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a b s t r a c t

In this paper, we examine the problem of endogeneity in the context of operations management
research. Whereas the extant literature has focused primarily on the statistical aspect of the problem, a
comprehensive treatment requires an examination of theoretical and pragmatic considerations as
complements. The prevailing problem with the focus on statistical techniques is that the standards tend
to be derived from idealizations: the correlation between a regressor and a disturbance term must be
exactly zero, or the analysis will be invalid. In actual empirical research settings, such a knife-edge
assumption can never be satisfied, indeed it cannot even be directly tested. Idealizations are useful in
helping us understand what it would take to eliminate endogeneity, but when applied directly and
unconditionally, they lead to unreasonable standards that may unnecessarily stifle substantive inquiry.
We believe that it is far more productive and meaningful to ask: “What can we realistically expect
empirical scientists to be able to achieve?” To this end, we cover and revisit some of the general technical
material on endogeneity, paying special attention to the idiosyncrasies of operations management
research and what could constitute reasonable criteria for addressing endogeneity in empirical opera-
tions management studies.

© 2017 Elsevier B.V. All rights reserved.

1. Introduction

Operations management (OM) researchers apply a variety of
methods and research designs, but statistical modelingdanalysis of
variance, regression analysis, factor analysis, and structural equa-
tion modelingdremains by far the most commonly used tool we
use to make inferences and to draw conclusions from empirical
data. Despite decades of empirical OM research andmuch progress,
there are a number of key assumptions underlying our statistical
reasoning techniques that have not been sufficiently well expli-
cated. These assumptions, when violated, can have fundamental
implications for the credibility of our inferences and our theoretical
interpretations. In this paper, we aim to explore some of the most
insidious threats to trustworthy statistical inference, as well as the
various ways in which researchers can tackle these threats.

To set the stage for our inquiry, consider the link between plant
productivity and business unit profitability. Even a casual theoret-
ical reflection suggests that as plant productivity rises, profitability

rises as well; a simple regression analysis would confirm the rela-
tionship to be positive. But to what extent do increases in pro-
ductivity actually drive increases in profitability? The answer to this
question requires that we get not just the sign but also the
magnitude of this effect right. In this paper, we discuss what is
perhaps the most significant threat to getting the magnitude right.
In the econometrics literature, this is dubbed the problem of endo-
geneity. Sometimes endogeneity causes so much bias that we may
not even get the sign of the coefficient right.

In order to bring further conceptual and statistical clarity to the
endogeneity problem, let us put the productivity-profitability
relationship into a model by supposing a fairly typical OM
research model, depicted in Fig. 1:

1) x1-x3 are aspects of a factory's production system, such as
process choice or the degree of implementation of certain
manufacturing principles and practices;
2) y1 is a measure of the factory's operational performance, say,
total factor productivity; and
3) y2 is a measure of business success, say, business unit
profitability.
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The causal argument proposed in the model is straightforward:
the way the production system is designed has implications for
how the factory performs, which in turn affects how the business
unit performs. The idea that operational performance mediates the
effect of the production system on business success is theoretically
salient, and has received much empirical support in the research
literature, starting with the seminal work of Skinner (1969).

In Fig. 1, full mediation is proposed, which means that once the
value of y1 is set, the values of x1-x3 no longer matter insofar as the
value of y2 is concerned: the direct effectsdand all other possible
effects not mediated by y1dfrom x1-x3 to y2 are zero, conditional
on the mediator y1. Mediational hypotheses typically have a theo-
retical basis, but in this paper, we will show that the full mediation
hypothesis in Fig. 1 also turns out to be a crucial element in
empirical attempts to tackle the endogeneity problem.

1.1. What is the problem?

In order to be able to inform theory and practice, the researcher
interested in the model in Fig. 1 has one unambiguous, overriding
objective: obtain good estimates of the keymodel parameters bi. By
good, we generally mean unbiased (the expected value of the esti-
mate is the true parameter value) and efficient (the variance of the
estimate is as low as possible), but at the very minimum, we want
our estimates to be consistent, that is, tend to the true value of the
parameter as sample size increases (Wooldridge, 2016: 150). In
order to be practically relevant, we must be able to obtain reliable
estimates of the magnitudes of the effects under scrutiny.

There are many challenges in getting magnitudes right. Perhaps
the most critical challenge arises from the fact that practically all
OM research that examines models like the one depicted in Fig. 1 is
based on datawhere the researcher merely observes the variables in
a statistical sample. In an experiment onewouldmanipulate at least
some of the x1-x3. When variables are merely observed, we do not
know what the origins of their variances are. This also implies that
we do not know whether or not they covary with one another.
Consequently, in specifying the model we appropriately allow
x1-x3 to correlate freely, which is indicated by the double-headed
arrows connecting x1-x3. Variables x1-x3 are asserted to be exoge-
nous variables.

It is important to bear in mind that the disturbance terms ε1 and
ε2 are exogenous variables as well (see endnote #1 in the Appendix).
The fact that x1-x3 are measured variables and ε1-ε2 are latent is no
reason to treat the two fundamentally differently in examining
model specification. But we often do, typically by assuming the
disturbance terms to be uncorrelated both with one another and
with x1-x3. But since we do not know what drives the variances of
the disturbance terms, we must not readily assume away these
correlations. If this assumption of zero correlations is wrong, the
model ismisspecified, and all the estimates of themodel parameters
bi are biased, inconsistent, and inefficient (see endnote #2).

Incorrectly assuming away these correlations amounts to errone-
ously assuming that the x-variables are exogenous, when they are in
fact endogenous. In the statistics literature, this situation is dubbed
the problem of endogeneity. In his definitive treatment of econo-
metrics, Kennedy (2008: 373) noted that “forgetting about possible
endogeneity” is one of the commonmistakes inmodel specification.
This poses an immediate, fundamental threat to both the theoretical
validity and the practical relevance of research findings.

The adverse impact of the endogeneity problem may extend
beyond simply over- or under-estimating the true effect. Tan and
Staats (2016) examined the assignment of servers to tables at a
restaurant, hypothesizing that servers with a heavier table load
would be less likely to be assigned a new table even when the
commonly-used “round-robin principle” of assigning tables sug-
gested assigning the table to the server. The Ordinary Least Squares
(OLS) model (where potential endogeneity of the table load vari-
able was not taken into account) suggested, however, that servers
with a heavy table loadwould bemore likely to be assigned the next
table. This means that despite a heavier work load, the already very
busy server would be assigned yet another table, indicating a
Matthew Effect (Merton, 1968) of sorts. This may be surprising, but
is at the same time entirely plausible given our knowledge of the
psychosocial processes involved in organizational reward systems.
But the authors knew that table load was likely endogenous to
other model variables through reverse causality. To address this,
they ran a two-staged least squares (2SLS) model where endoge-
neity of the table load variable was taken into account. In stark
contrast with the (incorrect) OLS model, the 2SLS model suggested
that the busy server would indeed be less likely to be assigned the
next table. This would lead to just the opposite, and again entirely
plausible conclusion, that restaurants do indeed seek to ease the
workload of busy servers. Of the two plausible conclusions, the
latter is obviously the one supported by evidence: the OLS estimate
is biased and cannot be trusted. The lesson here is that ignoring
endogeneity would have led to seriously misguided conclusions:
absent proper controls, we may not even get the sign right.

1.2. Is there a solution?

Researchers across many fields of science have struggled with
the problem of endogeneity for decades. The earliest documented
attempts at addressing the problem date back to the examination
of supply and demand of animal and vegetable oils in the 1920s
(Stock and Trebbi, 2003: 177). The problem is thus not novel, but it
is as widespread as it is persistent. The reason is succinctly stated
by Roberts and Whited (2013: 498): “there is no way to empirically
test whether a variable is correlated with the regression error terms
because the error term is unobservable.” This is why exogenous
latent variables in particulardthe disturbance term being the
most common special casedare the cause of so much headache to
empirical researchers. Because many key exogenous variables of
concern are not measured, “there is no way to statistically ensure
that an endogeneity problem has been solved” (Roberts and
Whited, 2013: 498). This means that the problem of endogeneity
is not so much a problem as it is a dilemmadhence the title of this
paper. Dilemmas do not call for solutions, they call for choices. In
the statistical sense, the dilemma boils down to trading one set of
untestable assumptions for another. Our goal in this methodo-
logical note is to make these assumptions salient so as to enable an
informed choice. There are no direct tests of endogeneity, and the
consequences of this must be understood. But there are many
indirect tests that give the researcher useful information to guide
their decisions and conclusions. Our particular focus in this paper
is on what could constitute reasonable criteria for assessing the
choices researchers make on dealing with endogeneity in research

Fig. 1. A structural equation model linking production system characteristics (x1-x3)
to performance (y1, y2).
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