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1. Introduction
Given that the field of operations management (OM)
traces its roots to the empirical studies of Frederick
Taylor and others of the scientific management move-
ment (Smiddy and Naum 1954), it is not surprising that
in its first year of publication in 1999, Manufacturing &
Service Operations Management (M&SOM) published
multiple empirical papers. But it was just barely mul-
tiple, sitting at two. At least it showed the journal’s
willingness to acknowledge a still earlymovementwithin
modern OM. Over the ensuing eight years, those two
publications represented one third of the total empirical
operations papers published in M&SOM (Terwiesch
et al. 2019). In response to this dearth of empirical re-
search, one of us published a paper inM&SOM in 2007
noting that empirical research in OM lagged other
disciplines and citing the advantages to our field of
more empirical research (Fisher 2007). Recently, two
of us coauthored aM&SOM paper noting that, in fact,
much more empirical research has been generated.
M&SOM now publishes five empirical papers per
year, and the trend continues to increase (Terwiesch
et al. 2019).

Although empirical OMhas grown, in part, because
of the support of M&SOM, much remains to be done.
This article pursues three objectives in order to take
stock of where empirical OM is and where it still
can go. First, we explore the dual questions of what
makes an OM paper empirical and when an empirical
paper is considered OM. This permits us not only to
define the universe of research that we explore in this

paper but also to highlight key aspects of empirical
operations research that distinguish it from empirical
work in other fields, such as economics, which has
been the paradigm on which recent empirical OM
research has been built. Second, we seek to identify
how empirical research has contributed to the aca-
demic field of OM as well as to real-world operations.
We focus on two types of contributions: (1) pre-
scriptions on how to improve operational decisions
and (2) identification and description of a phenom-
enon observed in practice. Finally, we offer our
thoughts, honed through numerous years as authors,
reviewers, and editors, on how to evaluate the quality
of empirical OM research.

2. What Makes an OM Paper Empirical?
When Is an Empirical Paper
Considered OM?

In our view, a minimum requirement for a paper to be
empirical is the use of real data. These data are often ex-
tracted from the regular operations of an organization—
sales, inventory, labor costs, prices, orders, and so
forth—whichwe refer to as field data. These data can be
obtained directly from an organization on topics such
as manufacturing lines (Fisher and Ittner 1999), soft-
ware projects (Narayanan et al. 2009, Huckman and
Staats 2011), hospitals and doctors (Olivares et al.
2008, Kc and Staats 2012), or retail stores (Kesavan
et al. 2014). Field data can also be obtained indirectly
from third parties that collect industry data (e.g., Com-
pustat, WardsAuto; see Gaur et al. 2005 and Moreno
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and Terwiesch 2015) or collected independently by
the researchers, for example, web-crawling transaction
information from a market platform (Li et al. 2015,
Fisher et al. 2017a) or processing images to measure
lengths of queues (Lu et al. 2013). Data can also be
collected via survey instruments, such as surveying
individuals about their feelings and beliefs on knowl-
edge sharing and process improvement (Tucker 2007,
Siemsen et al. 2009) or project teams and customers to
understand software team performance (Narayanan
et al. 2011).

The next question to consider is howmuch data are
required for a paper to be empirical. It is easiest to
answer this question by providing examples from
existing research. To do this, we first highlight thatwe
believe empirical research has enhanced OM in two
important ways:

1. Providing direct prescriptions on how to im-
prove operational decisions

2. Identifying evidence of a phenomenon that
happens in practice

Considering the first, we note that OM has a long
history of impact research. These projects typically
involve the careful analysis of an operational problem
and then deployment of an algorithmic solution. Em-
pirical analysis impacts both the initial analysis and
algorithmic deployment, such as through the estima-
tion of parameters and predictive models or analysis of
the effort’s impact. For example, Fisher and Jaikumar
(1981) develop a heuristic to assign customers to ve-
hicle routes. If the authors had stopped there, it would
not have been an empirical paper. However, they
evaluate their heuristic’s performance using data on
distances and travel times from real problem in-
stances. Or consider assortment planning research
(Kök and Fisher 2007, Fisher and Vaidyanathan 2014,
Rusmevichientong and Shmoys 2014), in which the
authors develop optimization models that use as an
input a demand model that accounts for substitution
patterns across product variants. Implementing this
approach requires calibrating the demand model with
empirical research to infer the substitution patterns
from actual purchase data.

In vehicle routing, the estimation of travel times is
about 10%of thework,whereas the rest is devoted to the
optimization. In assortment planning, estimation of the
demand and substitution patterns is usually 90% of the
work. From our perspective, the percentage is less vital
to determiningwhether a paper is empirical, and instead,
the data analysis should be instrumental in tackling
the research question. In other words, rather than using
a strict categorization of OM work as either analytical
or empirical, a reader’s judgment is necessary.

We note that unlike most empirical research these
days, neither of these examples apply statistical
tools to a large data set, so certainly “Stata-/R-free”

empirical research is possible. But many examples of
prescriptive empirical research involve statistical anal-
ysis. For example, Fisher et al. (2017b) analyze store
sales and staffing data from a retail chain to identify
overstaffed and understaffed stores.
The bullwhip effect is probably the best-known ex-

ample of the second type of empirical research, in-
vestigating a phenomenon that happens in practice. The
bullwhip effect is also auseful context to considerwhether
the primary contribution of a paper is empirical or ana-
lytical. As noted earlier, in empirical research, the data
analysis should be instrumental in tackling the research
question. Consider the seminal paper on the bullwhip
effect (Lee et al. 1997). Although the paper uses some
data as a case study, the main contributions of the
paper are based on analytical models that provide
possible mechanisms to explain the observed phe-
nomenon. Take away the data, and the contribution
of the paper is largely the same. In contrast, Cachon
et al. (2007) study the bullwhip effect with data across
industries, using statistical methods to validate the
extent to which the bullwhip effect generalizes across
industries and supply chain levels. The central contri-
bution of the paper comes from the data. Finally, Bray
and Mendelson (2015) use detailed data from a single
industry (automobile), using structural estimation to
uncover multiple mechanisms that enhance or miti-
gate the bullwhip effect. Here the contribution arises
from both the data and the estimation methodology.
These three papers help us understand what make a
paper empirical and also illustrate the value of a di-
versifiedmix of empirical and analytical research on a
particular operational issue.
Although meaningful use of real data is necessary

for a paper to be empirical, what characterizes an em-
pirical study as OM? This is a difficult question. Some
traditional topics, such as inventory, supply chain, ca-
pacitymanagement, process design, labor productivity,
and service operations, are obviously OM. But how
about price optimization? Is it OM ormarketing? In our
view, debating this is pointless. Instead, we think that
revealed preference is the best approach to answering
this question. If thework is conducted by a researcher in
the field of operations or is published or aimed to be
published in anOM journal, thenwe’d regard it as OM.
We note that this is also the approach taken by
Terwiesch et al. (2019). Although it is true that the line
gets blurry for flagship journals such as Management
Science or Operations Research, which aim at crossing
multiple disciplines, the key deciding factor is whether
the work is interesting for researchers in the OM field.
In summary, we would say that research is in the

domain of “empirical OM” if (1) the main contribu-
tion of the paper arises from the use of real operations
data and (2) the topic of the research question is of
interest to OM researchers.We feel that this “big tent”
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view of empirical research in OM is important to
permit the field to innovate. Modern-day work has
evolved significantly from the manual labor contexts
of Frederick Taylor and scientific management, and we
believe and hope that it will continue to evolve.

3. Prescriptions on How to Improve
Operational Decisions

In the next two sections, we consider what the two
types of empirical research—prescribing decisions
and providing evidence of phenomena that occur in
practice—can contribute to OM. Figure 1 provides an
organizing framework for these two sections. We
begin by exploring the former topic.

A primary objective of OM is to conduct rigorous re-
search that is theoretically generalizable and can also be
used by managers to improve their decision making.
Empirical research has played a critical role in the de-
velopment of the field in two ways: (1) providing
valuable inputs to models that aid in making operations
decisions and (2) evaluating the impact of innovative
managerial practices. Many empirical papers do both of
these: formulate and implement a decision model and
then evaluate the impact of that intervention. In other
cases (MacDuffie 1997), the innovationwas developed
by others, and the researcher’s task is to answer the
questions “Did it work?” and “Why did it work?”

3.1. Using Data Analysis to Implement Decision
Models in Practice

Research in OM has a long-standing tradition of de-
veloping analyticalmodels to helpmanagers improve
decisions. Inventory, revenuemanagement, and labor
staffing are classical examples in which these models
have impacted practice. Data analysis is needed as input
to implement these models. An inventorymanagement

model requires demand forecasts and a probability
distribution of demand (Silver et al. 1998), revenue
management requires a function that describes the sales
response to changes in prices (Bitran and Caldentey
2003), and a staffing model for call centers requires
statistical models for the incoming calls and service
times (Gans et al. 2003). Traditionally, most of the
research effort in developing this work went to the
optimization and stochastic models, but over the last
decade, the empirical portion has increased signifi-
cantly. New data sources and the development of
novel statistics/econometric methods permit more
sophisticated modeling of the behavior of customers
and employees, which are then incorporated to enrich
the models and algorithms implemented in practice.
We note that this broad class of models is now often re-
ferred to as prescriptive analytics. However, as the fol-
lowing examples show, prescriptive analytics often in-
volves both the prediction of future events (predictive
analytics) and then recommendations as a result.
First, we consider research in inventory manage-

ment. In general, reducing demand uncertainty helps
to lower inventory costs (Gerchak andMossman 1992).
Using real data from Sport Obermeyer, a ski apparel
supplier, Fisher and Raman (1996) show that early
season sales help to improve the forecast of total sea-
son sales. They develop an accurate response system in
which an initial order for about half of production
is placed before seeing any sales data, and then the
remaining supply is ordered based on the improved
forecast from initial sales. They create a model to make
both of these supply decisions as well as a method to
estimate the probability distribution of demand needed
in the model. Note that in this example, the empirical
analysis is focused on predictive analytics; causal in-
ference is not needed to feed the decision model.

Figure 1. (Color online) Different Types of Contributions of Empirical Research to OM
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When planning the inventory of multiple products
in an assortment, amore sophisticated demandmodel
is needed to account for how customers substitute
across products when their preferred option is not
available. Anupindi et al. (1998) approach this prob-
lem using data from vending machines and test their
methodology for categories with six products. How-
ever, their method is difficult to scale because the es-
timated number of substitution patterns increases ex-
ponentially with the number of products.

Random utility models (RUMs) (see Ben-Akiva and
Lerman 1985 and Train 2009) provide a general frame-
work to capture substitution patterns based on micro-
economic principles. Musalem et al. (2010) and Vulcano
et al. (2012) develop methods to estimate these types
of models when the demand data are censored be-
cause of product stock-outs. There is now extensive
research developing decision models for assortment,
inventory, and pricing optimization using different var-
iations of RUMs (Davis et al. 2014, Rusmevichientong
and Shmoys 2014), some of which have been applied
in practice (Fisher and Vaidyanathan 2014; Harsha
et al. 2019).

Labor staffing is another important research stream
in which data analysis has been used to improve the
implementation of decision models. One example is
call centers, at which detailed records of incoming
calls, waiting times, and service times allowmodeling
the stochastic behavior of callers and the service times
needed to optimize server capacity (Gans et al. 2003,
Brown et al. 2005). Although much of the work fo-
cuses on forecasting the variability of arrivals and
processing times, setting appropriate service levels
requires understanding how customers respond to
waiting time, which, in contrast to the forecasting
work, requires causal inference. A growing stream
of empirical literature analyzes call center customer
abandonment in response to waiting and delay an-
nouncements (Akşin et al. 2013, 2016).

Labor staffing is also studied frequently in retail
stores, at which the decision requires balancing staffing
costswith the increase in revenue from reducingwaiting
times. Lu et al. (2013) measure how customer pur-
chases are affected by waiting times in the context of
supermarkets; Allon et al. (2011) analyze demand re-
sponses to waiting time in the fast-food industry.
Both studies show that waiting can impact sales sub-
stantially and is a fundamental input for labor capacity
planning.

Retail associates can also increase sales by assisting
customers in their shopping. A standard approach
used in the industry is to forecast future sales and plan
staffing levels based on the staffing levels that have
been used historically to support a comparable sales
level. Because staffing levels are set in anticipation of
forecasted demand, therefore, the high correlation

between sales and staffing levels does not provide a
valid measurement of the causal effect of staffing on
sales. Causal inference is required in this case, and
recent studies haveuseddeviations between theplanned
and actual staffing levels at stores as an exogenous
source of variability to measure the sales response to a
change in staffing capacity (Fisher et al. 2009, 2017b).
New data on incoming customer store traffic coupled
with new methods to analyze these data have also
become useful to measure the causal effect of staffing
on sales (Perdikaki et al. 2012).

3.2. Measuring the Impact of a Management
Practice Innovation

In the preceding section, we discussed how empirical
research is important in improving decision making.
In these cases, the same individuals who conduct the
initial research also evaluate the impact it had on
organizational performance. Some of the best ex-
amples of this come from the Franz Edelman Award,
for which finalists have conducted research to de-
velop new solutions and measured the impact of the
research. A good illustration is the work by Caro et al.
(2010), Franz Edelman Laureates (in 2009), which uses
a field experiment based on a difference-in-difference
approach to evaluate the impact of the adoption across
different countries and product categories of a new
inventory management system devised by them.
Field experiments are the “gold standard” in most

scientific disciplines. The most noticeable example of
this is the critical role of experiments in the regulatory
approval of new pharmaceuticals. Field experiments
in OM are generally based on a research design in
which a new managerial practice is applied to a (ide-
ally randomly) selected “treatment” group, which is
compared with a control group in which the standard
management practice is used. Zhang et al. (2017) use a
field experiment tomeasure the impact of introducing
tools that enhance social interactions in a massive
open online education class in order to generate better
learning outcomes for students. Fisher et al. (2017a)
devise a competition-based dynamic pricing algo-
rithm for an internet retailer and then show its ef-
fectiveness by comparing performance for a “treated”
set of products and a matched set of products priced
under the legacy method. Fisher et al. (2017b) use
retail store associate absenteeism to identify over-
staffed and understaffed stores in a retail chain and
then use a field experiment whereby they manipulate
labor budgets in the understaffed stores to measure the
increase in sales.
From our experience in working with companies

and other organizations, it is not always feasible to
conduct an ideal field study, especially when it in-
volves testing a negative result. In the last example,
an ideal test would have also included increasing
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staffing in overstaffed stores to show this produced
no benefit, but it is not surprising that the retailer was
unwilling to do this.

In all these cases, researchers were evaluating the
impact of an intervention they created. In other cases,
the researcher’s task is to evaluate the impact of an
innovation devised by a company. A classic example
of this is the numerous studies that have explored
how organizations have rolled out facets of the
Toyota Production System, otherwise known as lean
production, and the impact this has had (MacDuffie
1997, Shah and Ward 2003, Staats et al. 2011).

In cases such as these, it’s unlikely that one has the
results of an ideal randomized experiment. No au-
tomobile company is going choose a random subset
of their plants within which to try lean production.
Moreover, the adoption of new practices often involves
more than one intervention, and it becomes difficult to
measure their effect separately. Also, better firms may
implement the new practice or firms may launch ini-
tiatives within better subunits, thus making causal in-
ference hard.

Estimating the impact of the adoption of infor-
mation technology (IT) in organizations is a good
illustration of this first challenge; company invest-
ments in IT are often complemented with other types
of resources, including more advanced human capi-
tal, and it becomes difficult to tease these apart (see
Krueger 1993 and DiNardo and Pischke 1997 for
an interesting debate on this topic). Researchers need
creativity to design an adequate identification strategy
that exploits exogenous interventions that are “as
good as” a randomized field experiment for the pur-
pose of identifying causality. Following on the example
of the impact of IT, Parker et al. (2016) use a natural
experiment, an unexpected 12-day government ban
on text messages, to measure the impact of a text
message service providing price information on ag-
riculture markets in India. As an example in health-
care, Staats et al. (2018) use an exogenous negative
announcement from the U.S. Food and Drug Ad-
ministration to show that experienced physicians
may be less likely to change their behavior than their
less experienced colleagues.

One cannot always find a clean natural experiment,
so a viable alternative is to use a quasi-experimental
design that involves adequate econometric tech-
niques to identify the causal effect of an intervention
from observational data. One of the most common
techniques used is combining cross-sectional and lon-
gitudinal data, comparing outcomes before and after
the intervention relative to units that did not receive the
treatment (called difference-in-difference). Gallino and
Moreno (2014) use this approach with a furniture
retail chain to measure the effect of a new fulfillment
option in their online channel (customers could buy

online and pick up at a store). This initiative was
implemented simultaneously nationwide. To iden-
tify a causal effect, the study compared market areas
that were far from any store and therefore could not
use the new fulfillment channel with markets near
to stores, at which the new channel thus was avail-
able. The study revealed that online sales decreased in
markets where the fulfillment option could be used,
contrary to what was expected by management. The
researchers were able to identify the underlying mech-
anism of this sales reduction: customers were using the
online channel to search products to ensure in-store
availability prior to visiting the store where they could
touch and feel theproduct beforefinalizing thepurchase.
The increase in sales within stores compensated for the
online sales reduction, so overall sales increased. This
unexpected result and its underlyingmechanismwould
have been difficult to observe by simply comparing sales
before and after the implementation of this fulfillment
option, and therefore, the empirical research was key to
convincing managers of the program’s effectiveness.
Sometimes identifying proper control groups is not

possible. Considermeasuring the impact of inventory
and product variety on sales in a retail store. A naive
approach would be to compare store sales at different
levels of inventory and variety. However, because
managers set their inventories in anticipation of de-
mand, inventory and sales are highly correlated, but
this correlation is not attributable to a causal effect.
Cachon et al. (2019) study this problem using data
from automobile dealerships. They use random supply
shocks generated by extreme weather at auto assem-
bly plants as an exogenous source of variation, which
can be considered as good as a randomized, controlled
trial. Using these weather-induced shocks as an in-
strumental variable, the authors show a scarcity effect
by which lowering inventory (while keeping variety
constant) increases demand. The authors then simulate
an optimized inventory allocation policy in the deal-
ership network, using the empirical results, that seeks
to maximize variety with minimum inventory, which
yields a significant sales increase with the same amount
of inventory.

4. Describing a Phenomenon Observed
in Practice

Some empirical research is not directly aimed at pro-
viding prescriptions, instead studying phenomena that
occur in practice. This area can be divided into two
streams: (1) examining whether normative OMmodels
are consistent with real-world data and (2) discovering
new phenomena, which can inspire new research.

4.1. Testing Normative OM Models
The example of the bullwhip effect mentioned ear-
lier highlights how analytical and empirical research
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may fruitfully interact. Lee et al. (1997) focus on
building models to show how andwhen the bullwhip
effect occurred. Although there were thousands of
analytical papers exploring the bullwhip effect, it
took 10 years for the first empirical paper to be
published in M&SOM using industry data. Cachon
et al. (2007) find that the bullwhip was largely at-
tenuated in industry data when seasonality was con-
sidered. However, the authors did find some bullwhip
effect in their deseasonalized data and were left to
ponder whether variability in demand or uncertainty in
demand was driving this effect. To understand this
question, Bray and Mendelson (2015) build and esti-
mate a structural model to show that once one in-
corporates firm-level data, it is clear that the bullwhip
effect does exist and that it is driven by both vari-
ability and uncertainty in demand. Subsequent
work has continued to unpack assumptions within
the bullwhip models to test normative theory and
in so doing continues to shape subsequent the-
ory (Bray and Mendelson 2015, Mackelprang and
Malhotra 2015, Baron et al. 2018, Bray et al. 2019).

As another example, a fruitful interaction betw-
een analytical and empirical research has evolved
in answering the question, “Do companies increase
inventory to offer higher service levels when faced
with competitors, or alternatively, do they cut inven-
tory in order to protect themselves from negative
effects resulting from overage costs?” (Lippman and
McCardle 1997, Bernstein and Federgruen 2005).
Olivares and Cachon (2009) test this using cross-
sectional data from automobile dealerships in the
United States and find that on market entry of com-
petitors, dealerships are likely to hold more inventory
in order to compete on service.

A large body of analytical work explores how firms
should write contracts to incentivize performance
(Cachon 2003). As scholars created increasingly so-
phisticated models to deal with complex perfor-
mance demands, there was little verification of these
models. Guajardo et al. (2012) investigate the impact
of performance-based contracts on aircraft engine
reliability. In the analytical literature, the impact of
performance-based contracts on reliability was un-
clear.Usingproprietarydata,Guajardo et al. (2012)find
that performance-based contracts yield significantly
better reliability than time-and-materials contracts.

As these studies highlight, empirical operations im-
prove our understanding of firms’ operational deci-
sions when partnered with analytical models. Models
create a rigorous structure for decision evaluation. The
model necessarily requires assumptions about how
theworld functions. Empirical operations can test both
the assumptions and the predictions of models. For
years, the field of OM has built models, but compara-
tively few have been validated with data. Fortunately,

as analytical and empirical research work together, it is
possible to support some existing work and find gaps
with others that require follow-up.

4.2. Exploring New Phenomena
In many contexts, empirical research discovers a new
phenomenon, shines light on a managerial practice
that has been unstudied, or identifies where con-
ventional wisdom may be wrong. The study of in-
ventory provides a classic example. The many dif-
ferent models built to manage inventory share at least
one common thread: they assume that inventory re-
cords are accurate. In their seminal work, DeHoratius
and Raman (2008) show that this assumption is wrong,
introducing inventory record inaccuracy. Not only did
this empirical work lead to significant new analytical
research in inventory modeling, but it also changed
practice. For many years, a chief executive officer of a
Fortune 500 retail firm attended one of our classes and
shared how this study single-handedly led him to
change the way that his firm managed inventory in its
stores.
Studying inventory yields other new areas of re-

search. For example, Kesavan et al. (2010) show that
inventory data can improve sales forecasts for U.S.
retailers and identify an inefficiency in public stock
markets. The study arose, in part, from the practices of
an investor (Raman et al. 2006). Other anomalous
behavior identified, in part, through empirical studies
of operations include showing that service rates are
not exogenous to load but rather endogenous (Kc and
Terwiesch 2009), that learning is not just a matter of
repetition of task but also repetition of interaction
between individuals on a team (Huckman et al. 2009,
Huckman and Staats 2011), and that dedicated queues
can, in certain circumstances, lead to improved per-
formance over pooled queues (Lu et al. 2013, Song
et al. 2015).

5. How to Evaluate the Quality of Empirical
OM Research

In this section, we offer thoughts on what we think
makes for good empirical research in OM, drawing
on our collective experience as authors, reviewers,
and editors in the field. Our goal is not to be dogmatic
with our propositions but rather to encourage active
debate.
First, empirical research should investigate prob-

lems that matter to practice. Recently, one of us was
talking to a distinguished colleague in another de-
partment at a different school, having been introduced
as an operations professor. The other scholar’s response
was that he loved to work with operations’ scholars
because we cared about how things actually work.
We see this point as a meaningful compliment and
an important consideration in conducting research.
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The field of operations is concerned with the study of
work (Terwiesch 2019). Therefore, rooting research in
how work is done is a way to increase relevance and,
even more important, identify divergences in theory
and practice. Those divergences may identify cases
in which managers’ actions are suboptimal, but of-
ten the findings may suggest just the opposite; when
managers’ actions are inconsistent with theory, it
may be the theory that is incomplete (Bowman 1963).
Companies’ executives are not only critical gatekeepers
to data, but they are often the providers of a spark that
leads to an interesting research question. We encourage
researchers to let these conversations motivate research
questions rather than whatever news happens to be
shared in the Wall Street Journal or BusinessWeek.

A second goal is to impact practice. By working with
decision makers, we can push to implement the pre-
scriptions of our research. To the extent that we believe
that our findings can improve practice, we encourage
researchers to try to do just that. Working with data
offers an added benefit because it helps to give credi-
bility to our prescriptions and then also can help to
evaluate their implementation.

Third, and perhapsmost important, good empirical
research and sophisticated econometrics should not
be seen as interchangeable terms. Terwiesch et al.
(2019) find that, over time, the literature has used
more sophisticated econometric techniques. To the
extent that these techniques correct for challenges in
data analysis, this is a step in the right direction. At the
same time, this does not mean that a more complex
technique is always better. There is a risk of an “arms
race” in which individuals use increasingly complex
approaches just because they can. One should keep in
mind theAlbert Einstein dictum that theory should be
as simple as possible, but no simpler. Ideally, em-
pirical data should be subjected to the “eyeball test”:
can you show a simple descriptive plot that reveals
the key result? This may not always be possible be-
cause controlling for other variables and underly-
ing relationships is often critical. However, keeping
Einstein’s advice in mind as an author and a reviewer
is likely to yield papers that can better impact theory
and practice.

Fourth, recent work highlights the importance of
causal inference in empirical research (Ho et al. 2017).
We agree that in papers that seek to draw causal
conclusions, strategies to address endogeneity and
other empirical concerns are mandatory. However,
not all research has causal objectives. For example,
research may seek to identify a relationship’s exis-
tence. This is particularly true in early studies on a
topic. Tucker (2004) shows that individuals engage in
operational workarounds with negative performance
consequences. Initial work, even without causal iden-
tification, was important to show that the effect existed

(Tucker and Spear 2006). As understanding of the
concept improved, causal studies were pursued (e.g.,
Tucker 2015).
Another example is data-driven prediction re-

search. Techniques such as machine learning provide
interesting opportunities to improve forecasts, often
from unstructured data. Examples include Glaeser
et al. (2019), in which the authors improve existing
predictions using large-scale data to identify attrac-
tive retail locations. A running joke among empirical
researchers with whom we talk is that when a paper
is rejected, the reason is always “endogeneity.” In
many cases, this is a proper cause for rejection. In other
cases, it is not. As authors, we must be mindful of
what a lack of causality means and discuss this in our
papers in a forthright manner. As reviewers, we must
articulate why endogeneity is so problematic, if it is,
and be open to the possibility that a lack of causality
may be acceptable for publication, depending on the
subject under study.
Finally, we wish to discuss p-values. We find it

fascinating that until recently, a p-value of less than
5% flipped a switch whereby one no longer paid at-
tention to the actual value. Alternatively, we have
been equally interested in how, in industry, p-values
receive very little attention. p-Values should be taken
in context. They provide a useful piece of informa-
tion, but a p-value of less than 0.05 is not inherently
good, nor is one greater than 0.05 inherently bad. As a
field, we have been lazy in adopting the standards
of physical sciences, in which the cost of false adoption
of a principle is much higher than the cost of false re-
jection. But if the purpose of an empirical study is to
decide on whether to take an action in a company (e.g.,
whether to raise or lower a price), the cost of inaction
may equal or exceed the cost of false action. This is
analogous to legal proceedings, in which, in some con-
texts, “beyond a reasonable doubt” is the right stan-
dard, and in others, it’s where is the greater “pre-
ponderance of evidence.” Others have highlighted
the harm such an approach can cause for research
because scholars may be tempted to pursue less
than ethical means to achieve their goals (Simonsohn
et al. 2014). Here we call for a commonsense approach
to p-values.

6. Conclusion
From modest beginnings, over the last 20 years,
empirical research has increased dramatically. Given
the rise of data available, the increase in scholars
seeking to use these data, and the generation of new
methods from econometrics, statistics, and machine
learning, it takes little imagination to see how the
empirical portion of our field is likely to grow. In this
article, we have sought to establish how a growth in
empirical operations is good and to offer thoughts on
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how that growth may proceed in a more impactful way.
We hope that the field will find this essay valuable as
individuals proceed with their own work.

References
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