 2010; Lohmöl-
ler, 1989; Wold, 1982), and the earlier literature also discusses diagnostics for 
detecting violations of the assumptions (Lohmöller, 1989), these practices 
have not received recent attention, thereby leading to a widespread belief that 
correlations between errors can be ignored in PLS analyses (Gefen et al., 2011). 

The paper starts by analyzing whether capitalization on chance correlations 
can explain the earlier, positive results. Then I prove formally that capitaliza-
tion on chance can happen and show with a comprehensive simulation that 
this is what actually happens resulting in a very strong effect. The paper con-
cludes by stating the way that PLS amplifies chance correlations is almost cer-
tainly not what a researcher would want to do and therefore the usefulness of 
the method is a fallacy. These results shows that the idea that PLS reduces the 
effect of measurement error is invalid and the idea that PLS is specially suited 
for small sample sizes (e.g., Chin & Newsted, 1999) is a fallacy caused by ignor-
ing the effect of chance correlations. 

3.3 Research Question 3: How does PLS perform in estimating 
models using formative indicators? 

The presumed ability to provide useful estimates for formative measurement 
models is often used as a justification for choosing PLS. For example, in In-
formation Systems, the discipline where PLS is used the most, formative mod-
els are estimated almost exclusively with PLS (Cenfetelli & Bassellier, 2009). 
However, this practice is also common in other management disciplines, and 
indeed many of the studies reviewed in Paper 1 and Paper 2 justified the use of 
PLS based on the assumed capability to estimate formative models (e.g., Olk & 
Young, 1997; Robins, Tallman, & Fladmoe-Lindquist, 2002). 
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There are a handful of papers that analyze the performance of PLS using 
formative models (e.g., Aguirre-Urreta, Marakas, Ellis, & Sun, 2008; Cassel, 
Hackl, & Westlund, 1999; Henseler, Fassott, Dijkstra, & Wilson, 2011), but the 
results remain inconclusive. Particularly, all the existing papers focus on con-
ditions where the formatively measured latent variable is exogenous to other 
latent variables, but in research practice formative measurement is often used 
also for latent variables that are endogenous to other latent variables. Moreo-
ver, the reason why estimating formative models in the SEM framework is 
inherently difficult is because formative latent variables are not indentified 
alone. Nevertheless, the existing literature either does not address identifica-
tion, or addresses it by stating that identification is not a problem with PLS 
without explaining why this is the case. 

This research question is the main focus of Paper 3, but it is addressed also 
in Paper 4 and Paper 5. In Paper 3, we explain where the belief that PLS can 
estimate formative models originates and show that not only is there no evi-
dence to support the idea, but there are multiple reasons to believe that PLS 
would not be suitable or optimal method for estimating formative models. The 
main contribution of the paper is a simulation study that shows that PLS can 
indeed provide some estimates of formative models, but these are not trust-
worthy and a researcher would be almost always better off by estimating the 
model with regression on summed scales. This conclusion is further supported 
by Paper 4, which compares ten different approaches to estimate a formative 
model, providing evidence that most other methods outperform PLS, and Pa-
per 5, which shows that PLS suffers greatly if formative indicators are omitted 
from the model. 

3.4 Research Question 4: How do different approaches to forma-
tive measurement compare with reflective measurement 
when indicators contain measurement error? 

The literature on formative measurement makes an unrealistic assumption 
that the formative indicators do not contain measurement error (Edwards, 
2011). Measurement error did not feature strongly in the original papers 
(Blalock, 1963; Curtis & Jackson, 1962), but is addressed in the more modern 
interpretation. The issue of measurement error was initially addressed by 
claiming that the disturbance term included in the specification of a formative-
ly-measured latent variable would account for it (Diamantopoulos & Winklho-
fer, 2001; Jarvis et al., 2003; MacKenzie et al., 2005). It was later realized that 
the disturbance term, rather than representing measurement error in the 
formative indicators, captures the effect of other causes omitted from the spec-
ification, which lead researchers to conclude that formative measurement in-
deed assumed error-free responses to the items in the measures. Nevertheless, 
it was argued that this is something researchers would have to contend with 
(Diamantopoulos, 2006, p. 15). More recently, proponents of formative meas-
urement have stated the because formative indicators are more specific than 
reflective indicators, they would be less susceptible to measurement error 
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(MacKenzie et al., 2011), or have outright denied the relevance of the issue of 
measurement error for formative models altogether (Diamantopoulos, 2013). 

The fact that all prior studies that analyze the performance of formative 
models (e.g., Aguirre-Urreta & Marakas, 2012; Jarvis et al., 2003; MacKenzie 
et al., 2005) work with the assumption of error free measurement presents a 
considerable omission in the literature. Therefore, Paper 4 analyzes how dif-
ferent methods for specifying and estimating a formative model perform when 
measurement error is present in the indicators. Using Rigdon’s (2013a) con-
ceptualization of latent variables and composites as proxies for constructs, we 
review the existing literature and identify ten different approaches that can be 
used to specify and estimate such model using both observed consequences 
and measured causes of the constructs. We then compare these ten methods 
using Monte Carlo simulations showing that the traditional reflective meas-
urement approach outperforms all other approaches in all experimental condi-
tions. 

3.5 Research Question 5: What are the effects of omitting indica-
tors from formative models, and do these differ for PLS esti-
mation? 

The current literature on formative measurement states that if a latent variable 
is measured formatively, then all relevant formative indicators must be includ-
ed in the model. This belief was introduced in the literature by Bollen and 
Lennox (1991), but they did not present a proof or a simulation evidence sup-
porting the idea. The idea is that if a construct is composed of or caused by a 
set of indicators, then omitting one of these indicators is equal to omitting a 
part of the construct and consequently all estimates of relationships involving 
this construct would become biased. However, the current literature does not 
address the direction or magnitude of this bias presenting making this theory 
rather underdeveloped. Indeed, Bollen (2011) has recently stated that more 
research on omitted indicators would be needed. 

The effect of omitted indicators is the main research question addressed in 
Paper 5. In this paper we compare the effects of omitting formative indicators 
when the model is estimated with SEM and PLS. The unexpected result is that 
if the indicators are indeed measured without error, just one is needed to con-
sistently estimate the model with SEM and omitting indicators has virtually 
not effect on the estimated relationships between the latent variables in the 
model. This strongly contradicts the earlier belief that all formative indicators 
need to be included in the model (cf., Bollen, 2011). 
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4. Methods 

Research on structural equation modeling typically uses either formal analysis 
or Monte Carlo simulations (Boomsma, 2013) and both these methods are 
used in the dissertation. Formal analysis refers to mathematical analysis of a 
model and estimation algorithm and is typically used to analyze large sample 
(asymptotic) behavior of estimators. The formal analyses in this dissertation 
consists mostly of simple covariance algebra (Bollen, 1989, Chapter 2), that I 
use to derive correlations that are used during the PLS estimation process to 
illustrate how chance correlations affect the PLS estimates (Paper 1 and Paper 
2). The formal analysis presented in Paper 2 is presented in matrix form, 
which is typically used in papers analyzing different SEM estimators. The ma-
trix equations in Paper 2 have been verified by implementing the PLS algo-
rithm using matrix algebra in the matrixpls R package (Rönkkö, 2013). Paper 5 
makes the most extensive use of covariance algebra to show that there are re-
dundancies in the model implied covariance matrix of a formative measure-
ment model and by proving claims by deriving parameter estimates by hand 
from population matrices. 

Monte Carlo simulations constitute a large part of research in structural 
equation models (Boomsma, 2013) and are also the main research method in 
this dissertation. Monte Carlo simulation refers to an analysis where a re-
searcher draws multiple, independent samples of random variables from a 
population model chosen by the researcher and then uses each of these sam-
ples to estimate a model collecting the results (Boomsma, 2013; Paxton, Cur-
ran, Bollen, Kirby, & Chen, 2001). After a sufficient number of replications 
have been generated, the results from the replications are analyses typically by 
calculating summary statistics, such as bias or mean squared error, or plotting 
the sampling distributions of the estimates. Monte Carlo simulations are 
commonly used to analyze robustness of estimators under violations of their 
assumptions (e.g. small sample, non-normal data), comparison of estimators 
under different conditions, and analyzing procedures for which there are no 
theoretically results that could be used (Boomsma, 2013). The choice of Monte 
Carlo simulations was twofold: First, there is no theoretical result that would 
describe sampling distribution of PLS weights and therefore sampling distri-
bution of PLS estimates is not known (Dijkstra, 1983). Second, most of the 
studies that are used as evidence of usefulness of PLS and formative measure-
ment use the same approach, and using the same method to show that these 
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approaches do not work well makes a stronger statement because the differ-
ences in results cannot be attributed to differences in the research approach.  

Monte Carlo simulations are used in all five papers of the dissertation. Paper 
1 presents the results of several smaller simulation studies, and Paper 2, Paper 
3, Paper 4, and Paper 5 each rely on one larger simulation study. Paper 5 also 
uses several smaller simulation studies and reanalysis of data from two pub-
lished studies to motivate the paper. In a typical Monte Carlo analysis, the re-
searcher replicates the analysis several times under different conditions to 
identify when a statistic performs well. Monte Carlo studies should be consid-
ered as experiments (Boomsma, 2013) and these conditions are therefore de-
fined by experimental factors that define the experimental conditions. The 
experimental factors used in the dissertation follow the designs used in prior 
studies. The factors were sample size (all studies), the population values of the 
path coefficients between latent variables (Study 1), population values of factor 
loadings (Study 2, Study 4), correlation between formative indicators (Study 3, 
Study 4, Study 5), the variance of the path coefficients from formative indica-
tors to the latent variable (Study 3, Study 4), the number of indicators (Study 
2, Study 3), the structure (correctness) of the estimated model (Study 1, Study 
2, Study 4, Study 5). All studies used full factorial desing, which means that 
each possible combination of experimental factor values was used in the study. 
Fractional factorial designs, which some researchers recommend should be 
used to save computing resources (Skrondal, 2000), were considered and ex-
perimented with, but these were eventually not used because all the prior stud-
ies on formative indicators and PLS used full factorial designs and adopting a 
different design principle might be confusing for the readers and open the 
studies for unnecessary criticism. Moreover, availability of the CSC super 
computing facility largely eliminated the issue of computing time. 

Latent variable models can be used to generate data following two different 
strategies, in the first strategy, the model implied covariance matrix is derived 
and then used to draw samples of random data. In the second approach, the 
exogenous (latent) variables are generated first, and these are used to generate 
the observed data according to the model equations. These two data genera-
tion methods are used interchangeably in the research methods literature 
(Mattson, 1997). Both approaches were used in the dissertation. Both ap-
proaches were used in Paper 1. Paper 2, Paper 3, and Paper 4 used the first 
method where latent variable scores were used and in Paper 5 we generated 
the simulated datasets from the indicator covariance matrix. 

The simulations for Paper 1, Paper 2, Paper 3, and Paper 4 were implement-
ed in the R statistical programming environment (R Core Team, 2013) using 
data generation code specifically written for these papers. In Paper 5, we used 
EQS as the main data generation tool and did supplementary analyses using 
data generated with Mplus, SimSem (Pornprasertmanit, Miller, & Schoemann, 
2013) and our own R code. The PLS models were estimated with the plsmp 
package (Sanchez & Trinchera, 2013) with the exception of Paper 5, where 
PLS-Graph (Chin, 2003) was used as the main estimation tool for PLS models. 
All SEM models were estimated with Lavaan (Rosseel, 2012), with the excep-
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tion of Paper 5, where we used EQS as the main analysis tool and Mplus and 
Lavaan as supporting tools to show that the results were not a software bug 
related to one SEM software. 
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5. Contributions to the Literature 

The five papers in this dissertation will hopefully contribute toward the ulti-
mate goal of abandoning the use of PLS estimation and formative measure-
ment in management and organizational research. Paper 1 and Paper 2 clearly 
point out that the use of PLS is becoming a larger problem. The main purpose 
or Paper 1 is to draw attention to the issue of PLS estimation in the main-
stream research methods journals. Considering that the paper has received 
already two responses (Henseler et al., in press; McIntosh, Edwards, & 
Antonakis, in press) - and the fact that Organizational Research Methods does 
not have a history of publishing responses – this goal has been reached.  While 
Paper 1 makes a very strong statement against the use of PLS, it is unlikely to 
be a final word in the discussion. Nevertheless, Paper 1 and the earlier confer-
ence paper (Rönkkö & Ylitalo, 2010), on which Paper 1 is partially based, seem 
to have contributed to a recent discussion on the merits of PLS in Information 
Systems and prompted the proponents to acknowledge that “… capitalization 
on chance is indeed an issue …  It is pivotal to understand under which condi-
tions this phenomenon occurs.” (Rai et al., 2013, p. 2) 

Overall, Paper 1 presents a compelling case that the PLS method has been 
understudied and oversold. The six myths that we describe in the paper are 
present in virtually any paper using the PLS method. Two of the seven myths 
are clearly more important than others. First, we show that PLS path estimates 
do not have a valid significance test because the normality assumption that is 
required for the currently used one-sample t-test does not hold. Second, we 
show that the current model quality heuristics cannot differentiate between 
correctly and incorrectly specified models and therefore the results from these 
tests cannot be used as a basis for model validation. Both these results are very 
problematic for the existing PLS-based research in management and organiza-
tional research because the method is used almost exclusively for overall mod-
el assessment and significance testing. Compared to these two results that 
suggest that the PLS method is not suitable for the purpose that it is currently 
used for, the other myths that we identify, although central in the PLS litera-
ture, are less severe. We show that the beliefs that PLS would work well with 
small samples or could reduce the effects of measurement error are not sup-
ported by questionable evidence at best and do not seem to hold even in text-
book conditions. In all, considered that the paper has been published in a re-
spected methodological journal, the opponents of PLS are likely to find it very 
useful. Moreover, although it will be impossible to verify, I expect that Paper 1 
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sees good use when PLS-based papers are submitted for review in the top 
management and organizational research journals. 

Paper 2 continues from Paper 1 and explains that the presumed advantage of 
PLS is actually a previously unknown effect of amplifying the effect of chance 
correlations between the error terms. After Rönkkö and Ylitalo (2010) and 
Rönkkö and Evermann (2013) used simple models to show that chance corre-
lations may be a problem, some proponents for PLS acknowledge that this 
might be an issue, but that the issue would be limited to small models (Rai et 
al., 2013) and called for more research on chance correlations. Paper 2 is a 
direct response to this call. By using formal analysis and a Monte Carlo simula-
tion, the paper shows that capitalization on chance is not a minor inconven-
ience but a core feature of PLS. The reason why this is the case is that the PLS 
estimation algorithm seems to seek to explain the variance of the endogenous 
composites. Maximizing also the effect of chance correlations will always result 
in larger explained variance than using only the variance induced by the latent 
variables would, therefore making this feature unavoidable. Considering that 
the PLS weights converge toward being proportional to factor loadings or re-
gression factor score weights and factor analysis has not been shown to share 
the weakness of capitalization on chance in the same way, abandoning PLS in 
favor of factor scores would be a sensible option. However, considering that 
factor scores are still susceptible to random sampling variations, the useful-
ness of equally weighted composites should not be discounted (Bobko et al., 
2007). 

Paper 1 and Paper 2 address the when the data corresponds to a common 
factor model according to the classical test theory. However, the effect of 
chance correlations between error terms can only apply if there are error terms 
in the (population) model. Therefore, the results from Paper 1 and Paper 2 are 
not applicable to formative models if the unrealistic assumption of no meas-
urement error holds. Therefore, Paper 3 addresses the applicability of PLS to 
estimate formative models. SEM models with formatively specified latent vari-
ables are difficult to estimate because formatively measured latent variables 
are not identified alone. The main argument by the proponents of PLS is that 
the method would avoid identification problems. We start the paper by de-
scribing why this statement is incorrect: Identification is a feature of a model, 
not an estimation algorithm. We provide a non-technical discussion that clari-
fies the issue and then show that PLS does not solve the identification prob-
lem, but simply hides it without notifying the user that there was a problem in 
the first place. 

The main contribution of Paper 3 comes in the form of a simulation study, 
which shows that under fairly general conditions, a researcher would on aver-
age always obtain better construct scores by using unweighted summed scales 
instead of the PLS weighting system for estimating formative models. Never-
theless, we stress that attempting the estimation of unidentified models is al-
most always a bad idea, and researchers should strive for collecting sufficient 
number of reflective indicators so that identification is no longer an issue. The 
paper also points out that like in the case of common factor models, the distri-
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bution of the PLS estimates for formative models is non-normal and therefore 
the one sample t-test that is currently used for testing the significance of these 
parameter estimates is not a valid test. These three papers, supported by the 
most recent paper by Evermann and Tate (2013) make a very strong statement 
that PLS should never be used in management and organizational research, 
where theory testing is the main concern of statistical analysis. 

Paper 4 and Paper 5 address PLS estimation, but contribute more toward the 
general discussion on the merits of formative measurement. Paper 4 expands 
the prior literature that has been written with the unrealistic assumption of no 
measurement error to more realistic cases where there is either a moderate or 
a negligible amount of random measurement error in the indicators. In this 
paper we show that of the ten different approaches that are tested, direct re-
flective indicators perform the best in every simulation condition. This is an 
expected result, because measuring a construct by its causes exposes a re-
searcher to the uncertainty of both the quality of measurement and the 
strength of the causal relationship between the measured antecedent and the 
focal construct. The paper also makes several smaller contributions by provid-
ing the first test of a measurement approach suggested by Treiblmaier, Bent-
ler, and Mair (2011) and by further showing that the existing approach of im-
plementing formative measurement by indicator reversal result in an incorrect 
or illogical model if the latent variable is endogenous (Cadogan & Lee, 2013). 

Paper 5 analyses the effect of omitted indicators and compares PLS and SEM 
estimates when one or more indicators are omitted from the model. This re-
search shows that PLS performs always more poorly that SEM, thus corrobo-
rating the results in Paper 3 and Paper 4 that PLS is not a useful estimator for 
this type of models. The main contribution of this paper, however, is related to 
SEM. The belief that all indicators are required for valid formative measure-
ment was introduced by Bollen and Lennox (1991), and it would not be entirely 
incorrect to characterize this belief as being “foundational” to the current con-
ceptualization of formative measurement. By showing that just one indicator is 
needed to identify and consistently estimate a model and that adding indica-
tors does not seem to provide any advantage, I hope that this paper can raise 
the awareness that the formative indicators do not define a construct, but the 
meaning of constructs comes more from the relationships between other con-
structs. In this sense, the meaning of a formatively measured construct is glob-
al (Bagozzi, 2011). If a meaning of a construct depends on the other constructs 
of the model, then a logical consequence would be that strong theoretical un-
derstanding of those relationships would be required to interpret such model. 
This renders the position of using such constructs for testing theories, where 
there is necessary uncertainty about the relationships between constructs, un-
tenable. 
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6. Limitations and Future Research 

The main limitations of this dissertation include the general limitations of 
Monte Carlo studies. In addition, the use of the simple two latent variable 
model used in Study 1 is an obvious limitation and the raison d'être for Study 
2, as discussed in Study 2. Monte Carlo studies are generally limited by the fact 
that a simulation study can never fully capture all the factors that affect the use 
of statistical research methods in real, empirical research (Bandalos, Hancock, 
& Mueller, 2006). However, the this is not a serious limitation for the disserta-
tion: Normally, the purpose of a Monte Carlo study is to show that a statistic or 
an estimator behaves as expected in controlled conditions and then argue that 
it would also behave similarly in real, empirical research. The primary purpose 
of this dissertation has not been to show that a particular method or modeling 
approach works, but that the investigated approaches do not work. The objec-
tive therefore is not primarily to generalize to real research settings, but the 
existing similar simulation studies that have been used to establish the useful-
ness of these methods. By showing that these methods do not work in the 
same, or more general, conditions where they were argued to work earlier, this 
study challenges the earlier studies and their assertions about generalizability 
to real research settings without any the need to explicitly argue generalizabil-
ity fo the results. 

The dissertation leads to several avenues of future research. First, the papers 
show that PLS, although popular, does not work as advertised by the propo-
nents. A natural next step would be to meta-analyze existing studies that have 
used the method and to evaluate their trustworthiness. I have done an initial 
study with a small number of Information Systems papers (Rönkkö, Parkkila, 
& Ylitalo, 2012), but this study design needs refinement. The logical next step 
is therefore to redo this paper in a more robust way and larger number of pa-
pers. This study should be also replicated for different disciplines: Focusing on 
information systems, marketing, strategic management, and entrepreneurship 
– the discipplines where the review in Paper 2 shows PLS is used the most – 
with four separate papers would most likely have the greatest impact. 

Second, the papers about formative measurement, and particularly Paper 5 
lead to interesting considerations on formative measurement. Extending the 
analysis of Paper 5 to multidimensional constructs would yield interesting re-
sults that would also be relevant for the discourse considering that multidi-
mensional constructs were recently recommended as an alternatives to forma-
tive measurement (Edwards, 2011). The results also suggest that the formative 
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indicators do not cause or form a construct as they are currently conceptualize, 
but seem to behave more like instrumental variables. This is not entirely un-
surprising, because the research on instrumental variables and two-stages 
least squares estimation motivated the initial development of causal indicators 
(Blalock, 1971; Miller, 1971). It may therefore be possible to define new estima-
tion approaches that would be applicable to same data that are currently used 
to estimate formative models, but use these as instrumental variables instead 
similarly to how instrumental variables are currently used in SEM estimation 
(e.g., Kirby & Bollen, 2009). 
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