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A B S T R A C T

Zellweger and Zenger's (ZZ) article, “Entrepreneurs as scientists: A pragmatist approach to pro-
ducing value out of uncertainty,” represents a potentially influential contribution to the under-
standing of decision making under uncertainty. This short paper points to two major problems in
their article: it 1) seeks to reduce uncertainty to risk and ignores the problem of unknown un-
knowns, and 2) does not identify the key inferential problem of linking the few current data
points known by an entrepreneur to her imagination as it pertains to an unknowable future. We
point to devising alternative models of learning that have the potential to overcome these prob-
lems as a research effort that should be prioritized within the emerging field of entrepreneurial
learning.

1. Introduction
Uncertainty in the sense of Knight (1921) remains a challenge to decision theorists and social scientists, including entrepreneur-

ship and other management scholars. While such uncertainty is characteristic of many decision situations, technologies for decision
making under uncertainty have been hard to devise. Given the “gold standard” (at least in economics) of treating learning problems
associated with decisions as problems of Bayesian inference (Savage, 1954), it is not surprising that decision theorists have tried to
reconcile received probability theory and Knightian uncertainty (e.g., Gilboa, 1987; Eliaz and Ok, 2006). However, such reconcilia-
tion attempts only work in situations characterized by ambiguity (in the sense of Ellsberg, 1961) (Gilboa, 1987) or under the assump-
tion that the outcomes are given to the decision maker (Eliaz and Ok, 2006).

The problem is that such situations do not do justice to the notion of Knightian uncertainty highlighted by entrepreneurship schol-
ars (e.g., McMullen and Shepherd, 2006; Foss and Klein, 2012). Thus, economists such as Knight (1921) and Shackle (1972) as well as
pragmatist philosophers (e.g., Leahy, 1953), highlighted that the future is non-existent, partly created by human action and interac-
tion, and partly unpredictable, and that this is the ontological underpinning of uncertainty. As Sergeeva et al. (2022) suggest, un-
known unknowns are central to a pragmatist perspective on entrepreneurship: the reality that the entrepreneur wants to create does
not yet exist. Under such conditions Bayesian learning mechanisms break down, as learning then cannot be understood as “getting
closer” to an existing reality.

In this short paper, we focus on a recent contribution that seek to combine Knightian uncertainty and Bayesian learning in a, we
argue, problematic manner, namely Zellweger and Zenger's (2021) (“ZZ”) article, “Entrepreneurs as scientists: A pragmatist approach
to producing value out of uncertainty.” We will argue that the learning mechanism proposed in ZZ falls into the above-mentioned
trap: Applying Savage's (1954) Bayesian rationality in a domain of Knightian uncertainty must fail, because core theoretical assump-
tions are not met.
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The relevance of our discussion goes beyond a critique of ZZ's specific contributions. The reason is that ZZ build on a number of
ideas that are currently influential in entrepreneurship research and in effect seek to integrate these. Specifically, ZZ take a pragmatist
perspective and build on the view of entrepreneurs as “practical scientists” who form theories to steer behaviors under uncertainty
but also face inferential challenges. To address this, they argue that theories supply Bayesian priors that are then updated as entrepre-
neurs test their theories of value creation in the marketplace. ZZ thus combine the “theory-based view” in entrepreneurship and strat-
egy theory (Camuffo et al., 2020; Felin and Zenger, 2017) with Bayesianism and philosophical pragmatism.

We will argue that this project is fraught with internal inconsistencies and ultimately is not viable. Modelling entrepreneurial
learning processes using Bayes rule is a highly limited approach, and not the umbrella approach that unifies theory-based learning
(Felin and Zenger, 2017) and Bayesian learning (Camuffo et al., 2020) together. The gist of ZZ's paper is that Bayesian updating can
be such an umbrella approach—and this is a potentially problematic message for the entrepreneurship field. In the following, we un-
fold this argument in greater detail. We then propose alternative technology of reasoning that is more consistent with the pragmatist
lens that ZZ want to rely on.

2. Bayesianism and entrepreneurial learning: two problems
Like many other contributors to entrepreneurship theory, ZZ acknowledge a key distinction between risk and uncertainty (Knight,

1921). However, they do not consistently respect it. This may be seen by the assumptions regarding rationality they make, the heuris-
tics they discuss, their assumption that theories translate (seemingly straightforwardly) into Bayesian priors, and their lack of atten-
tion to the role of unknown unknowns in the entrepreneurial learning process.

First, ZZ resort to the Bayesian assumption that situations of uncertainty can be represented in terms of subjective probability. This
is manifest in their key idea that entrepreneurs “compose theories that allow them to act ‘as-if’ they can estimate probabili-
ties—theories that allow them to narrow the range of options and chart a path forward” (Zellweger and Zenger, 2021: 7). Thus, the
theory-based view and Bayesian learning are merged by the notion that the function of theory is to supply Bayesian priors. The under-
lying assumption is that Bayesian learning works under Knightian uncertainty. Entrepreneurs “then like scientists … seek to minimize
the prediction error of these theories in light of feedback gathered with the goal of maximizing posterior fit between belief and real
world” (Zellweger and Zenger, 2021: 8).

However, a fundamental problem is that using Bayes’ rule to update entrepreneurial theories will almost certainly lead to failure.
There are at least two reasons for this. The first has to do with unknown unknowns being an inherent part of entrepreneurial learning
and second has to with the fact that entrepreneurial theories come in the form of many connected conditional beliefs.

3. The problem of unknown unknowns
The attempt to synthesize the theory-based view with Bayesianism and pragmatism requires great care to not run into a major

problem: Bayesian learning fails when entrepreneurs encounter unknown unknowns (Ehrig and Foss, 2021). These are events with
prior probability of zero because they were not included in the decision-maker's ex ante representation (Ehrig and Foss, 2021). How-
ever, such events do happen, and are arguably even typical in the entrepreneurial learning process.

Moreover, as Sergeeva et al. (2022) suggest, unknown unknowns are central to a pragmatist perspective on entrepreneurship: The
reality that the entrepreneur wants to create does not yet exist. Thus, learning cannot be understood as “getting closer” to an existing
reality. However, this is exactly the intuition behind Bayesian learning (Ehrig and Foss, 2021)! The mechanism behind Bayesian
learning is to rule out states (by conditioning on observed evidence). Bayesian posteriors—the result of learning—can only reduce the
support over possibilities, that is, rule out possibilities, but Bayesian learning inherently cannot cope with including new possibilities.
In other words, Bayesian learning does not have a mechanism to cope with including new states. However, such a mechanism is exactly
what is required when decision makers face unknown unknowns, that is, when a reality is experienced that extends beyond prior
mental ideas of how it may look like.

The Savage rationality approach (which is, essentially, Bayesianism) breaks down once the decision-maker encounter an event
that was not pre-modeled. However, given the ontological difference between an imagined world and the emerging, created world,
encountering what was not imagined (i.e., encountering unknown unknowns) is a normal part of the learning processes of entrepre-
neurs. The case modeled by Bayesian learning, that is, the situation when the decision-maker already has an exhaustive description of
all relevant contingencies, and learning brings the decision-maker closer to the “true” contingency, may be a special mode of entre-
preneurial learning that works under some conditions. Specifically, it works when the entrepreneur is lucky and the future coincides
exactly with his prior imagination of it. A coincidence between the expected and what actually is realized may occur in highly repeti-
tive situations. But entrepreneurial reasoning problems do not usually apply to highly repetitive situations. Thus, if we accept that
ZZ's Bayesian approach is just a special case of the entrepreneurial reasoning problem, this special case seems at odds with the prag-
matist lens applied by ZZ, because of the strong emphasis in pragmatism of the difference between the imagined world and the actual
world (cf. Sergeeva et al., 2022).

4. Entrepreneurial theories as theories about unobservable outcomes
The second big problem of linking Bayesianism and entrepreneurial learning is that not all assumptions that comprise entrepre-

neurial theories can be tested in a Bayesian fashion. Consider the example of Airbnb, which is used by ZZ. The initial experimentation
of the founders of Airbnb can be described as local search: Trying out different types of accommodation offers during a local confer-
ence, etc. For this problem, updating beliefs can be formulated in a Bayesian fashion, as data points allow to update a prior. However,
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the problem that both the Airbnb founders and investors like Y incubator faced to create “Airbnb.com” was of a very different, more
“global” and more uncertain, kind. They needed to answer questions like: “Will the Airbnb model scale?” and “Will the pricing of
Airbnb offers stay the same if it does?” Here, answers cannot be generated by updating Bayesian priors before the actual investments
are made. The reason is that the relevant data points that will such updating are not available.

Entrepreneurial theories (in the sense of Felin and Zenger, 2017) contain systems of conditional belief or assumptions. Such theo-
ries causally relate what is testable today to future observable outcomes in novel ways. For instance, Elon Musk's “secret masterplan”
for Tesla (Musk, 2006) related demand for electric cars in specific segments (e.g., the Tesla Roadster) to later expected volume seg-
ment demand. Of course, in 2006, it could not be tested whether volume segment demand would actually materialize.

Admittedly, the examples offered by ZZ are about testing subsets of assumptions. We agree that Bayesianism may be the correct
normative tool to test the subset of assumptions in an entrepreneurial theory that are already testable, given the resources of the focal
firm. For instance, Airbnb can now experiment with changes in their pricing strategy in a well-understood existing market and evalu-
ate the results in a Bayesian model. The model helps modelling and learning about relations in a “small world” (i.e., pricing in a well-
defined test market). However, the model breaks down if frame-breaking events occur (e.g., suppose Airbnb learns that its portal does
not work for short-term rentals of flats, but it has initial success in private rentals of cars to other private persons). In the case of such
events, there is a need to abandon the model and create a new one (based on new relevant states of the world) to test pricing strategies
in the market for short-term private rentals of cars.

However, the real problem runs even deeper. Suppose that the Airbnb founders successfully tested pricing strategies in the test
market in San Francisco. Will the insights generated in this test market still hold when Airbnb scales? When Airbnb is rolled out glob-
ally, the hotel industry will perceive it as a competitor. Some people may find that renting out their apartments systematically on
Airbnb is a secondary permanent income, and the behavior of these people will change the pricing strategy of Airbnb. Thus, experi-
menting entrepreneur do not know in any straightforward manner how the feedback generated in test markets will affect the long-
term, far-reaching strategy that we envision. The crux of the matter is that Bayesian reasoning is essentially backward looking. Of
course, anything can be evaluated in a Bayesian fashion once the entire strategy is rolled out. For instance, if attempts are already made
to scale Airbnb, it can be tested whether pricing strategies in the global market must be different from those in the test market, and
why. But Bayesian reasoning is not suited to generalize from a test market to a hypothetical global market.

Thus, when Y Combinator, the VC firm that provided the resources necessary to scale Airbnb evaluated the opportunity to invest
in Airbnb, it needed to apply non-Bayesian reasoning (Graham, 2020). The problem is that an inferential “jump” is needed from the
(small) subset of assumptions (the test market) to “validating” the entire entrepreneurial theory (Airbnb on global scale). When Y
Combinator met with the founding team of Airbnb in 2009, the founders had enjoyed little commercial success in spite of working on
their startup for more than a year. However, their experience had been very positive. In the words of Y Combinator venture capitalist
Paul Graham: “That experience was why the Airbnbs didn't give up. They knew they'd discovered something. They'd seen a glimpse of
the future, and they couldn't let it go.” Clearly, Graham was convinced that this inferential jump made sense.

The challenge is that such a jump takes place under Knightian uncertainty—and here treating the problem as if a Bayesian prior
can readily be provided does not work. Merely assuming a Bayesian prior blackboxes the interesting problem of when and how such
jumps can be made. The recent literature offers ways to overcome the limitations of assuming Bayesian updates for theories here. To
mention just one, we can substitute Bayes by mental simulation, that is, thinking about future consequences of what is observable to-
day. To be useful as a substitute, we need to impose discipline on mental simulation (Ehrig and Schmidt, 2022a). In particular, as-
sumptions about the future should be formulated as theories (ibid.) that is, assumptions about what needs to be true so that a particu-
lar future, expressed in form of a conjecture can materialize. The decision-maker can then learn from objections against the theory
and thereby discover, for instance, hidden assumptions in her reasoning (ibid.). Learning from objections is very different from
Bayesian learning, it is essentially a logical exercise in imagination.

5. Unknown unknowns and entrepreneurial learning
The problems that beset expected utility theory and Bayesianism (Neumann and von & Morgenstern, 1944; Savage, 1954) in the

presence of uncertainty has been noted at least since Shackle (1949, 1953). However, the interest of management scholars in deci-
sion-making under uncertainty is much more recent (e.g., Feduzi and Runde, 2014; Packard et al., 2017; Alvarez et al., 2018; Ehrig
and Schmidt, 2022a). In the following we briefly reflect on how this literature can be moved forward.

A first approach is to instruct entrepreneurs to abandon a Bayesian prior altogether, once an unknown is encountered. The frame is
broken, as it were, and the old frame needs to be thrown away. This seems to a large extent to be the message of much of the “re-
framing” literature (e.g., Kaplan, 2008). However, this method is not very informationally efficient, because it risks throwing away
too much information.

A second approach is to instruct entrepreneurs to expand their state spaces, and try to integrate the existing probabilities from the
“frame-broken” Bayesian model somehow. However this is also highly problematic. Specifically, the Bayesian learning mechanism
does not tell us how probabilities should be re-distributed in an expanded set of states; it merely instructs us how to re-normalize when
states are ruled out be means of conditionalization. One way to do so would be to assume that any distribution over newly learned
states (descriptions of new relevant conjectures) is uniform, that one just learns the new description but has no information about pos-
sible frequencies. That is not entirely satisfactory, and a way forward is to assume that theories in the form of logical relation (Ehrig
and Schmidt, 2022a) rule out certain relations between events and thus concentrate probabilities (Ehrig and Schmidt, 2022b;
Camuffo et al., 2022). For instance, say that an entrepreneur was not aware that technology Y is potentially demanded by an applica-
tion in field X. While “breakthrough application in field X″ should be added in his state space in thinking about commercialization op-
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tions, and in Bayesian fashion the entrepreneur should assign probability ½ to this conjecture if he has no information (which is a
maximum entropy prior), the entrepreneur can well recognize that “breakthrough application in field X″ implies “additional demand
for technology Y”. Thus, in his reconstructed subjective probability distributions, states in which there is a breakthrough application
in field X but no additional demand for technology Y can be ruled out.

A third approach is to instruct the entrepreneur to forget about Bayesian reasoning altogether and instead adopt theories of belief
revision as the correct normative framework for entrepreneurial thought. Shackle (1972) and Spohn (2008) are highly inspirational
here. But given the high entrenchment of the academic entrepreneurship community in Bayesianism, looking for ways to augment
Bayesianism rather than abandon it altogether may be the more productive way forward.

Bayesian reasoning is a beautiful normative model. The problem is that it works in well-defined decision-situations, but not in ill-
defined situations, such as those that emerge when entrepreneurs encounter unknown unknowns. There are two obvious messages for
the entrepreneurship field emerging from this observation: First, research on how exactly Bayesianism and belief revision mecha-
nisms (dealing with contradiction and unknown unknowns; Ehrig and Foss, 2021) can be combined is needed. Second, Bayesianism
cannot serve as an umbrella theory. ZZ's article addresses important topics, but Bayesianism has clear limits that mean that it cannot
serve as a unifying theory for the emerging entrepreneurial learning field.

6. Conclusion
In this short paper we have pointed to deep problems of internal consistency in ZZ's potentially influential attempt to merge prag-

matism, the theory-based view and Bayesianism. Understanding these specific problems in ZZ's theorizing has wider implications for
our understanding of entrepreneurial learning. We have highlighted two problems in particular: 1) Bayesianism breaks down in the
presence of the unknown unknowns that are highlighted both in pragmatism and the theory-based view and 2) entrepreneurial theo-
ries understood as sets of connected conditional beliefs just cannot be tested and subjected to updating in a Bayesian manner.

However, these shortcomings have profound implications for entrepreneurship theory more broadly. For example, consider inno-
vation races in which entrepreneurial firms compete, often in winner-takes-all markets, for being the first to successfully commercial-
ize an innovation (Mihm et al., 2015). In a world of given state-spaces and Bayesian learning, such races take the form of contests in
which firms place “bids” in the form effort/investment levels, and what counts is the competitive choice of level of effort. The hardest
working entrepreneur/firm wins the race. However, in a world of unknown unknowns, it may not be effort towards tackling a collec-
tively known contingency, but rather overcoming unawareness of a collectively unknown contingency that makes the (aware) entre-
preneur win the race.

Second, the presence of unknown unknowns challenges our understanding of the role of luck and skill in entrepreneurial reason-
ing. For instance, “predicting the next big thing” may simply mean to foresee critical contingencies (Ehrig and Schmidt, 2022a), not
“poor judgment” (Denrell and Fang, 2010). The latter interpretation, however, is a consequence of the Bayesian norm of reasoning,
and, very importantly, the assumption that there are no unknown unknowns but only known distributions. However, distributions
that apply to future contingencies are generally not known, and predicting “next big things” may be a matter of skill. The assumption
of Bayesianism as a norm makes us blind to understand what these skills are.

So, what is the right “umbrella” to describe a new normative way of entrepreneurial learning, if classical Bayesianism isn't this um-
brella theory? We doubt it is realistic to expect the field to move to full-fledged (but currently not widely known) alternatives, such as
Shackle's theory of potential surprise (Shackle, 1953) or ranking theory (Spohn, 2008). Rather, we need a joint effort that starts from
recognizing the limitations of classic Bayesianism, but is directed towards qualifying and augmenting it.
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