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Abstract. What explains the increasing disconnect between empirical strategy research
and real-world strategy? Although empirical methods have evolved, notably in the use of
techniques that support causal identification, we argue that empirical strategy’s focus on
estimating well-identified average treatment effects from a population-level model of per-
formance is fundamentally misaligned with the strategist’s need for firm-specific insights
about how to build firm-specific models that guide strategic decision making. This misa-
lignment poses a critical problem because strategic decisions are typically one-shot, non-
diversifiable, and deeply interconnected with other firm-specific choices. Thus, strategists
require localized, firm-specific models and estimates rather than population-level average
treatment effects. Through an extended empirical example, this paper demonstrates the
limits of strategy’s current approach of ever-more-precise identification and offers guid-
ance about methodological approaches that can help bridge the relevance gap.
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Most people regard clarity and precision as more or
less the same. But in my opinion, there is a big differ-
ence between the two.... The clash between clarity
and precision means that as you become more and
more precise, fewer and fewer people will be able to
understand what you are saying. —Karl Popper"

Introduction

The strategy field today confronts a growing chorus of
complaints that its research output has become irrelevant
to strategy practice. These complaints are not new. As
early as 2001, Michael Porter claimed that “strategy had
lost its intellectual currency” and was “losing adherents”
(Hammonds 2001). More recent complaints argue the
field has “lost its way ... [and] has strayed from its pri-
mary focus on efficient and effective management
practice” (Drnevich et al. 2020). What may seem surpris-
ing is that this decline in real-world application coincides
with significant growth in empirically sophisticated
causal estimation methods—approaches that, in other
fields such as labor economics, development economics,
and finance, have helped fuel a surge of real-world impact
and popular press attention. But in the field of strategy,

this pattern is not evident, perhaps even inverted with
no clear evidence that the trend toward causal identifi-
cation has increased real-world application.

Although there are potentially many ways to address
the application challenge, such as adding managerial
translations that make findings more accessible and
understandable, this paper focuses on the fundamental
disconnect between the attributes of strategic choices and
the empirical methods the field of strategy increasingly
deploys. Although efforts to add manager-focused ab-
stracts, translations, podcasts, and video summaries that
elevate the accessibility of our work are laudable, the
problem the field confronts is more endemic and argu-
ably unaddressed by such remedies. The essence of the
problem is that population-level causal estimates of aver-
age treatment effects obtainable through causal estima-
tion methods mask substantial heterogeneity in those
treatment effects. This heterogeneity is potentially so large
that the average treatment effects pervasive in the strat-
egy literature offer limited guidance about what any
given firm and strategist should do.

To illustrate the unique challenge faced in empirical
strategy, consider a causal empirical finding from a field
like development economics. In this literature, it is well
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known that financial subsidies for a life-saving product
like bed nets increase consumers’ long-term willingness
to pay for the product (Dupas 2014). Although such
subsidies work on average, researchers also recognize
that a subsidy will not increase willingness to pay for
everyone. For some people, the subsidy works and for
others it does not. But when policy makers look at the
evidence, they know a subsidy will, on average, encour-
age purchases and increase bed net usage. Also, if
increasing bed net usage saves lives, then subsidies
make sense. Therefore, a well-identified empirical esti-
mate that shows this policy shift changes individual
willingness to pay on average is highly useful to policy
makers.

In contrast to the policy maker who cares about shap-
ing a broad population, the strategist seeks information
about firm-specific strategic decisions—that is, decisions
that are often one-shot, nondiversifiable, and must be
orchestrated to complement a host of other decisions
inherent to that organization (Leiblein et al. 2018).2
Accordingly, strategists have limited interest in the
average treatment effect of an intervention or policy
change on performance within a population of organi-
zations. Instead, their real interest is in the hyper-local
effect of an intervention or choice on the performance
of their specific organization. Unlike other fields where
policy makers are treating populations, in strategy, the
strategist’s decision focuses on a population of one.
Each policy decision is generally nondiversifiable and
interacts with a host of other decisions. Consequently,
unlike other fields, efforts toward greater causal identi-
fication do not solve strategy’s relevance problem.
Indeed, as we will later discuss, the trend in empirical
strategy toward ever more accurate identification and
estimation of average treatment effects may actually
exacerbate strategy’s relevance problem. These papers,
although accurate in their estimates, are unable to pro-
vide a strategic roadmap to firms. In a field where the
core insight is that unique strategies drive heteroge-
neous performance, an estimated population-level
average treatment effect is necessarily of only limited
practical use to the strategist.

This paper proceeds as follows. First, we examine
the unique empirical challenges inherent to generat-
ing strategy research and the central questions strate-
gists face. We then review advancements in causal
identification widely embraced by the strategy field
and highlight their unintended limitations for practi-
cal application. Against this backdrop, we illuminate
the disconnect between developing causal results and
the strategist’s central question. Here we articulate a
paradox—efforts to increase causality often under-
mine, rather than elevate, practical relevance. In a final
section, we offer pathways forward, illuminating how
the field of strategy can both continue to elevate

empirical rigor while also elevating the practical rele-
vance to strategists of the research that the field conducts.

What Is Strategy and the Empirical
Challenge in Exploring It?

To illuminate the strategy field’s dilemma, it is useful
to briefly review what strategy as a field is. Like other
fields, strategy has expanded into a wide range of
topics, as scholars have specialized and focused their
attention. Although this evolution makes describing
the field a moving target, the field’s core questions
remain closely linked to those of interest to strategy
practitioners. What explains heterogeneous perfor-
mance across firms? How can strategists craft decisions
that deliver sustained advantage and sustained valu-
able growth?

What then has the field learned from exploring its
central questions? One conclusion is that valuable strat-
egies are unique and firm specific. They generate valu-
able distinctiveness from competitors (Porter 1985).
Such valuable uniqueness is achieved as managers
make insightful strategic decisions and choices (Lei-
blein et al. 2018). Strategic decisions differ from other
routine managerial decisions along at least two key
dimensions. First, as Leiblein et al. (2018) observe, stra-
tegic decisions differ in their interdependence with
other decisions, including decisions by other stake-
holders, as well as future decisions. Said another way,
strategic decisions are a class of managerial decisions
that are important in shaping all other decisions (Van
den Steen 2017) because decisions, if they are to be con-
sequential in elevating performance, must fit with one
another (Siggelkow 2002, Rivkin and Siggelkow 2007).
When choices are highly interdependent in this way,
population estimates of the causal influence of any
given choice offer only limited guidance to a strategist.
Second, with strategic decisions, the strategist often has
only one shot to get it right (Rumelt et al. 1991). In other
words, there is seldom a sequence of decisions of a
given type across which the strategist can diversify any
given choice.

For both of these reasons, elevating the likelihood of
getting strategic decisions right requires building well-
composed, firm-specific theories (Felin and Zenger
2017)—theories that illuminate how choices about
assets, resources, and activities can be orchestrated in
unique, complementary ways to compose value (Rumelt
1984; Porter 1985, 1996; Barney 1986, 1991, Montgomery
and Wernerfelt 1988; Brandenburger and Stuart 1996;
Rivkin 2000; Rajan 2012).

What real-world strategists ultimately seek from the
academic field of strategy is insight about how to com-
pose these unique, firm-specific theories or models that
provide clear guidance about how to orchestrate
choices about assets, activities, and resources into value
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creating patterns. The guidance strategists seek is not
how to treat a population but rather how to make a
very specific decision (or a set of decisions) about their
own organizations. This central objective of the strategy
practitioner has profound implications for the type of
research practitioners find relevant. They seek informa-
tion that will support their efforts to build and validate
their firm-specific theories or models. With this framing
in mind, we now turn to evaluating whether the
substantive empirical trends that have transformed
economics—and more recently, the field of strategy—
provide useful input to the strategist’s efforts.

Exporting the Credibility Revolution in

Economics to Strategy

Providing useful empirical guidance to any decision
maker from available data requires generating esti-
mates that the decision maker can use to reliably pre-
dict the causal effects of their given choices. Thus, a
large literature in economics now seeks to develop
causal estimates of the wage elasticities of labor supply,
fiscal multipliers, aggregate productivity estimates,
and many other policy relevant parameters. The impor-
tance of reliable estimation of these econometric mod-
els cannot be overstated, as sound economic policies
hinge on their accuracy. Yet, despite the clear impor-
tance of causal precision in these estimates, prior to the
late 1980s and 1990s, the credibility and accuracy of these
estimates were the subject of considerable doubt—in par-
ticular, by those most familiar with them (Leamer and
Leonard 1983).

Beginning in the late 1980s and early 1990s, the field
of economics made significant progress in the reliabil-
ity of causal estimates of economic parameters, often
dubbed the “credibility revolution” (Angrist and
Pischke 2010). Central to advances in parameter estima-
tion was the application of quasi-experimental meth-
ods to nonexperimental data. Difference-in-differences,
regression discontinuity, and instrumental variables
were among the methods that gained widespread use.
These methods were applied to critical public policy
questions, such as the relationship between increases in
minimum wage and employment levels.

Within the sphere of public policy, the impact of
quasi-experimental approaches in estimating economic
parameters was profound. For instance, the paper of
Card and Krueger (1995) on minimum wage increases
that convincingly showed no significant relationship
between minimum wage increases and employment
called into question longstanding economic policy
logic. This paper, and a host of others employing these
quasi-experimental methods, catalyzed sustained inter-
est by policy makers in nonexperimental methods that
allowed economists to make recommendations with
much greater confidence about the causal effects of

policy choices (Finkelstein and Hendren 2020, Findley
etal. 2021, Glied 2021, Jackson and Mackevicius 2024).
Over the past 20 years, the use of these quasi-
experimental methods in strategy has also gained sub-
stantial popularity. With these tools, strategy scholars
are generating reliable causal estimates of the influence
of various managerial choices on performance. Thus,
the field of strategy tests its theories by seeking to esti-
mate how a specific organizational choice—after con-
trolling for a host of factors including firm and industry
characteristics—correlates with, or ideally causes, dif-
ferences in performance. This average treatment effect
paradigm estimates an equation that looks like this:

Performance, = o + B = Strategy, + &;. (1)

Much of the attention in empirical strategy focuses on
leveraging the innovations spawned from the “credibility
revolution” in economics to develop increasingly precise
and causal estimates of 5. Therefore, which audiences
value insights generated from Equation (1)? To answer
that question, let’s briefly return to the field of public
policy—the birthplace of the “credibility revolution” and
the methodological rootstock for modern empirical strat-
egy. In public policy, further refinements in estimating
are—and will likely remain—quite valuable. This is due
to the nature of the decisions policy makers face. Public
policy decisions have the luxury of their implications
being diversifiable across populations. Policy makers are
interested in how a policy choice affects an entire econ-
omy or a sector of that economy. Accordingly, public pol-
icy finds great value in understanding the average
treatment effect on a population because the public policy
field can use that information to guide optimal decision
making.

Consider the public policy question “Does a year of
additional education cause an increase in wages?”
Using a variety of methods and settings, economists
can persuasively show that the answer to this question
is “yes.” On average, an additional year of education
causes wages to increase by 10%. This well-established
association between education and wages is likely not
driven solely by self-selection—it is, as modern econo-
metrics persuasively show, causal. Yet, what this means
is that for some individuals, an additional year of edu-
cation increases wages by perhaps 25%, and for others
it reduces wages by 5%. Nonetheless, a policy maker
simply sees the average treatment effect of 10% and
concludes to use public policy instruments to encour-
age investments in education. Given the large number
of potential students in a state or country, the policy
maker diversifies the individual risk associated with an
education-encouraging policy change across this popu-
lation and can sleep well knowing that, although not all
students are being helped, on average there is a 10%
increase in wages for each additional year of education.
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The strategy field is not this lucky, as there is a critical
difference between public policy and firm-specific
strategy making. In contrast to such policy decisions,
the strategic decisions critical to a firm’s success are
generally one-shot and in an important sense not diver-
sifiable. Accurate firm-specific causal estimates are cen-
tral to generating actionable insight from findings in
empirical strategy. Although public policy makers are
well informed by estimates of average treatment
effects, strategists who seek to compose unique, firm-
specific strategies must seek to understand what
explains the variance of estimates.

Findings generated from Equation (1) are of more
limited value to most real-world strategy makers
because for their most consequential strategic deci-
sions, they are not interested in the average effect of
their choices across a sample of firms. Rather, they seek
to know the impact of a particular policy choice on their
unique firm as defined by their unique, firm-specific
model. To use the example above, in strategy the deci-
sion maker is not the policy maker trying to decide
how to motivate educational investments, but rather an
individual trying to decide whether an additional year
of education would add to their personal income. Put
differently, real-world strategists are interested in an
Equation (2) substantively different from Equation (1):

Performance, = a + B; * Strategy, + &;. 2

Equation (2) is a firm-specific model, derived from a
firm-specific theory about how to elevate performance.’

In fields like finance or public policy, decisions are
often made with the understanding that their impact
can be spread or diversified across a broad population
of actors or perhaps a broad set of investments, allow-
ing for more generalized conclusions. For example, in
finance, portfolio theory allows for diversification
across a range of assets, mitigating the risk associated
with any single decision. Indeed, the field of finance
has not experienced a “crisis of relevance” in the way
the field of strategy has, precisely because estimates of
Equation (1) are generally sufficient to create value for
its audience of consumers—those seeking to draw
insights from empirical conclusions. But in empirical
strategy, efforts to more precisely estimate Equation (1)
will typically not make the findings any more valuable
to strategists.

Strategists seek firm-specific insights that can use-
fully guide their firm-specific strategic decisions. In
fact, as we will argue, chasing perfection in Equation
(1) may make findings from empirical strategy even
less relevant to the firm-specific strategist. And as we
later discuss, a strategist is arguably at least as in-
terested, if not more interested, in understanding the
distribution of firm-specific treatment effects as in
understanding the global average. For instance, discov-
ering a wide distribution of firm-specific treatment

effects may signal a choice of substantial strategic
importance, because getting the choice right has pro-
found performance implications.

Building and Estimating Common Models
It is notable that when industrial organization (IO) eco-
nomics was imported into a newly emerging strategy
field decades ago by Porter (1981, 1985, 1996), great
efforts were taken to ensure that the resulting tools
informed a firm-specific strategy formation process. In
direct contrast to this, the econometric tools of the
“credibility revolution” have been air-dropped into
the field of strategy without sufficient attention paid to
the implications of doing so. Modern empirical strat-
egy has largely left unaddressed and unanswered the
question of precisely how methodological improve-
ments to estimating the average treatment effects
advance the field both in addressing strategy’s most
pressing questions and in resolving the growing rele-
vance gap.

The fundamental challenge in elevating the rele-
vance of empirical strategy rests on a rather simple fact.
Our empirical work by implicit assumption essentially
aims to build and test a common model, one that is
applicable to all firms and all strategic decision
makers—a model that provides a common population-
wide prediction of outcomes for various strategic
choices and treatments. Tom Sargent comments on the
challenge this common model approach presents in the
field of economics, something he calls the “communism
of models” problem, wherein “All agents inside the
model, the econometrician, and God share the same
model” (Evans and Honkapohja 2005, p. 566). We face
this same problem in strategy, where our implicit
empirical modeling assumption is that, although strate-
gic actors across firms may differ in resources or infor-
mation, they all share a common model through which
information is processed, decisions are reached,
resources are priced, and performance is determined.
But if strategic management is concerned with hetero-
geneous beliefs and models (Gavetti and Levinthal
2000, Amit and Zott 2001), differing awareness and the-
ories (Tripsas and Gavetti 2000, Felin and Zenger 2017,
Zhang and Barney 2026), and ongoing learning and
experimentation (Denrell et al. 2003)—a world in which
advantage often stems from believing or knowing what
others do not (Ehrig and Zenger 2024)—then Sargent’s
common model critique has profound implications,
because it implies a world in which agents share a com-
mon model of the environment, leaving little room for
persistent disagreement or belief-based advantage and
largely abstracting from learning about the model itself.
As a field of strategy scholars, we are often focused,
whether we realize it or not, on estimating the structure
and parameters of a grand common model—a model
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that estimates the performance implications of choices
for all firms in all contexts.* Yet this common model
assumption abstracts away from precisely the features—
heterogeneous beliefs, bounded rationality, experimen-
tation, and learning—that make strategic management a
distinctive field of inquiry.

To more clearly illustrate the problem and its impli-
cations for the field of strategy, consider the following
empirical illustration. Suppose an entrepreneur-
strategist seeks to uncover the causal effect on long-
term profitability of eponymous entrepreneurship, that
is, an entrepreneur’s decision to use their own name to
label the firm. This is an important decision, one that is
hard to reverse and is nondiversifiable. The entrepre-
neur has one chance to get it right and lacks the luxury
of simultaneously naming multiple new ventures.
Thankfully, relevant research has been done that esti-
mates the performance effects of this choice. The paper
of Belenzon et al. (2017) on eponymous entrepreneur-
ship speaks directly to this question. They find that
self-naming a firm is causally connected to improved
performance within a large sample of European firms.
By all standards of research, this study is extremely
well executed. By employing rigorous econometric
techniques, the authors isolate the relationship between
eponymy and firm performance through robust con-
trols for confounding factors. Although the authors are
cautious in their willingness to describe the results as
causal, the estimated parameter on eponymy is a pre-
cisely (if not perfectly) identified average treatment
effect. Using their data, we replicate the main finding of
the paper in column (1) of Table 1. Column (1) suggests
that eponymous entrepreneurship relates to a three-
percentage-point increase in a firm’s return on assets.
The t-statistic on this finding is 49.43, suggesting very
strong confidence in the estimated effect.

Yet the precision of the effect and their credible claim
of it being causal does not mean that the treatment
effect for all firms is positive. Consider the following
simple example: Suppose there are only five firms, and
we somehow know that the treatment effect of epon-
ymy is 0.4 for three of the firms, and —0.1 for two of the
firms. The average of these individual firm treatment
effects is 0.2 with an associated standard error of 0.12.
Now suppose instead that there are 300,000 firms with
a firm-specific treatment effect of 0.4 and 200,000 firms
with a firm-specific treatment effect of —0.1. This large
sample dramatically increases the precision of the esti-
mated average treatment effect, reducing the standard
error around the estimate to 0.0003. The precision of the
estimated average treatment effect increases as the
sample size increases, but this elevated precision does
nothing to reduce the fact that 40% of the firms still
have a negative individual firm treatment effect.”

Although the authors provide strong evidence of
a positive, causal effect of eponymy, what precisely

5
Table 1. Replication of Belenzon et al. (2017)
Dependent variable: Return on Assets 1) )
Eponymy dummy for main specification 0.030*** 0.024***
(49.43) (24.57)
Log(total assets) 0.011*** 0.013***
(50.74) (65.86)
Log(shareholder count) —0.025*** —0.026***
(—69.64) (—34.94)
Equity dispersion —0.020*** —0.021%***
(—32.95) (—16.37)
Adjusted R* 0.091 0.069
Country fixed effects Yes Yes
SIC3 digit fixed effects Yes No
SIC1 digit fixed effects No Yes
Year fixed effects Yes Yes
Sample 2002-2012 2010
Observations 6,193,610 916,642

Notes. This table replicates the key result of Belenzon et al. (2017).
Column (1) shows the positive association between eponymy and
return on assets, controlling for total assets, shareholder count, equity
dispersion, time, location, and industry fixed effects. Consistent with
Belenzon et al. (2017), the specification is estimated on a repeated
cross section. Column (2) restricts the analysis to the year 2010, the
year with the most observations in the data. The results for eponymy
are consistent with those in column (1). This restriction is used to
make the computation of the generalized random forest more
tractable. t-statistics in parentheses.
*p <0.10; **p < 0.05; ***p < 0.01.

should the entrepreneur-strategist do with this well-
identified causal result? These very strong average
treatment effects mask the substantial heterogeneity in
the individualized, firm-specific treatment effects.
Fortunately, there are techniques to estimate such indi-
vidualized treatment effects, allowing us to examine
firm-specific heterogeneity in this estimate. To explore
this, we utilize the generalized random forest method
(Athey et al. 2016, Wager and Athey 2018), which uses
machine learning approaches to estimate the treatment
effect of eponymy for each firm in the sample, the firm-
specific beta.® To limit the computational burden of the
generalized random forest, we take a single-year cross-
sectional sample from the data. We chose 2010 because
it was the year with the most observations in the data
set, reducing the industry codes from three digits to
single digits and eliminating industries or countries
where fewer than 100 firms were present to reduce the
computational burden. The results were re-estimated
and are presented in column (2) of Table 1. This 2010
subsample shows that eponymy is correlated with a
2.4-percentage-point increase in return on assets (ROA)
in this 2010 cross section and again is highly significant.
Using this subsample with the generalized random for-
est technique we estimate the treatment effect of epon-
ymy for each individual firm in the 2010 subsample.
Figure 1 shows the distribution of individualized firm-
specific betas and the relationship between eponymy
and ROA.
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Figure 1. (Color online) Distribution of Firm-Specific Betas
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Notes. (a) Distribution of firm-specific betas estimated from the gen-
eralized random forest using the baseline specification. (b) and (c)
Corresponding distributions when the dependent variable in Table 1,
column (2), is redefined as an indicator for the top 25% and bottom
25% of the 2010 ROA distribution, respectively.

Although Figure 1(a) shows that, on average, this
effect is positive, using our best techniques to estimate
the firm-specific betas from the original data from
Belenzon et al. (2017), we also find that there is a broad
distribution of outcomes—both positive and negative.
Approximately 39% of the firm-level betas are negative

and 61% are positive. The heterogeneity in Figure 1(a)
is large and meaningful; getting the eponymy decision
right is likely important for firm performance, at least
from the data in Belenzon et al. (2017). If entrepreneurs
only had this paper to rely on for advice on whether to
eponymously name the firm, they would self-name the
firm. However, given that 39% of the time, the firm-
level estimates are negative, the information available
to the firm-level strategist is of limited usefulness.
Much of the valuable information for making that deci-
sion would be context specific, something for the entre-
preneur to discover on their own. Our ability to advise
the entrepreneur on their eponymy decision is there-
fore quite limited. Entrepreneurs reading Belenzon et al.
(2017) would likewise be skeptical that the result
applies to their context. Finally, Figure 1, (a) and (b),
shows that, if we change the dependent variable to
examine the extremes of the ROA distribution, little
changes substantively. The value of Figure 1 is not that
it tells any firm what to do, but that it tells the strategist
that the decision is important to performance.

For this result to be turnkey applicable to an entre-
preneur, strategy researchers would need to be able to
predict with reasonable accuracy from the moderators
available, which firms would have a positive firm-
specific beta, and which would have negative firm-
specific betas. The strategy econometrician may infuse
the model with moderators to explain such heterogene-
ity, but the challenge remains that unless moderators
can capture a significant portion of the variation in
Figure 1, we as empirical strategists are left unable to
provide comprehensive, accurate advice.

Although it is impossible to say paper by paper how
much of the variation in the distribution of treatment
effects is explained by the available moderators, within
the context of this eponymy exercise, very little of the
variation in the treatment effect of eponymy is
explained by the available moderators. Column (1) of
Table 2 predicts the individualized firm-specific betas
based on the control (and potential moderating) vari-
ables, showing that less than 5% of the variation in
firm-specific betas is explained by these moderators.
This is likely an upper bound on the variation
explained as the individualized treatment effects are
estimated with error, and the regression that generated
Table 2 assumes away any error in the dependent vari-
able. In the case of Belenzon et al. (2017), it is unlikely
that we could meaningfully predict which firms will
have positive or negative firm-specific betas. From the
entrepreneur’s perspective what they might like to see
is a roadmap, if I am in X industry in Y country, I
should name my firm after myself; otherwise, I should
not. It is very unlikely that this roadmap could be cre-
ated using these data. It would seem to be a rare case
where there are sufficient control variables to meaning-
fully predict the heterogeneity in the treatment effect.”
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Table 2. Predicting Firm-Specific Betas

Dependent variable: Firm-Specific Beta 1)
Log(total assets) —0.000039
(—0.83)
Log(shareholder count) 0.00057***
(3.25)
Equity dispersion —0.00037
(~1.21)
Adjusted R* 0.042
Country fixed effects Yes
SIC3 digit fixed effects No
SIC1 digit fixed effects Yes
Observations 916,642

Notes. This table uses data from Belenzon et al. (2017). The table
predicts the firm-specific betas estimated in the generalized random
forest using total assets, shareholder count, equity dispersion, time,
location, and industry fixed effects as predictors. The predictor
variables predict approximately 4.2% of the variation in the firm-
specific betas, providing little guidance for when the firm should
name the enterprise after itself. f-statistics in parentheses.
*p <0.10; **p < 0.05; **p < 0.01.

Even if we could, the result would be confined to a partic-
ular data set, and any entrepreneur outside of the data
would be understandably skeptical. Finally, in the rare
occurrence that a roadmap was produced and believed,
these data would likely create widespread behavior
change so as to render the roadmap much less useful.

Note that this observation is not because the research
by strategy scholars is poorly done or even that the
entrepreneur is unaware of relevant research. The
results in the eponymy paper (and much of our empiri-
cal work in strategy) are indeed valuable, but not for
the purpose of informing the entrepreneur (or more
generally the practitioner-strategist) about what the
causal effect of a strategy on their firm will be. The find-
ings of Belenzon et al. (2017) have been used by other
scholars as an important means of measuring changes
in the quality of new ventures started in the United
States—leading to other relevant findings for policy
makers.® However, for our entrepreneur seeking guid-
ance on naming the firm, the findings of Belenzon et al.
(2017) have only limited practical application precisely
because the study uses a public policy method rather
than an individualized, context-specific method.

All the above leads to the central conclusion that
empirical strategy faces a relevance problem precisely
because it seeks to estimate a common model—one that
informs a population of firms about how they might
collectively elevate performance rather than provid-
ing firm-specific guidance to individual strategists.
Although our conventional empirical work seeks to
address relevant variance in response through modera-
tors or discussions of boundary decisions, the funda-
mental assumption is, as Tom Sargent has articulated,
that all agents are inside the model and share the same
model with the econometrician, under the implicit

belief that somehow this common model can capture
all relevant variation in the effect of strategic choices.

Our contention is that this approach is necessarily
destined to provide practitioners limited insight. Before
turning to a discussion of how strategy might address
its relevance gap, we first review what we see as the
entrepreneur-strategist’s aspirational task—to build a
highly firm-specific model. Elevating the practical rele-
vance of empirical strategy requires that we assist man-
agers with this task.

Building Firm-Specific and
Problem-Specific Models

Although empirical strategy seeks to build a common
causal model of strategic choices applicable across
firms, a strategist’s central task is to build a firm-
specific causal model—one that enables the strategist to
predict how various decisions and choices will affect
performance for their business (Nickerson and Zenger
2004; Felin and Zenger 2016, 2017; Wuebker et al. 2023).
Thus, although the empirical strategy scholar seeks to
build and then estimate a general estimate, the strate-
gist seeks to build, use, and validate a firm-specific
equation—a firm-specific model.

Of course, for any model to be useful, it must sim-
plify the world and provide direction and focus to a set
of relevant choices. The model that a strategist seeks to
build is neither a model that predicts how all firms will
perform, nor likely even a general model that predicts
the outcome of all possible strategy choices for any
given firm. Rather, the model the strategist seeks to
build and test is quite focused. It often begins with
identifying a particular problem deemed as valuable to
solve and proceeds to problem formulation, and then a
theory of how to solve it (Rumelt 2011). At a high level,
a strategist believes that solving this problem will
enable the firm to achieve higher performance. The
model that results reflects a firm- and problem-specific
theory and presents a hypothesized causal path to solv-
ing the problem—essentially a firm-specific model of
the path to value creation. The problem finding and
problem-solving literature in strategy closely links to
this approach, as it examines how economic actors
identify and formulate problems as a path to value cre-
ation (Nickerson and Zenger 2004, Gavetti 2012, Felin
and Zenger 2016). This work particularly emphasizes
the initial diagnostic phase as crucial in the strategy-
making process, suggesting that problem identification
is not merely a precursor to problem-solving but a sig-
nificant part of the strategizing process itself (Leiblein
and Macher 2009; Nickerson et al. 2012, 2017, Cum-
mings and Nickerson 2024). The aspirational result is
a model that focuses and guides strategic decision
making.
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This type of problem-specific model building also
resonates with the practitioner-oriented work of Rich-
ard Rumelt, who observed that “a great deal of strategy
work is trying to figure out what is going on. Not just
deciding what to do, but the more fundamental problem
of comprehending the situation” (Rumelt 2011, p. 79). In
many ways, this process of diagnosis for the strategist
is analogous to approaches employed by other
knowledge-intensive professions like medicine or engi-
neering. Just as a doctor cannot prescribe a treatment
without first understanding a patient’s condition, a
strategist or entrepreneur must first diagnose the cur-
rent state—the environment, competition, internal capa-
bilities, and unique challenges faced by a particular
firm—before making informed decisions about how to
proceed. With a well-diagnosed problem, the physician
or engineer composes a theory or model about how to
solve it. We see this as the central task of strategic
actors—to build targeted models about how to solve
focused problems that thereby elevate performance.

How Can Strategy Research Contribute to
Firm-Specific Model Building?

Given that building a firm-specific model is the focus of a
practitioner strategist, how can strategy researchers most
effectively contribute to this model building process and
thereby elevate their contribution to strategy practice? In
the discussion below we highlight four forms of strategy
research that are of notable value to this firm-specific,
model-building manager. These are meant to be exem-
plary, not exhaustive. First is research that develops and
empirically validates the efficacy of firm-specific model
building tools and processes. Second is research that esti-
mates the firm-specific heterogeneity of estimated effects
and provides a deep understanding of the mechanisms
that causally drive or shape this heterogeneity. Third is
empirical research that reveals the structure of the com-
plexity that underlies strategic decisions, helping man-
agers understand which choices are complements and
which are substitutes or where paradoxes or tradeoffs in
strategic decision making lie. Fourth is empirical case
work that explores firm-specific model building efforts or
uncovers historical roots of superior performance. We
briefly discuss each of these forms of research and pro-
vide examples.

Firm-Specific Model-Building Tools

and Processes

Research that crafts model-building tools, techniques,
and frameworks and establishes their efficacy are of
considerable value to the strategist. Our field has a his-
tory of developing such tools—tools that have proved
highly impactful to practice (Porter 1981, Barney 1991,
Christensen and Bower 1996, Rivkin 2000). Many of
these frameworks are featured in classrooms and

deployed in case discussions, serving as conceptual lat-
ticework that helps structure the diagnostic process
and offers a lens through which to analyze competitive
dynamics and organizational positioning. Popular
press books that elaborate on these frameworks are reg-
ularly cited by real-world strategists as having influ-
enced their thinking (Porter 1985, 2008; Prahalad and
Hamel 1990; Christensen 1997; Rumelt 2011; Christen-
sen et al. 2016; Helmer 2016). These tools have fre-
quently been built from foundational academic
theories such as IO economics, rational expectations, or
Schumpeterian innovation and are then translated for
practitioner application.

That said, these tools remain largely diagnostic—they
capture particular elements of a firm-specific theory or
aspects of industry dynamics, and as such provide use-
ful inputs to model building rather than a model-
building process itself. Despite the enduring value of
many classic frameworks, the field of strategy has seen
little progress on framework development since the late
1990s. Instead, the field’s attention has shifted to gener-
ating fine-grained insights about these classic frame-
works without challenging or evolving the underlying
theoretical assumptions that guide them. This shift is
not merely intellectual—it reflects the incentive struc-
ture of the field itself. The credibility revolution has cre-
ated strong publication incentives that privilege clean
identification of average effects, and evaluation systems
reward tractable identification more consistently than
they reward heterogeneity mapping, model-building
tools, or carefully executed case-based research. Early-
career researchers are accordingly nudged toward safe,
data-driven projects that may result in precise, but ulti-
mately narrow, contributions to the literature, rather
than encouraged to develop new frameworks. The
development of new strategy frameworks is admittedly
a high-risk career choice, but when well grounded theo-
retically, it can yield high returns for both the field and
real-world strategists.

We want to encourage this type of translational or
practitioner-focused work as a means to help managers
make diagnoses and progress toward developing firm-
specific theories. We also applaud the burgeoning
empirical work from scholars (and their associates) that
both trains founders to build theories and conduct
theory-guided experiments and then empirically
explores the efficacy of these treatments (Camuffo et al.
2020, 2024b; Coali et al. 2024; Novelli and Spina 2024a).
We also applaud studies like Yang et al. (2024) that use
strong causal methods to document how the adoption
of specific strategy practices, including problem formu-
lation and hypothesis development, elevates perfor-
mance. This style of research, which uses strong causal
empirical methods to test the efficacy of tools or various
forms of conceptual training in firm-specific model
building, seems highly relevant to practicing managers.
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As noted, the development of firm-specific model
building tools is of course also quite valuable to strate-
gists. Nickerson and colleagues’ tools on framing and
formulating problems (Heiman et al. 2009; Baer et al.
2013; Nickerson et al. 2017, 2012; Cummings and Nick-
erson 2024), Rumelt’s work on diagnosing the crux of
problems and formulating firm strategy (Rumelt 2011,
2022), and frameworks and other tools designed for
model and theory-building for both established firms
(Zenger 2013, Felin and Zenger 2017, Sorenson 2024)
and new ventures (Felin et al. 2021, 2024) are all focused
on providing this model-building guidance. Tools that
help managers examine their firm-specific context and
move from diagnosis to model building also resonate
deeply with managers. What we might call a theory or
a model (and what Rumelt (2011) might describe as a
guiding policy) acts as a bridge between a firm’s diagno-
sis of its environment and the concrete actions it takes.
These theories, models, or guiding policies are not
detailed plans. Rather, they provide an underlying
causal logic that helps managers make consistent,
adaptive decisions that steer the firm toward its strate-
gic goals. They also provide a principled approach that
helps managers make coherent decisions about a host
of “downstream” choices (Nickerson et al. 2017, Wueb-
ker et al. 2023, Novelli and Spina 2024b).

Another type of empirical work of particular interest
to the strategic model builder is research that estimates
parameters for choices that inform the selection of firm-
specific strategies. As an example, Conti and Santal6
(2023) show that decreases in the Apple and Google
app store royalty rates for small developers encourage
entry of low-quality, imitative apps onto their respec-
tive app stores. The strategy practitioner is then left to
decipher whether the Apple and Google app store con-
text is relevant for their specific firm and context. Find-
ings like these direct attention to changes in the
competitive environment and underlying mechanisms
essential for informing firm-specific strategies. More
generally, one could interpret these findings as illus-
trating mechanisms which strategists might consider in
their own firm-specific model building efforts.

Regardless of whether empirical strategy scholars
estimate effects with economy-wide or firm-specific
data, elevating the practical relevance of the work is
helped by remembering that the demonstrated effects
in a study are likely at best an input to a firm-specific
model building exercise. Therefore, elevating practical
relevance requires helping the strategist adeptly
explore the circumstances under which the results have
application.

Estimating the Magnitude and Structure of
Heterogeneity in Effects

We also believe there are ways to make causal work in
strategy based on populations of firms of greater use to

the model-building practitioner. A first step would be
to focus not merely on average treatment effects, but on
estimating the magnitude of heterogeneity in firm-
specific treatment effects, as this magnitude is arguably
correlated with strategic importance. To make this idea
concrete, consider the following thought experiment:
suppose we estimate the impact of a firm not paying its
taxes on performance. With a well-identified regres-
sion, it is almost certain that not paying taxes would
have a strong causal negative effect on firm perfor-
mance. It is also likely that the cross-firm variation in
this effect would be rather small, since tax evasion
should certainly harm the long term performance of
nearly all firms. A strategist might conclude from this
that, although paying taxes is not a strategic decision
that interacts in complex ways with many other deci-
sions, it is an important choice to get right. But of
course, other decisions, such as the eponymy choice
previously discussed, or decisions to advertise, cut
costs, or elevate research and development (R&D)
spending may have more heterogeneous firm-specific
effects on performance. Estimating the magnitude of
this heterogeneity is therefore of strategic interest to the
practitioner strategist.

Alcacer et al. (2018) highlight the value of using ran-
dom coefficient models to estimate the heterogeneous
performance effects of strategy. These models can pro-
duce estimates of precisely how the performance
impact of a strategy varies across firms. Wide variation
suggests that strategies operate in nuanced and
context-dependent ways, whereas narrow variation
implies a more uniform relationship between a choice
and performance. As Alcécer et al. (2018) note, it is pre-
cisely a choice with “a differential effect that may be
attached to a source of competitive advantage” (p. 537).
One could argue that if there is little variation in a strat-
egy’s relationship to performance, the choice, such as
whether to pay taxes, is not strategic. Documenting
cases where there is substantial heterogeneity in a deci-
sion’s impact is therefore especially useful to
practitioners—and likely more valuable than only an
estimated average treatment effect. Of course, what
makes any decision particularly strategic is the degree
to which a decision interacts with other decisions in
shaping performance (Leiblein et al. 2018).

Recent work by Gelman et al. (2024) advocates for a
better understanding of what drives treatment effects,
which is linked to Alcacer et al. (2018). Gelman et al.
(2024) offer a conceptual and visual complement to
empirical techniques such as the generalized random
forest and random coefficient models discussed above.
The authors demonstrate that estimated treatment
effects with similar magnitudes and precision can be
generated from dramatically different data patterns
and advocate for a visualization approach called causal
quartets that exposes these patterns. For example, an
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average treatment effect could be relatively uniform
across all treated observations, or the average treatment
effect could be driven by a mere handful of observa-
tions. This perspective highlights that statistical estima-
tion alone cannot reveal the substantive meaning of
heterogeneity. Rather, visualizations of effects and con-
ceptual framing are essential for revealing sources of
heterogeneity in treatment effects.

Structural causal modeling (SCM) and directed acy-
clic graphs (DAGs) offer an additional approach to
understanding heterogeneity in treatment effects. Lee
and Ryall (2024) and Ryall and Sorenson (2025) argue
that strategy research must more explicitly articulate
and visualize its assumed causal structures and call for
the use of these tools. Although tools such as random
coefficient models, generalized random forests, and
causal quartets help quantify and visualize variation in
effects, by explicitly mapping hypothesized causal
pathways, confounders, mediators, and colliders,
DAGs enable scholars to distinguish genuine sources
of heterogeneity from artifacts of model specification or
improper control. This level of causal transparency not
only strengthens empirical identification but also
assists strategists in interpreting which causal mecha-
nisms are most relevant for their specific context. In this
way, DAGs function as both a diagnostic and theory-
building tool—linking empirical estimation to the stra-
tegist’s task of constructing and testing firm-specific
causal models. However, it is unlikely that the DAG
will provide complete strategic guidance to firms when
using population-level data as its foundation. Although
DAGs in this setting may be useful in better under-
standing the world in which a strategy is crafted, they
are unlikely to provide a compelling substitute for
firm-specific theories and models.

Although progress in elevating the practical rele-
vance of strategy research is unlikely to emerge solely
from the field’s focus with causal identification, greater
attention to understanding firm-specific heterogeneity
and the structure behind it will. Progress requires
leveraging the field’s empirical toolkit to support stra-
tegists” efforts to formulate and refine theories of value.
Real-world strategists who are interested in shaping
their firms in ever more sophisticated ways benefit
from empirical work that reveals the scope and sources
of heterogeneous effects and offers direct guidance as
to how and when to apply empirical strategy’s insights.

Complements, Substitutes, Tradeoffs, and
Paradoxes in Internal Choices

Research that reveals relevant interdependencies and
complementary patterns among choices is also of con-
siderable relevance to the strategic model builder. Pro-
ductive strategic action demands orchestrated choices.
Firm-specific theories or models must highlight coordi-
nated, complementary actions, as interlocking moves

that will reinforce each other and collectively
strengthen the firm’s position or drive value creation
(Zenger 2013, Felin and Zenger 2016, Camuffo et al.
2024a). Strategy theories should therefore guide
sequences of choices or treatments (Van den Steen
2017)—choices and treatments that are interdependent
or complementary in generating performance. Strate-
gists are therefore interested in empirical work that
highlights the structure of interrelated choices. There-
fore, rather than the average treatment effect of an iso-
lated choice on firm performance, strategists are
interested in the structure of interdependence that
underlies entire sets of choices. There is interest in dis-
tinguishing between choices that are complements
from those which are substitutes. Strategists must deci-
pher whether choices are simply additive (and there-
fore nonstrategic) or choices that are superadditive
(complements) or subadditive (negative complements).
Fortunately, there is abundant work in the strategy
and organization theory fields that hypothesizes and
tests principles of fit. Much of the work in transaction
cost economics is fundamentally about highlighting
principles of fit and how fit elevates performance (Wil-
liamson 1975, 1985; Nickerson and Silverman 2003;
David and Han 2004). This literature describes princi-
ples to guide sets of decisions. For instance, this work
suggests that decisions to pursue strategies that
demand cospecialized asset investments benefit from
organizational design choices that feature vertical inte-
gration or close alliances (Dyer 1997, Argyres and
Zenger 2012, Wuebker et al. 2023). Milgrom and Rob-
erts’ theoretical work and descriptive empirics (1990,
1992, 1995) that highlight inherent complementarities
among choices are also useful to firm-specific model
builders. The management practices literature (Bloom
et al. 2010, 2012, 2014; Bandiera et al. 2011) is similarly
of clear relevance to the model builder, as is the work of
Ichinowski et al. (1997) highlighting clusters of prac-
tices within steel firms that affect productivity out-
comes. These efforts need not compromise empirical
rigor. Empirical methods by Athey and Stern (1998) to
document evidence of complementarities are highly
useful. As evidenced by the work of Blader et al. (2020),
Hong et al. (2019), and Sandvik et al. (2020), studies
providing evidence of complementarity among choices
need not sacrifice the use of strong causal methods.
Documenting complementarities among choices that
support elevated performance is of value to the model
builder, who can use this information to develop a dee-
per understanding of how bundles of factors may
shape the performance of their own enterprise.
Empirical work that documents tradeoffs or para-
doxes is also of value to the model builder. For instance,
the literature on organizational ambidexterity that
explores both the complementary relationship between
exploration and exploitation and the tradeoffs and
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tensions that exist in attempting to generate both at
once through organizational design and leadership is
highly useful (Raisch et al. 2009). Again, although such
research does not deliver precise guidance, it provides
the strategist with a clearer understanding of tradeoffs
and relationships among strategic choices. Similarly,
work that explores the tradeoffs that model builders
face in strategically pursuing uniqueness can also be
useful. Uniqueness in positions or resources is central
to essentially all stories of value creation, so under-
standing the tradeoffs that uniqueness presents in both
creating unique value but also imposing higher infor-
mation costs or requiring the payment of a higher cost
of capital (Litov and Zenger 2011, Fan et al. 2026) is also
highly relevant to the model-builder. Again, what the
model builder seeks is to understand the underlying
complementarity and tradeoffs inherent to strategy-
relevant choices.

Case Work That Supports Firm-Specific
Model Building
The development and exploration of cases and case his-
tories may also be insightful for the model-building
strategist. There are at least three ways in which such
work may be useful. First, cases may reveal analogous
logic or insight that has application to the strategic
modeler’s context—that is, capturing broad archetypes
that aid strategists in developing analogical reasoning
and pattern matching skills. Second, cases may reveal
examples of the model building process itself from
which strategists may draw process lessons and learn-
ings. Third, cases perhaps retold in a shortened form
may prove a valuable complement and companion to
empirical work in strategy. Historical case research
embedded in a larger statistical study may inspire a
reader’s confidence (including a practitioner-strategist)
that the causal mechanisms claimed in an empirical
paper are convincing and credible (Pillai et al. 2020,
2024). Cases illuminate potential analogies for model
building. As previously noted, building a theory or
model often begins with a diagnostic process aimed at
identifying and framing an organization’s core chal-
lenge, perhaps borrowing or extrapolating this framing
from a case or case-based analogy deemed relevant
(Rumelt 2011, 2022). Analogical reasoning based on
case illustrations allows the modeler to draw parallels
between seemingly unrelated situations to inform their
own decision making (Gavetti et al. 2005, Lovallo et al.
2012, Gavetti and Menon 2016, Schilling 2018). Indeed,
managers can use insights from the lessons elucidated
in the case to develop their own firm-specific model
and thus engage in firm-specific diagnosis that is
tuned to their particular setting.”

The famous Lincoln Electric case reveals a particular
set of complementary choices: In this case, internal
ownership of tasks, internal promotion, high bonuses,

and flexible work rules that fostered significant produc-
tivity and performance gains. Similarly, Porter (1996)
highlights how Ikea and Southwest Airlines employed
strategies built on a different set of coherent, interde-
pendent choices that achieved sustained competitive
advantage. Siggelkow (2002) provides a comparable
example with Vanguard, where a low-cost structure is
bolstered by complementary choices, including conser-
vatively managed index and fixed-income funds, direct
distribution channels, and transparent customer com-
munications. The examination of Siggelkow (2017) of
Liz Claiborne also offers insight into how a set of inter-
dependent choices—when aligned properly—creates a
superadditive effect. Although none of these cases will
likely precisely match the context that a particular strat-
egist confronts, both the specific complementary pat-
terns revealed, as well as the process of assembling
them, may be of value to the strategist.

Case-based research insights need not stem solely
from qualitative analysis but can instead use causal sta-
tistical methods to test a model of a single firm’s suc-
cess. Thus, rather than focusing on aggregate patterns
across multiple firms, empirical work might present
firm-specific results as a use case and then offer guid-
ance about application or perhaps guidance about how
firms can gather their own data, test their own hypothe-
ses, and interpret results within their context.

To illustrate this point, consider the well-crafted,
causally estimated study by Blake et al. (2015) in the
marketing field. The authors show that in the context of
eBay, the choice to eliminate spending on paid search
ads on major search engines in certain markets had no
causal impact on eBay’s profitability. For a decision
maker at eBay, this research is important, supported by
clear causal evidence. Of course, it is much less clear
that this precise estimate using eBay data produces find-
ings that apply anywhere other than eBay (and, per-
haps, only this version of eBay and not a past or future
version). In evaluating the usefulness of these results,
any other firm is left to consider how close its setting is
to the circumstances at eBay. The paper provides useful
guidance to estimate the firm-specific effect at eBay, but
it would be foolish for other firms to think that the eBay
estimates directly apply to their own circumstances,
without analysis and comparison outside the results
presented. Of course, an additional challenge is decid-
ing whether this is really a strategic question that is
highly interdependent with other choices. Conducting
randomized control trials on more strategic choices than
this becomes much more difficult.

As Blake et al. (2015) demonstrate, using statistical
tools like the randomized control trial on firm-level
questions can generate considerable value to managers.
Broadly speaking, this research opens up the possibility
of applying a broader set of tools and approaches to
firm-level questions of strategy. Classical econometric
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techniques as discussed in Heckman (2000) or Heck-
man and Pinto (2024) are plausibly applicable to these
firm-level strategy questions, as are the use of DAGs
and classical statistical approaches such as the potential
outcomes framework. All these approaches have the
potential to make significant contributions to strategy
but are unlikely to do so by solely looking at
population-level data seeking generalizable solutions.
By refining methods that support firm-specific experi-
mentation, hypothesis testing, and iterative problem-
solving (Camuffo et al. 2024b, Coali et al. 2024, Agarwal
et al. 2025), strategy research can offer valuable guid-
ance not only on what works in general but also on how
individual firms can achieve their unique goals through
coordinated and mutually reinforcing actions.

Conclusion

Unlike labor or development economics, where the
policy-making practitioners seek advice on designing
interventions intended to help a broad swath of the pop-
ulation, the strategy practitioner has a different aim. In
contrast to broad interventions informed by the average
treatment effect paradigm, the strategist is singularly
focused on building sets of complementary choices that
uniquely position a particular firm to create and capture
more value relative to its competitors. For a real-world
strategist, estimating a population-level average treat-
ment effect of a singular choice or treatment provides lit-
tle value to the strategy practitioner. The strategist is not
interested in average treatment effects, but highly local-
ized firm-specific treatments—treatments that interact
with many sets of other treatments and choices that in
many cases have yet to be made and thus depend on
how other choices are made. It is this feature of strategic
actors and strategic decision making that complicates
the empirical challenge faced in rendering strategy
research useful to the strategist.

We recognize that the field of strategy encompasses a
range of definitions and orientations. For some scho-
lars, the field is principally about managerial decision-
making related to performance outcomes. For others, it
centers on value capture and competitive positioning
more broadly. Under some of these definitions, the
empirical challenges we raise may be less acute. For
example, a scholar studying routine operational deci-
sions that recur across many firms may find
population-level estimates quite useful. The argument
in this paper applies most forcefully when the field’s
questions concern what this paper and prior work has
identified as genuinely strategic decisions—choices
that are one-shot, nondiversifiable, and deeply interde-
pendent with other firm-specific choices. We believe
these are the questions that most sharply distinguish
the field of strategy from adjacent disciplines, and it is
precisely here that the disconnect between our

empirical methods and the needs of practitioners is
most consequential.

Our contention is that there is little hope of providing
firm-specific guidance from papers that only estimate
population-level treatment effects. In this paper we
have argued that the field of strategy’s pursuit of empir-
ical precision explains—at least in part—its lack of rele-
vance to real-world strategists. This perspective implies
a dramatically different conception of empirical strategy
than the one on which the field has converged—an
approach that we argue is fundamentally incapable of
solving the relevance problem. In our view, the field’s
proposed remedy—an increased commitment to empir-
ical precision—only exacerbates the problem, because
this approach represents a fundamental misalignment
with the needs of practitioners. Even if an estimate of
the effect of such a choice on performance is precise and
well identified, those estimates are only more of what
they were—weighted averages of massively varying
firm-specific treatment effects. In a field where the core
insight is that unique strategies drive heterogeneous
performance, estimating population-level average treat-
ment effects is of limited usefulness. Indeed, our view is
that the trend in empirical strategy toward ever more
accurate identification and estimation can only exacer-
bate the problem.

We suggest that progress in elevating practical
insights from strategy research will not directly come
from the field’s current fixation with causal identifica-
tion. Rather, progress will occur through leveraging
strategy’s empirical toolkit to help strategists formulate
and refine their own theories that accurately describe
the reality that these strategists face. The strategy field
will still face the challenge of communicating these
results in ways accessible to strategists, but an impor-
tant first step in elevating relevance is generating the
types of findings that are of potential use to the strate-
gist as a firm-specific model builder."’

If the empirical strategy researcher cares whether
their work reaches practitioners, they must ask the fol-
lowing: How will the estimates I generate inform the
practitioner strategist’s decision making? Confronted
with the typical empirical strategy paper in journals
like this one, the practitioner strategist will likely be—
justifiably—skeptical. It is incumbent on us as a field to
create knowledge the practitioner needs rather than
hope that what we continue to produce, however rigor-
ous, will somehow become valuable to the audience we
care so much about.

Endnotes

" Drawn from Lecture 1, “Introduction to the Scientific Method,”
Karl Popper’s first-year lectures at London School of Economics,
transcribed and organized by Notturno (2012).

21n a letter to Amazon shareholders, Jeff Bezos characterized this
attribute of strategic decision making as a one-way door: “Some
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decisions are consequential and irreversible or nearly irreversible-one-
way doors—and these decisions must be made methodically, carefully,
slowly, with great deliberation and consultation. If you walk through
and don’t like what you see on the other side, you can’t get back to
where you were before” (APA: Bezos 2016).

3 Similar themes were discussed by Simcoe (2024), Bennett (2024)
and Pillai et al. (2024) at the 2024 Strategy Summit. In particular,
Simcoe and Bennett noted the distinction between treating popula-
tions and treating firms. Guzman (2021) also highlights a closely
related idea.

* Leiblein et al. (2018) allude to this point in their paper on what
makes decisions strategic: “All of this has interesting implications
for strategy research. It highlights in particular the reason why
looking at the average effects of strategy choices—the fundamental
basis of commonly used regression analysis—is problematic. In a
world where all strategic decisions depend on many other choices,
average effects offer rather little value to the decision maker. There-
fore, the existence of these decision interdependencies, including
higher order interactions and feedback loops, calls regression
approaches into question.... In a world where all strategic deci-
sions depend on many other choices, average effects offer rather lit-
tle value to the decision maker” (p. 563). In comments at the Utah
Strategy Summit, Brent Goldfarb also highlights this point (Pillai
et al. 2024).

° We re-ran our results estimating the top and bottom quartile of
performance. Visually comparing these results to Figure 1, we see
that the dispersion in the performance effect of eponymy is likely
larger than when we estimate the effect on ROA.

8 The generalized random forest builds many decision trees that
adaptively partition the feature space so that local neighborhoods
capture variation in parameters of interest (like treatment effects or
quantiles). In essence, generalized random forests use machine
learning to perform flexible, data-driven local estimation of causal
parameters in a way that is more flexible than, for example, propen-
sity score estimation.

7 Importantly, there are a host of reasons to be cautious about the
firm-specific model even if we had sulfficient controls. Causal infer-
ence depends critically on not violating the stable unit treatment
value assumption (SUTVA). Ultimately, our paper argues that esti-
mating firm-specific regressions and applying them out of sample
will be heroic at best and that we should be looking for different
approaches to address questions relevant to the firm-specific
strategist.

8 Guzman and Stern (2020) find that high-growth potential ventures
may be concentrated in certain periods, driven by favorable institu-
tional and economic conditions. The research underscores the role
of institutional and regional conditions in shaping both the quality
and quantity of entrepreneurship and contributes to a literature
that points to the need for targeted policies that can foster high-
quality entrepreneurial ventures, rather than merely increasing the
number of startups (Stenholm et al. 2013).

9 Rumelt’s case-based diagnostic process has been described as
“process of inquiry leading to trenchant observations” (Hoopes et al.
2022, p. 13). However, as noted by Teece, one of the challenges of
this ground-up, “Rumeltian” case-specific approach is that you
have to be as clever as Dick to get full purchase from it. A frame-
work, on the other hand, provides more guidance” (Hoopes et al.
2022, p. 13).

19 Furthermore, it is worth thinking carefully about the market for
valuable but freely distributed strategic insights. One view holds
that if you build something valuable, those who need it will find it;
another holds that without deliberate dissemination, good ideas
will languish. We do not take a strong position either way, but we
note that if empirical strategy begins generating research that is

genuinely useful to practitioners, we should not assume it will be
adopted without some effort to disseminate it.
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