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Entrepreneurial Strategy and Learning

Abstract

Learning is a cornerstone of competitive advantage, especially in entrepreneurial contexts. De-
spite extensive research on entrepreneurial learning methodologies, we still lack understanding of
fundamental constraints that limit learning effectiveness. This dissertation investigates key structural
obstacles that hinder effective entrepreneurial learning: resource constraints, uncertainty, interde-
pendencies, and bounded rationality. It provides novel insights into how these barriers manifest and
interact in entrepreneurial contexts. The first study reveals a counterintuitive relationship between
experience and strategic foresight: as entrepreneurs add features to successive products, the total in-
terdependencies grow faster than their ability to anticipate them, leading to increasingly inaccurate
forecasts. The second study reveals how novel recombination, while often associated with opportuni-
ties for outsized returns, also incurs the cost of managing novel complexity—obscuring the time and
resources required for execution and increasing the risk of bridge financing and shutdown. The third
study identifies a “mediocrity trap,” in which firms launching lower-quality products receive ambigu-
ous feedback and, as a result, persist longer despite negative market signals. This study challenges as-
sumptions about learning withminimum viable products and rapid pivoting. Together, these studies
highlight critical tensions in entrepreneurial learning and demonstrate that many learning challenges
stem from structural barriers rather thanpurely cognitive limitations. This integratedperspective con-
tributes to scholarly understanding of entrepreneurial strategy while offering practical approaches for
entrepreneurs seeking to navigate these barriers and learn under constraint.
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Introduction

The entrepreneurial process fundamentally involves discovering and exploiting opportunities under

conditions of uncertainty. This process requires continuous learning as entrepreneurs test hypotheses

and refine their understanding of products, markets, and business models. As such, superior learning

is recognized as a potential source of competitive advantage.

However, entrepreneurs face significant structural barriers to learning. While research has ex-

amined learning processes, less attention has been paid to the fundamental obstacles that impede

this learning. Understanding these barriers is crucial for both theoretical frameworks that explain

entrepreneurial strategy and practical approaches that improve outcomes.

This dissertation examines significant barriers to entrepreneurial learning, including uncertainty,

interdependencies, bounded rationality, and resource constraints. Through three chapters address-

ing different aspects of these barriers, this work contributes to a more nuanced understanding of en-

trepreneurial strategy and learning.
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Barriers to Entrepreneurial Learning

Resource Constraints

Resource constraints present a pervasive barrier to learning in entrepreneurial contexts. These con-

straints fundamentally shape entrepreneurs’ ability to learn effectively. For example, financial con-

straints limit the scope and scale of experiments entrepreneurs can conduct. Human resource con-

straints restrict the specialized expertise available to interpret information. Technological constraints

limit access to tools that could enhance learning capabilities. These constraints are particularly acute

for new ventures that lack the accumulated resources of established firms.

The scarcity of resources creates challenging tradeoffs that affect learning quality. Entrepreneurs

must balance exploration (seeking new knowledge) and exploitation (refining existing knowledge), of-

ten under pressure to demonstrate short-term progress. Under severe limitations, entrepreneurs may

resort to smaller sample sizes or simplified analytical techniques—leading to less reliable conclusions.

Resource constraints interact with and often amplify the other barriers to learning.

This creates a fundamental tension: entrepreneurs need to learn efficiently to conserve scarce re-

sources, yet these same resource constraints often make efficient learning more difficult. This tension

shapes entrepreneurial strategy and outcomes in profound ways.

Uncertainty

Uncertainty represents a fundamental barrier to entrepreneurial learning. Unlike risk, which involves

knownprobabilities, true uncertainty involves unknown and unknowable elements—a defining char-

acteristic of entrepreneurial environments.

This pervasive uncertainty complicates learning in several ways. It creates challenges for decision-

making when entrepreneurs cannot assign probabilities to potential outcomes or even identify all
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possible outcomes. It makes learning through experimentation difficult because entrepreneurs often

cannot determine what knowledge will be valuable until after it’s acquired. Entrepreneurs must learn

without the benefit of historical precedents, established heuristics, or reliable forecasting methods.

Furthermore, uncertainty evolves throughout the entrepreneurial journey. As initial uncertain-

ties are resolved through learning, new ones often emerge. This dynamic uncertainty landscape re-

quires entrepreneurs to continuously adapt their learning approaches, oftenwithout recognizing how

the learning environment has changed. The most skilled entrepreneurs develop strategies for reduc-

ing uncertainty systematically, but the fundamental challenge of learning under uncertainty remains

a persistent barrier.

Interdependencies

Complexity—specifically thewebof interdependencies between components, activities, or decisions—

represents another significant barrier to entrepreneurial learning. Grounded in complex systems the-

ory and further developed throughNKmodels, interdependencies create non-linear relationships that

make entrepreneurial learning particularly challenging.

Interdependencies manifest in multiple ways: technical interdependencies between product fea-

tures, market interdependencies between customer segments and attributes, and strategic interdepen-

dencies between business model elements. These create non-linear relationships where small changes

in one element can produce disproportionately large effects elsewhere—amanifestation of causal am-

biguity.

Additionally, interdependencies often create rugged performance landscapes where local opti-

mization leads to suboptimal global outcomes. The challenges can also intensify as ventures develop

and scale, with interdependencies that were not apparent in early stages emerging later (e.g. unknown

unknowns), further complicating learning.

3



Bounded Rationality

Even if entrepreneurs could overcome uncertainty and complexity, they would still face cognitive lim-

itations that constrain their ability to learn effectively. The concept of bounded rationality, central to

the behavioral theory of the firm, highlights how human cognitive constraints limit perfect rationality

and optimal decision-making.

Bounded rationalitymanifests in entrepreneurial learning through severalmechanisms. Entrepreneurs

face attention limitations—they cannotmonitor all relevant variables simultaneously. They facemem-

ory limitations that affect their ability to retrieve relevant experiences. They also face processing limi-

tations in their ability to analyze complex information and identify patterns.

These cognitive constraints lead to simplification strategies that candistort learning. Entrepreneurs

rely onheuristics that, while generally useful, can produce systematic biases. They engage in satisficing

behavior, settling for “good enough” solutions rather than optimal ones. They also tend to maintain

cognitive consistency, potentially rejecting disconfirming information.

Chapter Overviews

This dissertation examines barriers to entrepreneurial learning through three complementary empiri-

cal studies. Each chapter addresses specific aspects of how entrepreneurs navigate uncertainty,manage

interdependencies, overcome bounded rationality, and operate under resource constraints.

Entrepreneurial Learning and Strategic Foresight

This chapter investigates a counterintuitive finding: entrepreneurs make less accurate predictions as

they gain experience executing projects. Through a study of 314 entrepreneurs across 722 crowd-

funded hardware technology projects, we find that entrepreneurs miss their predicted timeline by

nearly six additional weeks on each successive project, despite allocating more time for later projects.

4



This chapter primarily addresses the interdependencies barrier by identifying how complexity in-

creases: as entrepreneurs gain experience, they incorporate more features into subsequent products,

introducing interdependencies that expand beyond what they can anticipate. The paper also high-

lights bounded rationality—despite direct experience with previous projects, entrepreneurs remain

unable to fully anticipate cascading interdependencies when adding seemingly simple features. These

interdependencies make accurate prediction increasingly difficult.

The study challenges the assumption that experience necessarily improves strategic foresight, sug-

gesting instead that growing interdependencies can outpace learning capacity. It provides a nuanced

explanation for entrepreneurial failure, highlighting how structural barriers to learning affect even

experienced entrepreneurs.

Complexity and Timing in Novel Ventures

This chapter examines how novel recombination—combining existing knowledge in new ways—

affects execution time andventureperformance. Analyzing31,450firms across 94,549 funding rounds,

we find that novel recombination significantly extends execution timelines and increases failure risk.

Increasing novel recombination extends time to valuation milestones, increases the likelihood of re-

quiring bridge financing, and raises shutdown probability.

This paper illustrates how novel recombination creates complex systems with numerous interde-

pendencies that must be managed during execution. Resource constraints become particularly ap-

parent in findings on bridge financing and failure, as novel ventures often require more time than

anticipated to resolve interdependencies, exceeding initially allocated resources.

By highlighting relationships between novelty, complexity, timing, and venture outcomes, this

paper provides a framework for understanding why promising ventures struggle to translate valuable

ideas into functioning businesses within expected timeframes. It demonstrates how barriers to learn-

ing interact to create execution challenges beyond what entrepreneurs and investors typically antici-

5



pate.

TheMediocrity Trap in Entrepreneurial Learning

This chapter examines a critical decision entrepreneurs face: whether to try selling their existing prod-

uct or invest more in product development first. Through modeling and analysis of 1,445 enterprise

software companies, I find that firms going to market with lower-quality products persist longer de-

spite negative market signals and ultimately fail more often. Contrary to expected benefits of fast

market entry, these firms expend more resources and take more time overall.

This paper highlights how resource constraints force tradeoffs between product development

and sales. Specifically, it illustrates how the interdependencies between product quality and cus-

tomer feedback affects signal noise. With low product quality, negative market feedback becomes

ambiguous—entrepreneurs cannot determine whether failure stems from lack of market demand or

insufficient product development.

This paper challenges the presumed compatibility between developingminimumviable products

and rapidly pivoting based onmarket feedback, perhapsmost broadly popularized in the Lean Startup

approach. Instead, minimal products may predispose the entrepreneur to persist rather than pivot

upon failure.

Conclusion

These chapters highlight important tensions in entrepreneurial learning: between developing com-

plex products versus simpler ones, between early market entry versus greater product development,

and between exploring novel recombinations versus more familiar combinations. A key insight is

that barriers to entrepreneurial learning are often structural rather than purely cognitive. While psy-

chological factors play a role, many learning challenges stem from fundamental tensions in the en-
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trepreneurial process that cannot simply be eliminated through better cognitive strategies.

This integrated perspective suggests that effective entrepreneurial learning requires explicitly ad-

dressing these structural barriers. Entrepreneurs need approaches that help themmanage interdepen-

dencies, design experiments that reduce uncertainty, acknowledge bounded rationality, and allocate

limited resources to maximize learning effectiveness. By identifying and analyzing these barriers, this

dissertation contributes to both scholarly understanding of entrepreneurial strategy and practical ap-

proaches to entrepreneurial decision-making.
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1
Entrepreneurial Learning and Strategic

Foresight

1.1 Introduction

Strategic foresight is the ability to accurately predict the consequences of a strategy and in turn pur-

sue a superior course of action to build competitive advantage (Ahuja et al., 2005, Gavetti &Menon,
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2016). Heterogeneity in strategic foresight implicitly underlies many theories of competitive advan-

tage (Csaszar & Laureiro-Martínez, 2018): by predicting the value that resources generate after be-

ing developed (Barney, 1986) and the attractiveness of potential opportunities (Porter, 1980), en-

trepreneurs with superior foresight can build competitive advantage. As such, understanding the

antecedents of strategic foresight should shed critical light on the origins of competitive advantage

(Csaszar, 2018), yet research on this topic has been sparse until recently. Recent studies find that indi-

vidual cognition (Gary&Wood, 2011, Kapoor&Wilde, 2020) and organizational structure (Csaszar,

2012) are determinants of strategic foresight. In particular, recent work emphasizes the specific im-

portance of strategic foresight for entrepreneurs as they formulate strategy (Eisenhardt & Bingham,

2017, Ott et al., 2017).

Although an entrepreneur may need strategic foresight to build competitive advantage, the con-

ditions that enable an entrepreneur to build strategic foresight are unclear, particularly as she learns

from past experience (Nelson &Winter, 2002) and applies it to the next entrepreneurial opportunity

(Gavetti, 2012). An extensive body ofwork on serial entrepreneurship documents how entrepreneurs

can improve performance from venture to venture (e.g., Gompers et al., 2010, Stuart&Abetti, 1990),

but that improvement can arise from a variety of factors besides improved foresight. Through expe-

rience, a serial entrepreneur accumulates a multitude of advantages: resource access and relationships

(Clough et al., 2018, Hsu, 2007), opportunities (Gruber et al., 2008), and knowledge about the con-

sequences of past decisions (Minniti & Bygrave, 2001, Paik, 2014). Although most of this work does

not specifically speak to whether experience improves the strategic foresight of the entrepreneur, it

generally makes this implicit assumption. However, recent work calls this untested assumption into

question altogether. Cognitive limitations constrain what an entrepreneur can learn from experience

and use for effective judgement (Cassar, 2014, Cohen et al., 2019). In an important study, Eggers

& Song (2015) demonstrate that boundedly rational entrepreneurs may misattribute the sources of

past performance. Thus, it remains an open question whether entrepreneurs learn from experience
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to improve strategic foresight.

This study explores this open question for entrepreneurial strategy. Specifically, how does expe-

rience from executing past projects affect the accuracy of an entrepreneur’s strategic foresight on the

subsequent project? Given that tackling complexity is a defining characteristic of the phenomenon

of entrepreneurship and of strategy more generally (Leiblein et al., 2018, Van den Steen, 2016), we

take the view that accurate strategic foresight depends onwhether the entrepreneur can anticipate the

complexity in her strategy. There are two competing mechanisms through which experience can im-

pact the accuracy of strategic foresight, depending on whether the experience addresses or exacerbates

complexity. On one hand, experience increases the accuracy of strategic foresight if an entrepreneur

learns about complexity that can apply to a future project. On the other hand, experience decreases the

accuracy of strategic foresight if an entrepreneur learns about opportunities to augment her project,

which introduces additional complexity. We argue that, when complexity increases rapidly across

projects, the latter effect dominates the former. As a result, we theorize that as entrepreneurs gain ex-

perience across projects, they can introduce additional complexity that causes their strategic foresight

to become less accurate.

In a study of 314 entrepreneurs across 722 crowdfunded hardware technology projects along

with a program of qualitative interviews with serial crowdfunding entrepreneurs, we find that en-

trepreneurs make less accurate predictions as they gain experience across projects: they miss their pre-

dicted timeline to bring a product tomarket by awidermargin on each successive project, even as they

actually give themselves more time on later projects. On average, an entrepreneur misses the timeline

by a gap that grows by nearly six additional weeks on each subsequent project, and this effect persists:

the gap between the predicted timeline and the actual delivery date continues to widen for later and

later projects. We specifically study timeline predictions given that these predictions rely on strategic

foresight and have meaningful strategic implications for customer value and firm survival, e.g., many

entrepreneurs run out of money because they take more time than expected or, in other words, time
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is money.

To explain this intriguing pattern, we show that, as entrepreneurs gain experience across projects,

their future projects include additions that lead tomore andmore unforeseen interdependencies that

they do not account for whenmaking ex ante predictions. In addition to documenting these patterns

in a quantitative analysis, our interviews provide a detailed view of how these mechanisms result in

less accurate predictions. For example, one entrepreneur initially launched a Bluetooth LEGO brick

for his customers to control motors and lights in their LEGO creations, e.g., a remote-controlled car.

From this initial experience, the entrepreneur learned that it would be valuable for his next project to

also add compatibility with LEGO sensors, e.g., the car could sense darkness to turn on a light. As

the entrepreneur set the timeline for the subsequent product with more features, he did give himself

more time than the previous product by setting the delivery date further out. However, he did not

give himself enough time: we show that even with a simple addition, entrepreneurs encounter an

increasing number of unforeseen interdependencies during implementation, suggesting an increase

in complexity beyond the ability of an entrepreneur to foresee. Despite having a working prototype

whenmaking his prediction, this LEGO entrepreneur failed to foresee how adding this feature would

have major consequences for many steps in the manufacturing process, like requiring different, more

sophisticated tooling. His original manufacturer was no longer able to produce the product, and he

went through sevendifferentmanufacturers before finding onewho could produce the updated brick.

Of course, he then missed his predicted delivery date.

This study makes three contributions. First, we outline the role of complexity in strategic fore-

sight, proposing that complexity can serve as an alternate or at least more nuanced explanation for

documented patterns of entrepreneurial failure and excess entry—characterized by prior literature

as overconfidence—and that learning from experience may not be a cure-all solution to inaccurate

strategic foresight. Second, we put forth the notion that strategic foresight comprises multiple in-

terdependent predictions. Third, we argue that timeline predictions are strategically important with
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direct implications for firm survival, and we provide suggestions for howmanagers can better predict

timelines.

1.2 Theoretical Background

1.2.1 Complexity and Strategic Foresight

To unpack the potential effect of project experience on an entrepreneur’s strategic foresight, we need

to first understand the role that complexity plays in this relationship.

Any given strategy that an entrepreneur might pursue, and need to make predictions about, en-

tails complexity. By complexity, we mean the full set of interdependencies that exist between the

components (or tasks) in the execution of a particular strategy (Simon, 1962). Thus, the complexity

of a given strategy is a function of the number of components and the dependencies between those

components, which together determine the total number of interdependencies that make up the full

complexity of a strategy.1

Complexity is not just an idiosyncratic characteristic of some strategies, but a core part of all strate-

gies: across the board, recent efforts to formally define strategy specifically invoke complexity and in-

terdependencies as first-order and necessary characteristics of what makes a course of action strategic

at all (Nickerson & Argyres, 2018, Csaszar, 2018). Prior work emphasizes that the complexity of a

strategy can itself be a source of competitive advantage that limits imitation (Rivkin, 2000), such that

an entrepreneur could justify a strategy with high complexity despite its associated difficulty.

We take the view that entrepreneurship can be characterized as strategic foresight under complex-

1To better align with our empirical context, our terminology for interdependencies differs subtly from how
it is described in theNKmodeling tradition (Levinthal, 1997, Kauffman, 1995). Although what we describe as
the number of components or features roughlymaps toN, whatwe refer to as the number of interdependencies
is distinct from K. The general notion of K, as the level of interdependence, is traditionally defined as the
dependencies that a single component n ∈ N has on other components in the system. However, when we refer
to the overall project complexity or the (total) number of interdependencies in a project, we mean the sum of
all interdependencies across all components, which is closer toN× K rather than just K.
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ity. Strategic foresight—and the ability to make accurate predictions related to a potential strategy—

depends critically on the entrepreneur’s ability to anticipate the complexity and specific interdepen-

dencies she will face when later implementing or executing on the strategy (Gavetti &Menon, 2016).

Entrepreneurs pursue more cognitively distant opportunities and then iterate on those opportunities

as they learn (Gavetti, 2012). Due to the high velocity of entrepreneurial markets, entrepreneurship

requires operating in novel settings of interdependencies (Eisenhardt & Bingham, 2017), where the

entrepreneur, or anyone else for that matter, lacks prior experience with the interdependencies to be

faced.

Thus, entrepreneurs have a particularly difficult challenge in anticipating the complexity they

might face, limiting their effectiveness in making accurate strategic predictions.

1.2.2 Experience and Strategic Foresight: TwoChannels

Our theory focuses onwhether an entrepreneur can learnby experience across projects in such away to

improve strategic foresight for executing a project. By experience, we mean an entrepreneurial firm’s

past exposure to the execution of tasks relevant to a given prediction. We identify two competing

channels of learning through which past project experience might impact the accuracy of strategic

foresight for a subsequent project.

Learning about Past Complexity On one hand, an entrepreneur can learn about interde-

pendencies by experiencing them when executing past projects: this experience would thus increase

the accuracy of strategic foresight. Prior studies show that both organizations and individuals can

learn from repeating interdependent tasks (Edmondson et al., 2007, Ethiraj et al., 2005). Denrell et al.

(2004) show that learning in complex systems is best facilitated when there is continuity of person-

nel, like with serial entrepreneurs. In theory, if an entrepreneur and her organization execute the

exact same project over and over again, she will have repeated instances of exposure to the interde-
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pendencies inherent to that project because the full set of interdependencies that the entrepreneur

must address for that project remains the same. With repetition, the entrepreneur should approach

a full understanding of the system of interdependencies in the project. Improved knowledge of the

interdependencies that she will face in execution leaves fewer interdependencies that she overlooks in

her mental model when she makes predictions, enabling more accurate strategic foresight for future

projects.2

While our theorizing here intentionally remains agnostic to heterogeneity in the performance of

past experience, Section 1.5.1 leverages empirical findings to post hoc theorize that experience with

underperformance in predictions for past projectsmaybe beneficial formaking amore accurate future

prediction.

Learning about Opportunities to Increase Complexity On the other hand, project ex-

perience exposes an entrepreneur to opportunities to add new features to her next project, increasing

its complexity: this experience risks decreasing the accuracy of strategic foresight. The entrepreneur-

ship literature highlights how entrepreneurs identify opportunities to innovate in ways that emerge

endogenously from their experience (Alvarez & Barney, 2007). These new opportunities are largely

proximate to prior experience, involving incremental improvements to the prior pursuits.3 Acting

2Our theorizing here only focuses on the learning about interdependencies that comes about from actual
experience with execution, independent of heterogeneity in the quality of that execution. The entrepreneur
still needs to go through the motions of executing the project, which still exposes her to the interdependencies
and gives her the knowledge she can take to future projects. We also consider an alternative and important be-
havioral mechanism of performance feedback, whereby past success or failure relative to aspiration levels may
affect future behavior (e.g., Levinthal&March, 1993,Greve, 2003, 1998, Joseph&Gaba, 2015,Cho&Clough,
2015). Online Appendix Section A.1.9 further details this theoretical perspective and presents associated em-
pirical tests evaluating the effect of experiencing success or failure on a past fundraising campaign—as opposed
to our main focus of project execution—by raising more than or less than the desired amount of money from
customers, respectively.

3Prior experience with project execution brings opportunities to an entrepreneur in two key ways. First, an
entrepreneur discovers newopportunities when her experience exposes her to new information about customer
needs and ways to serve the market. Second, an entrepreneur creates new opportunities through an enactment
process where, in the course of prior experience, she may devise newways of combining preexisting knowledge.
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on these new opportunities by making even just incremental additions to the product increases the

complexity by adding new, previously unencountered interdependencies (Anderson, 1999). Thus, to

make accurate predictions about the opportunity, the entrepreneur would have to be able to account

for those interdependencies. In this way, gaining new knowledge through experience could even ex-

acerbate the challenge of complexity and, as a result, increase the number of ways strategic foresight

could be inaccurate (Townsend et al., 2018a). To conceptually pinpoint the net effect of project ex-

perience on strategic foresight, we now need to identify which of these two channels dominates.

1.2.3 Dominance of Increasing Complexity

We contend that—under certain conditions common to entrepreneurial settings—new complexity

can outweigh the benefits of experience. The argument follows from assumptions we canmake about

the shape of the Project Complexity curve and the Learning curve, described here and visually illus-

trated in Figure 3.3. On the one hand, as traced by the increasing Learning curve, as an entrepreneur

gains experience and learns she can anticipate an increasing number of Foreseen Interdependencies. On

the other hand, as an entrepreneur gains experience across projects, she also learns about opportunities

to add features to expand her next product. Adding these new features increases the Project Complex-

ity by adding new, previously unencountered interdependencies. We argue that the latter effect can

dominate the former: when the Project Complexity curve increases faster than the Learning curve,

the entrepreneur ultimately faces an increasing number of Unforeseen Interdependencies that will be

overlooked in the prediction process and impair strategic foresight.

Under the assumptions detailed below—at least a linearly increasing project complexity curve and

a concave learning curve—we theorize that past project experience has a negative relationshipwith the

accuracy of strategic foresight for a subsequent project.
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Figure 1.1: Conceptual Model of Experience and Interdependencies. The vertical axis Interdependencies
represents the number of interdependencies. The horizontal axis Experience represents an entrepreneur’s level
of project execution experience. The Project Complexity curve illustrates the total number of interdependen-
cies in projects pursued by an entrepreneur at different levels of Experience. The shaded grey area reflects the
range of possibleProject Complexity curves: linear as a lower bound and geometric as an upper bound; the black
dotted line illustrates one possible scenario. The Learning curve illustrates the total number of interdependen-
cies foreseen (Foreseen Interdependencies) by an entrepreneur at different levels of Experience. As Experience
increases, the gap between the Learning curve and the Project Complexity curve increases and, as a result, the
ratio ofUnforeseen Interdependencies to Foreseen Interdependencies also increases.

Increasing ProjectComplexity Even when an entrepreneur makes merely incremental addi-

tions to a previous project, complexity increases. Adding a new feature requires adding one or more

tasks interdependent with some or many tasks in their system of activities (Ethiraj et al., 2012).4 As

a result, each new feature added must increase the total number of interdependencies in the project.

The overall theoretical argument follows from the minimum baseline premise that the total number

of interdependencies increases at least linearly, which assumes that the entrepreneur would have to

add at least one component or task in a subsequent project and that the addition should be at least as

interdependent as other components that already exist in the prior project.

That said, we posit that in most entrepreneurial ventures complexity can increase faster than lin-

4Our study focuses on hardware technology projects that force the entrepreneur to integrate components
at some level: if there were no interdependencies, there would be no opportunity for value creation by the
entrepreneur as the raw inputs could just be purchased separately by customers with no loss of value.
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early, well above the minimum assumption needed for the theory to hold. First, it can be the case that

an entrepreneur adds multiple features or tasks in a subsequent project, particularly for a nascent en-

trepreneur improving on a sparse project far from a dominant design. Second, for projects with highly

interdependent components, the addition of a single component can lead to a faster-than-linear in-

crease in the total number of interdependencies; at the extreme, the number of interdependencies can

increase geometrically.5 While both these conditions vary based on context, entrepreneurs engaged in

launching anewproduct—particularly a newhardware technology as in our empirical context—likely

meet both of these conditions. The next section describes how these assumptions hold in context.

Product development entails highly interdependent components and tasks (Ulrich et al., 2020),

meaning that the entrepreneur faces a complex system that is inherently nonlinear (Anderson, 1999,

Townsend et al., 2018a). As a result, adding new components leads to a cascade of new interdepen-

dencies which grows rapidly andmay outpace the comparatively incremental discovery of interdepen-

dencies encountered in past experience. Thus, as an entrepreneur gains experience across projects and

implements new features for a subsequent project, demonstrating strategic foresight requires that the

entrepreneur navigate more complexity, and perhaps substantially more, than previously faced.

Bounding Learning As the entrepreneur takes on more complexity, the potential benefits of

learning about interdependencies from prior experience are increasingly limited. Entrepreneurs op-

erating in complex systems rely on simplified mental models that only account for a subset of the

total interdependencies. Describing this simplification process, Eisenhardt & Bingham (2017) detail

entrepreneurs’ use of simple models, Csaszar (2018) compares different simplified representations of

complexity, and Gavetti (2012) outlines the necessity of associative thinking. Although the frame-

works proposed in these studies make some distinctions, the broad consensus is that entrepreneurs

simplify the system of interdependencies in making judgments. By definition, these simplified mod-
5For instance, a project withX components that are all interdependent with one another would haveX(X−

1) total interdependencies, a function geometrically increasing in X.
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els are incomplete. Furthermore, due to the cognitive constraints on the number of interdependencies

an entrepreneur is able to consider (Simon, 1990, 1969), these models will be less complete in more

complex systems. As entrepreneurs implement increasingly complex successive projects, the portion

of the total interdependencies the entrepreneur is able to foresee decreases. Consequently, expand-

ing the total number of interdependencies increasingly penalizes the accuracy of an entrepreneur’s

strategic foresight.

1.3 Hypothesis Development

From this conceptual viewpoint, we now develop a series of hypotheses situated in our empirical

context: hardware technology entrepreneurs engaging in product crowdfunding on Kickstarter. In

particular, we consider entrepreneurs serially crowdfunding across multiple distinct projects of the

same subtype. In order to validate our aggregate empirical patterns and understand potential micro-

mechanisms,we conduct a programofqualitative interviewswith 11 entrepreneurs fromour sample.6

We weave in qualitative findings from these interviews into our hypothesis development purely for

context and clarity. These examples and anecdotes are not intended as empirical proof for the theory,

but as transparent illustrations of the logic underlying the theoretical mechanisms.7

1.3.1 Increasing Unforeseen Interdependencies

We predict that as entrepreneurs gain experience across projects, they suffer from an increasing num-

ber of unforeseen interdependencies. Each time an entrepreneur executes a project, she gains expe-

rience designing, prototyping, manufacturing, and delivering a product. Consider an entrepreneur

repeatedly executing the exact same project with the same set of tasks and interdependencies again and

6Online Appendix Section A.1.1 describes our qualitative interview process.
7We intend for the theory and hypotheses to arise from conventional deductive arguments, which we then

ground in our specific context using examples and quotes from the qualitative interviews, rather than using the
qualitative evidence as a basis for inductive theory development.
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again. Wewould expect her to learn andupdate her prior beliefs about the set of interdependencies for

the next related pursuit (Raveendran et al., 2020). Under this scenario, experience improves strategic

foresight. Consider the case of MaskCo, which creates sound-reactive LEDmasks. In 2015, MaskCo

launched its first mask project on Kickstarter: a jaguar design outlined by basic LED strips. On its ini-

tial project,MaskCo experienced unforeseenmanufacturing challenges, leading to production delays.

However, if MaskCo continues to produce this exact same mask again and again, we would not ex-

pect it to continue to suffer from the same unexpected manufacturing challenges. Rather, we would

expect the number of unforeseen interdependencies to decrease.

However, this ceases to be the case when an entrepreneur implements new features discovered

while implementing past projects. In this scenario, the total number of interdependencies increases

relative to the previous project. MaskCo’s initial Kickstarter experience exposed it to additional op-

portunities to innovate based on consumer feedback suggesting demand for additional design options,

leadingMaskCo to add a host of new design options—including an owl, wolf, fox, skull, robot, wild-

cat, and even a version with President Obama’s face—on its subsequent project. The MaskCo en-

trepreneur also discovered new ways of combining pre-existing knowledge: the initial mask would

only light up in response to sound, but the entrepreneur deduced that it would be valuable to have

pre-programmed light patterns so the mask could also light up without sound.

Each new added feature interacts with some or many of the tasks and components required to

complete theprior project, thus introducingnew interdependencies. Butwhenan entrepreneurmakes

predictions about this more complex product specification and the timeline on which she will deliver

it, our theory suggests that the entrepreneur may do so with an incomplete view of the interdepen-

dencies that might arise. If new features added to a subsequent project increase the total number

of project interdependencies in excess of the foreseen interdependencies gained through learning on

prior projects, the number of unforeseen interdependencies will increase on each subsequent project.

Hypothesis 1 As entrepreneurs gain experience frompast projects, they encounter an increasingnumber
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of unforeseen interdependencies on their next project.

To illustrate this hypothesis in context, we continue with the example of MaskCo and highlight

the seemingly small choice to introduce packaging to the company’s subsequent project. Adding

packaging to a product that is even otherwise the same introduces significant complexity given all the

ways the new packaging is interdependent with the existing production tasks. This addition required

MaskCo to arrange for the packaging to occur at a separate plant, which necessitated coordinating

shipping between the plants and hiring a contractor to facilitate communication in a different lan-

guage between themanufacturer and the packaging plant. Then, when the quality of the first finished

batch was poor, correcting the problem took evenmore time given the additional interdependency of

the finished product with packaging. Going back through the whole process to correct the problem

and then repackage the products costMaskCo an additional month. Then, the new packagingmeant

that the finished products could no longer be shipped by the shipping company used previously, so

MaskCo ultimately had to move all the stock to a different warehouse for shipment.

Our interviewees repeatedly emphasized unexpected organizational issues that came up during

execution. Given Kickstarter’s requirement to have a working prototype before fundraising, many if

not most of the interdependencies intrinsic to the product itself were already known prior to launch-

ing the project. However, “the prototypes are all hand made—they’re more of a unique product that

has more time put into it—but when you’re doing production, you’re not spending that much time

on every single unit. You’re doing large volume. That’s where we end up having problems” (GPSCo

CEO). Another entrepreneur shared, “our [second product] was more complicated because organiz-

ing all the different sourcing was a lot more difficult. For [the first product], it was basically, ‘go to

one supplier and then just put in an order.’ But with [the second product], there was a lot of back

and forth with a bunch of different suppliers” (CircuitsCo CEO). Indeed, theMaskCo entrepreneur

noted that the ultimate set of steps required to add packaging involved “things [he] never thought

about” in working with other organizations.
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1.3.2 Strategic Foresight asMultiple Predictions

Wenow turn to how entrepreneurs respondwhen they encounter unforeseen interdependencies that

conflict with the strategic foresight of their initial predictions. As a starting premise, we character-

ize strategic foresight as a set of multiple predictions. When our theory suggests that entrepreneurs

make increasingly inaccurate or infeasible predictions on each subsequent project, wemean that with

respect to the aggregate of all the entrepreneur’s predictions that comprise their strategic foresight as

a whole. The individual predictions are fundamentally connected: entrepreneurs have the choice to

absorb the inaccuracy in one prediction while satisfying another prediction.

It is important to discuss predictions in context because strategic foresight in different contexts

comprises differentdimensions onwhich entrepreneursmakepredictions. Crowdfunding entrepreneurs

make two important, and readily observable, predictions: product specification and delivery timeline,

meaning the date they will deliver the product to customers. Entrepreneurs make these predictions

publicly to prospective customers who finance a project on the possibility that they will receive the

specifiedproduct by the specified date. Based onour qualitative interviews, we find that entrepreneurs

make these predictions first by detailing an anticipated product specification, and then setting a de-

livery date by breaking the production process down into concrete interdependent tasks, predicting

the timeline for each task, and aggregating those timelines. In most cases, entrepreneurs also try to be

conservative by adding some buffer time to their overall timeline.8

Product specification anddelivery timeline are connected in such away that theprediction relative

to one can be met at the expense of the other. For example, if an entrepreneur makes an inaccurate

timeline prediction, she could still choose tomeet the timeline prediction by delivering a product that

fails tomeet the product specification (and vice versa).9 In principle, an entrepreneur could choose to

8OnlineAppendix SectionA.1.3 elaborates on this prediction process for hardware technology projects and
provides qualitative context from entrepreneur interviews.

9Never delivering a productwould be an asymptotic combination of these twoways ofmissing a prediction,
i.e., delivering a product of zero value with an infinite delay. We exclude this situation from our empirical
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prioritize a predicted timeline by allocating a fixed amount of time to a project, even if the predicted

product specification is not fully achieved, so she can move on to other activities.

1.3.3 Prioritizing Product Specification Over Timeline

However, we argue that entrepreneurs in the crowdfunding context—and perhaps many in other

settings—prioritize achieving the predicted project specification rather than adhering to the initially

predicted delivery date. In other words, given inaccurate strategic foresight, most entrepreneurs tend

to continue working towards achieving a predicted product specification, even if it requires going

beyond the originally predicted delivery date. This tendency to prioritize achieving product specifi-

cation over meeting a timeline follows if an entrepreneur holds certain beliefs about customer prefer-

ences and the resulting consequences of achieving (or not) either predicted dimension. While there

are meaningful consequences for delay,10 these consequences are overshadowed by both the negative

consequences of failing to deliver the specified product as well as the positive benefits of succeeding

in doing so. If a customer receives a product below the promised specification, this can cause severe

reputational damage to the entrepreneur. However, delivering a product as specified (even a delayed

product) can still lead to brand-building testimonials and organic growth. Additionally, succeeding in

delivering the specifiedproduct allows an entrepreneur to get feedback onher actual intendedproduct

specification which she can then use to develop future projects.

When inaccurate strategic foresight leads to unforeseen interdependencies that make it impracti-

cal to achieve both initial predictions, entrepreneurs can choose which prediction they will ultimately

prioritize and achieve and which to relegate and fail to address. We argue that most entrepreneurs

prioritize achieving the predicted product specification over the predicted delivery date. As a result,

as entrepreneurs gain experience implementing projects and encounter an increasing number of un-

analysis because this situation is rare and some potentially substantial number of those situations involve fraud
by the entrepreneur (Mollick, 2015).

10Online Appendix Section A.1.11 expounds and quantifies these consequences of delay.

22



foreseen interdependencies on subsequent projects, requiring additional effort beyond what was pre-

dicted (Ethiraj, 2007), we expect achieving their predicted product specification requires failing to

achieve their predicted timeline by increasing margins. This will manifest in increasing delays.

Hypothesis 2 As entrepreneurs gain experience from past projects, they fail to achieve their predicted

delivery date on their next project by a wider margin.

Without exception, our interviews with crowdfunding entrepreneurs confirm this tendency to

achieve their predicted product specification at the expense of their predicted delivery date. One ex-

plained, “At the end of the day, you have to make the decision: Do I want to ship a product that we

don’t feelmeets the needs of the customer just to be able to ship it and be donewith it? Or dowewant

to delay and end up shipping a quality product? I always want to ship a quality product” (GPSCo

CEO). Another entrepreneur believed that “consumers can delay gratification for something better”

(TabletCo CEO). To put it another way, “We wanted to first be able to deliver the highest-quality

parts we could, and then second to do as best we can to deliver them on time” (3DPrintCo CEO).

We observe this tendency in both the LEGO brick andMaskCo entrepreneurs mentioned previ-

ously. The LEGO brick entrepreneur referenced in the introduction could have decided to deliver a

product on the predicted delivery date that did not perform the predicted function of interfacingwith

LEGO sensors. Similarly, the MaskCo entrepreneur could have delivered a mask in whatever state it

was in (perhaps without packaging) by the predicted delivery date. However, both entrepreneurs

chose to delay in order to continue striving to meet the predicted product specification. The discus-

sion highlights other prominent examples where entrepreneurs—like Elon Musk of Tesla—exhibit

this tendency to spend more time working towards their predicted product specification rather than

adjusting their product specification to meet the predicted allocation of time resources.
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1.4 EmpiricalMethods

1.4.1 Context

In order to test these hypotheses, we need a sample of entrepreneurs who complete multiple projects

over time with clearly defined markers for experience, complexity, predictions, and outcomes. The

crowdfunding platform Kickstarter provides an ideal setting that meets these criteria. Kickstarter,

founded in 2009, is a popular crowdfunding platform that connects entrepreneurs to customers. Cus-

tomers pre-purchase specific products that the entrepreneurs promise to deliver by a future date. This

fundraising process requires Kickstarter entrepreneurs to provide several predictions, including the

features and qualities of the product they will produce and the timeline on which they will deliver the

product. This setting allows us to identifymetrics to capture each of the characteristics and outcomes

of interest outlined in our hypotheses. Figure 2.2 provides specific examples of thesemetrics using the

series of projects implemented by one of the entrepreneurs in our sample.

Using Kickstarter projects favorably standardizes several characteristics. All hardware technology

projects are required to have a working prototype before they can raise capital, helping to reduce some

of the variation in the starting point of new projects (Kickstarter PBC, 2020). The crowdfunded cap-

ital then funds the manufacturing and distribution of the product at scale. In addition, the platform

is all-or-nothing, meaning that if the project does not reach the target financing level, the pledges are

refunded to the customers and the entrepreneur does not receive any capital. As a result, we can as-

sume that the entrepreneurs have sufficient financial resources to deliver the product relative to their

expectations.

Although some associate Kickstarter with fun trinkets and games, our study focuses onmanufac-

tured hardware technology, the most complex products on Kickstarter and among the most complex

that an entrepreneur could generally pursue.11 First, the value of these products hinges on precisely

11OnlineAppendix SectionA.1.2 details the high and increasing degree of complexity in crowdfunded hard-
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Name &Date Image Features Rank Delay Duration Delay Duration/
Predicted Time

Unforeseen Interdependencies

Ringo
Feb 25, 2015

1 (Fewest) 66 Days 92% “Our machine refused to pick up the
programming ports…this programming
port was just a bit [too] heavy.”

Wink
Oct 28, 2015

2 (Middling) 73 Days 115%
“The testing procedure is taking longer
than expected…finding a few units
with bad motors.”

“We ran out of motors and our replenish-
ment shipment was held up.”

Spirit Rover
Sept 28, 2016

3 (Most) 340 Days 254%

“Found two mistakes on the boards…
fixed with an extra step on our end, but
I should have known better on both
of these.”

“We finally found sources for all the
screws, fasteners, washers, nuts, and
spaces. I was surprised and unprepared at
how difficult this part was going to be.”

“I made a mistake with two of the cables...
as they are too short.”

Figure 1.2: Example Products by Entrepreneur Over Time. All projects by PlumGeek Robotics, founded
by Kevin King, in the robotics subtype of the technology category. TheUnforeseen Interdependencies column
provides quotations from updates by the entrepreneur. All other variables mirror those defined in the paper.

and accurately addressing a large number of interdependencies. If a wire is cut a nanometer too short,

it may not connect the necessary circuits for the product to function. In contrast, if the pair of dice in

a board game is produced a nanometer smaller than planned, it has virtually no impact on the other

game pieces. Second, modern manufacturing requires an international supply chain with multiple

suppliers from different organizations, e.g., distinct suppliers for all the parts, assembly, packaging,

and international shipping.12

1.4.2 Data and Sample

Weconstruct a sampleofKickstarter entrepreneurswhocompletemultiple projects of the sameproject

subtype. This should, in principle, keep experience gained on a past project relevant to the next

ware technology products.
12Online Appendix Section A.1.3 further expounds the complexity inherent in this context as well as the

implications of that complexity for the prediction process.
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project, which is ideal for reaping the benefits of learning. We collect basic project data and char-

acteristics for all Kickstarter projects fromWeb Robots, which runs a monthly scrape of all past and

present Kickstarter projects. We identify the 394 entrepreneurs with two or more projects that met

the fundraising goal in one of the main project subtypes in the hardware technology space (i.e., gad-

gets, 3D printing, hardware, camera equipment, sound, DIY electronics, wearables, robots, and fab-

rication tools) with predicted delivery dates prior to the date of our analysis. We look specifically

at entrepreneurs with multiple projects that meet the fundraising target because they gain execution

experience from actually having to produce and deliver these projects. In order to maximize the po-

tential impact of learning, we further segment our sample to the entrepreneurs who specialize in one

of the selected project subtypes, refining our sample to 326 entrepreneurs.13 After reviewing each

entrepreneur’s profile, we also exclude 12 entrepreneurs whose circumstances are disqualifying (e.g.,

a large, established company launches the campaign) or where it is apparent we have incomplete data

(e.g., the entrepreneur is clearly doing many other projects outside of Kickstarter, in which case our

data set does not capture much of their relevant experience).

These criteria result in a final sample of 314 entrepreneurswho created 722 projects fromSeptem-

ber 2010 through June 2019. For each of these projects, we scrape comprehensive information from

its Kickstarter pages, including the most recent 100 comments and all project updates posted by the

entrepreneur. Wemanually collect data on actual delivery time and number of features. We linkKick-

starter entrepreneurs with their Crunchbase profiles to track their external funding over time.14

13While an entrepreneur could intentionally shift to a product subtype “distant” from her prior experience
(e.g., Eggers & Song, 2015), this possibility falls outside the scope of this study.

14Online Appendix Section A.1.4 provides additional detail about the data collection and aggregation pro-
cess.
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1.4.3 Variables

Dependent Variables: Features and Unforeseen Interdependencies

As a starting point, we define a set ofmeasures to test the basic assumption leading intoHypothesis 6:

entrepreneurs pursue increasingly complex projects, i.e., projectswith greater total interdependencies.

An ideal measure would exactly measure the total interdependencies in a predicted project, but this is

impossible to identify based on the public information available since we cannot see inside the prod-

uct or organization. Instead, we identify a product’s level of features relative to the other product(s)

by the same entrepreneur. We hired five independent reviewers to rank each entrepreneur’s set of

products by number of features and then aggregated the rankings for each product across reviewers.15

Specifically, we hired individuals with relevant educational and professional experience in computer

programming, mechanical engineering, and robotics. The following measures are intended to at least

roughly correlate positively with the total interdependencies in a planned project.

FeaturesMost FeaturesMost is a binary indicator equal to 1 if the product has themost features

compared to the other products by the same entrepreneur (and 0 otherwise).

Features Rank Features Rank is the relative rank of the product compared to other products by

the same entrepreneur, e.g., if an entrepreneur completed two products, the product with the fewest

featureswould have aFeaturesRankof 1 and the productwith themost featureswould have aFeatures

Rank of 2.

Features Percentile Features Percentile specifies the relative percentile of a project for an en-

trepreneur, e.g., if an entrepreneur had three projects with Features Rank equal to 1, 2, and 3, the

15Online Appendix Section A.1.4 provides additional details on the background of each reviewer as well as
the ranking and aggregation process.
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corresponding Features Percentile would be 0%, 50%, and 100%, respectively.

Unforeseen Interdependencies We then construct a measure of unforeseen interdependen-

cies in adirect test ofHypothesis 6. Unforeseen Interdependencies is the total numberofupdates posted

by the entrepreneur during project execution—after the fundraising campaign has ended and before

the product is delivered—that cite unforeseen interdependencies. A member of our research team

reviewed the most common words contained in updates relevant to unforeseen interdependencies.

They identified two categories of relevant words. The first set relate to issues being unforeseen, which

include the words (or any variants): unforeseen, unexpected, and unanticipated. The second set re-

late to typical interdependence-related issues that come up in our context, which include the words

(or any variants): manufacturing, production, assembly, and factory. When defining Unforeseen In-

terdependencies, we include all updates that contain words from either set.16

Dependent Variables: Delivery TimeMetrics

Delay Indicator If the actual delivery date is after the predicted delivery date or if the project

has not yet shipped and the predicted delivery date is prior to the date when we collected our sample,

Delay Indicator is set equal to 1 (and 0 otherwise). We identifyDelay Indicator for 95% of projects in

our sample.

Delay Duration Delay Duration is the time (in days) between the actual delivery date and the

predicted delivery date. We identify the delay for 89% of our sample; for comparison, Mollick (2014)

identifies outcomes for 81% of his sample.

16Online Appendix Section A.1.6 shows that all results hold if we define Unforeseen Interdependencies to
contain updates with words from both sets.
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Predicted Time To test whetherDelay Duration is driven by more aggressive predictions versus

missing static predictions by wider margins, we define Predicted Time as the time (in days) between

the end of the fundraising campaign and the predicted delivery date.

Actual Time Actual Time is the time (in days) between the end of the fundraising campaign and

the actual delivery date, i.e., the sum of Predicted Time andDelay Duration.

Main Independent Variable: Project Experience

The main independent variable Project Experiencemeasures an entrepreneur’s total execution experi-

ence as her number of projects prior to her current project and of the same subtype. We only count

projects that meet the funding threshold because they provide the entrepreneur with execution expe-

rience that exposes her to project interdependencies.

Control Variables

Entrepreneur fixed effects control for any time-invariant variation among entrepreneurs in our sam-

ple, so we add additional controls for other types of entrepreneur experience characteristics that may

change over time, as well as project-specific characteristics.

We control for other types of entrepreneurial experience with executed projects (that meet the

funding threshold) and attempts at funding campaigns (most of which become projects). Given the

potential impact of fundraising failure on behavior,17 Failed Campaign Experience is the cumulative

count of Kickstarter campaigns of the same product subtype conducted by the entrepreneur where

17Compared to the average 70.9% failure rate of technologyKickstarter projects, only 10.5%of the campaigns
attempted by the entrepreneurs in our sample failed to reach their funding threshold. This is likely driven by key
differences between the serial-project entrepreneurs in our sample who generally treat their projects as full-time
jobs and the average person who casually launches a project more as a hobby.
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those campaigns did not reach their funding threshold.18 In a similar vein, to account for the degree

and direction of deviation from the funding threshold, Prior Campaign Funding Deviation is the

percentage by which the entrepreneur’s prior campaign exceeded (or missed) its funding threshold.

Another way past performance could impact an entrepreneur’s behavior on subsequent projects is

the number of days by which the entrepreneur missed (or beat) their predicted timeline on the past

project. Prior Project Delay is the entrepreneur’s prior project’sDelay Duration divided by Predicted

Time.

We also include controls for changes in the entrepreneur’s circumstances over time. Simultane-

ous execution ofmultiple projects could impact performance as compared to projects that are the sole

focus of an entrepreneur. Execution Overlap is a binary indicator equal to 1 if the execution start date

of the current project comes before the execution completion date of the prior project (and 0 other-

wise).19 To control for changes in entrepreneur quality over time, we use Crunchbase data and define

External Funding as a binary indicator ofwhether the entrepreneur had raised venture capital funding

prior to launching the current project. To account for the impact of switching industries documented

by Eggers & Song (2015), we define New Category as a time-variant binary indicator of whether the

project immediately prior to the focal project was of a different subtype. We also control for general

experience and learning that may accrue to the entrepreneur naturally over time and separate from

project execution, with Elapsed Time defined as the number of days since the entrepreneur launched

her first successful project of the same subtype as the current project. Baseline Updates is the total

number of updates posted prior to the end of the fundraising campaign, which allows us to control

for the entrepreneur’s time-variant propensity to post updates across projects.

18Project Experience plus Failed Campaign Experience is the total number of Kickstarter campaigns of the
specific product subtype that the entrepreneur had launched; including both of these variables together also
controls for the total number of campaigns in aggregate, which would be collinear.

19We look at overlap in execution rather than fundraising given that executing a project takes substantial time
and other resources. This overlap only occurs in 4.7% of our sample (34 out of the 722 projects). This makes
sense given that the entrepreneurs interviewed noted that executing even a single project is generally a full-time
job and the ideas for subsequent projects come through executing past projects.
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We also control for project characteristics determined ex ante to initiating the fundraising cam-

paign. These variables control for whether heterogeneity in project characteristics account for hetero-

geneity in measured outcomes. Funding Period is the time (in days) that the project accepted contri-

butions; this window is set before the fundraising campaign launches and cannot be changed after the

fact. Funding Reward Tiers is the total number of rewards available for funding backers to purchase.

Funding Reward Size is the median price of the rewards available for funding backers to purchase.

Funding Threshold is the amount of money (in thousands of USD) the entrepreneur set out to raise;

since this amount is set at the start of the campaign and cannot be adjusted, all projectsmeet or exceed

this threshold.

In addition, we control for project characteristics determined ex post after the fundraising pe-

riod. We include these ex post controls in regressions where the dependent variable is realized after

the fundraising period. Funding Exceeded is the amount of money (in thousands of USD) the project

raised in excess of the Funding Threshold; Mollick (2014) finds that the degree to which projects ex-

ceed the funding threshold associates with delay. Funding Backers is the total number of people (in

thousands) who contributed to the project.

1.4.4 Descriptive Statistics

Table 1.1provides summary statistics.20 Tovalidate ourmeasures, we compare our sample of 722 tech-

nology projects to the 843 technology projects inMollick (2014): our sample has an average Funding

Threshold of $23,272 (versus $21,177) and Funding Period of 33.34 days (versus 40.28 days). In addi-

tion, Mollick (2014) uses a similar manual process to collect actual delivery dates and finds that “only

24.9% of projects delivered on time” (or 75.1% of projects are delayed). Our sample identifies a similar

pattern, where 76.3% of projects are delayed.

Looking at the pairwise correlations between each of our independent variables in Table 2.2, we

20Online Appendix Section A.1.5 provides additional statistics and visualizations of variable distributions.
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Table 1.1: Summary Statistics. 722 project-level observations. Actual Time and Delay Duration are based
on 644 observations, and Delay Indicator is based on 686 observations. Funding Threshold (USD), Funding
Exceeded (USD), and Funding Backers (count) are all in thousands.

Dependent Variables Mean Std. Dev. Min Max

Features Most 0.45 0.50 0 1
Features Rank 1.68 0.74 1 6
Features Percentile 0.50 0.48 0 1
Unforeseen Interdependencies 3.39 4.11 0 31
Delay Indicator 0.76 0.43 0 1
Delay Duration 70.72 114.84 −77 946.60
Predicted Time 90.48 52.97 5 414
Actual Time 159.25 142.81 10 1, 231.60
Independent Variables Mean Std. Dev. Min Max

Project Experience 0.70 0.74 0 5
Failed Campaign Experience 0.10 0.36 0 4
Prior Campaign Funding Deviation 3.24 8.86 −1 86
Prior Project Delay 0.42 1.02 −1 11
Execution Overlap 0.05 0.21 0 1
External Financing 0.09 0.29 0 1
New Category 0.03 0.17 0 1
Elapsed Time 322.72 426.76 0 2, 458
Baseline Updates 6.73 5.12 0 40
Funding Period 33.34 10.02 2 60
Funding Reward Tiers 9.72 5.07 1 34
Funding Reward Size 234.83 493.38 4 5, 995
Funding Threshold 23.27 31.40 0.02 261.96
Funding Exceeded 102.54 273.62 0 3, 351.36
Funding Backers 0.95 2.19 0.001 28.14
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note the expected correlation (0.748) between Funding Exceeded and Funding Backers, since each

new backer contributes additional funds to the project. We re-run all regressions taking turns exclud-

ing each of these variables and do not observe any meaningful changes to the results. In addition,

there is an expected correlation (0.697) between Project Experience and Elapsed Time, given that each

subsequent project occurs at a later time. All the results hold if we remove Elapsed Time from the

regressions.

Table 1.2: Pairwise Correlation Matrix of Independent Variables.

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) (14) (15)

(1) Project Experience 1
(2) Failed Campaign Experience 0.173 1
(3) Prior Campaign Funding Deviation 0.251 -0.059 1
(4) Prior Project Delay 0.306 0.009 0.162 1
(5) Execution Overlap 0.161 0.027 0.008 0.129 1
(6) External Financing -0.004 -0.091 0.124 0.036 -0.026 1
(7) New Category -0.036 -0.006 0.063 0.001 -0.001 -0.001 1
(8) Elapsed Time 0.697 0.064 0.241 0.334 -0.049 0.124 0.001 1
(9) Baseline Updates -0.172 -0.156 -0.081 -0.038 -0.113 0.081 -0.027 -0.086 1
(10) Funding Period -0.010 -0.121 0.093 0.012 -0.121 0.061 -0.039 0.033 0.193 1
(11) Funding Reward Tiers -0.056 -0.163 0.026 -0.004 -0.122 0.062 -0.046 0.024 0.277 0.218 1
(12) Funding Reward Size 0.005 -0.068 0.008 0.035 -0.019 -0.007 -0.054 0.057 0.148 0.010 0.017 1
(13) Funding Threshold -0.084 -0.160 0.002 0.050 -0.081 0.190 -0.052 0.065 0.215 0.156 0.187 0.254 1
(14) Funding Exceeded -0.076 -0.092 0.175 -0.003 -0.070 0.247 -0.054 -0.005 0.181 0.138 0.140 0.091 0.307 1
(15) Funding Backers -0.093 -0.091 0.110 0.004 -0.070 0.276 -0.053 -0.051 0.149 0.152 0.161 -0.085 0.227 0.748 1

Given their importance, Figure 1.3 visualizes thedistributions ofPredictedTime andActualTime.

The distribution of Actual Time is shifted and skewed to the right of the distribution of Predicted

Time, of course because the vast majority of projects are delayed.

1.4.5 StatisticalModel

We estimate ordinary least squares (OLS) models across all analyses. These models include fixed ef-

fects to control for several dimensions of otherwise unobserved heterogeneity that could correlate

with the observed independent variables. Entrepreneur fixed effects control for time-invariant en-

trepreneur characteristics, such as natural talent, intelligence, work ethic, etc. Product subtype fixed

effects absorb any heterogeneity between the various categories of projects, e.g., DIY electronics ver-

sus 3D printing. Month fixed effects control for seasonal cycles, e.g., if projects that predict delivery
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Figure 1.3: Density Plot of Actual Time and Predicted Time. The distribution of Actual Time is shifted
and skewed to the right compared to the distribution of Predicted Time. We adjust the bandwidth to smooth
the distributions.

dates in December are more likely to delay due to the holidays, month fixed effects would account for

that seasonal heterogeneity. Year fixed effects control for any factors that change year to year but are

common to all entrepreneurs who launch new projects in a given year. To account for potential cor-

relation in the error term across projects by the same entrepreneur, we cluster robust standard errors

at the entrepreneur level.

The models using the dependent variables FeaturesMost, Features Rank, Features Percentile, and

Predicted Time—determined ex ante to launching the fundraising campaign—include only the con-

trols for project characteristics that exist ex ante and exclude the control variables realized ex post,

Funding Exceeded and Funding Backers.
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1.5 Results

Hypothesis 6 predicts that, as entrepreneurs gain experience, they encounter an increasing number

of unforeseen interdependencies. Before we look at this directly, we first validate a key assumption

leading to this hypothesis: entrepreneurs make their product specification more complex as they gain

experience. We examine this by looking at the relationship between Project Experience and three mea-

sures of how complicated the proposed product specification is in terms of its observable features. In

the first three columns of Table 3.3, we find that FeaturesMost (p= 0.047), Features Rank (p= 0.000),

and Features Percentile (p = 0.016) are all positively related to Project Experience.21 Each subsequent

project is 11.7% more likely to be the highest-ranked project in terms of number of features. The

ranking of each subsequent project increases by an average of 0.37 in absolute terms or 13.8% on a

percentile basis. If additional features increase the number of interdependencies, we posit that more

experienced entrepreneurs take on projects with more total interdependencies.

To explicitly test Hypothesis 6, we examine the effect of experience on the number of unforeseen

interdependencies. In column 3 of Table 3.3, we find thatUnforeseen Interdependencies (p∼ 0.000) is

positively related to Project Experience. On each subsequent project, entrepreneurs disclose encoun-

tering 1.3 additional unforeseen interdependencies. This increase in unforeseen interdependencies is

consistent with our theory of decreasing prediction accuracy in increasingly complex systems when

bounded rationality limits the learning that might attenuate unforeseen interdependencies. Ln Un-

foreseen Interdependencies (p = 0.002) also positively associates with Project Experience. Each subse-

quent project increases unforeseen interdependencies by 21.0%.22

Hypothesis 7 predictswhat entrepreneurswill dowhen theymake inaccurate predictions. Specif-

21For the binary indicator variable FeaturesMost, the results hold when using a conditional fixed-effects logit
model.

22Online Appendix Section A.1.7 shows there is a significant and positive relationship between increasing
unforeseen interdependencies and increasingnumberof features aswell as betweendelay and increasingnumber
of features.
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Table 1.3: Features and Unforeseen Interdependencies. Ordinary least squares (OLS) estimation. Robust
standard errors are clustered at the entrepreneur level. p-values are shown in parentheses.

Features Features Features Unforeseen Ln Unforeseen
Most Rank Percentile Interdependencies Interdependencies

Project Experience 0.117 0.370 0.138 1.298 0.205
(0.047) (0.000) (0.016) (0.000) (0.002)

Failed Campaign Experience 0.075 0.169 0.081 0.672 0.185
(0.506) (0.245) (0.401) (0.066) (0.057)

Prior Campaign Funding Deviation 0.001 0.000 0.001 0.005 −0.000
(0.779) (0.932) (0.858) (0.772) (0.908)

Prior Project Delay 0.011 −0.034 0.003 −0.698 −0.128
(0.758) (0.535) (0.941) (0.000) (0.000)

Execution Overlap −0.365 −0.447 −0.338 −0.216 0.096
(0.025) (0.031) (0.028) (0.736) (0.410)

External Financing 0.371 0.286 0.367 1.122 0.148
(0.006) (0.055) (0.006) (0.317) (0.515)

NewCategory −0.063 0.156 0.020 1.596 0.246
(0.685) (0.464) (0.895) (0.078) (0.231)

Elapsed Time −0.000 0.000 0.000 0.004 0.001
(0.665) (0.879) (0.961) (0.009) (0.000)

Funding Period 0.007 0.008 0.007 0.028 0.006
(0.101) (0.119) (0.053) (0.172) (0.144)

Funding Reward Tiers 0.006 0.007 0.008 −0.023 −0.003
(0.395) (0.539) (0.296) (0.521) (0.646)

Funding Reward Size 0.000 0.000 0.000 −0.000 0.000
(0.003) (0.000) (0.002) (0.779) (0.848)

Ln Funding Threshold 0.027 0.048 0.016 0.754 0.157
(0.527) (0.356) (0.693) (0.004) (0.000)

Ln Funding Exceeded 0.671 0.076
(0.008) (0.109)

Ln Funding Backers −0.018 0.074
(0.960) (0.268)

Baseline Updates 0.172
(0.001)

Ln Baseline Updates 0.271
(0.000)

Entrepreneur FE Yes Yes Yes Yes Yes
Product Subtype FE Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes
Month FE Yes Yes Yes Yes Yes
R2 0.284 0.437 0.279 0.744 0.774
Entrepreneurs 314 314 314 314 314
Observations 722 722 722 722 722
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ically, we hypothesize that as entrepreneurs gain experience and encounter increasing unforeseen in-

terdependencies, they miss their predicted delivery date by wider margins. As outlined in Table 2.6,

we find that Project Experience is positively related toDelay Indicator (p = 0.010) andDelay Duration

(p = 0.001). As a baseline, with each additional project of experience, the entrepreneur is 11.9%more

likely to be delayed. Regarding themagnitude of delay, with each additional project of experience, the

average entrepreneur is delayed by an additional 39.6 days. Although Delay Duration measures the

absolute difference between the entrepreneur’s actual and predicted timeline, it is also important to

consider the difference on a percentage point basis to account for different predicted project lengths.

We also find thatProject Experience is positively related toDelayDuration / PredictedTime (p=0.001).

With each additional project of experience the average entrepreneur is delayed by an additional 53.0%

relative to her predicted time. Taken together, these findings suggest that, given increasing predic-

tion inaccuracies, entrepreneurs choose to absorb these inaccuracies in the project timeline, leading

to increasing delay.

As important context for the above finding, column 4 of Table 2.6 shows that Project Experi-

ence positively associates with Predicted Time (p = 0.014). On average, entrepreneurs increase their

Predicted Time by 8.4 days on each subsequent project. This means that entrepreneurs are not be-

coming more delayed because they are setting shorter, more aggressive timelines. To the contrary,

entrepreneurs give themselves more time on each subsequent project, seemingly anticipating some

increase in complexity or adjusting for time they learned that they needed, yet they still miss the pre-

diction by a wider margin. Finally, column 5 of Table 2.6 shows that Project Experience is positively

related toActual Time (p∼ 0.001). On average, entrepreneurs increase theirActual Time by 46.4 days

on each subsequent project.

To provide an intuitive illustration for interpreting the empirical findings, Figure 2.3 plots the

relative trends of Actual Time and Predicted Time as the entrepreneur gains experience. Figure 2.3

plots coefficient estimates for an alternate non-parametric model of the relationship between experi-
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Table 1.4: Delivery andDelay. Ordinary least squares (OLS) estimation. Robust standard errors are clustered
at the entrepreneur level. p-values are shown in parentheses.

Delay Delay Delay Duration/ Predicted Actual
Indicator Duration Predicted Time Time Time

Project Experience 0.119 39.616 0.530 8.364 46.386
(0.010) (0.001) (0.001) (0.014) (0.001)

Failed Campaign Experience 0.139 −2.720 −0.071 15.751 11.345
(0.123) (0.870) (0.749) (0.031) (0.620)

Prior Campaign Funding Deviation −0.003 0.094 −0.001 0.095 0.390
(0.062) (0.828) (0.864) (0.578) (0.411)

Prior Project Delay −0.042 −21.689 −0.111 4.288 −19.655
(0.042) (0.020) (0.690) (0.024) (0.034)

Execution Overlap −0.052 11.587 1.183 −3.993 9.501
(0.457) (0.774) (0.233) (0.636) (0.831)

External Financing 0.138 95.312 0.371 21.388 124.811
(0.196) (0.234) (0.481) (0.376) (0.205)

NewCategory 0.082 39.284 0.425 6.012 46.345
(0.611) (0.135) (0.156) (0.546) (0.168)

Elapsed Time −0.000 −0.092 −0.001 −0.023 −0.111
(0.422) (0.130) (0.353) (0.265) (0.094)

Funding Period 0.009 1.302 0.004 0.147 1.730
(0.000) (0.059) (0.848) (0.555) (0.022)

Funding Reward Tiers 0.003 0.785 0.001 −0.150 0.996
(0.454) (0.474) (0.977) (0.721) (0.441)

Funding Reward Size 0.000 −0.011 0.000 0.005 −0.008
(0.807) (0.721) (0.707) (0.533) (0.830)

Ln Funding Threshold 0.008 22.716 −0.090 19.806 40.817
(0.786) (0.103) (0.533) (0.000) (0.011)

Ln Funding Exceeded 0.034 28.728 0.201 27.973
(0.195) (0.004) (0.085) (0.014)

Ln Funding Backers 0.008 −34.159 −0.176 −31.278
(0.837) (0.009) (0.281) (0.040)

Entrepreneur FE Yes Yes Yes Yes Yes
Product Subtype FE Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes
Month FE Yes Yes Yes Yes Yes
R2 0.662 0.717 0.656 0.752 0.744
Entrepreneurs 306 303 303 314 303
Observations 686 644 644 722 644
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ence and the dependent variables by including indicators for project number instead of Project Ex-

perience.23 This figure shows that the actual delivery time increases much more sharply relative to

the predicted delivery time, with the gap between actual delivery time and predicted delivery time in-

creasing as entrepreneurs gain experience. These empirical patterns are consistent with the theorized

project complexity curve and learning curve, respectively, in Figure 3.3.
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Figure 1.4: Actual Time and Predicted Time with Experience. Visual representation of the relative coeffi-
cients of the average actual time entrepreneurs take todeliver a product versus the average time the entrepreneurs
predict it will take to deliver, with this relative relationship shown over time as entrepreneurs gain experience.
Figure based on coefficient estimates from a non-parametric model detailed in Online Appendix Section A.1.8
that includes indicators for project number instead of Project Experience.

1.5.1 Learning from Prior Project Delay

While Prior Project Delay primarily serves as a control variable in the main analyses, we find several

statistically significant relationships of note. Recall that Prior Project Delay is the duration of the

delay divided by predicted time on the prior project, so a value of 1 or 100% means a project was

23Online Appendix Section A.1.8 details how this figure was created with the additional underlying regres-
sions.
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delayed by the same amount of time the entrepreneur predicted the project would take. Prior Project

Delay is significant and negatively related to Unforeseen Interdependencies (p∼ 0.000) and its logged

value (p ∼ 0.000). Each increase in days delayed on the prior project equal to the predicted time

on the prior project leads to 0.7 fewer unforeseen interdependencies on the current project.24 Prior

Project Delay is significant and positively related to Predicted Time (p∼ 0.024). Each increase in days

delayed on the prior project equal to the predicted time on the prior project leads to a 4.3 day increase

in the predicted time on the current project, showing that entrepreneurs who experience delay give

themselves more time on their current project. Prior Project Delay is significant and negatively related

to Delay Indicator (p ∼ 0.042), Delay Duration (p ∼ 0.020), and Actual Time (p ∼ 0.034). Each

increase in days delayed on the prior project equal to the predicted time on the prior project leads to a

4.2% decrease in the chance the entrepreneur is delayed on the current project, a 21.7 day decrease in

delay on the current project, and a 19.7 day decrease in the actual delivery time of the current project.

Although we do not formally a priori theorize on the implications of Prior Project Delay, the ob-

served patterns have important theoretical implications for this line of research. Based on these empir-

ical findings, we propose two post hoc theoretical explanations. First, it may be the case that learning

from a delay, which could be characterized as a failure in a past execution-related prediction, may be

more salient to the entrepreneur. From our specific theoretical view, it could be the case that past

delays—that come from not accounting for the full set of interdependencies in a prediction—make

past unforeseen interdependencies more salient and memorable for the entrepreneur. The mental

model of interdependencies she uses to make predictions on the next project would then better ac-

count for more of the total interdependencies she would face. Prior work identifies several patterns

of entrepreneurs learning from failure of this form (Politis, 2005). Early work by Sitkin (1992) pro-

poses that failure can be especially valuable for learning when the failure is: large enough to draw

24For example, if the predicted time on the prior project is 45 days, then for every additional 45 days of delay
on the prior project, the current project would have 0.7 fewer unforeseen interdependencies.
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the attention of the entrepreneur, hard to predict, or able to stimulate the entrepreneur to try new

ways of doing things. Indeed, a past delay is a notable experience that was hard to predict. On the

entrepreneur’s next project, this experience can prompt the entrepreneur to account for a previously

unforeseen interdependency or at least to give herself more time.

Second, an entrepreneur suffering from a past delaymay gain a sense of the shape of the complex-

ity curve that she faces. Based on the premise of our main theory, an entrepreneur in general cannot

fully anticipate the full set of interdependencies she will face when she executes her next, more com-

plex project. An underlying assumption here is that the entrepreneur cannot fully anticipate that she

cannot fully anticipate the full set of interdependencies. However, through a past delay, perhaps she

can learn to anticipate that she cannot fully anticipate the interdependencies. If she does not expe-

rience a delay on the prior project, she could still be left assuming that she can anticipate the inter-

dependencies on subsequent projects. To operationalize this awareness that might come from past

delay, the entrepreneur could faster-than-linearly build in more extra time into her timeline on sub-

sequent projects. Based on our interviews, most entrepreneurs already try to build in this extra time,

but clearly they do so insufficiently. Theoretically, the ideal padding process can be interpreted as an

entrepreneur developing an intuitive sense for the shape of the project complexity curve that she faces:

she could make predictions of interdependencies based on an extrapolation of the curve, rather than

on direct knowledge of the actual interdependencies she will face. This argument mirrors early work

by Toffler (1985) and others that theorizes best practices for strategic planning and specifically warns

against the pitfalls of straight-line thinking when extrapolating.

1.5.2 Supplemental Analyses

We empirically test for and rule out a number of potential alternative explanations that could lead

to patterns similar to the main empirical findings or otherwise confound the estimates. First, per-

formance feedback from success or failure on prior funding campaigns could generate an outcome–
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aspiration gap for the entrepreneur and affect prediction behavior on subsequent projects. Second,

an entrepreneur may base predictions on the relative predictions made by her peers, e.g., predict de-

livery times that match the average as opposed to predicting how long she actually thinks it will take

to deliver. Third, as an entrepreneur gains experience, she may learn that there are limited to no con-

sequences to delaying and, as a result, not care as much about whether she misses the delivery date on

subsequent projects. In other words, she may learn that it is “acceptable” to miss delivery dates, espe-

cially for more complex projects, which would affect the accuracy of her prediction if it was somehow

valuable to promise an aggressive delivery date known ex ante to be unrealistic. Fourth, if customers

aremore likely to fund projects that predict earlier delivery dates, an entrepreneurmay be incentivized

to overpromise and predict a delivery date that is sooner than her true predicted value. Fifth, higher-

quality entrepreneurs may exit the sample when they gain sufficient experience, leaving increasingly

lower-quality entrepreneurs in the sample at high levels of project experience. For example, higher-

quality entrepreneurs may be able to raise external venture capital financing in lieu of crowdfunding

and go to customers through another channel (e.g., direct-to-consumer or retail). Sixth, entrepreneurs

who experience a project with significant delaymay leave the sample after they “learn their lesson,” re-

sulting in a sample of entrepreneurs who disproportionately do not learn. In this scenario, the failure

of missing a delivery time by a large margin could lead better-learning entrepreneurs to pursue an op-

portunity outside of crowdfunding or to quit altogether. We empirically test each of these alternative

explanations and do not find evidence that these mechanisms drive the main results.25

25The Online Appendix provides detailed descriptions of these supplemental analyses with full regression
tables. In the order outlined here, the documentation for these analyses appears in Online Appendix Sections
A.1.9, A.1.10, A.1.11, A.1.12, A.1.13, and A.1.14, respectively.
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1.6 Discussion and Conclusion

This study addresses how an entrepreneur’s experience affects the accuracy of her strategic foresight,

reflected in the timeline prediction for a subsequent project. We theorize that as entrepreneurs gain

experience, they learn about previously unforeseen interdependencies (which increases the accuracy

of subsequent predictions), but they also learn about new opportunities to innovate by implement-

ing new features on a subsequent project, which introduces new, previously unencountered interde-

pendencies (which decreases the accuracy of subsequent predictions). When project complexity in-

creases rapidly, we argue that the latter effect dominates the former, leading increasingly experienced

entrepreneurs to make increasingly infeasible predictions. In our crowdfunding context, we show

that entrepreneurs take on projects with an increasing number of features and encounter an increas-

ing number of unforeseen interdependencies. In line with our conceptual model, we show that, on

average, entrepreneurs miss their predicted timeline by a gap that grows by nearly six additional weeks

(an additional 53.0% relative to their predicted timeline) on each subsequent project.26

1.6.1 Strategic Foresight Under Complexity

By taking the view that accurate strategic foresight depends on anticipating complexity in a strategy,

we put forth an alternative explanation for the widespread challenge of making accurate predictions

in entrepreneurial settings. In a review, Townsend et al. (2018a) note that there has been sparse work

on understanding entrepreneurship in a complex environment where the construct of “uncertainty

26Our findings are reminiscent of the conventional managerial wisdom embodied by the Peter Principle (Pe-
ter&Hull, 1969), often phrased as “Employees rise to their ‘level of incompetence’ in a hierarchy,” i.e., managers
who are promoted due to success in a prior job are then confronted with managing a new set of responsibil-
ities unrelated to what made them successful previously. One could summarize the findings of this study as,
“Entrepreneurs rise to their ‘level of incompetence’ in strategic foresight,” i.e., entrepreneurs who succeed in
making a product and then continue to add features and increase the complexity of that product, are required
to manage systems of interdependencies which they have never encountered previously and which they are ill-
equipped to manage.
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has been stretched to try to address aspects of unknowingness that are better conceptualized as com-

plexity” (p. 674). We seek to address this gap by taking a view that complexity presents a barrier to

what can and cannot be learned, acting as an important constraint on the returns to experience. We

assert that it is the challenge of accounting for complexity, rather than just uncertainty from a lack

of available knowledge, that limits how much an entrepreneur can improve her ability to make pre-

dictions. Two important implications emerge when accounting for the role of complexity in strategic

foresight.

First, the nuanced complexity-based mechanism we propose stands in contrast to the view of

the extant literature that entrepreneurs’ prediction inaccuracies stem from a general characterization

of entrepreneurs as being “overconfident.” Prior literature documents compelling evidence that en-

trepreneurial entrants make infeasible predictions about their own future performance, leading them

to enter markets they should not (e.g., Artinger & Powell, 2016, Cassar, 2010, Chen et al., 2019,

Forbes, 2005,Hayward et al., 2006,Wu&Knott, 2006). This literature generally frames this observed

pattern as a consequence of entrepreneurial overconfidence (Camerer&Lovallo, 1999). However, we

assert that the inherent complexity involved in entrepreneurial strategy andnewproduct development

may be a key antecedent to what otherwise appears as overconfidence. Our view aligns with Hogarth

& Karelaia (2012), whose simulation model shows how over-entry can occur among both overconfi-

dent and underconfident entrepreneurs. While an entrepreneur’s lack of a full understanding of the

complexity she faces may appear as overconfidence to an observer, the natural emergence of complex-

ity likely accounts for at least some of the error in her predictions.

Our study documents empirical evidence for this nuanced characterization of entrepreneurs fac-

ing complexity rather than being generically overconfident. The entrepreneurs in our setting accumu-

late information through experience that should help address an overconfidence bias that stems from

a lack of information. However, inconsistent with a basic overconfidence explanation, we find that

entrepreneurs actually become less accurate as they accumulate knowledge from experience. That
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said, our arguments do not rule out the possibility that overconfidence still exists.

Second, accounting for the role of complexity implies that learning-from-experience may not be

a cure-all solution for inaccurate strategic foresight. In a seminal study of the automobile industry,

Levitt et al. (2013) show that model changeovers disrupt the learning curve; when firms add new

model variants, prior learning is less helpful. So the outstanding question is why that is the case? We

propose that it is the emergence of new complexity unrelated to prior experience that impairs strategic

foresight.

As entrepreneurs learn from prior projects, an important manifestation of this learning is to add

new features to their products, which in turn drives complexity that impairs strategic foresight. Ethiraj

et al. (2012) find that firms face pressure to address customer requests with incremental product inno-

vations, but even incremental changes can precipitate a cascade of impacts across interdependent parts

of the product and organization. The entrepreneurs we study face this exact challenge, with severe

consequences for the accuracy of their strategy foresight. Under the assumptions that entrepreneurs

inevitably face this incentive to improve over time and that complexity is difficult to address and an-

ticipate, the unfortunate implication is that strategic foresight will face a perpetual headwind.

1.6.2 Strategic Foresight asMultiple Predictions

To empirically study strategic foresight, we make a key advance with our explicit interpretation of

strategic foresight as not just one prediction but the combination of a set of predictions. In contrast,

the broader set of work on strategic decisions—and specific studies on foresight—focus on whether a

manager or another actor canmake a sole prediction or decision, e.g., enter into amarket (Camerer &

Lovallo, 1999) or invest in a specific firm (Csaszar & Laureiro-Martínez, 2018). We argue that strate-

gic planning must inherently invoke several predictions simultaneously, whether articulated or not,

because the predictions depend on one another. Predicting a value proposition also entails predicting

a cost structure for delivering that value proposition such that the aggregate strategy is viable.
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At a general level, our findings suggest that as entrepreneurs gain experience across projects, their

strategic predictions on a successive projectwill be less accurate; but that characterizationwould be far

from a complete story. We show a trade-off among the aggregate predictions that comprise strategic

foresight broadly (Ethiraj & Levinthal, 2009, Talbot, 1982). We gain several advantages by studying

product specification, delivery timeline, and complexity simultaneously. In our study, entrepreneurs

pursue success in achieving the predicted product specification but at the cost of delivering their prod-

uct on time. But that is a choice they made. In principle, the entrepreneur could deliver the product

on time but at a lower value proposition than they originally predicted.

There are many high-profile examples of entrepreneurs prioritizing the delivery of an initially

specifiedproduct over stayingwithin the initially predicted timeline. In July 2017, ElonMuskpromised

Tesla would deliver 20,000 Model 3 cars in December of that same year. However, Tesla only pro-

duced 2,425 cars the entire fourth quarter of 2017, falling short of Musk’s prediction by 93%. Tesla

eventually reached their predicted product specification, and even exceeded it, reaching over 10,000

vehicles per week in 2018, but far behind the initially predicted timeline. Speaking of Tesla’s tradeoff

between delivering on predicted product specification versus timeline, Musk himself said, “It pretty

much always happens, but not exactly on the time frame.”

By considering several predictions simultaneously in a holistic view of strategic foresight, future

research can provide more nuance in the ways in which entrepreneurs who have previously been cat-

egorized one-dimensionally as failures (or successes) might actually have succeeded (or failed) along

other overlooked dimensions. In doing so, we might show that some failures are driven by an in-

tentional choice to succeed on other dimensions. By recognizing the multiple predictions inherent

in strategic foresight and their relative prioritization, entrepreneurs and investors may be able to im-

proveperformance. For example, given that additional costsmaybe required to achieve a fixedproduct

specification, especially as entrepreneurs gain experience from past projects and take on increasingly

complex projects, future research could explore how entrepreneurs and investors can identify situa-
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tions where adjusting the product specification may be preferable to accruing high costs or missing

delivery dates.

1.6.3 Predicting Timelines: Strategic Implications

This research brings attention to the strategic problem of predicting and managing timelines. In

the context of product crowdfunding, we show that entrepreneurs—even and especially those with

experience—consistently struggle to predict accurate timelines. This struggle extendswell beyond our

context to entrepreneurs generally. For instance, consider Chinese electric vehicle company Faraday

Future, which initially predicted it would begin production on its flagship SUV in 2018. When this

timeline turned out to be wrong, the company raised an extra $225M in emergency bridge financing

in order to keep the company alive and get the company and its product to where they needed to be

for a future public offering. While Faraday Future recovered from its poor timeline prediction, many

other electric vehicle startups were not so fortunate: early pioneer Fisker Automotive was forced to

shut down due to a poor timeline prediction that led to them running out of cash before being able

to raise more money.

Large, established firms face this same timeline challenge. Apple missed its predicted timeline to

ship the HomePod in 2017, AirPods in 2016, and the Apple Watch in 2015. Similarly, Microsoft

missed its predicted timeline to release many of its new operating systems, to ship Surface Earbuds in

2019, and to push a security update in 2017. Missing predicted timelines is also common in other set-

tings such asbigboxofficemovie releases. In twohigh-profile examples, unanticipatedpost-production

complexity led to the delayed release of Titanic (from July to December of 1997) and Gravity (from

November 2012 to November 2013).

Basedonour theoretical framework andour empirical observations,wepropose threeways aman-

ager can make more accurate timeline predictions for firm strategy. First, we see an opportunity for

firms tomake an intentional effort to better anticipate the non-linear nature of complexity by account-
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ing for the faster-than-linear increase in unforeseen interdependencies when building out projects. In

our setting, both unforeseen interdependencies and delays are ubiquitous and increasing over time.

Just as becoming aware of personal biases or tendencies towards overconfidence can allowmanagers to

make better decisions (Pope et al., 2018, Lee&Huang, 2018), becoming self-aware of the true realities

of complexity could theoretically empower managers to make more accurate timeline predictions.

To put this argument in more colloquial terms: we all face known knowns, known unknowns,

andunknownunknowns. The interdependencies that an entrepreneur could face fall into these buck-

ets. Through experience, it is theoretically possible that an entrepreneur could becomemore aware of

the rate at which unknown unknowns will arise—in essence, allowing an entrepreneur to treat them

as known unknowns—and to account for those unknownswhenmaking predictions through extrap-

olation based on a higher level of intuition for the shape of the project complexity curve. How does

one take this to practice? As one suggestion, we document that entrepreneurs already engage in a pro-

cess of padding their timelines with extra time, albeit to an insufficient degree. We recommend that

entrepreneurs act on the insight of this research by padding timelines with the complexity curve in

mind, way more than their prior (incorrect) intuition would suggest.

Second, firms can learn to make more accurate timeline predictions by internalizing salient expe-

riences with interdependencies. We find that the delay on a subsequent project is partially offset by

experiencing delays on the prior project. Thus, previously delayed firms have a unique opportunity

to carefully identify the specific unforeseen challenges that contributed to the delay and then to ac-

count for those factors when making subsequent predictions. Of course, we would not suggest that

firms intentionally cause a delay in pursuit of this benefit. But certain circumstances allow firms to

engineer controlled experimental experiences that make unforeseen interdependencies salient like a

prior project delay but without the same costs. For example, we spoke with an Apple manufacturing

manager about how they now stress-test prototypes and test-run manufacturing small batches to try

to identify interdependencies before a high-stakes product launch.
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Third, future research should explore whether firms can improve timeline predictions in complex

situations by increasing their knowledge diversity (Olson et al., 1995, Keller, 2001). A more diverse

knowledge base increases the breadth of interdependencies a firm will be aware of when making pre-

dictions. An increased breadth of awareness should lead to improved foresight (Csaszar & Laureiro-

Martínez, 2018). As the fundamental challenge of complexity, a firm cannot ex ante anticipate all the

relevant interdependencies—which means the firm cannot ex ante plan for which knowledge it will

need. Thus, there may be value in intentionally maintaining a diverse set of experience at the table be-

yond what the firm ex ante expects to be directly relevant to a given project: increasing diversity could

increase the chances that someonewill anticipate a relevant interdependency. If firms only hire or seek

input from a narrow set of people assumed to be relevant, the value of the marginal voice for identi-

fying unknown interdependencies is limited. Diversity could also be sought outside the boundaries

of the firm (Aggarwal et al., 2020). For example, crowdsourcing (e.g., open innovation tournaments)

provides access to more diverse knowledge and improves performance when searching for the global

optimum (Afuah&Tucci, 2012). While the current study does not empiricallymeasure this channel,

future work could directly measure the impact of knowledge diversity on timeline predictions.
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2
Complexity and Timing in Novel Ventures

2.1 Introduction

Strategy and entrepreneurship research traditionally highlights thepositive returns topursuing anovel,

or new, opportunity. Under this view, novelty in resources employed (Felin et al., 2023, Ahuja &

Katila, 2004, Barney, 1991), activity configuration (Ott & Eisenhardt, 2020, Porter & Siggelkow,

2008), andmarket positioning (Kim&Mauborgne, 2014) contribute to competitive advantage. Schum-
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peter (1939) proposed the now-canonical notion of knowledge recombination—the combination of

existing knowledge into novel combinations—as a critical process by which entrepreneurs create or

discover novel opportunities with the potential for value. Since then, an extensive body of empiri-

cal work has identified the circumstances fostering recombination and when this process results in

novel products, services, and business models (e.g., Gruber et al., 2012, Keijl et al., 2012, Carnabuci

& Operti, 2013, Mukherjee et al., 2016). Consider Spotify, the world’s most popular internet music

subscription service in 2023. At its founding in 2006, it represented a novel combination of existing

ideas: providing music over the internet, previously pioneered by Napster1, Apple iTunes, and oth-

ers; a freemium model offering customers a choice between advertising and subscription, previously

pioneered by video game companies like Epic Games; and social interaction, previously pioneered by

social networks like MySpace (Tidhar & Eisenhardt, 2020).

However, the literature on recombination largely overlooks the process by which entrepreneurs

translate a potential opportunity in the abstract sense into a tangible business in the concrete sense. In

short, this literature on knowledge recombination overlooks its implications for execution and how

long it takes to execute on a novel recombination. While scholarship documents and celebrates how

entrepreneurs identify abstract opportunities (Alvarez&Barney, 2007), it does not yet address the ex-

ecution needed to bring that idea to market, which represents, in our view, the most substantive role

of the entrepreneur and takes real time and perseverance to see through. More recent work alludes to

the importance of execution—Adner & Levinthal (2008) suggest that all organizational activities (in-

cluding exploration) are fundamentally exploitative, and McDonald & Eisenhardt (2019) highlight

many different actions that organizations must take to actually create value—but does not address

entrepreneurial execution directly. Understanding the relationship between the pursuit of a novel

recombination and its execution is important because it allows us to understand why otherwise ap-

1Spotify co-founder Daniel Ek was previously the CEO of uTorrent, which made money by monetizing
pirated music and movies.
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pealing new business opportunities fail to materialize in the marketplace. Looking back at the history

of Spotify, it is striking both how long it took to set up the imagined service and how the novelty of

the business itself is what led to the executional challenges that prevented it from launching sooner. It

took years to secure global licenses to streammusic from copyright holders, a challenge exacerbated by

the need to track royalty payments for streams by users at different tiers of the freemium model and

the need for technology to protect the IP of copyright holders when users engage socially (Cozzolino

& Rothaermel, 2018). Fortunately for music listeners, Spotify eventually persevered, but as we will

document and argue in this study, many firms pursuing novel recombination do not, and where they

do, it can take a long time, longer than anticipated, for these novel opportunities to realize value as

businesses.

Taking time and execution into account, we theorize that the pursuit of novelty, despite the

strategic benefits described in the literature, comes with significant downsides that call into question

whether its pursuit is justified. To conceptualize the relationship between anovel opportunity, formed

through recombination, and the time it takes to execute on that opportunity and translate it into a

tangible business, we take a complexity-based view of entrepreneurship. We take the view that en-

trepreneurial execution is fundamentally about managing complexity, i.e., interdependencies among

components or people (Brown& Eisenhardt, 1997, Simon, 1962). This perspective generates a num-

ber of implications for entrepreneurial strategy and, specifically, the time needed for execution and

the challenges of predicting that timeline. Complexity non-linearly increases the time needed for ex-

ecution (Sommer & Loch, 2004, Anderson, 1999), and its unforeseeable nature makes it more likely

that entrepreneurs (Peterson & Wu, 2021) and venture capital firms (Huang, 2017, Csaszar, 2018)

underestimate the time needed for execution. We argue that novel recombination increases the need

to manage complexity because interdependencies not previously anticipated or dealt with exacerbate

the need for more time and the challenges of predicting that time. This makes it more likely that an

entrepreneur will face an unanticipated need for more time to continue executing beyond what exist-
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ing financing can support, elevating the risk that the firmwill run out of money. Without emergency

financing, it would then have to shut down even if the opportunity pursued is otherwise promising.

In a study of 31,450 entrepreneurial firms across 94,549 venture funding rounds, we find com-

pelling empirical support for the relationship between novel recombination and complexity, time-

lines, andperformance. Wefirst explore the relationshipbetweennovel recombination and complexity

and find that doubling novel recombination increases the number of references tomanaging complex-

ity in employees’ job descriptions by 18.7% relative to the sample mean. We then show how executing

on any novel recombination requiresmore time for firms to grow in value: ∼ 1month longer to reach

a $100M USD valuation and ∼ 6 months longer to reach a $1B USD valuation. Consistent with

our theory of novel recombination leading to unanticipated resource needs, we also find that firms

with novel recombination are more likely to require bridge financing or shut down. Doubling novel

recombination increases the likelihood that the firm will need bridge financing by 2.5% and increases

the likelihood a firm will shut down by 3.5% (both relative to the sample mean).

This study makes three important contributions. First, we put forth a complexity-based view of

entrepreneurship that highlights resolving interdependencies as the primary role of the entrepreneur.

This is distinct fromanuncertainty-based view (Knight, 1921) andhas implications for entrepreneurial

experimentation (Camuffo et al., 2020). Second, we highlight the importance of considering firm-

level timing and the consequences of delayed value realization. This stands in contrast to existing the-

oretical work on S-curves (e.g., Suarez&Lanzolla, 2007) and empirical work on patents (e.g., Fleming

& Sorenson, 2001). We take a firm-level perspective that accounts for the gap between an idea (i.e.

patent) and value realization via entrepreneurial execution. Third, we emphasize the importance of

understanding the determinants of entrepreneurial failure and bring attention to the ubiquitous yet

heretofore under-studied phenomenon of bridge financing. While much of the existing literature fo-

cuses on the right tail of entrepreneurial success, as Artinger & Powell (2016) and others illustrate,

there are key lessons to be gleaned by studying entrepreneurial failure. That said, while the focus of
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this paper is entrepreneurial failure, some of our results also suggest that novel recombination does

lead to an increased likelihood of IPO and higher valuations in the long run. However, our point is

that the road to this success runs through the graveyard of firms that did not make it to the end.

2.2 Theoretical Background

Weoutline a conceptual perspective that highlights the implications of novel recombination by distin-

guishing the notions of entrepreneurial opportunity and entrepreneurial execution. Whereas recom-

bination generates entrepreneurial opportunities in the abstract, realizing the potential opportunity

requires execution, a concrete process that takes place in the real world involving the actual work of

individuals and organizations.

At the start of this section, we briefly outline the existing perspective of opportunities as emerging

from the novel recombination of existing knowledge. We emphasize that this process is abstract and

largely conceptual, in contrast to the process of execution.

After briefly summarizing this view on opportunity identification, this section then focuses in

depthonour viewof entrepreneurial execution asmanaging complexity,whichwe refer to as a complexity-

based viewof entrepreneurship. Weargue thatnovel recombination in the abstract requires entrepreneurial

execution to realize the potential opportunity in concrete practice, and that this execution requires

managing complexity. We argue that managing more complexity takes more time and actually drives

time-compression diseconomies. As such, increasing complexity increases the time required to exe-

cute on the opportunity.

In the subsequentHypothesis Development section, we revisit the overarching link between novel

recombination and firm performance. Thus, we outline an important conceptual relationship be-

tween recombination, the time required to actualize an abstract opportunity, and the impact of this

time requirement on firm performance.
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2.2.1 Opportunities and Recombination

Existing literature establishes that entrepreneurs recombine knowledge in the pursuit of creating or

discovering potential opportunities. Schumpeter (1939) first established this now-canonical notion

of recombination as the critical process by which entrepreneurs create or discover novel opportuni-

ties. More recent work emphasizes the importance of newness or novelty in recombination. Fleming

(2001) defines a recombination as “either a new combination of components or a new relationship

between previously combined components” (p. 118). Alvarez & Barney (2007) emphasize that en-

trepreneurs identify a “new opportunity” comprised of “new products or services,” with the qual-

ification of being new appearing on every page of the article. While this literature recognizes two

distinct views of opportunity identification (endogenous vs. exogenous), both views clearly concur

that novelty is the substance of the opportunity, and “the creation of any sort of novelty... consists to

a substantial extent of a recombination” (Nelson &Winters, 1982).

In other words, combining two heretofore disparate concepts creates something novel, which

could afford entrepreneurial opportunity. For example, although electric motors and mechanized

vehicles (e.g., steam) each have a long independent history, the idea of recombining the concept of an

electricmotorwith the concept ofmechanized vehicles leads to the novel concept of an electric vehicle,

with the first patents covering this novel recombination appearing in the late 1800s. Of course, this

conceptual exercise merely identifies, not delivers, the opportunity of an electric vehicle.

In particular, entrepreneurs often seek out novel recombinations due to their potential to create

value (e.g., Amit & Zott, 2001, Singh & Fleming, 2009, Kneeland et al., 2020). The extant literature

establishes a connection between novelty and the existence of valuable opportunities (Zott & Amit,

2007, 2008). This literature follows naturally from the notion of Schumpetarian rents, where novel

recombination is the engine of competitive imperfection. Here, novelty can disturb the general eco-

nomic equilibrium and thereby provide the opportunity for supernormal profits, which persist until
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imitation occurs thereby diminishing and ultimately eliminating the novelty as equilibrium is restored

(Schumpeter, 1939).

Wewill revisit novel recombination in theHypotheses Development section and link it to complex-

ity and timing. For now, we focus on these concepts of complexity and timing, as they require detailed

explanation before we can turn back to novel recombination later.

2.2.2 Execution and Complexity

While we take novel recombination as a conceptual process to identify entrepreneurial opportunities,

all opportunities must, of course, be executed on to realize their potential. Novel recombination in

opportunity identification is ex ante to the material realization of potential value. Execution is re-

quired to actually deliver the imagined product or service and to actually collect any rents. In other

words, opportunities only have potential energy, whereas execution makes that potential kinetic.

We take the view that entrepreneurial execution is fundamentally about managing complexity.

Entrepreneurial execution and complexity are so intertwined that it is difficult to construct an example

of an entrepreneurial endeavor that does not requiremanaging complexity. Indeed, we viewmanaging

interdependencies as the very value-add of the entrepreneur. For example, consider an entrepreneur

executing to build a payments platform, to develop a new drug, or to bake the most delicious cookies.

In each case, the critical challenge of execution is managing the interdependencies between the cus-

tomer and various banks, between the drug and the patient, and between all the various ingredients,

respectively. Even the most basic day-to-day tasks of an entrepreneur revolve around managing com-

plexity. When an entrepreneur sends an email, picks up the phone, unpacks a delivery andmoves it to

another box, or performsmany other routine activities, the purpose is tomanage an interdependency.

If an entrepreneur employs an engineer and a salesperson, the very purpose of the entrepreneur is to

manage the interdependencies between the two roles. It is hard to even articulate an example of an

entrepreneurial endeavor that does not involve managing complexity, but instead only consists of a
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singular and totally modular component in isolation. In that scenario, the entrepreneur has no pur-

pose nor value-add. Therefore, we take a complexity-based view of entrepreneurship, namely that the

fundamental act of entrepreneurship is execution, which requires managing complexity.

Importantly, viewing entrepreneurship through the lens of managing complexity is distinct from

theubiquitous viewof entrepreneurship asmanaginguncertainty (Knight, 1921,Coase, 1937,Keynes,

1937). As explained in Townsend et al. (2018a), problems of uncertainty relate to an unknown rela-

tionship betweenonly two variables in an isolated system (e.g., the relationship between a single switch

and a single bulb), whereas problems of complexity are defined and driven by both the multiplicity of

variables and the interdependencies between those variables (Simon, 1962, Porter& Siggelkow, 2008)

(e.g., the relationship between many interdependent switches and a series of bulbs). The Discussion

section further explores this complexity-based view of entrepreneurship and its implications in prac-

tice.

2.2.3 Strategic Implications for Timing

We argue that managing complexity during execution is challenging and takes meaningful time to

achieve. If we take an NK landscape perspective, as complexity increases, the ruggedness of the land-

scape increases, and the search time required to find the optimum increases non-linearly. As a result, in

complex systems the relationship between time required and opportunity realization is not constant

but, rather, non-linear (Anderson, 1999).

The concept of time-compression diseconomies is intrinsically linked to the non-linear escalation

of time demands imposed by complexity (Dierickx&Cool, 1989, Scherer, 1967, Srikanth et al., 2021).

This concept posits that as complexity in developing resources intensifies, the efficiency losses associ-

ated with attempts to shorten the time frame for development become increasingly pronounced. The

root of these inefficiencies lies in the inherent characteristic of complex systems—the irreducibility of

interdependencies (Sommer&Loch, 2004). Modular components can be reduced and separated, but

57



interdependent components are irreducible (Baldwin & Clark, 2000). Given irreducible complexity,

there is some fundamental, minimum time required for execution that cannot be bypassed without

risking the integrity of the pursued opportunity. This minimum time, expanding with the degree of

complexity, underlines the limitations to substituting temporal resources with monetary investments

(Talbot, 1982). In other words, whenmanaging complexity entrepreneurs cannot just buy lightning-

fast execution.

Building on the understanding of the irreducibility of execution time when managing complex-

ity, it becomes evident that escalating levels of complexity invariably lead to delays in realizing the

entrepreneurial opportunity. This relationship represents another argument for the existing theory

of complexity as a source of competitive advantage (Rivkin, 2000). More complexity widens the tem-

poral gap between innovation and its potential imitation by competitors. This delay in imitation

is instrumental: it serves as a strategic buffer, granting an original innovator a temporal window of

advantage. Complexity’s impact on timing is at the root of both its role in challenging execution effi-

ciency and its role in bolstering competitive positioning.

We argue that the execution time required to manage under complexity represents a challenge

throughout the firm life cycle. First, at inception, an entrepreneur must set up a system that correctly

captures relevant interdependencies to even offer the basic product or service at all. This concept

builds on the concept of an “incubationperiod” put forth byMoeen&Agarwal (2017). But even after

having a working product or service, an ongoing need to manage more interdependencies persists, or

even intensifies, as the firm scales. From inception to scale, managing more complexity takes more

time (Peterson &Wu, 2021).

Product Development: Setting Up a Complex System

Complexity makes it take longer to develop the product that delivers on an opportunity’s potential

value: development is incomplete until after addressing a preponderance of, or even all, necessary in-
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terdependencies. Sommer & Loch (2004) theorize that there are irreducible interdependencies that

must be resolved to offer a product or service which cannot be foreseen. Given that execution time

increases with complexity, and that complexity is unforeseen, an entrepreneur faces the risk of under-

estimating the needed time and ends up delayed.

Mistaken timelines are problematic for entrepreneurs and investors because value emerges late in

complex systems. When building a mousetrap piece by piece, the trap does not work and performs

no meaningful function until the final piece is correctly put in place to resolve the final interdepen-

dency, at which point the trap suddenly goes from completely nonfunctional to fully functional.2 En-

trepreneurial execution involves transferring an abstract blueprint of opportunity to a physical prod-

uct or acting organization that can actually deliver the promised potential: connecting the final wire

in the circuit so the light turns on, obtaining the final required legal licence to operate, fixing the final

bug in the code, hiring the key role, etc. Any realization of the opportunity’s potential value is de-

layed until the final interdependency in the minimum-reducible product system is resolved. Even in

the most basic and quintessential juvenile entrepreneurial endeavour of a lemonade stand, value can-

not be realized until the full set of interdependencies is resolved: between the location, traffic, lemons,

water, weather, etc. Evenmore so than the lemonade stand, take the example of FedEx. FedEx sought

to execute on the opportunity to ship something from anywhere to anywhere. This required resolving

a massive, complex and costly system of interdependencies. Here, the irreducible system to realize the

opportunity’s potential value required building an entire fleet of coordinated planes to take off and

land in order and on schedule. This execution required a lot of time, much more than anticipated,

and proved so costly the company faced the risk of bankruptcy multiple times before achieving the

2This is reminiscent of the notion of a tipping point, where reaching a certain critical mass or point in the
process suddenly leads to significant and meaningful change (Navis & Glynn, 2010). Tipping points also play
out in network effects when there are increasing returns to scale. For example, in the war between HD-DVD
and Blu-ray, the two players battled for years until Blu-ray crossed a critical threshold at which point the value
of Blu-ray shot up and the value of HD-DVDwent to zero. Importantly, increasingly complex systems have an
increasingly narrow set of configurations that will trigger the tipping point.
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vision of a global overnight delivery system.

This complexity-based viewof entrepreneurial execution stands in contrast to anuncertainty view

of entrepreneurship, where resource-light experimentation can quickly provide relevant information

useful for the realization of the opportunity. Cerebral exercises of information gathering do not help

manage the challenge of complexity. Using the vernacular of the NK literature (Kauffman, 1995,

Levinthal, 1997), when levels of interdependence are high and the entrepreneur finds herself on a

rugged landscape, step-wise experimentation is of limited value in searching for the peak opportunity.

Phrased differently, in complex systems the cost of experimentation can be preclusively high.

As detailed in theDiscussion section, the reality of high search cost on complex rugged landscapes

is why the Silicon Valley mantra to “fail fast” through rapid experimentation is often inconsistent

with the resolution of complexity. The long execution time required to manage complexity means

that giving up “fast” may not be possible without also giving up before reaching a point where the

opportunity can be realized. For example, what would it havemeant for FedEx to fail fast? If they had

run an experiment with a single plane and failed to capture any value, could they have then concluded

the opportunity was not valid and given up? No, because the whole business does not work until

they have worked through the complexity of mobilizing a fleet of planes at scale that are coordinated

with one another. FedEx could only resolve the problem of complexity through execution, which

requiredbuilding the fleet, solving the coordination challenges of takeoffs and landings, etc. Although

scaling up by adding new routes certainly increased the complexity of FedEx over time, therewas some

baseline amount of complexity inherent in the initialminimumnetworkof planes required toperform

the single offering of overnight shipping from anywhere to anywhere that the firm had to expend time

managing prior to adding any scale.3

3Or consider the example of speech recognition, where the value of this technology increased slowly despite
massive investments of time over decades of product development. It was not until the complex problem of
speech recognition was resolved to the point of near-human accuracy that the value could be realized. Only
after the large amount of time invested allowed the technology to clear the threshold of human-level accuracy
did the applications and value increase very rapidly.
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Scale: Growing andMaintaining a Complex System

Initially resolving the irreducible set of interdependencies to offer the basic value proposition of an

opportunity generally only serves a small subset of potential customers. However, producing a single

prototype is very different from producing thousands of units, which is very different from produc-

ing millions of units. As the number of units and/or customers increases, firms need to codify pro-

cesses, source sufficient inputs, manage more relationships, separate out parts of the process across

teams, etc. Operating at scale requires addressing increased complexity in the organizational struc-

ture through increased coordination between parties, straining managers tasked withmanaging those

interdependencies (Penrose, 1959, Cyert & March, 1963, Chandler, 1966). That said, the extant lit-

erature also suggests that scale can also act as a barrier to entry and a source of competitive advantage

(Yao, 1988, Lieberman, 1989). But our view is that scale provides advantage because of the inherent

time-compression diseconomies generated by complexity. If scale were simply a matter of doing the

same thing again and again, scale would be readily imitable. Thus, the challenge and advantage of

scale derive from the time required to address interdependencies introduced as the number of units

produced and/or customers served increases.

We assert that the greater complexity from building scale increases execution time and can lead to

increasing delays in execution if the greater complexity is unforeseen. For example, as Tesla ramped

up production of its Model 3 car and increased scale, it repeatedly missed production targets as it

struggled to resolve interdependencies with the outside battery suppliers and subcontractors to pro-

vide sufficient supplies for a larger number of units. The rollout of the Pfizer-BioNTech COVID-19

vaccine experienced delays in some regions due to complexities in manufacturing, distribution, and

meeting the various regulatory requirements across different countries. Or consider Qualcomm’s 3G

technology. Even though the technology was fully developed, the value ofQualcomm’s investment in

3G could not be realized at scale until after the interdependencies with the telecom operators, hand-
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set manufacturers, and end users were resolved. Managing this complexity took time, and the value

of the opportunity was delayed until all the relevant interdependencies could be resolved. Clearly, the

interdependencies involved in building scale take time to manage.

2.3 Hypothesis Development

Wenow turn back to the notion of novel recombination, whichwill be themain independent variable

of interest. Prior to this point, our theoretical discussion has largely centered around building up our

perspective on the relationship between execution, complexity, and timing. Using this theoretical

perspective, we can now make predictions about the implications of novel recombination on firm

performance.

2.3.1 Novel Recombination and Complexity

We first establish the relationship between novel recombination and complexity. Novel recombina-

tion is a theoretical exercise in which two heretofore disparate concepts are brought together. Realiz-

ing this conceptual union in the real world requires execution to manage real interdependencies. For

example, the novel recombination between electric and car creates a host of novel interdependencies.

The product contains new interdependencies between the electric battery and the motors to turn the

wheels, between the charging port and the battery, etc. The organization must also manage new in-

terdependencies between the company and the lithium, nickel, and cobalt suppliers required to make

the batteries, between the company and third-party charging infrastructure, etc. Novel recombina-

tion leads to novel interdependencies, which are the building blocks of complexity. As a result, novel

recombination leads to novel complexity.4

4In some ways, novel recombination and novel complexity are related by construction. In a novel recombi-
nation, two things that have never been combined previously are put together and connected for the first time.
This newdyad is, by definition, a novel interdependency at an abstract level, which then translates to complexity
at a concrete level.
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One key placewhere complexity emerges as a result of the pursuit of novel recombination is in the

firm’s activities (Porter & Siggelkow, 2008). Increasing novel recombination leads to increasing novel

interdependencies, which are encapsulated by specific firm activities managed by specific roles within

the organization; as novel recombination increases, an increasing number of a firm’s activities will

involve managing novel interdependencies. Take the example of Carta, a cap table management soft-

ware company founded in 2012 to manage company ownership and issue digital stock certificates to

investors (pursuing novel recombinations relative to company ownership, legal compliance, the cloud,

etc). In practice and in order to realize the opportunity inherent in its novel recomination, Carta built

out a system of activities to execute andmanage the relevant interdependencies. This system required

hiring specific employee job roles to perform specific activities to manage specific interdependencies.

For example, the “EngineeringManager of Investor Services”manages the interdependencies between

the software product and the venture capital operations teams. Carta organized software roles to han-

dle relevant components of its novel recombination with coders handling the interdependencies be-

tween contracts and software, valuations and software, investor services and implementations, etc.

Carta’s specialized and diverse set of software roles and related activities stands in contrast to themore

streamlined set of roles and activities that would be required for a firmwith less novel recombination.

Novel recombinations require managing novel interdependencies, which in turn increase the

complexity of the firm’s organizational activities. Phrased differently, realizing a novel recominbation

requires executing on and managing more complexity.

Hypothesis 3 Pursuing more novel recombination leads to an increasing need to manage complexity.

2.3.2 Novel Recombination and Timing

This recombination-complexity relationship has meaningful implications for the time it takes to re-

alize an entrepreneurial opportunity. We highlight the important but overlooked link between novel
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recombination and the duration of execution needed to realize the opportunity in practice. While

existing literature predominantly addresses how knowledge recombination contributes to the genesis

of abstract ideas, it often presupposes immediate realization of the opportunity’s value. For example,

the literature on the value of novel recombination measured through patents (Fleming & Sorenson,

2001, Fleming, 2001, Aggarwal et al., 2020) assumes that the patent in and of itself is the source of

value; once the patent exists, the value also exists. Or work that measures novel recombination in re-

search papers (Uzzi et al., 2013) assumes that the value of the recombination is inherent in the abstract

idea. That assumption might apply in the context of academic research, but we argue much less so in

entrepreneurship. This literature overlooks that there is a gap between the abstract idea and realizing

its value in practice. As wewill argue, novel recombination increases the gap between the abstract idea

and practical application, with implications for firm performance.

Novel recombinationdrives novel, and thusunforeseen, complexity,which, due to the irreducibil-

ity of complexity and time-compression diseconomies, delays the realization of an opportunity. Fig-

ure 3.3 outlines the amount of time it takes to realize value at varying degrees of novel recombination.

Here, value corresponds to the rents or supernormal profits the entrepreneur is able to extract from

a given opportunity. As the amount of novelty and the associated complexity in execution increase,

the total amount of time required both to develop a product and to scale increases. If value cannot be

realized until the critical, irreducible set of interdependencies is resolved, the realization of value will

be delayed in complex systems.5 In the extreme, this would look like a step function where no value is

assigned to an opportunity for an extended period of time until all the interdependencies are resolved,
5For example, consider FirmAwhichmust resolve five interdependencies and Firm B, pursuingmore novel

recombination, which must resolve ten interdependencies. If both firms resolve five interdependencies, the
value of FirmAwill go up because all five interdependencies are resolved; however, the value of Firm Bwill not
increase because half of its “mousetrap” is still not assembled, so no value can be realized given these outstanding
interdependencies. In other words, the more novel recombination and inherent complexity pursued by the
project, the smaller the slope of value over time will be early on. As systems become more interdependent and
less modular, value will increase in an increasingly step-wise manner and, in the extreme case when the system is
fully interdependent, the slope will be flat with no increase in value until all the interdependencies are resolved
(at which point there would be a step-wise increase in value with an infinite-slope vertical line jump).
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after which the full value of the recombination emerges.

More Novel 
Recombination

Less Novel 
Recombination

Time

Va
lu
e

Figure 2.1: Novel Recombination and the Timing of Value Realization. The vertical axisValue represents
the total value of the opportunity. The horizontal axisTime represents the total time allocated to executing and
resolving the complexity and associated interdependencies.

Hypothesis 4 Pursuing more novel recombination requires increasing execution time to realize the po-

tential value.

2.3.3 Novel Recombination, Delay, and Failure

The increasing time demands of complexity and the associated delays in realizing the opportunity

in practice can pose an obstacle for entrepreneurs and for venture capital investors. Given three key

assumptions, this complexity in novel recombination can lead firms to experience unforeseen delays

and often fail. First, as we discussed previously, complexity is irreducible and requires significant ex-

ecution time to manage. Second, complexity is also unforeseeable, particularly when there are novel

interdependencies driven by novel recombination (Kapoor & Wilde, 2023, Peterson & Wu, 2021).

Taking these first two assumptions together, cognitive constraints and biases make it very hard to an-

ticipate how much time will be required to reach the tipping point and realize the value of a novel

recombination.
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This timing prediction problem becomes dangerous, if not catastrophic, for firms under a third

assumption of inefficiencies in the market for financial capital. If entrepreneurs and investors un-

derestimate the amount of execution time needed, entrepreneurs will raise insufficient funding and

investors will under-allocate funding needed for the firm to survive through the amount of execution

time actually needed. This would be fine if capital markets were efficient and entrepreneurs could in-

stantaneously get funding from investors. However, mobilizing additional resources from investors

for a new funding round is inefficient and can take many months to even years. Nanda & Rhodes-

Kropf (2016) outline this “financing risk” where even startups that are fundamentally sound can fail

to mobilize the necessary resources in time. Therefore, assuming impaired foresight under complex-

ity and inefficient resource allocation, the complexity inherent in novel recombination can lead to

increased incidence of firms running out of time and being unable to subsequently secure additional

funding in the traditional manner fromnew investors. Instead, these firmsmust either rely on bailout

bridge financing from existing investors or cease operations altogether.

Hypothesis 5 Pursuing more novel recombination increases a startup’s likelihood of requiring unan-

ticipated additional resources and also of shutting down.

In the context of venture-backed entrepreneurship, unanticipated needs for additional resources

cause two scenarios which can be empirically observed. First, if a startup fails to meet the unexpected

resource requirements, it may be forced to shut down. In a reductive sense, entrepreneurial failure is

simply running out ofmoney. As long as the entrepreneur can continue raising funds, the company is

not considered to have failed. However, when the time requirements exceedwhat investors are willing

to bear and what entrepreneurs can practically justify persevering through, startups choose to or have

to shut down.

The second scenario caused by unanticipated needs for additional resources is emergency bridge

financing. In bridge financing, entrepreneurs approach existing investors to secure additional capi-
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tal beyond what was initially provided. This bridge financing aims to “bridge the gap” between the

originally predicted time requirements (which were underestimated) and the actual time needed to

achieve a milestone and raise another formal funding round with new investors. Bridge financings

are crucial to understanding complexity in new ventures but have not been extensively studied in the

existing literature. By considering bridge rounds, we can capture the challenges posed by complexity

that would have led to shutdowns if not for the bailout from existing investors. To the best of our

knowledge, the bridge financing phenomenon is overlooked in the management literature and we are

the first to draw attention to its importance.6

The example of SoftBank and Katerra helps illustrate the relevance of the bridge financing phe-

nomenon for studying complexity and the need for unanticipated additional resources. In January

2018, SoftBank invested $865M in the Series D round of Katerra, a technology company vertically

integrating andmodularizing construction founded by the formerCEOof Flextronics. Despite seem-

ingly relevant experience with the integrated modular strategy, there were unforeseen interdependen-

cies in the construction context. Katerra experienced delays and cost overruns leading to an increased

burn rate and an emergency need for additional capital. SoftBank provided a $200Mbridge financing

to allow Katerra to continue to work towards its vision. When the complex context again led Katerra

to fail to reach the milestone in the timeframe, Softbank provided an additional $200M bridge fi-

nancing. Finally, a year later, Katerra shut down and went bankrupt. SoftBank’s bridges proved to be

bridges to nowhere.

Katerra’s story is not unique. To the contrary, requiring bridge financings (that often end up

being bridges to nowhere) is a common occurrence. However, the antecedents to a need for a bridge

financing—rather than the choice of the investor to allocate a bridge financing—havenot been system-

6Even in the finance and accounting literature, relatively few studies address bridge financing, with the no-
table exception of Ewens et al. (2016), who study the theory of hold-up and show that bridge financings are
more likely to fail and less likely to lead to IPO. We do not observe any studies that use the need for bridge
financing as an outcome variable to measure firm performance.
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atically studied in themanagement literature. While we use bridge financings tomeasure slower-than-

anticipated growth and larger-than-anticipated resource requirements in this study, they represent an

important context that warrants further investigation, as we will detail in theDiscussion section.

2.4 EmpiricalMethods

2.4.1 Context

Venture-backed growth startups provide an ideal setting to explore our theory and test our hypotheses.

The entrepreneurs in this setting are often at the frontier of technological progress and innovation.

As such, recombination is widespread, readily observable, and likely to contain instances of novel

recombination. In this setting, there are readily available proxies for our key theoretical constructs

and hypothesized relationships: information on the opportunities and recombinations, the timing of

execution, and measures of performance.

2.4.2 Data and Sample

Our primary dataset consists of Pitchbook venture data combined with LinkedIn employement data

and BuiltWith product architecture data. Pitchbook is an aggregator of data on private capital mar-

kets, including new ventures and venture capital investment in those ventures. Pitchbook uses a com-

bination of technical software tools and a large human data operations team to assemble what is ar-

guably the largest andmost accurate database of startups and venture capital investment in those star-

tups. Relevant to our interests, Pitchbook contains data on all the dimensions necessary to test our

hypotheses including (i) the nature of each opportunity with detailed descriptions of the opportu-

nity pursued by each startup, (ii) the amount of time required to reach key milestones, and (iii) the

performance of the startup over time.

We construct a sample of entrepreneurial firms from Pitchbook to test our hypotheses. We start
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with deal-level data from the Pitcbhook database as of January 2022. We only keep completed deals,

excluding those deals that are currently in process, that lack a date, or that fell through such that our

analysis only examines deals that actually took place. Further, we also restrict our sample to include

only deals of firms that raised at least one round that was a “Series” (e.g., “Series A”) in order to ensure

that all firms in our sample are high-growth-intended rather than purely subsistence-focused (Hurst

& Pugsley, 2011).

Given that one of our key independent variables of interest is a measure of novelty, we restrict

our sample to firms founded from the year 1996 through 2020, although we use the full set of en-

trepreneurial firms to create that measure of novelty. The first time a combination occurs in the

dataset, every combination of that firm is considered novel by construction even if it already occurred

previously (because no prior combinations are captured in the dataset). Consequently, by restricting

our data to firms founded from the year 1996 onward, we can have confidence that a combination

that appears as novel truly is so. Furthermore, we exclude firms founded after 1996 given that this

would not practically leave a reasonable amount of time to see outcomes or even subsequent funding

rounds in many cases. In addition, we do not include funding rounds beyond 10 rounds, given that

most startups raise far fewer funding rounds and therefore going beyond 10 (e.g. to a “Series K”) sig-

nals that something unusual is happening that should be excluded. These criteria result in a sample

of 31,450 entrepreneurial firms across 94,549 funding rounds.

In order to proxy an organization’s need tomanage complexity, we also collect data on the organi-

zational structure and activities of firms over time. We match our Pitchbook sample to the LinkedIn

database using the firm webpage URLs.7 In particular, LinkedIn contains data on the employees

working at a given company over time, including the descriptions of the activities performed by em-

ployees. As asserted in Section 2.3.1, we argue that the activities performed by employees can serve as a

reasonable proxy for the complexity and interdependencies the organization is seeking to manage. As

7Appendix Section B.1.2 outlines this match process and sample construction.
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a result, as the level of novel recombination increases, we expect to see an increase in the the activities

relevant to managing complexity and interdependencies.

In addition, we conduct two separate analyses using the BuiltWith data, contained in Appendix

Section B.1.1 and Appendix Section B.1.5. BuiltWith data contains detailed information on the con-

struction of webpages over time. For software firms where the product is the webpage, we can use this

data to construct measures about the product over time.

We combine this data to suit the empirical needs of eachhypothesis, i.e., firm-year level (Hypothesis

6) and firm-round level (forHypotheses 7 and 8).

2.4.3 Variables

Dependent Variables

To assessHypothesis 6, we constructManage Complexity andManage Third Parties at the firm-year

level.

Manage Complexity Manage Complexity is equal to the total number of words in the job ac-

tivity descriptions of all employees working at the firm in a given year that refer to managing general

interdependencies.8 Manage Complexity (Count) is equal to the number of employees in a given year

who have any of the relevant words in their job description.

Manage Third Parties One type of complexity that firms face is managing the interdependen-

cies with various third parties (e.g., suppliers, complementors, alliances). Manage Third Parties is

equal to the total number of words in an employee’s job activity description that refer to managing

third parties.9 Manage Third Parties (Count) is equal to the number of employees in a given year who

8The complete list of words can be found in Appendix Section B.1.3.
9The complete list of words can be found in Appendix Section B.1.3.
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have any of the relevant words in their job description.

For Hypothesis 7, we track a firm’s valuation over time. Given that valuation and performance

outcomes are not observed regularly each year, but rather are only observed at each funding round,

we use the dataset at the firm-round level.

Premoney Valuation Valuation is equal to the focal firm’s premoney valuation (in millions of

USD). This represents the valuation of the firm in the focal round excluding the new cash invested as

part of the focal round. To derive this premoney valuation, we take the postmoney valuation provided

by Pitchbook and subtract the amount invested in the focal round. We control for amount invested

in the focal round separately.

Postmoney Valuation Valuation is equal to the focal firm’s postmoney valuation (in millions

of USD). This represents the valuation of the firm in the focal round including the cash invested as

part of the focal round. We still control for amount invested in the focal round separately.

ForHypothesis 8, we assess a firm’s need for unforeseen resources throughReceive Bridge Financ-

ing,Need Bridge Financing, and Shutdown at the firm-round level.

Receive Bridge Financing We first identify bridge financings in the Pitchbook dataset. We

define bridge financing as a financing labeled by Pitchbook as a bridge financing or where the the type

is the same as in the prior round (e.g., both “Series A”), over half the investors are follow-on investors,

and it is a flat or a down round. This latter set captures the scenario where existing investors may

choose to bridge the firm through equity rather than debt. Receive Bridge Financing is an indicator

variable for whether the firm received a bridge financing immediately following the focal round.

Need Bridge Financing However, many firms that run out of resources actually need a bridge

financing but are unable to secure the bridge and are therefore forced to shut down. Need Bridge
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Financing is an indicator variable for whether the firm raised a bridge financing or shut down imme-

diately following the focal round.

Shutdown Shutdown is an indicator variable for whether the focal firm shut down immediately

following the focal round. To construct this measure, we start with the set of firms PitchBook labels

as going bankrupt, liquidating, or going out of business. However, using this approach implies only a

very small percentage of firms fail and shut down. But we know that most entrepreneurial endeavors

fail. As is common in entrepreneurship datasets, failure is under-reported in the Pitchbook database.

To correct for this under-reporting, we infer that a company has shut down if its website, as listed in

the Pitchbook dataset, is either non-existent or fails to load.

However, even among thewebsites that load, it may simply load an errormessage or redirect to an

irrelevant page (e.g., a domain of a failed company now for salemight redirect to a domain-purchasing

site like GoDaddy). We examine the set of websites that load but that Pitchbook labels as failed, and

we use this set of known false-positive webpages to identify the most common set of words associated

with false positives (“found 404,” “forbidden 403,” “squarespace webpage expired,” etc.). We then

include all webpages that include one of these sets of words associated with failure in the shutdown

set. All in all, this updated measure suggests 36.2% of firms fail—a figure much closer to what might

be expected.

While not formally hypothesized, we also assess the impact of novel recombination on a firm’s

likelihood of achieving IPO at the firm-round level.

IPO IPO is an indicator variable for whether the firm went public via an initial public offering im-

mediately following the focal round.
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Independent Variables

Novel Recombination Following the definition of Fleming (2001), we construct a measure

of “a new combination of components or a new relationship between previously combined compo-

nents” (p. 118).10 To do this, we first assemble all the words used to describe the components of each

entrepreneurial firm, including all the keywords and location, and convert them toword stems to con-

solidate tenses and variants of the same word. Taking a unique list of these words, we then exclude all

common stopwords, prepositions, numbers, and questionwords that do not represent relevant com-

ponents of a firm. We also eliminate words that occur with great frequency and are therefore limited

in their unique information value (e.g., company, business). In order to consolidate keywords that are

synonyms, we collapse any keyword that appears together with another keyword inmore than 10% of

its total occurrences. We also eliminate firms where there is insufficient information in the keywords

to describe the actual business activities by dropping firms with fewer than five keywords. We then

compute all unique combinations of the remaining components for each firm. For example, a firm

with the three components electric, car, and Europe has three unique combinations: (i) electric–car,

(ii) electric–Europe, and (iii) car–Europe.

To determine the novelty of each combination, we sort each company by the year it was founded

and compute the cumulative count of each combination by year (e.g., how many firms pursued a

given combination in all the years prior to the focal year). Specifically, a recombination is considered

novel if no other companies include that combination in any year prior to the year the focal company

10Much of the literature on recombination uses patents (Fleming & Sorenson, 2001, Fleming, 2001, Ag-
garwal et al., 2020) or research papers (Uzzi et al., 2013) as context. Although these settings allow for clear
measurement, patents and research papers are often just abstract ideas and theoretical concepts that have not
actually been executed, created, or implemented in practice. Therefore, considering only these abstract contexts
may only allow for a partial picture of the implications of novel recombination. We assert that novel recombi-
nation in the abstract leads to complexity in the concrete process of execution, which can be costly to manage.
Overlooking the complexity inherent in executing novel recombination drastically undervalues the actual hard
work and resources required by the entrepreneur to realize abstract novel recombination in practice.
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was founded. We restrict our sample to 1996–2020. As noted in Section 4.2, given that the first

instance of any keyword would lead to a novel combination by construction, we define a pre-period

from 1800–1995 and use the corpus of combinations in this pre-period as a baseline, so any observed

novel recombination post-1995 would not simply be novel by construction.11 To define the set of

eligible keywords, we include all the keywords of companies founded in the pre-period up through

1995, and we eliminate all keywords in our sample of firms founded after 1995 that do not appear

in this pre-period.12 TheNovel Recombination variable is the total number of combinations for each

firm that do not appear in any year prior to the focal year. Novel Recombination Binary is an indicator

variable equal to one ifNovelRecombination is greater thanor equal toone and equal to zerootherwise.

Given the importance of this measure, we conduct several additional analyses to validate that

Novel Recombination captures the intended theoretical construct. We compare our measure ofNovel

Recombination to other proxies of novelty. First, we find a strong and positive correlation between

Novel Recombination and a firm being among the first to enter a market and pursue a given opportu-

nity. This relationship holds across four different methods of defining opportunity clusters on which

to base entry order. Second, for the subset of firms where the product is a website, we find a posi-

tive correlation betweenNovel Recombination and novel combinations in the tech stack used to build

the product. Taken together, these robustness checks show the relationships that would be expected

whenNovel Recombination captures the joining of two heretofore disparate components. Appendix

B.1.1 describes these additional analyses in detail.

11Starting after 1995 allows us to includemost dotcom companies in our sample, themajority of whichwere
founded in the late 1990s.

12Defining keywords based on the pre-period also helps account for any one-off variations in how terms are
spelled given that it requires all keywords to occur at least two times.
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Firm Age We define Firm Age as the the time elapsed since founding: the difference (in years)

between the date of the focal round and the founding date of the focal firm.13

2.4.4 Control Variables

To account for the potential difference in impact ofNovel Recombination in systemswith varying firm

scope, we control for Firm Scope: the total number of components for each firm, e.g., in our prior

example of a firm with the three components (i) electric, (ii) car, and (iii) Europe, Firm Scope would

be equal to three. To account for the differential impact of how much money a firm raises in a given

round and cumulatively, we include the controls Round Size and Cumulative Funding, respectively.

CEOChange is a binary variable equal to one if theCEOat the time of the focal round is different from

the CEO at the time of the prior round; this controls for changes in management style and direction

over time.

For regressions using LinkedIn employement data, we also include controls for Total Employees

(to account for changing firm size),TotalDescriptions (to account for changing numbers of employees

with job descriptions), andDescriptionWords (to account for variation in the number of words and

associated detail provided in the descriptions).

In addition, as will be discussed subsequently in Section 3.3, we also include many fixed effects

to control for unobserved heterogeneity correlated with our variables of interest. These include con-

trolling for the funding-round number, the year of the deal, the firm’s founding year, the firm’s head-

quarters country, the firm’s size, the firm’s industry, and, in select models, the firm itself.

13Given that the funding round date has a day, month, and year whereas the founding date only includes the
year, we assume January 1 for the month and year of founding. In the absence of a founding date, we use the
year of the firm’s first funding round.
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2.4.5 Data Structure andModel

Firm-Year Level

Table 2.1 contains summary statistics for the variables at the firm-year level. Here, LinkedIn contains

granular, continuous data on employees, including information on which employees worked at each

company at any given point in time and the tasks they performed. As such, we are able to construct a

panel of the activities managed by employees in each firm each year.

Table 2.1: Summary Statistics - Firm-Year Level. 114,598 firm-year level observations.

Statistic Mean St. Dev. Min Max

Manage Complexity 16.76 87.53 0 5, 646
Manage Complexity (Count) 9.97 47.90 0 3, 264
Manage Third Parties 26.64 194.82 0 20, 778
Manage Third Parties (Count) 12.68 73.70 0 6, 287
Novel Recombination 3.24 5.94 0 188
Firm Age 6.78 4.72 0 24
Firm Scope 7.12 2.24 5 34
Cumulative Funding 42.38 383.99 0 40, 197.56
Round Size 11.00 185.94 0 39, 000.13
CEOChange 0.07 0.26 0 1
Total Employees 56.64 296.41 1 28, 311
Total Descriptions 24.18 120.45 1 10, 003
DescriptionWords 971.47 4, 815.57 1 378, 152

Weestimate ordinary least squares (OLS)models across all analyses using this firm-year level panel.

These models include fixed effects to control for several dimensions of otherwise unobserved hetero-

geneity that could correlate with the observed independent variables. Year fixed effects control for

any variations or influences specific to a given year (e.g., certain terms became more widely used over

time). Round fixed effects account for the concern that certain outcomes may be more likely to occur

earlier on for lower-round numbers (e.g., a firm is less likely to go public on its first funding round

but more likely to go public after raising many funding rounds). Country fixed effects control for po-

tential heterogeneity across different geographies. Industry fixed effects take as a baseline firms that
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involve technology but control for situations where the outcome of the firm largely does not involve

technology or where the value proposition is mainly related to non-technical factors (e.g., regulation

and macroeconomic conditions). Industry categories include firms in financial services, healthcare

services, energy, and materials and resources. Given that this data is at the funding-year level, in order

to account for potential correlation in the error term across years we generally cluster robust standard

errors at the year level.

Firm-Round Level

Table 2.2 contains summary statistics for the variables at the firm-round level. Because we are study-

ing private firms, performance data between funding rounds (e.g., every year on a continuous basis)

is generally unavailable. As such, constructing a firm-year panel of performance would be impossible.

We use this firm-round structure when looking at firm performance because it still provides a valuable

snapshot of firm performance at each funding round. Also note the smaller sample size for the Val-

uation variable. This is due to the reality that interim valuation data is only available for a subset of

funding rounds.

We estimate ordinary least squares (OLS) models across all analyses using this firm-round level

panel. Similar to the prior model, we also include Round, Country, and Industry fixed effects. How-

ever, because our data is not at the year level, we do not include year fixed effects. Instead, we include

two additional fixed effects that attempt to control for time-variant heterogeneity. Round Year fixed

effects control for any factors that change year to year but are common to all funding deals between

entrepreneurial firms and investors in a given year. Founding Year fixed effects control for any factors

that change year to year but are common to all entrepreneurial firms launched in a given year. In our

models testing how value increases over time, we include Company fixed effects, which allows us to

comparewithin-firmvariation in value over time by controlling for all unobserved heterogeneity at the

firm level, including variation in industry, novelty, etc. Given that this data is at the funding-round
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Table 2.2: Summary Statistics - Firm-Round Level. 94,549 firm-round level observations. Given that
bridges are generally not reported when they occur immediately preceding shutdown, there are 73,212 obser-
vations where observing Receive Bridge Financing is possible. Given that valuation data is not always shared in
private transactions, there are 52,283 recorded observations for Premoney Valuation and 47,657 observations
for Postmoney Valuation.

Statistic Mean St. Dev. Min Max

Receive Bridge Financing 0.11 0.31 0 1
Need Bridge Financing 0.20 0.40 0 1
Shutdown 0.12 0.33 0 1
IPO 0.01 0.11 0 1
Premoney Valuation 168.26 1, 485.65 0 178, 000
Postmoney Valuation 213.07 1, 695.04 0 180, 000
Novel Recombination 2.90 5.71 0 188
Novel Recombination Binary 0.60 0.49 0 1
Firm Scope 7.20 2.24 5 34
Round Size 24.31 185.46 0 39, 000.13
Cumulative Funding 42.16 339.87 0 40, 197.56
Firm Age 4.98 3.67 0 25.98
CEOChange 0.14 0.34 0 1
Round 2.99 1.92 1 10
Round Year 2, 015.24 4.89 1, 996 2, 021
Founding Year 2, 010.76 5.55 1, 996 2, 020
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level, in order to account for potential correlation in the error term across firms of the same round

number we generally cluster robust standard errors at the funding-round level.14

2.5 Results

Hypothesis 6 predicts that novel recombination leads to an increasing need tomanage complexity. We

find support for this hypothesis by looking at the relationship between novel combinations and the

organizational activities of the entrepreneurial firm. We examine the relationship between novel re-

combination and the number of words related to managing complexity and interdependencies across

all the employee’s job activity descriptions in a firm each year. As outlined in Table 3.5, we find that

LnNovel Recombination is positively correlatedwithManage Complexity (p≈ 0.000) andwithMan-

age Complexity (Count) (p≈ 0.000). Doubling the totalNovelRecombination increases the number of

words related tomanaging complexity in an employees’ job activity description by approximately 3.13

words and increases the number of employees with any reference tomanaging complexity by approxi-

mately 1.74 (representing increases of 18.7% and17.5%, respectively, over the samplemean).15 Wealso

find that LnNovel Recombination is positively correlated withManage Third Parties (p≈ 0.000) and

withManage Third Parties (Count) (p≈ 0.000). Doubling the totalNovel Recombination increases

the number of words related to managing third parties in an employee’s job activity description by

approximately 6.42 words and increases the number of employees with any reference to managing

third parties by approximately 2.46 (representing increases of 24.1% and 19.4%, respectively, over the

sample mean).

Appendix Section B.1.5 outlines an additional robustness check of this relationship between

14Appendix Section B.1.4 presents correlation tables for the data at both the firm-year level and the firm-
round level.

15To interpret effect sizes based on logged independent variables here and elsewhere, we calculate the effect
based on a doubling, or 100% increase, in the independent variable. Thus, in the case of theManageComplexity
independent variable, we take 4.515 ∗ ln(2) = 3.130.
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Table 2.3: Novel Recombination and Complexity. Ordinary least squares (OLS) estimation. Robust stan-
dard errors are clustered at the year level and shown in parentheses. p-values are shown in brackets.

Manage Manage Manage Third Manage Third
Complexity Complexity (Count) Parties Parties (Count)

Ln Novel Recombination 4.515 2.513 9.261 3.543
(0.510) (0.288) (1.031) (0.405)
[0.000] [0.000] [0.000] [0.000]

Ln Novel Recombination −1.010 −0.544 −2.102 −0.785
x Firm Age (0.166) (0.092) (0.344) (0.132)

[0.000] [0.000] [0.000] [0.000]
Firm Scope 4.501 2.258 8.889 3.628

(0.960) (0.498) (1.846) (0.762)
[0.000] [0.000] [0.000] [0.000]

Firm Age 1.544 0.800 3.293 1.221
(0.256) (0.143) (0.540) (0.210)
[0.000] [0.000] [0.000] [0.000]

Ln Cumulative Funding 2.851 1.320 6.099 2.431
(0.758) (0.382) (1.565) (0.611)
[0.000] [0.002] [0.000] [0.000]

Ln Round Size −2.138 −1.113 −4.806 −1.923
(0.456) (0.240) (0.927) (0.363)
[0.000] [0.000] [0.000] [0.000]

CEOChange −0.359 −0.294 0.514 0.111
(0.664) (0.403) (1.179) (0.498)
[0.594] [0.474] [0.667] [0.826]

Ln Total Employees −9.032 −4.975 −14.898 −6.254
(1.494) (0.817) (2.294) (0.931)
[0.000] [0.000] [0.000] [0.000]

Ln Total Descriptions 59.130 35.285 106.883 48.223
(5.650) (3.315) (9.856) (4.286)
[0.000] [0.000] [0.000] [0.000]

Ln DescriptionWords −15.182 −9.534 −30.339 −13.939
(1.830) (1.137) (3.592) (1.631)
[0.000] [0.000] [0.000] [0.000]

Observations 114 598 114 598 114 598 114 598
R2 0.196 0.225 0.123 0.173
Year X X X X
Round X X X X
Country X X X X
Industry X X X X
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novel recombination and complexity. For the subset of software companies, we show a negative rela-

tionship between novel recombination and the opposite of interdependence: modularity. Modularity

is proxied byAPI use, where the firm can easily plug in amodular, already-existing solution to perform

part of the needed product function. We find that firms with higher levels of novel recombination use

fewermodular components, whichwould be less likely to be compatible withmore complex products

that have more novel interdependencies.

Hypothesis 7 predicts that firmswithmore novel recombinationwill take a longer time to achieve

the same valuation. We find support for this hypothesis by looking at the relationship between valua-

tion and firm age for firms with any novel recombination versus those without novel recombination.

As outlined in Table 2.4, we find that Premoney Valuation is positively correlated with Firm Age (p =

0.005) and negatively correlated with Firm Age2 (p = 0.174). However, the opposite signed relation-

ship is observed for the same terms of FirmAge (p= 0.072) and FirmAge2 (p= 0.067)when interacted

withNovel Recombination Binary. WhenNovel Recombination Binary equals one (signaling the firm

has any novel recombination), the value of the base FirmAge term is slightly lower (subtracting 17.46

from the coefficient of 152.12 in the base case whenNovel Recombination Binary is equal to zero). In

addition, whenNovel Recombination Binary is equal to one, the value of the squared term is slightly

less negative (adding 1.15 to the coefficient of -0.67 in the base casewhenNovel Recombination Binary

is equal to zero). As elaborated on in Section 2.5.1 and illustrated graphically in Figure 2.2, the net

effect of these changes is that, whenNovel Recombination Binary is equal to one, for smaller values of

Firm Age, Valuation is lower compared to firms whereNovel Recombination Binary is equal to zero.

However, while not formally hypothesized, we do see that for larger values of FirmAge, the lines cross

andValuation is higher for firms whereNovel Recombination Binary is equal to one.

As shown in Table 2.4, we run the same regression but instead use the dependent variable Post-

money Valuation. The directionality and significance of the results hold; we just see larger effect sizes,

which makes sense given that postmoney valuations are larger due to counting the cash invested as
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Figure 2.2: NovelRecombination andValuationOverTime. Thefirst vertical axisValuation represents the
pre-money valuation of the entrepreneurial firm. The second vertical axis Difference represents the difference
between the two lines. The horizontal axis Years represents the total number of years since founding.
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Table 2.4: Novel Recombination and Valuation Over Time. Ordinary least squares (OLS) estimation.
Robust standard errors (in parentheses) are clustered at the round year level. p-values are shown in brackets.

Premoney Postmoney
Valuation Valuation

Firm Age 152.121 185.616
(49.553) (62.460)
[0.005] [0.006]

Firm Age2 −0.673 0.044
(0.481) (0.652)
[0.174] [0.947]

Novel Recombination Binary * Firm Age −17.460 −19.647
(9.299) (8.824)
[0.072] [0.035]

Novel Recombination Binary * Firm Age2 1.154 1.349
(0.603) (0.708)
[0.067] [0.068]

Observations 52 283 47 657
R2 0.547 0.545
FE: Round Year X X
FE: Firm X X

part of the focal round.

To further explore the relationship between novel recombination and time to realize value, we

explore how novel recombination influences the time it takes a firm to clear the $100M and $1B val-

uation marks. We subset the data to the 4,524 firms that ever reach a valuation of $100M (or greater)

and find that, among those firms, doubling Novel Recombination leads to a 1.7 month increase in

Time to $100M Valuation (p≈ 0.000). This represents a 2.3% increase over the sample mean of 6.2

years. We then subset the data to the 844 firms that ever reach a valuation of $1B (or greater) and find

that, among those firms, doublingNovel Recombination leads to a 4.3 month increase in Time to $1B

Valuation (p = 0.005). This represents a 4.7% increase over the sample mean of 7.6 years.

Hypothesis 8 predicts that, as the number of novel combinations increases, the likelihoodof need-

ing unanticipated additional resources and shutting down also increases. We find support for this

hypothesis by looking at the relationship between novel recombination and needing bridge financ-

ing, receiving bridge financing, and firm shutdown. In Table 2.6, we find thatNovel Recombination
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Table 2.5: Novel Recombination and Time to High Valuation. Ordinary least squares (OLS) estimation.
Robust standard errors (in parentheses) are clustered at the year-founded level. p-values are shown in brackets.

Time to $100M Time to $1B
Valuation Valuation

Ln Novel Recombination 0.205 0.512
(0.050) (0.166)
[0.000] [0.005]

Firm Scope 0.046 −0.067
(0.025) (0.036)
[0.077] [0.072]

Ln Round Size −0.201 0.195
(0.098) (0.157)
[0.052] [0.225]

Ln Cumulative Funding 0.604 −0.213
(0.111) (0.168)
[0.000] [0.217]

CEOChange −0.023 −0.375
(0.107) (0.304)
[0.830] [0.229]

Observations 4524 844
R2 0.454 0.648
FE: Founding Year X X
FE: Country X X
FE: Industry X X
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positively correlates withNeed Bridge Financing (p≈ 0.000); doubling the number of novel recom-

binations increases the likelihood of needing a bridge subsequent to the focal round by 0.5 percentage

points (a 2.5% increase over the samplemean). Novel Recombination positively correlates withReceive

Bridge Financing (p = 0.027); doubling the number of novel recombinations increases the likelihood

of receiving a bridge subsequent to the focal round by 0.2 percentage points (a 1.9% increase over the

sample mean). Novel Recombination also positively correlates with Shutdown (p≈ 0.000); doubling

the number of novel recombinations increases the likelihoodof shutting down subsequent to the focal

round by 0.4 percentage points (a 3.5% increase over the sample mean).

Table 2.6: Novel Recombination and Performance. Ordinary least squares (OLS) estimation. Robust
standard errors (in parentheses) are clustered at the funding round level . p-values are shown in brackets.

Need Bridge Receive Bridge
Financing Financing Shutdown IPO

LnNovel Recombination 0.007 0.003 0.006 0.001
(0.0007) (0.001) (0.001) (0.0007)
[0.000] [0.027] [0.000] [0.120]

Firm Scope −0.010 −0.0004 −0.011 −0.0008
(0.001) (0.0007) (0.001) (0.0002)
[0.000] [0.568] [0.000] [0.012]

Ln Round Size 0.004 −0.015 0.022 −0.0006
(0.003) (0.003) (0.003) (0.0009)
[0.228] [0.000] [0.000] [0.541]

Ln Cumulative Funding −0.007 0.013 −0.026 0.012
(0.006) (0.003) (0.005) (0.001)
[0.260] [0.001] [0.000] [0.000]

Firm Age 0.010 0.005 0.016 −0.003
(0.005) (0.005) (0.003) (0.001)
[0.107] [0.307] [0.001] [0.018]

CEOChange 0.025 0.013 0.017 −0.001
(0.003) (0.003) (0.003) (0.001)
[0.000] [0.003] [0.000] [0.464]

Observations 94 549 73 212 94 549 94 549
R2 0.031 0.021 0.048 0.031
FE: Round X X X X
FE: Round Year X X X X
FE: Founding Year X X X X
FE: Country X X X X
FE: Industry X X X X
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As a matter of empirical exploration, we examine the relationship between novel recombinations

and IPO. As outlined in Table 2.6, we find that Ln Novel Recombination is positively correlated with

IPO (p = 0.120). DoublingNovel Recombination increases the likelihood of IPO on the subsequent

round by 0.1 percentage points. Given that IPOs are relatively rare, this represents a 7% increase over

the sample mean.

2.5.1 Visual Evidence for the Time Difference in Valuation

To illustrate the results of themodel outlined inTable 2.4more clearly, Figure 2.2plots the relationship

between Premoney Valuation and Firm Age in the case when Novel Recombination Binary is equal

to zero and in the case when Novel Recombination Binary is equal to one. This allows us to clearly

compare the evolution of value over time for firms pursuing novel recombination versus the evolution

of value over time for firms not pursuing novel recombination. Initially, over the first 12 years post-

founding, the valuation of firms pursuing novel recombination lags behind that of firms that are not.

There is as much as a $50MUSD lag in value for firms pursuing any novel recombination. Figure 2.2

is reminiscent of the timing of value realization theorized in Section 2.3.2 and visualized in Figure 3.3.

While we do not hypothesize this, onemight expect novel recombination to lead to higher poten-

tial value, explaining why in equilibrium entrepreneurs would still pursue these opportunities even if

all our other observations around timing and failure are correct. We see that around a FirmAge of 15,

the lines cross and at 25 years post-founding the valuation of firms pursuing novel recombination is

almost $300MUSD greater compared to firms not pursuing novel recombination. This is consistent

with the IPO evidence mentioned earlier, where firms pursuing more novel recombination appear to

be more likely to IPO.

To illustrate the difference in timemore clearly, Figure 2.3 plots the additional time required for a

firm with any novel recombination to reach a given valuation. To calculate this difference, we use the

model estimates from the first column of Table 2.4 to estimate the time required for a firm without
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any novel recombination to reach a given valuation. We then calculate the amount of time it would

take a firmwith any novel recombination to reach the same valuation. We plot the difference between

these two values. It takes firms pursing any novel recombination about one month longer to achieve

a $100MUSD valuation and almost six months longer to achieve a $1B USD valuation.

2.6 Discussion

Wenowhighlight three contributions of this work. First, our complexity-based view of entrepreneur-

ship recognizes the real challenge of resolving interdependencies when executing in practice, with

implications for research on learning and experimentation. Second, we document a critical driver of

timing at the firm level and the implications for the timing of value realization. Third, we highlight the

importance of understanding entrepreneurial failure and put forth bridge financings as an important

but overlooked measure of failure.

2.6.1 A Complexity-Based View of Entrepreneurship

A large body of work asserts that the ability to bear and eventually resolve uncertainty is a hallmark

of entrepreneurship. Foundational work by Knight (1921) outlines uncertainty as the root of en-

trepreneurial profit, with the key task of the entrepreneur in unlocking that profit being to resolve

and reduce the overall uncertainty. As such, a tolerance for uncertainty and an ability to resolve it are

highlighted as prerequisites for individuals who choose to pursue entrepreneurship (Knight, 1921,

Koudstaal et al., 2016) and are also associated with superior performance among those who do select

into entrepreneurship (Levine&Rubinstein, 2017). However, we agreewithTownsend et al. (2018a)

that uncertainty is a broad, catch-all term that is imprecisely used to describe what are in fact many

distinct knowledge problems.

In particular, complexity is often conflated with uncertainty despite being a distinct knowledge
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Figure 2.3: Novel Recombination and Time to Catch-up. The horizontal axis represents the valuation of
a firm without any novel recombination. The vertical axis represents the total time (in months) it would take
the firm pursuing any novel recombination to catch-up and achieve a comparable valuation.
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problem that, as we will discuss next, warrants separate study. As noted previously, problems of un-

certainty are driven by an unknown variable. But this variable is a known unknown (e.g., the en-

trepreneur has a specific and known question to which she does not know the answer). For example,

an entrepreneur might need to predict whether there is demand for nightly rentals in a particular

market. On the other hand, complexity stems from the multiplicity of variables and interactions be-

tween them, involving coordination between components and/or firm activities (Simon, 1962, Porter

& Siggelkow, 2008). In this context, there are many unknown-unknowns (e.g., things that the en-

trepreneur does not know she does not know ex ante and that are only knowable upon executing).

For example, even in the absence of pure uncertainty, knowing for certain that there is demand for

nightly rentals and that there are people with empty beds who want to collect money from nightly

renters, an entrepreneur might not know whether both can be served simultaneously because there

are unknown interdependencies between these groups that will only become known and, as a result,

can only be addressed during execution.

Given that resolving problems of complexity requires a different approach from resolving prob-

lems of uncertainty, we argue a complexity-based view as opposed to an uncertainty-based view that

has important implications for entrepreneurial strategy. Importantly, problems of uncertainty can

be resolved by obtaining additional information to fill the known gap: “The actor knows the ques-

tion being asked…thus, the discovery of critical data through entrepreneurial action will resolve the

knowledge problem” (Townsend et al., 2018a, p. 675). Learning, experiential or vicarious, resolves

uncertainty. The extant literature demonstrates that additional information gained through experi-

ence decreases uncertainty and thereby increases performance and value over time (Rapping, 1965,

Darr et al., 1995). More recent work demonstrates these same principles in the entrepreneurial con-

text (Gans et al., 2019, Politis, 2005). In contrast, complexity does not lend itself to resolution through

traditional learningmodels. In complex systems the relationship between inputs and outputsmay not

be known, which can severely limit the value of additional information given that it is unclear which
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inputs are actually driving the desired outputs.

In some instances, additional information can even decrease performance in complex systems.

Given that bounded rationality places an upper bound on the information an entrepreneur can rea-

sonably process, complexity can lead entrepreneurs to come away with the wrong learnings, thereby

decreasing performance or even leading to increased failure (Eggers & Song, 2015, Hallen & Pahnke,

2016). In fact, as complexity increases, learning is shown to decrease entrepreneurial foresight (Peter-

son & Wu, 2021). Further research should explore the performance of traditional learning models

under complexity.

Implications for Entrepreneurial Experimentation

The implications of a complexity-based view of entrepreneurship place important caveats on the in-

creasingly popular notion of entrepreneurial experimentation (Camuffo et al., 2020), which we can

think of as a strategy of controlled, intentional learning. A/B testing is a specific experimental ap-

proach used to reduce uncertainty, and the recent surge in articles on this topic attests to its preva-

lence among entrepreneurs (Koning et al., 2022, Bhat et al., 2020). Indeed, the popular Lean Startup

approach and accompanying SiliconValleymantra to “fail fast” encapsulate this push to reduce uncer-

tainty (even if the outcome is failure) through rapid experimentation (Reis, 2011). Facebook’s infa-

mous motto to “move fast and break things” also reflects this tendency.16 However, given the limita-

tions of complexity on learning—limiting an entrepreneur’s ability to relate inputs and outputs—it of

16Under this view, reducing the uncertainty inherent in entrepreneurial opportunities through experimen-
tation is the foundation of the tranched nature of venture capital investment (Kerr et al., 2014). While the
expected value of an entire opportunity may be negative given the inherent uncertainty, the venture capital
financing process breaks the opportunity down into a series of experiments which, if successful, decrease the
uncertainty of the overall opportunity. This breakdown creates tranched investment rounds (e.g., Series A,
Series B), which can have positive expected value in isolation. Given that this calculation of risk and uncer-
tainty determines venture capital funding, the total resources available to a startup over a given period of time
are determined by the degree of expected resolution in uncertainty. Additional information is gathered across
each financing round through the efforts enabled by the invested resources which, if successful, then decrease
uncertainty and increase the value of the startup.
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course follows that experimentation also does not resolve complexity and therefore is of limited value

in complex systems (Townsend et al., 2018a). In complex systems, entrepreneurs must confront un-

knownunknownswhere the specific challenge andproblemare not clear ex ante. Thus, hypothesizing

and then experimenting in complex systems may be precluded entirely given that the entrepreneur is

not even aware of the relevant interdependencies. Another way to conceptualize this may be that in

complex systems the costs of experimentation can be preclusively high.

2.6.2 Timing

By drawing attention to the importance and determinants of timing at a firm level, we draw attention

to overlooked implications of knowledge recombination and industry-level S-curves.

Much of the existing literature on innovation and knowledge recombination makes the assump-

tion that innovation is instantaneous and there is no time requirement to realize value after recombi-

nation. As noted, patents are one of themost commonmeasures of novel recombination and the value

of patents is generally assumed to be inherent and therefore immediate (Fleming & Sorenson, 2001,

Fleming, 2001, Aggarwal et al., 2020). However, we argue that while using patents as a dependent

variable does measure novel recombination in the abstract, it is not a measure of the actual realization

of value in the market for products and services. An opportunity’s value is not realized until after the

time required for execution is invested in practice. As alluded to previously, the first patents on elec-

tric vehicles appeared in the late 1800s. However, it has taken centuries of time for the recombination

to be executed in practice and for a critical number of the relevant interdependencies to be resolved.

Indeed, even now, the complexities of this recombination continue to slow and delay the realization

of the full potential of the electric vehicle opportunity.

The related literature on industry evolutiondoes consider time (Utterback&Suárez, 1993, Suarez

& Lanzolla, 2007); indeed, time is generally the x-axis on the classic S-curve plot. Even more relevant

to this study, Adner & Kapoor (2016) specifically study the “pace” of jumps between curves; one
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could consider the novel opportunities pursued by entrepreneurs in our study as representing jumps

to a new curve. However, the S-curve is generally intended to reflect progress at the industry level.

In contrast, we are concerned with the individual firm, and the individual firm does not benefit from

the law of averages implicitly represented in an industry-level S-curve. In other words, the industry

is concerned with when the shift to a new standard or technology will be realized, but the individual

firm is concerned with whether it will be the one to execute on its pursued opportunity on a practical

timeline. For example, consider the evolution of the pet retailing business as it shifted to online re-

tailing. The early Pets.com is a well known “failure” of the dot-com era—or, from our perspective, it

simply ran out of time. It very well could have succeeded and captured all the value eventually realized

by Chewy two decades later. This same story of a pioneering entrant running out of time has played

out many time, e.g., grocery delivery introduced by Webvan (versus Amazon Fresh), personal digital

assistants introduced by Apple’s Newton (versus PalmPilot). The point is thatWebvan and the New-

ton were fundamentally good ideas, but they just took more time to realize than proved practical at

the time. If it takes too long to address the relevant interdependencies, the firm may not be able to

persevere through execution to achieve the value of an otherwise good opportunity.

2.6.3 Entrepreneurial Failure

A significant portion of entrepreneurship literature primarily focuses on success (e.g., Stuart et al.,

1999, Kroll et al., 2007, Kaplan et al., 2009, Dahl & Sorenson, 2012), while a smaller portion delves

into failure (e.g., Artinger & Powell, 2016, Eggers & Song, 2015). However, examining failure in en-

trepreneurship is crucial as it can provide meaningful insights into strategy. While Michael Porter’s

work centered on understanding why companies succeed (Porter, 1985), Clayton Christensen’s re-

search originated from an interest in why firms fail (Christensen, 1997). By focusing on the deter-

minants of failure, Christensen was able to offer unique and important insights that may not have

been possible with a sole focus on success. While existing literature focuses on the emergence of high-
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performing returns from novel recombination, in fact, looking through the lens of failure tells a very

different story. Because novel recombination delays the realization of the opportunity, through the

mechanism of complexity, the risk of failure is actually increasesd. Therefore, for an entrepreneur

seeking to minimize failure rather than maximize success, novel recombination may not be as attrac-

tive. Considering failure specifically can provide this type of entrepreneur with insights that cannot

be gained solely from studying success.

Bridge financing has received little to no attention in prior research; however, it contains impor-

tant information about entrepreneurial failure. Bridge financing represents a specific type of failure

experienced by entrepreneurs and venture capital investors. It occurs when entrepreneurs run out of

resources before achieving the necessary milestones to raise a formal funding round and must seek a

bridge financing from existing investors.

To understand why the existence of bridge financing contains important information about en-

trepreneurial failure, we have to consider the antecedents to the emergence of a bridge financing, both

from the entrepreneur’s and venture capitalist’s perspectives. From the entrepreneur’s perspective,

the need for a bridge financing reflects a failure to secure the resources required to reach an intended

milestone and raise a subsequent formal funding round. From the venture capital firm’s perspective,

when one of their investments requires a bridge financing this reflects a failure in the firm’s assessment

of the entrepreneur and the opportunity. Both from the perspective of the entrepreneur and from the

perspective of the investor, only looking at companies that ultimately succeeded would miss part of

the picture, notably any failures encountered along the way that required bridge financings to correct.

Similarly, only looking at companies that ultimately failed also misses part of the picture, notably any

companies that also failed but were able to secure a bridge financing and continue. In entrepreneur-

ship, a company is never really a failure as long as it can keep raising money; bridge financings reflect

those startups that persist despite failure.

The context of bridge financing presents numerous opportunities for further research, including
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studying the success rate of bridge financings compared to traditional financing rounds, exploring the

characteristics of firms that successfully secure bridge financings and survive, and investigating the

types of entrepreneurs and venture capitalists more likely to require bridge financings.

2.7 Conclusion

This study addresses how novel recombination and entrepreneurial opportunity in the abstract re-

quire concrete execution andmanagement of complexity and interdependencies to realize in practice.

Importantly, complexity impacts how the value of an opportunity is realized over time. For oppor-

tunities with high levels of novel recombination and therefore high levels of complexity, the time re-

quired to execute is greater and, consequently, the realization of value is delayed. Importantly, when

managing complexity, time requirements can be hard to anticipate such that unanticipated delays and

even failure are more frequent.
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3
TheMediocrity Trap in Entrepreneurial

Learning

3.1 Introduction

Effective and efficient learning is a critical determinant of entrepreneurial performance (March, 1991,

Minniti & Bygrave, 2001, Politis, 2005). New ventures face a high degree of uncertainty in trying to
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identify valuable opportunities (Alvarez&Barney, 2007,Gruber et al., 2008) and often seek to resolve

that uncertainty by learning from the market (Townsend et al., 2018b, Gans et al., 2019). This un-

certainty primarily concerns two separable dimensions—product and market (Helfat & Lieberman,

2002, Moeen et al., 2020, Agarwal et al., 2004)—which together constitute product-market fit (Zell-

weger&Zenger, 2023). At the same time, new ventures are also generally resource-constrained (Baker

& Nelson, 2005, Katila & Shane, 2005, Clough et al., 2019). Put simply, new ventures don’t have a

lot but also need to learn a lot. As a result, entrepreneurs need to try to learn and resolve uncertainty

in a resource-efficient manner (Kerr et al., 2014, Felin et al., 2020). Entrepreneurs cannot afford to

waste resources on building and trying to sell products no one actually wants to buy. As such, ex-

tant literature recommends that new ventures initially invest in minimal versions of their product to

learn and validate market demand quickly so as not to persist and waste limited resources where de-

mand does not exist (Camuffo et al., 2020). This approach has been widely embraced as a way to help

entrepreneurs “fail fast” and avoid wasteful persistence.

But in practice, studies show new venture persistence and delayed exit, with firms continuing to

pursue opportunities even after reasonable negative market signals, thereby wasting resources (Elfen-

bein et al., 2017,Chen et al., 2019). Evenwith the general popularity ofprescriptions against persistence—

not over-investing resources in developing aproduct and, instead, trying to learnby selling it quickly—

newventures continue to delay exit and persist (Chen et al., 2024). Some research points to behavioral

biases, such as overconfidence (Camerer &Lovallo, 1999). Recent research also notes that persistence

can be rational (Elfenbein & Knott, 2015, Agrawal et al., 2021). All in all, we see that, in practice,

firms tend to waste scarce resources by persisting in pursuing bad ideas longer than they should.

I argue that an approach seeking to conserve resources with low upfront product investment can

actually be a source of the very persistence this approach purports to avoid. In other words, the two

key elements of the lean approach—minimal products and rapid pivoting—may not always work to-

gether as intended. Using a two-periodmodel, I illustrate that when trying to sell a product with only
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mediocre product investment, an entrepreneur is prone to be unable to learn whether a failure to sell

is due to a lack of market demand (in which case she should pivot or quit) or insufficient investment

in product development (in which case she should persist). I identify a “mediocrity trap” where an

entrepreneur with a mediocre product can exante assign a higher expected value to persistence rela-

tive to pivoting and is, consequently, ex ante committed to persisting no matter what feedback she

receives from the market. This suggests that persisting (rather than pivoting) in the face of negative

feedback can be the rational path when following the generally recommendedmodel of resource-light

entrepreneurial learning. In other words, entrepreneurs persist when their products are too minimal

to provide viable and actionable learning.

Consider the example of CellCo, a startup that sought to provide cellphone coverage to rural

areas not served by large cell towers. The company quickly went tomarket after only investing enough

to develop a product offering 2G coverage, aiming to learn and validate demand before investing in

3G or 4G technology. When network usage was low, it was unclear whether this negative market

signal indicated a lack of market opportunity (e.g., no one wanted to use cell coverage in the area)

or simply insufficient product quality (e.g., people did want to use cell coverage in the area, but 2G

was not good enough). It was ambiguous. So the startup persisted in trying to validate the market

by continuing to try to get customers to use its 2G coverage network, and ultimately shut down. I

argue that product quality impacts what an entrepreneur is able to learn frommarket signals. Going

to market quickly with a minimally developed product can actually impede learning and slow the

resolution of uncertainty. I propose a strategy of balancing product development and sales over time

to enable meaningful learning, especially learning from failure.

To empirically explore these theoretical insights, I construct a detailed panel of 1,445 enterprise

software companies with API products. The empirical analysis is consistent with the model’s pre-

dictions: firms that take lower-quality products to market tend to persist in trying to sell even after

failure. Further, I find that these firms are more likely to shut down in the long run and, contrary to
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the supposed benefits of fast entry, actually take more time and expend more resources in the pro-

cess. These results suggest that sufficient investment in product development is important to enable

meaningful learning about whether product-market fit exists.

This study makes three main contributions. First, it contributes to the emerging theory-based

view of entrepreneurship (Felin & Zenger, 2017, Wuebker et al., 2023) by suggesting that theoretical

clarity about learning objectives and product quality thresholds can help entrepreneurs design more

informative, critical market experiments, rather than relying solely on rapid iteration with minimal

products (Valentine et al., 2024). Second, it contributes to the literature on entrepreneurial scaling

(Knudsen et al., 2014, DeSantola & Gulati, 2017, Lee & Kim, 2024) by demonstrating how early

product quality decisions can impact a venture’s growth trajectory. Finally, it offers significant man-

agerial implications and challenges prevailing managerial approaches to experiment and “fail fast” in

a resource-efficient manner.

3.2 Theoretical Background

3.2.1 Product and Market as Key Dimensions of Entrepreneurial Uncer-

tainty

Uncertainty is broadly recognized as a fundamental component of entrepreneurship (March, 1991,

Minniti & Bygrave, 2001, Politis, 2005). Strategy literature has long recognized two fundamental di-

mensionsofuncertainty—product andmarket—which entrepreneursmustnavigate (Helfat&Lieber-

man, 2002). While there aremany different dimensions of uncertainty, these twodimensions are high-

lighted as fundamental, early-stage dimensions of uncertainty because entrepreneurs generally need

to resolve product and market uncertainties before addressing other dimensions of uncertainty, such

as ecosystem and institutional uncertainties (Moeen et al., 2020).

Navigating the product dimension of uncertainty encompasses developing the relevant techno-
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logical capabilities to deliver a solution that performs the intended function (Agarwal et al., 2004).

Navigating the market dimension of uncertainty encompasses identifying a group of customers with

a specific need and associated willingness to pay (Adner & Zemsky, 2006). These two dimensions

together constitute what is referred to as product-market fit: a working product that meets the needs

of some market of real customers. Zellweger & Zenger (2023) define product-market fit formally as

“the extent to which the opportunity belief held by the entrepreneur matches the market’s response”

and Grégoire & Shepherd (2012) define this fit as the degree to which an opportunity’s “means of

supply possesses qualities thatmeet the needs and requirements of a targetmarket.” In short, product-

market fit captures the essential interplay between resolving both the product andmarket dimensions

of uncertainty—entrepreneursmust not only identify a genuinemarket need, but also develop a prod-

uct solution which addresses that need.

The importance of both these dimensions is made more clear when considering ventures that

succeed in navigating uncertainty along one dimension but fail in the other. For instance, Segway

navigated product uncertainty to build what most would objectively evaluate as a high-quality trans-

portation device, but failed to resolve themarket uncertainty and find a viablemarket for this product

(Kemper, 2003). Conversely, Theranos identified a legitimate market opportunity in compact blood

testing, but failed to resolve the product uncertainty needed to develop a product that could accurately

perform these tests (Carreyrou, 2018). These examples underscore that product andmarket represent

distinct, separate sources of uncertainty, but ultimately both must be addressed for a business to be

viable.

3.2.2 Learning Approaches for Resolving Product-Market Uncertainty

Resource constraints present entrepreneurs with a fundamental challenge: they must resolve both

product and market uncertainties with limited capital, time, etc. (Baker & Nelson, 2005, Clough

et al., 2019). Although both dimensions need to be addressed to establish product-market fit, re-
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source constraints force strategic choices about which uncertainties to prioritize and how to sequence

learning efforts.

Many advocate for a market-focused approach, prioritizing allocating resources to early engage-

mentwith potential customers before investing in significant product development (Felin et al., 2020,

Leatherbee&Katila, 2020). Building on vonHippel (1986)’s research on “lead users” and the concept

of “market orientation” (Kohli & Jaworski, 1990) in the marketing literature, this approach encour-

ages entrepreneurs to quickly develop initial product prototypes, gather customer feedback, and iter-

ate rapidly. This perspective is most prominently embodied in practice in the Lean Startup method-

ology (Ries, 2011), which advocates for quick market testing of minimum viable products or MVPs

(e.g., prototype products with only a subset of the envisioned features and functionality to conserve

resources) and rapid pivots. Empirical support for this approach includes findings that entrepreneurs

who engagewithpotential customers early can avoidover-investing limited resources developingprod-

ucts no one actually wants to buy (Camuffo et al., 2020).

However, there are also arguments for a different, product-focused approach, which emphasize

investing in developing technological capabilities and more robust funcionality before extensive mar-

ket engagement (Utterback, 1974, Abernathy & Clark, 1985). This perspective questions whether

customers can accurately evaluate or provide meaningful feedback on underdeveloped products, sug-

gesting that most customers (unlike von Hippel’s limited group of “lead users”) assess products at

face value rather than imagining what an early, bare-bones version of a product could potentially be-

come with additional development. This approach suggests that the process of product development

itself generates valuable information about potential product-market fit (Baldwin & Clark, 2006). It

acknowledges that product quality often drivesmarket acceptance (Agarwal&Bayus, 2002) and high-

lights how hard it can be to recover from reputational damage caused by launching underdeveloped

products (Barnett & Pollock, 2012, Hsu, 2007).
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3.2.3 Product Quality and Signal Interpretation

The Signal Clarity Challenge

The dominant market-based approach, particularly in the Lean Startup methodology, rests on two

fundamental prescriptions for finding product-market fit which are assumed to be complementary:

(1) develop minimum viable products, and (2) learn rapidly from market feedback to quickly pivot

away from bad ideas. These prescriptions aim to help entrepreneurs “fail fast” and avoid wasteful

persistence. Recent research has begun to question the universal applicability of these principles (Fe-

lin et al., 2020). Valentine et al. (2024) suggest Lean methodologies may result in reactive pivots

rather than strategic learning, and Agarwal et al. (2025) found Lean treatment groups perform worse

than control groups. Building on these critiques, I propose that the two core elements of the Lean

approach—minimal products and rapid pivoting—may not always be compatible.

This compatibility challenge stems from the relationship between product quality and signal

noise. The concept of noisy signals in entrepreneurial learning is gaining attention (Posen et al., 2018),

with Agrawal et al. (2021) highlighting how market signals convey information about both the idea

and strategy. I extend this insight by arguing that product quality directly affects signal clarity and

learning efficacy.

Consider an entrepreneur attempting to sell a new product. A successful sale provides an unam-

biguous positive signal: both product quality was sufficient and amarket exists. However, a failure to

sell yields different insights depending on product quality. If the entrepreneur had attempted to sell a

hypothetically perfect product, failurewould definitively indicate the absence of amarket. In contrast,

with a lower-quality product, failure to sell could be attributed to either lack of market demand or

insufficient product development. Employing a Bayesian framework, bringing a lower-quality prod-

uct to market decreases an entrepreneur’s ability to update her prior beliefs about whether product-

market fit exists.
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This asymmetry in signal clarity can be stated in the vernacular of established frameworks in strat-

egy. Using March (1991)’s explore-exploit framework, this argument suggests that insufficient ex-

ploitation (product development) impairs effective exploration (market testing). Similarly, using ab-

sorptive capacity theory Cohen & Levinthal (1990), this argument suggests that investment in prod-

uct development functions as a prerequisite for effective market learning.

TheMediocrity Trap

I propose that the signal interpretation challenge creates what I call a “mediocrity trap”—a situation

where entrepreneurs with underdeveloped products receive ambiguous negative market signals that

paradoxically lead to persistence rather than pivoting.

Whenproduct quality is too low to generate clearmarket signals, entrepreneurs cannot effectively

distinguish between product and market problems. This ambiguity can rationally lead to continued

investment rather than pivoting, as entrepreneurs cannot rule out the possibility that market demand

exists but their product is simply inadequate. Paradoxically, the very attempt to conserve resources

through minimal product development—a central tenet of the Lean Startup approach—may result

in prolonged resource expenditure through persistent market testing of inadequate products.

This insight directly challenges the presumed compatibility betweenminimal viable products and

rapid pivoting. Rather than facilitating quick failure and efficient resource reallocation, minimally

developed products may actually inhibit the learning necessary to make informed pivot decisions. In

other words, the mediocrity trap suggests that two key components of a Lean approach—minimum

viable products and “failing fast”—may not always be compatible. The formal model in the next

section demonstrates how this mediocrity trap operates, showing that entrepreneurs who invest less

in product development may not pivot, but rather persist in response to negative market signals.
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3.3 SimpleModel

A simple model provides a structured analytical framework to explore when to try to sell a product to

learn from customers versus when to continue developing the product further before trying to sell it.

The model considers an entrepreneur E operating over two periods with the objective of maxi-

mizing expected profit. In the first period, Emust decide whether to go to market and learn by trying

to sell her current product (“Sell”) or to instead invest in developing the product further (“Develop”).

If she chooses Sell in the first period, she attempts to sell her product to some random customer and

then, based on the outcome, updates her prior belief on whether the market exists and then uses this

learning to decidewhether to sell again (to a different random customer) or to pivot to another oppor-

tunity which has an alternative expected value a. Note that quitting and shutting down is a subcase of

pivoting where the expected value in the second period is zero such that a = 0. In other words, E can

choose to quit and with certainty incur no costs and no payoff in the second period. If she chooses

Develop in the first period, she instead improves the product quality in the first period and then will

try to sell her improved product in the second period.1 So, in total, and as outlined in Figure 3.1, there

are three potential paths over the two periods: (i) Sell, Sell, (ii) Sell, Pivot/Quit, and (iii) Develop, Sell.

Prior the start of the game, the existence of some real market opportunitym is determined exoge-

nously. m is binary, equal to either 1 (if the market does exist) or 0 (if the market does not exist). m is

unknown to the entrepreneur E. Instead, she has some previously formed prior belief μ as to whether

the market exists. This belief μ ∈ [0, 1] represents the likelihoodm = 1 or, in other words, how likely

E believes it is that there is a market with viable customers who want to purchase her product. Also

prior the start of the game, E also knows the starting quality of her product q. This quality q ∈ [0, 1]

1We do not need to consider Develop in the second period. The reason is that given that this is the final
period, it would nevermake sense to develop becauseE would never benefit from the investment. Also, because
E has not received any feedback from themarket after developing in the first period, she cannot update her priors
and therefore would never choose to quit.
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Figure 3.1: Model Overview. There are three possible paths: (i) Sell, Sell, (ii) Sell, Pivot/Quit, and (iii)
Develop, Sell.

represents how well the product objectively performs a given task. I assume that quality is easy to

observe and thus q is common knowledge and known to the entrepreneur E.

Given the separability of product andmarket,whether ornot a customer chooses tobuy aproduct

(and the associated positive or negative market signal) is a function of both whether the market exists

and the product quality. In other words, in order to sell two conditions must hold: there must be a

market, and theproductmust be good enough to sell to thatmarket. Since both conditionsmust hold,

the overall probability of a successful sales effort is the product of the two. As such, the probability of

a successful sales effort ismq and E’s expected likelihood of a successful sales effort is μq.

IfE chooses to sell, while she has the chance to secure revenue, she also incurs some cost associated

with selling (cs), such as salespeople. This cost cs ∈ [0, 1] is normalized to the total possible revenue

from a successful sale. If E chooses to develop, she incurs some cost associated with developing cd ∈

[0, 1] which is also normalized to the total possible revenue from a successful sale. However, if E

chooses to develop, the quality of her product is improved by some Δq. Importantly, Δq ≤ 1 − q

because overall quality is the probability of a sale conditional on a market existing and probabilities
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must be smaller than 1.

3.3.1 Analysis: Expected Value of Each Path

To decide whether to Sell or Develop in the first period, the entrepreneur E considers the expected

value of each path: (i) Sell, Sell, (ii) Sell, Pivot/Quit, and (iii) Develop, Sell. Given that E is profit-

maximizing, shewill follow thepathwith the highest expected value and take the associatedfirst period

action (Sell orDevelop).

Learning and Updating Prior Belief

Learning is an important part of the expected value calculation and E’s subsequent actions. If E

chooses Sell, she gets a signal from the market that can be used to update her prior belief μ as to the

likelihood that amarket for her product exists. Specifically, the signal she receives comes fromwhether

or not she successfully sells her product.

A successful first-period sale allows E to update her prior belief μ to some updated belief μ1 .

Specifically, after getting the positive signal of a successful sale, she knows that μ1 = 1 because a suc-

cessful sale can only happen when the market exists. In other words,mq can only equal one ifm = 1.

Ifm = 0, thenmqwill always equal zero and can never equal one. As a result, the expected likelihood

of a successful sale in the second period after successfully selling in the first period is q (derived by

plugging μ1 = 1 into E’s expected likelihood of a sale μq).

Upon failure to sell in the first period, E’s prior belief μ updates via Bayesian updating to μ1 =

Pr(m = 1|fail) = Pr(fail|m=1) Pr(m=1)
Pr(fail) =

(1−q)μ
1−μq =

μ−μq
1−μq . Looking at how E’s prior belief updates

upon failure (μ1 =
μ−μq
1−μq ), we see that she will update her prior less for lower values of initial product

quality q andmore for higher values of q. A proof forObservation 1 can be found inAppendix Secton

C.1.1.
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Observation 1: For lower values of initial product quality q, there will be a smaller difference between

E’s prior belief μ and her updated belief after failure μ1 .

For example, consider a product which is not developed at all such that q = 0. In this case

μ1 =
μ−μ(0)
1−μ(0) = μ; if there is no prior investment in product development, a failure to sell provides

no new information about the value ofm and E cannot update her prior belief μ. In this case, there is

no difference between μ and μ1. Alternatively, consider a product of perfect quality that performs its

intended task perfectly such that no improvement is possible and q = 1. In this case μ1 =
μ−μ(1)
1−μ(1) = 0;

if the product is fully developed, a failure to sell allows the entrepreneurE to determine with certainty

thatm = 0 and a market does not exist.

For additional clarity, Figure 3.2 illustrates the information value of a negative signal for different

values of initial product quality q. The x-axis shows different initial beliefs μ, and the y-axis shows the

absolute change inE’s prior belief after getting a negative signal (|μ1−μ|). The different lines trace this

difference in the absolute change inE’s belief for different values of q. This figure illustrates that lower

values of q always leadE to change her prior by a smaller amount; there is less information value in the

signal from trying to sell a lower-quality product. In other words, E learns less about whether there is

a market (the signal is noisier) after failure when she tries to sell a lower-quality product because it is

less clear whether the failure to sell is due to the lack of a market or low product quality.

As a result, the expected likelihood of a successful sale in the second period after a failed sales

attempt in the first period is μ−μq
1−μq q (derived by plugging in μ1 =

μ−μq
1−μq into E’s expected likelihood of

a sale μq).

Expected Value of Sell Path

The expected value of Sell in the first period is equal to the expected likelihood of a successful sale (μq)

minus the cost associated with selling (cs), such as salespeople. Altogether, the expected value of Sell

in the first period is μq− cs.
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Figure 3.2: Updated Prior Belief μ1 After Failure to Sell. The x-axis shows the entrepreneur E’s initial
belief μ in the existence of a market for her product. The y-axis shows the absolute change in E’s belief after
a failure to sell in the first period. The three lines represent three different values of initial product quality q.
Note that smaller values of q always lead E to update her prior belief by a smaller amount.

The expected value of Sell in the second period depends on whether or not the first-period sale

was successful. As noted previously, a successful first-period sale allows E to update her prior such

that μ = 1 because a successful sale can only happen when the market exists. As a result, the expected

value of trying to sell in the second period after successfully selling in the first period is q− cs.

Also as noted previously, upon failure to sell in the first period, E’s prior μ updates via Bayesian

updating to μ1 =
μ−μq
1−μq . Thus, the expected value of trying to sell in the second period after failing

to sell in the first period is μ−μq
1−μq q − cs. If this updated expected value of trying to sell is less than E’s

alternative a, then E will not choose to sell again but will instead pivot to her alternative.

These outcomes inform the comprehensive expected value of choosing Sell in the first-period.

Using backwards induction, I sum the first-period expected value, the second-period expected value

after success weighted by the likelihood of success in the first period, and the second period expected

value after failure weighted by the likelihood of failure in the first period:

E(Sell) = μq− cs︸ ︷︷ ︸
Period 1 EV

+ μq(q− cs)︸ ︷︷ ︸
Period 2 EV After Success

+(1− μq)max
{
μ− μq
1− μq

q− cs, a
}

︸ ︷︷ ︸
Period 2 EV After Failure

.
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Expected Value ofDevelop Path

The expected value of the Develop path is more straightforward, reflecting the net benefit of selling

a product whose quality is improved by some amount Δq in the second period after absorbing the

initial development cost cd in the first period. If entrepreneur E chooses Develop, she forgoes the

opportunity to sell and instead incurs some development cost cd ∈ [0, 1]. Therefore, the first-period

expected value is simply−cd.

In the second period, E will then try to sell her product that is now improved by some amount

Δq. The expected value of trying to sell the improved product in the second period is μ(q+Δq)− cs.

Together the expected value ofDevelop can be written as follows:

E(Develop) = −cd︸︷︷︸
Period 1 EV

+ μ(q+ Δq)− cs︸ ︷︷ ︸
Period 2 EV

.

E will choose Sell orDevelop based on which path has the highest expected value.

3.3.2 TheMediocrity Trap: Persistence and Product Quality

Akey insight of this paper that follows fromObservation1 is that lower levels of initial product quality

can make the signal from a failure to sell so noisy that E is unable to update her prior belief by a

sufficient amount such that pivoting or quitting is the rational option. Instead, she will persist in

selling again no matter what. This is captured in the following Proposition, with the proof outlined

in Appendix Section C.1.2.

Proposition 1: A lower product quality q may cause E—conditional on selling in the first period—to

persist in the market and sell again after failure to sell (rather than pivot or quit after a failure to sell).

Proposition 1 (Formalized): For a non-empty part of the admissible (μ, cs, a, q) parameter space,

there exist q̂ with 0 < q̂ < 1 such that for q < q̂, E(Sell,Sell) > E(Sell,Pivot/Quit) and for q > q̂,
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E(Sell,Pivot/Quit)>E(Sell,Sell).

I call this proposition themediocrity trap: there exists a region of quality levels where E is trapped

in selling again rather than learning and pivoting. Put in plain terms, if E tries to follow popular

approaches and invests theminimumamount todevelop an intermediate product ofmediocre quality,

rather than pivoting or quitting in response to negative market signals, her mediocre product may

cause her to persist instead.

This mediocrity trap is illustrated in Figure 3.3 where I plot the impact of different levels of q on

E’s expected value. In this specific case, I assume E’s initial belief μ = 0.5, which means she believes

it is equally likely that a market does and does not exist. I also assume cs = 0.1, which would imply

a 90% margin (this is a realistic, good margin for an eneterprise software company). I set a = 0 such

that E’s alternative is to quit and shut down.

Figure 3.3 shows that for high values of q, it is more attractive forE to quit after failure. However,

for mediocre values of q, it is more attractive to persist and try to sell again after failure. Using specific

numbers, when initial product quality is high at q = 0.9, E(Sell, Pivot/Quit After Failure) = 0.71

which is greater than E(Sell, Persist After Failure) = 0.70. Here, E will choose to quit after fail-

ure. In contrast, when initial product quality is mediocre at half the prior value such that q = 0.45,

E(Sell, Pivot/Quit After Failure) = 0.20 which is less than E(Sell, Persist After Failure) = 0.25.

Here, E will choose to persist after failure.

This is somewhat counterintuitive as one would typically expect companies with lower quality

products to quit more quickly; instead, for the same level of confidence that a market exists and with

the same sales costs, having a relatively lower-quality product can cause E to choose to persist rather

than quit upon failure. In other words, when product quality dips below a certain point, then the

signal from failure is not strong enough to allow E to update her prior belief to a sufficient degree

such that she will quit following a failure to sell. Instead, she will choose to persist and continue

to sell regardless of a negative market signal. This scenario contradicts the experimentation ethos of
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Figure 3.3: Model: Illustrative Case. The vertical axis Expected Value represents the ex ante expected value
of choosing to sell versus choosing to develop in the first period determined through backwards induction.
The horizontal axis Initial Product Quality (q) represents the quality of the product, which is known to
the entrepreneur, at the start of the first period. In this illustrative case to enable plotting along these two
dimensions, we assume the entrepreneur’s initial belief that there is a market μ = 0.5, a cost of selling cs = 0.1,
a development cost cd = 0.1, and an increase in quality from development Δq = 0.4, and that the alternative
expected value is to quit with a = 0.

Note that the solid line represents developing in the first period. This line levels off after q = 0.6 be-
cause product quality cannot exceed 1; given that Δq = 0.4 and q + Δq ≤ 1, the improved product quality
will max out at 1 once q reaches 0.6. The dotted and dashed lines represent selling in the first period, but the
rational entrepreneur will take the max of the two lines because she can choose whether to persist and sell again
or quit in the second period. As such, the max of these two lines is what the entrepreneur will consider when
comparing the expected value of selling versus developing in the first period.

This plot illustrates Proposition 1, showing that lowering the product quality can lead the entrepreneur to
persist after failure rather than pivot/quit. It is initially counterintuitive that, holding the entrepreneur’s belief
that there is a market, costs, etc. constant, lowering product quality would lead her to assume a higher expected
value from persisting relative to quitting. Note that, in the counterfactual where the entrepreneur is forced to
quit after failure, she will choose to develop more in the first period rather than sell.
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failing fast to learn quickly, suggesting instead that products of mediocre quality may be what push

entrepreneur E to market early due to the associated attractiveness of persisting despite failure.

Some comparative statics can be found in Appendix Section C.1.3. I show that the size of the

range of values of initial product quality q for which E will fall into themediocrity trap increases with

m and decreases with cs and a. In other words, E is more likely to fall into the mediocrity trap when

she has a higher prior belief that the market exists, when cost of selling is low, and when the expected

value of her alternative option from pivoting is low.

3.3.3 Counterfactual Comparison

I now explore the counterfactual scenario where the entrepreneur E is forced to follow the “fast fail”

logic and must always pivot after failure. As noted in Sections 3.2.2 and 3.2.3, the customer-centric,

experimental approach is to invest less in product development and quickly try to sell an intermediate

product soE can “fail fast” and avoid costly persistence. However, themodel suggests that ifE is forced

to pivot or quit upon failure, she would actually choose to invest more often in product development

before trying to sell; she would not try to sell a minimummediocre product but would instead invest

in developing a higher-quality product before trying to sell to the market.

Again referring to specific numbers, consider again the case referenced earlier where initial prod-

uctquality ismediocre atq = 0.45,E(Sell, Pivot/Quit After Failure) = 0.20, andE(Sell, Persist After Failure) =

0.25. As illustrated in Figure 3.3, assume development cost cd = 0.1 and the increase in quality from

development Δq = 0.4. For the same q = 0.45, E(Develop, Sell Improved Product) = 0.23. Here,

E will choose to persist and sell again nomatter what because it has the highest expected value. How-

ever, because E(Develop, Sell Improved Product) > E(Sell, Pivot/Quit After Failure), if E’s objec-

tive was instead to gain enough information to actually quit after failure, she would choose to develop

the mediocre product further instead of going to market and trying to sell it now.

In summary, when E begins with a product of mediocre quality, the calculus of whether to Sell
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orDevelop can completely reverse if she were actually forced to pivot or quit after a failure to sell.2

3.4 Hypothesis Development

In this section, I develop hypotheses in the context of this paper’s empirical setting: enterprise soft-

ware companies that offer Application Programming Interfaces (APIs) as their primary product. To

provide clarity for readers who may be unfamiliar with this context, I will first explain some key con-

cepts.

Enterprise software companies develop and sell software products and services to other busi-

nesses, rather than to individual consumers (Ethiraj et al., 2005, Pontikes, 2012). These products of-

ten aim to improve efficiency, productivity, or capabilities within the purchasing organization. APIs,

or Application Programming Interfaces, are sets of protocols and tools that allow different software

applications to communicate with each other (Zachariadis & Ozcan, 2017, Benzell et al., 2023). In

essence, APIs act as intermediaries, enabling one piece of software to request and receive information

or functionality from another.

For example, consider a university that uses a two-factor authentication system likeDuo for secure

login. Duo provides an API that allows the university’s IT systems to integrate Duo’s authentication

service seamlessly. Another common example is Microsoft’s Active Directory, which many institu-

tions use for single sign-on capabilities. Active Directory’s API allows various applications and ser-

vices within an organization to verify user identities and permissions consistently. Importantly, these

services are not developed by the schools themselves; instead, the schools use theAPIs to access and in-

tegrate external technology into their own systems, leveraging specialized expertise and infrastructure

provided by the API vendors.

In this context, acquiring a new customer is significantly different from the concept in consumer

2Modelt limitations and extensions are discussed in Appendix Section C.1.4
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goods. When a consumer products company like a toothbrushmanufacturer gains a new customer, it

typically means a one-time purchase has occurred. In contrast, when an enterprise software company

acquires a new customer, it often signifies the beginning of an ongoing relationship. These customers

usually commit to subscription-based services or recurring purchases, with the expectation that they

will continue to use and pay for the product over an extended period. This concept of a ”recurring

customer” is crucial, as it affects how these companies value new customer acquisitions and informs

their sales and marketing strategies.

By hypothesizing in the context of enterprise software companies that offerAPIproducts, I aim to

balance the generalizability of the findingswith the need for a focused and controlled empirical setting.

While the sample does not speak directly to all industries, the enterprise software sector represents a

significant portion of the technology and venture capital landscape (with $44B USD invested by VC

funds in business-to-business software companies in 2023), making the findings relevant and valuable

for a wide range of stakeholders. Furthermore, I will theorize why many of the relationships in this

context are relevant across other industries.

3.4.1 Market Signal: Customer Acquisition Costs

In the enterprise software context, Customer Acquisition Cost (CAC) is defined as the total expen-

diture required to convert a potential client into a paying customer. CAC serves as a critical market

signal and provides valuable insights into product-market fit. The underlying principle is that while

sales can always be achieved given sufficient resource allocation, the efficiency of this expenditure, as

reflected in the CAC, varies significantly based on several factors.

It is important to note that in the enterprise software industry, the cost of goods sold (COGS) for

each incremental unit is typically quite low. The majority of costs are often associated with upfront

fixeddevelopment expenses. However, a significant ongoing cost that canbe directly tied to each sale is

the cost of salespeople. In enterprise software, the sales process often involves complex negotiations,
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demonstrations, and relationship-building, making salespeople a crucial and substantial part of the

customer acquisition process.

A low CAC typically indicates strong product-market fit, suggesting that the offering resonates

well with its target audience and requires minimal convincing or extended sales cycles. This efficiency

often stems from a compelling value proposition, where the product’s benefits are readily apparent

and align closely with market needs. Conversely, a high CAC can signal problems with product-

market fit. It may indicate underlying product issues or a misalignment between the offering and

market needs, necessitating more extensive and resource-intensive efforts to educate and persuade po-

tential customers. Put simply, it generally is not a question of whether a firm can sell a given product,

but rather howmuch it will cost the firm to make each sale.

3.4.2 Learning fromCAC asModerated by Product Investment

As discussed in the theory and model, what an entrepreneur does after getting a negative signal is

key to unpacking what she learned from that signal. In this context, we can hypothesize on what an

entrepreneur will do after selling and experiencing a high CAC (i.e., a negative signal that suggests

there may be poor product-market fit) relative to how much she invested in the product previously.

Learning (or a lack thereof) is then manifest as the entrepreneur either selling again or pivoting.

The theory predicts that entrepreneurs with lower-quality products may not update their beliefs

in response to negative signals sufficiently to lead them to pivot or quit. Instead, they may persist in

trying to sell again. This persistence manifests as continued investment in sales activities, such as hir-

ingmore salespeople, even in the face of highCAC.The rationale is that, with amediocre product, the

entrepreneur cannot definitively attribute high CAC to a lack of market demand versus insufficient

product quality, leading the entrepreneur to continue their sales efforts rather than pivoting or quit-

ting. In otherwords, and as suggested by themodel, firms can bemore likely to fall into themediocrity

trap and persist despite negative signals when trying to sell mediocre, low-quality products.
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Hypothesis 6 Enterprise software startups that get a negative signal of high CAC from selling a less-

developed product are more likely to persist in selling again.

Building on the logic of the mediocrity trap, we can extend the same reasoning to pivoting be-

havior. Pivoting involves moving away from one market and towards another, often in response to

negative market feedback. However, the model suggests that entrepreneurs with less-developed prod-

ucts may be less likely to pivot, even when faced with negative signals such as high CAC. This is be-

cause the ambiguity in the market signal (high CAC) for a mediocre product makes it difficult for

the entrepreneur to conclude definitively that the market does not exist, which would prompt her to

pivot. Instead of recognizing the need to pivot, they may attribute the high CAC to factors that can

be overcomewith persistence. This reluctance to pivot is a direct consequence of the inability to learn

effectively from the market signal due to the mediocre product quality.

Hypothesis 7 Enterprise software startups that get a negative signal of high CAC from selling a less-

developed product are less likely to pivot.

Shutting down is a specific sub-case of pivoting (where the expected value is zero); themodel sug-

gests a similar relationship where E is less likely to shut down after receiving a negative signal from

trying to sell a mediocre, low-quality product. The model suggests that this reluctance to shut down

stems from the same mechanism that drives persistence and reduces pivoting: the inability to defini-

tively interpret the high CAC as a signal of non-viability.

Hypothesis 8 Enterprise software startups that get a negative signal of high CAC from selling a less-

developed product are less likely to shut down.
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3.5 EmpiricalMethods

3.5.1 Context

As noted previously, this study uses enterprise software companies that offer Application Program-

ming Interfaces (APIs) as the empirical context. The enterprise software API context is particularly

suitable for exploring the theory and hypotheses presented in this paper for several reasons. First, the

relatively low technical risk in product development allows for a more direct examination of the rela-

tionship between product quality and market success. Unlike industries such as pharmaceuticals or

advanced manufacturing, where product feasibility may be a significant barrier, enterprise software

companies can generally build the products they envision. This means that the decision to try to sell

a lower-quality product or to wait and develop a higher-quality offering is less confounded by tech-

nical constraints and more directly tied to strategic choice. Second, the success of enterprise software

companies can be measured through various clear metrics, such as customer acquisition, retention,

valuation, and key performance indicators specific to the enterprise software business model. These

measurablemarket outcomes allow for testing the predictions in away thatmight bemore challenging

in other contexts with less clear-cut measures of performance.

3.5.2 Data and Sample

My primary dataset consists of Pitchbook venture data combined with LinkedIn employment data,

BuiltWith API usage, and product architecture data. Pitchbook is an aggregator of data on private

capital markets, including new ventures and venture capital investment in those ventures. Pitchbook

uses a combination of technical software tools and a large human data operations team to assemble

what is arguably the largest and most accurate database of startups and venture capital investment in

those startups. LinkedIn contains data on the employees working at a given firm over time, as well
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as the prior employment and educational experience of those employees. As outlined in Stroube &

Dushnitsky (2023), BuiltWith data includes a comprehensive collection of internet technology data,

profiling websites globally across multiple dimensions, including the technologies they employ, such

as server infrastructure, analytics, frameworks, content management systems, and APIs. This dataset

is generated by continuously scanning theweb, capturing the technology adoption and usage patterns

of millions of websites. The BuiltWith dataset offers a granular view of all the technologies websites

use over time.

To define my sample I start with the 3,751 firms in the Pitchbook database who also have an API

product captured on BuiltWith. To do so, I automate a search of each company in the Pitchbook

database in the BuiltWith API database using each company’s associated web domain. I then narrow

my sample to the 1,445 firms with the “Information Technology” sector classification in Pitchbook

given that these are the firms whose primary product is an API versus merely having an API as a sec-

ondary offering. For each firm, I collect the LinkedIn profiles of every individual who has ever worked

at that firm, including both current and former employees. I then aggregate this data to construct var-

ious measures of employee composition at the firm-year level. I match the Pitchbook sample to the

LinkedIn database using the firmwebpage URLs. Next, I use the BuiltWith data to construct a panel

at thewebsite-year level, which captures all the websites (i.e., customers) using eachAPI in each year. I

then aggregate this data to the firm-year level to createmeasures of the customers each firm has in each

year. Finally, I merge this firm-year panel with the previously constructed Pitchbook-LinkedIn panel.

This approach allowsme to create a comprehensive dataset that combines the Pitchbook venture data,

LinkedIn employment data, and BuiltWith API usage and product architecture data at the firm-year

level. The resulting panel dataset enables me to analyze the relationships between a firm’s employee

composition, customer base, product architecture, and performance over time.3

3All data is also available at the month level. However, I use year-level data given that sales cycles and other
outcomes generally take multiple months and therefore a month-level analysis may not accurately capture per-
formance.
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3.5.3 Variables

Key Dependent Variables

Thekey insights outlined inmy theoreticalmodel andhypotheses center aroundwhat an entrepreneur

decides to do after getting a negative market signal from trying to sell in the first period. As such, I

construct measures to capture the second-period choices available to an entrepreneur after she tries

to sell: Sell Again, Pivot, or Quit. I first construct a measure to capture a firm’s persistence in selling

again.

Sell Again The nature of enterprise software makes salespeople a good proxy for a firm’s strate-

gic resource allocation to selling to customers. These products often involve more complex sales cy-

cles that require personalized attention, tailored solutions, and significant customer education—all

of which are effectively managed by salespeople. Unlike consumer products, enterprise software sales

typically involve a more relationship-based approach, with longer decision timelines and negotiations

that benefit from professional sales involvement. The decision to invest in a larger sales force indicates

a strategic prioritization of sales efforts. The total number of salespeople in the subsequent year repre-

sents the firm’s relative strategic prioritization and resources allocated to selling in that year. Sell Again

is a leading variable equal to the total number of new salespeople hired by the firm in the subsequent

year. As outlined in Appendix Section C.1.5, I find the results are robust to two alternative measures

of persistence in selling again: total salespeople and salespeople attrition.

I then construct a set of measures to capture whether a firm pivots. A pivot involves both seek-

ing new customer types and turning away from previously sought after customer types. To define

customer types, I use the webpage data from BuiltWith that shows all the tools, technologies, and ap-

plications used to build each customer’s webpage. How a customer’s webpage is built is an especially

relevant proxy for customer type when the customer is purchasing an API meant to fit in with the
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ecosystem of other technologies on its website. By examining how a firm’s customer type changes

over time, I can measure what type of customer a firm is targeting and, when that changes, identify a

pivot.

Pivot: New Customer Types Pivot: New Customer Types is equal to the number of APIs used

on new customers’ webpages in the subsequent year that are not used by any customers in the current

year, all relative to the total number of current customer APIs: in other words, how distinct the new

types of customer webpages are relative to the existing customer base.

Pivot: Churned Customer Types Pivot: Churned Customer Types is equal to the number of

APIs used on current customers’ webpages that are not used by any of a firm’s customers in the sub-

sequent year, all relative to the total number of current customer APIs: in other words, the degree to

which a firm is turning away from a certain customer type.

I also construct a measure to capture whether a firm shuts down.

Shutdown Shutdown is a binary indicator ofwhether the firm shuts down in a given year, equal to

1 in the year the firm’s total employees drop below 50% from the peak.4 I argue that this approach to

determining firm shutdown, enabled by the unique dataset on employees, is an improvement over the

approach used by many other studies that rely on reporting of firm shutdown despite firm shutdown

beingmuch less likely to be reported relative to funding rounds, acquisitions, IPOs, etc. For example,

PitchBook reports that only nine of the firms in the sample shut down during my period of interest.

However, this is inconsistent with the well-established reality of the frequency of startups shutting

down. Using my new measure of firm shutdown based on customer data, I find that 91 firms shut

down, which is much closer to what one might expect in the first five years.5

4I also use different cutoffs in supplemental analyses to test for robustness.
5I find that the results hold if only using shutdowns reported in Pitchbook, though given that they aremuch

less frequent the effect sizes and significance are smaller.
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Main Independent Variables

Customer Acquisition Cost (CAC) Generally, CAC is calculated by taking all sales expenses

during a given period and dividing by the total number of new customers acquired during the same

period. In the enterprise software context, the sales expense is generally just the sales employees. There-

fore, I proxy CAC as the total number of salespeople employed by a given firm in a given year divided

by the total new customers acquired by a given firm in a given year. A higher CAC is a negative signal

because it means the firmmust expend a larger amount of resources to acquire each new customer.

In calculating CAC, I employ the logarithmic division rule to address potential computational

issues. Traditionally, CACwould be calculated as Total SalespeopleMonths (total months of all sales

employees at a given firm in a given year) divided by Total New Customers (total new customers ac-

quired during the year). However, this approach becomes problematic when New Customers equals

zero, resulting in an undefined value. To circumvent this issue, I leveraged the property of logarithms

where the log of a quotient equals the difference of the logs: ln(a/b) = ln(a) – ln(b). Specifically, I

define Customer Acquisition Cost (CAC) as ln(Total Salespeople Months + 1) – ln(New Customers +

1). Adding 1 to each term before taking the logarithm ensures that the argument is always positive,

evenwhen the original value is zero. This transformation normalizes the distribution of theCACvari-

able and resolves the division-by-zero problem, making it more suitable for statistical analyses. This

approach allows for a more robust calculation of CAC across all firms in the dataset, including those

that may not have acquired any new customers in a given period.

ProductDevelopment The Product Development variable, measured as the cumulative sum of

product developer months in all prior years, serves as a proxy for the firm’s commitment to product

development and investment in product quality. The underlying assumption is that firms investing

more resources in their product development teams are likely to create higher-quality products. This
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is similar to the approach used by many papers that use input measure as a proxy for quality or per-

formance: researcn and development (R&D) expenditure is often used as a proxy for firm innovation

(e.g., Rothaermel & Hess, 2007), and years of education and/or experience are often used as proxies

for human capital quality (e.g., Hitt et al., 2001).6

There are potential concerns around a set of plausible confounding factors relative to CAC and

Product Development, including number of products, competition, price, etc. In Section 3.5.4, I out-

line various robustness tests and theoretical explanations for why CAC is a valid measure.

Control Variables, Fixed Effects, and StatisticalModel

To account for the potential difference in impact of firmswithmore or less money available over time,

and therefore different degrees of resource constraint over time, Funding is equal to the total cumu-

lative amount of money raised by a firm at a given point in time measured in millions of USD and is

included in all regressions.

To account for the changing size of the firm over time and associated changes in workforce ca-

pacity, organizational structure and complexity, etc., Total Employees is equal to the total months of

employee labor used by a firm in a given year and is included in all regressions.

In addition, I also include a set of fixed effects to control for potential unobserved heterogeneity

correlated with the variables of interest. Firm fixed effects allow for the comparison of within-firm

variation in value over time by controlling for all unobserved heterogeneity at the firm level, including

variation in industry, novelty, founder characteristics, etc. Year fixed effects account for the concern

that certain outcomes may be more likely to occur earlier or later in a firm’s life-cycle (e.g., a firm is

more or less likely to hire salespeople right after founding versus many years after founding).

6These measures of course have limitations, as the investment in inputs does not necessarily equate to the
quality of their output. To try to address this concern, Appendix Section X weights each product employee by
their cumulative years of prior product development experience across prior jobs.
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Given that this data is at the firm-year level, in order to account for potential correlation in the

error term across firm age year, I generally cluster standard errors at the year level.

Also, in regression analyses I take natural logs of most variables (aside from binary indicators),

as they approximately follow a log-normal distribution. These log variables are labeled with an Ln

preceding the variable name in regression tables.

Summary Statistics

As outlined in Table 3.1, the dataset comprises 1,445 firms observed over 9,343 months starting two

years before the founding date to account for pre-founding activity and continuing through five years

post-founding (with an average firm age of 1.9 years post-founding) in order to capture the key initial

years of firm activity while eliminating the large variance and outliers late in firms’ life-cycles. The

summary statistics provide insights into various aspects of these firms’ operations and performance.

Table 3.1: Summary Statistics. 1,445 Firms with observations over 9,343 months.

Statistic Mean St. Dev. Min Max

Sell Again 2.73 7.78 0 259
Pivot: Churned Customer Types 0.05 0.10 0 1
Pivot: New Customer Types 1.51 19.32 0 1, 087
Shutdown 0.01 0.10 0 1
Product Development 62.92 285.72 0 10, 838
CAC 0.66 2.33 −10.74 7.61
Funding 10.75 202.94 0 18, 254.11
Total Employee Months 155.59 503.35 0 18, 187
Year 1.88 1.97 −2 5

On average, firms hire 2.73 new salespeople in a given year. The average firm employs about four

salespeople (47.8 salespeople months divided by 12 months in a year). However, this has a very large

standarddeviationof∼ 12 salespeople. The average firmhas∼ 13 employees (155.6 employeemonths

divided by 12 months), but again with a very large standard deviation of∼ 42 employees.
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Pivotmeasures reveal that firms aremore likely to explore new customer types (mean = 1.51) than

to churn existing ones (mean = 0.05). However, the high standard deviation for new customer types

(19.32) suggests significant variability in this behavior across firms. Shutdown has a low mean (0.01).

However, it should be noted that this value only occurs once in the lifetime of each firm that fails in

the panel. In practice, 31.3% of firms are marked as shutting down at some point.

Table 3.2 shows the correlationmatrix between all numeric variables. CAC has aweak tomoderate

positive correlation with Sell Again: New Salespeople (0.134) and with Sell Again Alt Measure: Total

Salespeople Months (0.155), which aligns with the idea that larger sales forces might lead to higher

acquisition costs. Total Employee Months is strongly correlated with Product Development (0.730),

consistent with the idea that larger firms have invested more in product development and have larger

salesforces. Interestingly, the pivot measures show weak correlations with most other variables, sug-

gesting that pivoting behavior might be influenced by factors not captured in these primary metrics.

In addition, the measures of firm shutdown show very weak correlations with most variables, which

might be due to its low frequency in the panel.

Table 3.2: Correlation Table. Pairwise correlations.

(1) (2) (3) (4) (5) (6) (7) (8) (9)

(1) Sell Again 1

(2) Pivot: Churned
Customer Types 0.054 1

(3) Pivot: New
Customer Types 0.002 -0.016 1

(4) Shutdown:
Employees -0.030 0.135 -0.002 1

(5) Product
Development 0.352 0.091 0.003 -0.007 1

(6) CAC 0.134 -0.296 0.032 -0.119 0.105 1
(7) Funding 0.087 0.013 0.001 0.006 0.158 -0.036 1

(8) Total
Employee Months 0.538 0.089 0.001 -0.019 0.730 0.096 0.219 1

(9) Year 0.203 0.410 0.045 0.123 0.154 -0.098 0.058 0.192 1
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3.5.4 Empirical Limitations, Robustness Tests, and Future Directions

While the empirical analysis provides evidence consistent with the theoretical model, several impor-

tant limitations should be acknowledged. This section discusses these limitations, the robustness tests

conducted to try to address them, and some opportunities for future research.

Measurement and Construct Alignment

First, the empirical analysis uses proxies for the theoretical constructs and the distinctions between

theory and empirics should be noted. For example, the measure of persistence—hiring additional

salespeople—represents an intensification of sales efforts rather than merely continuing existing ac-

tivities as conceptualized in the model. This stronger operationalization provides a clearer signal of

strategic commitment and is more readily observable in the data. To validate this choice, alternative

measures of persistence including total salespeople months and salespeople attrition are also tested

(Appendix Section C.1.5), with consistent results across specifications.

Similarly, CAC is continuous versus the model’s simplified binary feedback structure. Several

robustness checks help validate CAC as a meaningful market signal, addressing concerns about other

customer acquisition channels (Appendix SectionC.1.9), changes inprice (Appendix SectionC.1.12),

and the possibility that high CAC represents strategic investment rather than poor product-market

fit (Appendix Section C.1.13). These tests consistently support the interpretation of CAC as a valid

market signal.

Endogeneity and Identification Challenges

Both product development investments and sales resource allocation represent endogenous strate-

gic choices potentially influenced by unobserved factors. While firm fixed effects control for time-

invariant heterogeneity, they cannot address time-varying confounders or reverse causality. To par-
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tiallymitigate these concerns, we investigated the influence of changes in firm strategy (Appendix Sec-

tion C.1.10) and accounted for the impact of competition using two different clustering techniques

(Appendix Section C.1.7), with the main findings remaining robust.

Theuseoffirmfixed effects restricts analysis towithin-firmvariationover time rather thanbetween-

firm differences. This approach differs from the model’s conceptualization of an entrepreneur mak-

ing an initial product quality decision, then observing market signals and deciding whether to pivot.

However, this panel approach offers significant analytical advantages by controlling for unobserved

firm-level heterogeneity. The fact that we find results consistent with the theoretical predictions de-

spite using this different analytical approach suggests that the effect appears to operate within firms

over time.

The appendix further addresses potential selection concerns related to data sources (Appendix

Section C.1.6), with results holding when restricting the sample to post-2012 observations. I also

investigate how customer size (Appendix Section C.1.11) and the presence of multiple products (Ap-

pendix Section C.1.8) might affect our results.

Future ResearchDirections

Despite these robustness tests, several limitations remain that offer promising directions for future

research. Experimental or quasi-experimental approaches could provide stronger evidence. For in-

stance, examining exogenous shocks to product development capabilities or conducting field experi-

ments that randomly vary product investment before market testing would address the endogeneity

concerns inherent in observational studies.

The current study focuses exclusively on enterprise software companies offering API products,

limiting generalizability to other contexts. Comparative analyses across different industries with vary-

ing technological characteristics, development timelines, and feedback mechanisms would help iden-

tify boundary conditions and refine our understanding of when product quality most critically influ-
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ences entrepreneurial learning.

The long-term effects of early resource allocation decisions (Appendix Section C.1.14) suggest

that initial emphasis on product development versus sales may have significant performance implica-

tions. Future research couldmore systematically track howentrepreneurs learn to escape this trap over

time, potentially developing interventions that help entrepreneurs more effectively balance product

development with market testing.

In conclusion, while the empirical analysis provides evidence consistent with the model and the-

ory, these findings should be interpreted with appropriate caution given the methodological limita-

tions outlined above. Nevertheless, the consistency of results acrossmultiple robustness tests strength-

ens confidence in the core finding: entrepreneurs with less-developed products tend to persist despite

negative market signals.

3.6 Results

Hypothesis 6 predicts that, upon receiving a negative signal of high CAC, firms without meaningful

investment in product development will be more likely to persist and sell again in spite of the negative

signal. The regression analysis in Table 3.3 shows support for this hypothesis.

The regression analysis reveals a positive relationship between CAC and New Salespeople (β =

0.018, p = 0.144). This suggests that a 100% increase in CAC is associated with an approximate 1.3%

increase in the number of new salespeople hired in the next period.7 This indicates that firms tend to

expand their sales force in response to higher customer acquisition costs, consistent with persistence

in selling efforts.

The interaction term between Product Development and CAC is negative (β = −0.007, p =

0.071). This suggests that higher product investment mitigates the impact of CAC on hiring new

7Effect size of log-log transformed variable pair is calculated as 20.018 − 1 ≈ 0.0126 here and in a similar
manner subsequently.
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Table 3.3: Tendency to Persist and Sell Again. Ordinary least squares (OLS) estimation. Standard errors
(in parentheses) are clustered at the year level. p-values are shown in brackets.

Sell Again
Ln Product Development 0.185 0.092 0.050

(0.004) (0.019) (0.012)
[0.000] [0.002] [0.004]

Ln CAC 0.089 0.033 0.018
(0.006) (0.014) (0.011)
[0.000] [0.050] [0.144]

Ln Product Development × Ln CAC −0.006 −0.008 −0.007
(0.002) (0.003) (0.003)
[0.000] [0.041] [0.071]

Ln Funding 0.095
(0.030)
[0.015]

Ln Total Employees 0.110
(0.018)
[0.000]

(Intercept) 0.317
(0.012)
[0.000]

Observations 9343 9343 9343
R2 0.239 0.617 0.627
FE: Year X X
FE: Firm X X
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salespeople. To fully offset the effect of a 100% increase in CAC on new salespeople hires, product

investment would need to increase by approximately 185.4%.8 This indicates that while higher CAC

generally encourages startups to hire more salespeople, product investment can offset this effect.

Table 3.4: Tendency to Pivot or Shutdown. Ordinary least squares (OLS) estimation. Standard errors (in
parentheses) are clustered at the year level. p-values are shown in brackets.

Pivot: Churned Pivot: New
Customer Types Customer Types Shutdown

Ln Product Development −0.001 0.001 −0.008
(0.001) (0.018) (0.003)
[0.526] [0.944] [0.019]

Ln CAC −0.014 0.030 −0.010
(0.000) (0.018) (0.003)
[0.000] [0.150] [0.014]

Ln Product Development × Ln CAC 0.001 0.015 0.002
(0.000) (0.004) (0.001)
[0.063] [0.005] [0.009]

Ln Funding 0.002 0.020 0.007
(0.001) (0.010) (0.003)
[0.021] [0.075] [0.040]

Ln Total Employees 0.008 −0.024 −0.038
(0.001) (0.037) (0.018)
[0.000] [0.533] [0.072]

Observations 8690 7929 9608
R2 0.586 0.371 0.291
FE: Year X X X
FE: Firm X X X

Hypothesis 7 predicts that enterprise software startups receiving a negative signal of high CAC

from selling a less-developedproduct are less likely to pivot. This hypothesis is supportedby the results

in Table 3.4.

The analysis shows a positive relationship between CAC and Pivot: New Customer Types (β =

0.030, p = 0.150). A doubling of CAC is associated with a 2.1% increase in the measure of new

customer types. The interaction term between Product Development andCAC is positive (β = 0.015,

p = 0.005), indicating that higher product development investmentmeaningfully amplifies the effect

8Calculated as 2(0.018/0.007) − 1 ≈ 1.8544.
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of CAC on new customer types. Firms with more investment in product development seem to pivot

and explore more new types of customers in the face of failure.

For Pivot: Churned Customer Types, there is a negative relationship with CAC (β = −0.014,

p < 0.01). A doubling of CAC is associated with a 0.97% decrease in the measure of pivoting away

from existing customer types. This suggests that firms are less likely to turn away from existing cus-

tomer segments when faced with high acquisition costs for their current product. The interaction

term between Product Development and CAC for Pivot: New Customer Types is positive (β = 0.001,

p = 0.063), indicating that higher product development investment can mitigate the negative effect

of CAC on pivoting away from existing customer types.

These results are consistent with the proposed mediocrity trap, where firms with less-developed

products may persist in the face of negative signals rather than pivoting or exiting.

3.6.1 Post Hoc Analysis: Long-Term Implications of Early Sales and Prod-

uct Investment

While the primary analysis focuses on the next-year effects of product quality on entrepreneurial

learning and decision-making, I also conduct a post hoc analysis to explore potential long-term conse-

quences of early prioritization of trying to sell versus investing in product development. This analysis

aims to understand how firms’ early resource-allocation decisions and associated strategic priorities

may impact their future performance. InTable 3.5, I look at the long-term impact of a firm’s total sales

employees (as a proxy for resources allocated to trying to sell) versus product development employees

(as a proxy for resources allocated to product development) during its first two years.9 Specifically, I

show that early prioritization of sales alone leads to fewer total customers and a decreased likelihood

of becoming a unicorn in the long run; only when balanced with sufficient product development

are sales efforts in the first two years associated with more total customers and a higher likelihood of

9I show that the results also hold if calculated based on first-year investments.
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becoming a unicorn. Similarly, I find evidence that sales must be balanced with ample product de-

velopment in order to decrease the likelihood of shutting down and, conditional on needing to shut

down, notwaste resources by delaying exit but rather truly fail fast. Appendix SectionC.1.15 explores

these analyses in greater detail.

Table 3.5: Initial Sales and Product Investment and Long-TermOutcomes. Ordinary least squares (OLS)
estimation. Standard errors are clustered at the industry level and shown in parentheses. p-values are shown in
brackets.

Total Values in First Two Years Ln Total Customers Unicorn Shutdown Years to Shutdown
Ln Salespeople −0.043 −0.014 0.000 0.011

(0.018) (0.001) (0.000) (0.044)
[0.076] [0.002] [0.421] [0.810]

Ln Product Developers −0.161 −0.011 0.009 −0.058
(0.002) (0.001) (0.000) (0.034)
[0.000] [0.004] [0.000] [0.159]

Ln Salespeople × Ln Product Developers 0.022 0.004 −0.001 −0.024
(0.002) (0.000) (0.000) (0.010)
[0.000] [0.003] [0.000] [0.063]

Ln Total Employees 0.232 0.067 −0.018 0.411
(0.025) (0.001) (0.002) (0.049)
[0.000] [0.000] [0.000] [0.001]

Ln Funding 0.112 0.001 −0.001 −0.376
(0.034) (0.000) (0.001) (0.087)
[0.030] [0.032] [0.140] [0.012]

Observations 1445 850 1445 305
R2 0.117 0.168 0.068 0.747
FE: Industry X X X X
FE: Founding Year X X X X
FE: Country X X X X
FE: Technical Founder X X X X

3.7 Discussion

3.7.1 The Theory-Based View

This study contributes to the theory-based view of entrepreneurship (Felin&Zenger, 2017,Wuebker

et al., 2023), which conceptualizes entrepreneurs as scientists who should “thoughtfully craft...a the-

ory amenable to efficient testing and careful feedback interpretation” (Zellweger & Zenger, 2023, p.
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398). This view emphasizes the importance of entrepreneurs developing causal theories about paths

to value creation. My findings suggest that the quality of the testing apparatus itself—the product—

fundamentally impacts an entrepreneur’s ability to test theories and learn from market experiments.

The mediocrity trap demonstrates how inadequate product development can undermine the theory-

testing process, creating conditions where the entrepreneur will persist regardless of an experiment’s

outcome.

Both this study and the theory-based view have clear ties to Popperian falsifiability (Popper, 1969,

p. 39). Popper’s principle that scientific theoriesmust be testable andpotentially refutable is embraced

throughout the theory-based view’s conception of entrepreneurship as a scientific process. My find-

ings enrich this perspective by revealing how product quality serves as a crucial moderator of falsifi-

ability in entrepreneurial contexts. Mediocre products can generate ambiguous signals that limit an

entrepreneur’s ability to determine whether negative feedback falsifies her market theory or merely

reflects inadequate product implementation. By identifying product quality as a consideration in ef-

fective falsification, this study supports and extends the theory-based view’s application of Popperian

principles to entrepreneurship.

In addition, both this study and the theory-based view allude to the concept of experimentum

crucis—or “critical experiment”—used widely by scientists since Francis Bacon and Isaac Newton to

decisively determine the validity of a theory. Zellweger&Zenger (2023) describe how entrepreneurial

beliefs direct attention to “what has to be critically true for the product to ’work’,” highlighting the

importance of testing these critical assumptions (p.385). A critical experiment enables researchers to

distinguish between competing theories through tests that provide unambiguous results. I propose

that for entrepreneurial market experiments to function as true critical tests, they require products of

sufficient quality to generate clear, actionable results.

These insights join a growing body of work within the theory-based view that explores boundary

conditions of the lean startup. The mediocrity trap concept suggests that entrepreneurial theory test-
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ing requires products of sufficient quality to generate decisive evidence—a finding that connects to

recent work on pivot quality (Valentine et al., 2024) and startup performance (Agarwal et al., 2025).

By demonstrating how product quality enables or constrains entrepreneurial learning, this study en-

riches the theory-based view and suggests promising research directions examining the interplay be-

tween product quality thresholds and experimentation effectiveness. Future workmight explore how

entrepreneurs can determine the minimum level of product quality needed for their critical experi-

ments and whether this threshold varies across different industry contexts or types of entrepreneurial

theories.

3.7.2 Scaling Entrepreneurial Ventures

Despite the critical role of scaling in the entrepreneurial process, academic research on this topic is

historically less explored in the strategic management literature (Knudsen et al., 2014). DeSantola &

Gulati (2017) conceptualize scaling as the process of establishing and expanding an organization to

serve a growing customer base. They highlight the organizational challenges and key inflection points

that startups face during the scaling process. More recently, Lee & Kim (2024) provide large-scale

empirical evidence on the timing of scaling, finding that startups that scale too early, as indicated by

their first job postings for managers and sales personnel, are more likely to fail. They attribute this to

the tension between reducing imitation risk and increasing commitment risk.

The present study extends this discussion by focusing on the specific balance between product

quality and the timing of pushing sales, a crucial component of scaling. The essence of themediocrity

trap is that lower-quality products may push entrepreneurs to go to market and sell despite not being

able to learn from themarket. In other words, this study suggests that having a lower-quality product

may be part of what pushes firms to scale prematurely. This insight underscores the importance of

achieving a sufficient level of product quality before expanding sales. This is one specific mechanism

that supports themanagerial recommendation to “nail it, then scale it” (Furr &Ahlstrom, 2011) Fur-
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thermore, this study contributes to the broader understanding of the complexities and challenges as-

sociatedwith scaling in entrepreneurial ventures (Hambrick&Crozier, 1985,Nicholls-Nixon, 2005).

3.7.3 Managerial Implications

This study challenges conventional entrepreneurialwisdomby revealinghowmediocre, less developed

products can paradoxically lead to persistence rather than pivoting. For entrepreneurs and investors,

the central implication is the need to carefully balance product development andmarket testing, rather

than rushing minimally viable products to market. To use managerial vernacular, it is important to

think carefully about what “viable” means in the concept of a minimum viable product—while mak-

ing something “minimum” is relatively straightforward, this research suggests that careful attention

should be given to whether a product is not only minimum, but also viable. This study suggests that

viable products provide actionable learning. Entrepreneurs and investors should think carefully about

whether a failure to sell a prospective MVP would actually allow learning about the market. Will it

provide a clear answer to a critical assumption, orwill it leave room for ambiguity? A truly viable prod-

uct must be developed enough to yield clear market signals that can definitively validate or invalidate

key assumptions. Entrepreneurs and investors should establish and meet specific criteria for viability

before market testing.

This principle extends beyond entrepreneurship to other domains where experimentation and

learning are critical. In academic research, scholars face similar trade-offs—scholars should think care-

fully about what constitutes a minimum viable idea and the extent to which to develop an idea before

sharing it to get feedback. In creative fields like film and television, producers must decide whether

early cuts or scripts are sufficiently developed to generate meaningful audience reactions. In corpo-

rate innovation, product managers must determine when prototypes are sufficiently developed to

yield valid customer insights. In each context, insufficient development can obscure learning; effec-

tive learning requires investments in quality that enable true critical tests.

133



A
Entrepreneurial Learning and Strategic

Foresight

A.1 Online Appendix

A.1.1 Qualitative Interviews

We conducted a program of qualitative interviews after deductively theorizing hypotheses and testing
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those hypotheses empirically to determine the mean effect. These interviews were not used to draw

inductive conclusions. Instead, the purpose of these interviews was to better understand and confirm

the mean effect observed in the quantitative data. Given that intent, we identified and reached out to

entrepreneurs in our samplewhomatch the observed empirical trends to gain additional color onwhat

drove those outcomes. These interviews confirmed the mechanisms outlined in our theory, which we

established prior to conducting the interviews.

We reachedout to entrepreneurs viaLinkedInmessages, company contact forms,Kickstartermes-

sages, or email, depending on what was available in each case. We received 18 responses to our out-

reach. Two of these entrepreneurs were not willing to participate and five dropped out in the schedul-

ing process. In the end, we conducted interviews with 11 entrepreneurs from our sample. Table

C.1 and Table C.10 provide summary information and statistics for each of these entrepreneurs. We

conducted all interviews via Zoom videoconferencing except for one interview conducted via Google

Hangouts per the entrepreneur’s request. All interviews conducted via Zoom were recorded after

obtaining the entrepreneur’s verbal consent and transcribed for review. Interviews were conducted

between January 29, 2020 and June 24, 2020. The interviews were scheduled for 30 minutes, with

most interviews lasting between 30 and 45 minutes.

Each interview followed a semi-structured format. Interview questions covered a broad range

of topics roughly mirroring the topics outlined in our theory, hypothesis development, and supple-

mental analysis, as well as general background. We asked entrepreneurs: why they decided to launch

crowdfunding projects on Kickstarter (and why they stopped); what they learned implementing an

earlier project and how that impacted future projects; what their process was for determining the pre-

dicted product specification and predicted timeline; what unforeseen challenges they encountered;

what they did when they encountered unforeseen challenges, etc.
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Table A.1: Qualitative Interview Sample. Indexed set of interviewed entrepreneurs. All interviews lasted 30
to 45 minutes and were conducted between January 29, 2020 and June 24, 2020.

Entrepreneur Product Subtype Location Location Type

1 3DPrintCo CEO 3D Printing Spicer, MN Town
2 AccessoryCo CEO Hardware Izhevsk, Russia Town
3 CircuitsCo CEO DIY Electronics North Sydney, AU Suburb
4 ElectronicsCo CEO DIY Electronics Preston, UK Suburb
5 GPSCo CEO Gadgets Seattle, WA Town
6 LEGOCo CEO Hardware London, UK Town
7 MaskCo CEO Wearables Montreal, Canada Town
8 MusicCo CEO Sound Austin, TX Town
9 SecureCo CEO Hardware Dublin, Ireland Town
10 TabletCo CEO Hardware Beijing, China Town
11 WidgetsCo CEO DIY Electronics Boulder, CO Town

Table A.2: Qualitative Interview Sample Summary Statistics. Indexed set of interviewed entrepreneurs.
All values are averaged across all the projects in the sample by the individual entrepreneur. Funding Threshold,
Funding Exceeded, and Funding Backers are all in thousands.

Funding Funding Funding Unforeseen Delay Predicted Actual
Threshold Exceeded Backers Interdependencies Duration Time Time

1 12.5 22 0.1 5.0 33.6 96.8 130.4
2 230.0 504 3.9 14 381.9 148.3 530.2
3 1.1 12 0.5 3.5 27.8 89.5 117.3
4 3.1 14 0.5 1.0 3.7 51.8 55.5
5 10.0 145 2.3 3.0 37.0 59.0 96.0
6 76.4 128 1.1 4.5 154.5 79.6 234.1
7 8.6 165 3.3 1.0 53.5 91.7 145.2
8 42.5 108 0.9 3.5 128.7 107.4 236.1
9 86.7 121 0.5 4.0 359.5 165.6 525.1
10 75.0 929 11.6 2.0 14.0 51.9 65.9
11 8.2 25 0.3 0.5 4.9 112.3 117.2
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A.1.2 Complexity in CrowdfundedHardware Technology Projects

We provide contextual evidence that: (1) entrepreneurs tend to add multiple features to subsequent

projects, and (2) even relatively “low” complexity projects in our sample were still highly complex and

required addressing a large number of interdependencies.

Within Entrepreneur: Tendency to AddMultiple Features

Close examination of specific products in our sample make it clear that entrepreneurs generally add

multiple features as they advance from project to project, leading to increased complexity across an

entrepreneur’s hardware technology crowdfunding projects. Continuing from Figure 2.2, we use the

example of Plum Geek Robotics to illustrate this progression across various quantitative and qual-

itative measures. Figure A.1 presents a detailed breakdown of the product features in Plum Geek

Robotics’s first and third projects.

The first project, RingoRobot, has six colored lights, multi-frequency sound abilities, a light sen-

sor, 360-degree visibility edge sensors, an accelerometer, a gyroscope, etc. By the time the company

reached their third project, the Spirit Rover, the product had significantly more features, with a to-

tal of 27 colored lights, new computer vision capabilities, retractable gripper arms, wireless network

capabilities, etc.

If we consider this example in the language of the NK model (Kauffman, 1995), N increased

rapidly from the first to the third project. Based on our oversimplification of the product, we might

imagine that N went from 5 to 15 to 35 across three projects. This increase in N is one way that the

total number of interdependencies can increase rapidly from project to project.
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Across Entrepreneur: “High” Complexity onDifferent Project Types

The hardware technology projects in our sample generally have high complexity, with both a large

number of features and high level of interdependencies. That said, there is certainly variation in both

the number of features and the level of interdependencies among those features—particularly when

the features are modularized and separate from one another.

Before we highlight our context, we want to start with an extreme example of a type of product

that is outside of our sample: board games. Board games are a popular crowdfunded project type,

and it would certainly be the case that the printing of a game board is quite modular and separate

from the die casting of game tokens. In this example, the entrepreneur would face limited interde-

pendence when executing on the game board and the game tokens, except perhaps when packaging

them together in a box, e.g., if the game tokens might scratch the game board in shipping. This exam-

ple illustrates a product where both components and the level of interdependencies are comparatively

low in the scheme of possible projects. However, this board game example is vastly different from the

hardware technology projects that we study, where the numbers of components and interdependen-

cies remain high across the different project types.

Figure A.2 shows how complexity can vary across projects in our sample. We highlight two exam-

ples from our sample: one project selected to exemplify what a low-complexity project looks like, and

another strongly contrasting example of what high complexity looks like.

Process for Identifying Projects and Complexity To identify these two examples, we

systematically reviewed product images and descriptions on the campaign webpages. We isolate that

sample to smaller and smaller subsamples based on the following criteria. First, the projects needed

to provide enough images of the product to allow for a visual examination of the product. Second,

the projects needed to have most of their features observable from the images. Projects which sophis-
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ticated internal components were only considered if they provided images of the internal workings of

the product. We also excluded projects where most of their capabilities were enabled by embedded

software or firmware, which would not be observable to us. The ideal projects were the ones where

most of their capabilities were exposed on the exterior of the product. Third, we focused on products

where most of their value or innovation came from improvements in the fabrication of a custom cir-

cuit board to avoid examples that were not transparent to laypersons. For the projects that meet these

criteria, we take discretionary liberties to focus on products that readers of the manuscript could ap-

preciate the value and novelty of. We selected the two projects among that set that had among the least

and most complexity based on the process described next. The low-complexity project is the Griffin

Pocket Tool XL, ametal multi-purpose tool. The high-complexity project is theObsidian 3DPrinter.

We take a deep dive to document the complexity of these projects in as much detail as possible,

describing the exact process that was used and subsequently independently verified by an expert hard-

ware technology entrepreneur. First, as detailed as we can possibly observe from public records, we

list out all the possible components or modules that make up the product. One can think of the set

of components that generally reflect the feature set of the product. Each of these components is asso-

ciated with several organizational tasks, which can happen within the focal entrepreneurial firm or by

third-party suppliers to the entrepreneur.

We then list out the interdependencies that we know must exist relative to these product com-

ponents and modules. These are just the ones that we can infer from a best-case scenario of how the

product would be manufactured. To be clear, our effort in listing out these interdependencies is sub-

ject to the same bounded rationality limitations as the entrepreneur. To be even clearer, we are likely

underestimating the total number of interdependencies by a substantial degree relative to the actual

entrepreneur who obviously knows more about the product than we do. But the point we want to

make is simple: the total number of interdependencies starts getting out of hand very rapidly. We are

certain that our examination is incomplete and thatwehave leftmany “unforeseen interdependencies”
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off our list.

Implications of Illustrative Projects From Figure A.2, there are two takeaways. First, the

number of components or tasks, evenonone of the simplest projects, is legitimately quite high already.

Second, and more importantly, this results in an enormous number of interdependencies that need

to be addressed, even for the simplest project. This suggests that we should infer that the general level

of interdependencies, and even the lowest levels of interdependencies, is indeed quite high, and high

enough to allow for interdependencies to increase rapidly as features are added.

A.1.3 Entrepreneurial Prediction Process

Weprovide contextual background and supporting evidence for (1) the challenges inherent inmaking

predictions and (2) the practical steps the entrepreneurs take to make these predictions.

What Predictions Entail

Through our qualitative interviews, we sought to understand the details of the prediction process

undertaken by entrepreneurs, including the specific steps taken and items consideredwhen predicting

the project timeline.

Makingpredictions in any systemwithmany interdependencies is verydifficult. The entrepreneurs

in our sample consistently recognize the complexity of the entrepreneurial endeavors they under-

take. One noted, “The hardware game is hard. Even if you’ve been through... so many form factors

and production issues, you think you would have perfected it. There is no perfecting manufactur-

ing” (TabletCoCEO). Another highlighted the specific difficulties with launching hardware projects:

“Software is very different if something goes wrong. You just push an update on the back end and it’s

there in the morning. When you’re doing hardware and you miss a washer, that’s a huge freakin’

problem, and you’re for sure going to miss a washer sometime” (WidgetsCo CEO).
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Our interviews suggest that the main source of prediction difficulty revolves around uncertainty

relative to the interdependencies rather than the distinct components. The WidgetsCo CEO knew

that the washer was a component of the project, but it was interdependencies with other parts of the

project that could lead to the washer’s omission that was the source of uncertainty. Entrepreneurs

generally know all or most of the components required to complete the project, whereas a large num-

ber of the interactions between all the different components are unknown. In the language of theNK

model (Kauffman, 1995), we interpret entrepreneurs making predictions in our context as having

some reasonable sense for the value of N, but they also recognize that the bulk of the work in execu-

tion revolves around K, for which they have a much less accurate sense prior to actually executing the

projects.

This is evident inour reviewof the entrepreneurs’ ownassessments ofuncertainty, as theypublicly

report as “Risks and Challenges” required for every Kickstarter funding campaign. We review this

content for a large set of projects and observe that the top risks that concern entrepreneurs relate to the

interdependencies they might face in execution. They know the various components of the project

(N) but don’t yet know how these components fit together (K). One entrepreneur writes, “Every

single component of this product iswell known,” butwe “onlyhave a 3D-printedprototype right now,

and...don’t have any experiencewith injectionmoulding at this point.”Others note interdependencies

inherent in “Coordination with multiple manufacturers, with various lead times”; “testing the pre-

mass production sample device”; and obtaining “CE, FCC, IC compliance...certificates.”

Part of this knowledge around components and uncertainty around interdependencies is true by

construction in our setting. Kickstarter requires all entrepreneurs to have a working prototype. As a

result, the entrepreneurs are already aware of the various components needed to produce the product.

The complexity lies in the interdependencies that may not have surfaced whenmaking the prototype:

“The prototypes are all handmade. They’re more of a unique product that has more time put into it.

But when you’re doing production, you’re not spending that much time on every single unit. You’re
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doing large volume. That’s where we end up having problems” (GPSCo CEO).

How Predictions AreMade

Based on our qualitative interviews, we find that entrepreneurs generally make predictions by break-

ing down the project into specific tasks, making predictions relative to each specific task, and then

aggregating the task-level predictions to the project level. CircuitsCo CEO described how, “I just

took basically all the things I knew would take time—like waiting for Kickstarter to wire the money,

manufacturing, shipping-–-and I added all of them together.” 3DPrintCoCEOdetailed a similar pro-

cess for making the timeline prediction: “We’ve got a lot of experience in manufacturing. So it was a

matter of understanding what our supply chain would look like and understanding how our product

design could deviate from the design that we launched with so that whatever unforeseen challenges

we may have faced we could have accomplished or overcome those challenges with deviations in our

plan. So we tried to create basically a risk mitigation program for the possible design variations that

we would have expected.”

Our interviews also support the notion that entrepreneurs are making these predictions for exe-

cution that follows a local search (Sommer & Loch, 2004). AccessoryCo CEO emphasized how his

execution involved sequentially changing “one component after another” and “one iteration” at a

time. For example, he first changed “the quality of the plastic, then the color of the plastic, … then the

adhesive tape.” This local search execution process is complementary to the process of aggregating the

individual, step-by-step task-level predictions to the project level.

Once entrepreneurs determine their best project-level prediction, they seemto systematically “pad”

their timelines with extra time as a precaution. CircuitsCo CEO said he usually “added like a month

of buffer or something” and TabletCo CEO said he urges other entrepreneurs, “Don’t be too aggres-

sive...definitely build in like two or threemonths extra.” This sentiment is echoed byWidgetsCoCEO

who said, “Obviously, things go wrong. So another thing I do is I take my timeline and I add 30% to
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it. I don’t care what it is because you’re going to fuck it up so yeah. So that’s my rule for financial

modeling and project modeling. Always add 30% because something’s gonna go wrong.”

As detailed in Online Appendix Section A.1.10, we find no evidence that the prediction process

for delivery timelines involves social comparison or competitive benchmarking with or against other

entrepreneurs.

A.1.4 Data Collection

Features Rank

To collect the Features Rank variable, we hired five independent reviewers to rank each entrepreneur’s

projects by the number of features.1 We made two separate efforts to make sure this data generation

process would be fruitful. First, to ensure a potential reviewer could handle what was asked of them,

we carefully selected among reviewers to make sure they met a general qualification level. We sought

out individuals with educational and professional experience in fields relevant to understanding and

evaluating hardware products. Second, given that the projects span a relatively diverse set of product

subtypes–—although limited to only hardware products–—it was important that we bring in a di-

verse set of reviewers such that, for any given project, the majority of reviewers would be qualified to

make an assessment. We sought out reviewers of different genders and generations to obtain a bal-

anced perspective. Table B.6 summarizes the backgrounds of the reviewers.

Each reviewer reviewed the photographs and product descriptions of each project by the same en-

trepreneur. We provided the reviewers with an Excel document containing sets of projects grouped by

entrepreneur. Theorder of the projectswithin each entrepreneur groupwas randomized. The review-

ers opened the links for theKickstarter project page for each of the projects in the entrepreneur group.

They then assigned a rank to eachof theprojects by the same entrepreneur. Evenwhenprojects seemed

1The reviewers also ranked the projects according to technical sophistication, which is closely correlated to
number of features.
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Table A.3: Project Reviewer Backgrounds. Education and experience backgrounds of each of the five indi-
viduals hired to rank each entrepreneur’s set of projects according to number of features.

Reviewer Education Experience
Reviewer 1 MBA graduate with additional technical masters 12 years experience in computer programming
Reviewer 2 College degree in engineering Career working at robotics company
Reviewer 3 College degree in business or engineering 2+ years work experience in consulting, banking, or engineering
Reviewer 4 Mechanical engineering and computer science Freelance web design
Reviewer 5 Senior in high school Experience in VC diligence and health technology

almost identical or very similar, we required the reviewers to force a ranking between all projects. Each

reviewer repeated this process for all the groups of projects by the same entrepreneur.

We aggregate the rankings across the reviewers. In the case of disagreement between reviewers, we

take the average rank between the two reviewers and then re-rank the projects based on the averaged

scores. We allow for ties (which only occur in the case of conflicting rankings). Given that we force

a ranking even when projects are nearly identical or very similar, this means that rank assignment is

close to random in those circumstances. As a result, we expect some disagreement between reviewer

rankings. This design gives more weight to the rankings that are more clear-cut and less weight to the

rankings that are more ambiguous. If two projects tie for themost features, the binary indicator turns

on for both projects, which washes out with the inclusion of entrepreneur fixed effects.2

Delay Duration and Actual Time

To collect the actual shipment date for all the projects in our sample, we hired two contractors on

UpWork.3 We provided them with an Excel file containing a link to each project and a row for each

2For example, if an entrepreneur has two total projects and the two reviewers disagree on which of the two
projects hasmore features, thenbothprojectswould have an average rank of 1.5 (being rated as 1 by one reviewer
and 2 by the other). After re-ranking based on these average scores, both of the entrepreneur’s projects would
have a 1 for Features Most. Because we include entrepreneur fixed effects in the regression, this entrepreneur
would show no change across projects. As a result, in our model the variation in number of features across an
entrepreneur’s subsequent projects is driven by the projects where the ranking between projects is clearer and
more objective and is not driven by the projects where the ranking is ambiguous.

3We use the date shipped as opposed to the date the product arrived on the customer’s doorstep. Shipment
date is more standardized and consistent across all projects regardless of customer location. There are also gen-
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of the rewards associated with that project. The contractor followed the link to the project page and

read through the updates and comments to record (at the individual reward level) the date on which

the reward first began to ship, the date onwhich all the rewards were shipped, whether it was apparent

that the reward had still not shipped, or whether there was no mention of shipping. Across the 722

projects in our sample, there are 7,019 different rewards with an average of 9.7 rewards per project.

We exclude the $1 cash donation reward option included onmost projects as well as rewards that were

not backed. We were able to identify the date the reward started shipping for 71% of rewards and the

date the reward finished shipping for 49% of rewards.

At the reward level, we take the later of the date the reward first shipped and the date the reward

finished shipping. We take the later date because the entrepreneur’s prediction is for the date all re-

wards will be delivered, not when the entrepreneur would deliver the first reward. This allows us to

measure the actual shipment date for 80% of all rewards in our sample (which includes all rewards that

list either the date the reward first shipped or the date the reward finished shipping). The actual deliv-

ery date has a day, month, and year whereas the predicted delivery date is just a month and a year. To

be conservative, the delay for each reward is computed as the difference between the actual shipment

date and the first day of the month after the month of the predicted delivery date. We then aggregate

this reward-level data to the project level to compute theDelay Duration by taking the mean delay of

all the rewards in each project. This same method of aggregating from the reward level to the project

level is used for Predicted Time. The results are almost identical if we use the median. Using this ap-

proach we are able to measure theDelay Indicator for 89% of projects in the sample. This includes all

projects with shipment information for at least one reward in the project.

erally only one or two shipment dates per project as opposed to many more unique dates when the backers
receive the reward. And, as a practical matter, the data on when customers receive rewards is much sparser and
more inconsistent than the data on when the rewards ship.

145



External Funding

To define our External Funding control variable, we collect data on venture financing from Crunch-

base. We hired an RA to search both the entrepreneur name and the company name (if available)

for each project to look for any matches on Crunchbase. For those entrepreneurs with a Crunchbase

page, we collected data on each fundraising round (excluding those classified as crowdfunding, which

would reflect the Kickstarter projects). This binary indicator turns on if the date the project launched

comes after the date the entrepreneur of that project raised external capital from another source. The

results do not change in any substantive way if we use the cumulative number of external funding

rounds instead of this binary indicator.

A.1.5 Variable Distributions

Quantile Summary Statistics

For transparency and clarity, we supplement the summary statistics provided in Table 1.1. Table A.4

includes the 0%, 25%, 50%, 75%, and 100% quantiles for each independent variable used in analysis.

Distribution Visualization

In addition, we include a visualization of the distribution of the variables. Figure A.3 contains plots

of the distribution of each independent variables used in analysis. Density plots are used for contin-

uous measures, and histograms are used for measures that fall into a small number of finite values or

categories.
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Table A.4: Variable Quantiles. 722 project-level observations. Funding Threshold, Funding Exceeded, and
Funding Backers are all in thousands.

Quantiles
Variables 0% 25% 50% 75% 100%

Project Experience 0 0 1 1 5
Failed Campaign Experience 0 0 0 0 4
Prior Project Funding Deviation -1 0 0.05 2.94 85.65
Prior Project Delay -0.53 0 0 0.42 10.78
Execution Overlap 0 0 0 0 1
External Financing 0 0 0 0 1
New Category 0 0 0 0 1
Elapsed Time 0 0 112.50 538.75 2,458
Prior Updates 0 3 6 9 40
Funding Period 2 30 30 37 60
Funding Reward Tiers 1 6 9 12 34
Funding Reward Size 4 50 99 201.63 5,995
Funding Threshold 0.02 3.85 10.15 30 261.96
Funding Exceeded 0 3.51 17.59 74.92 3,351.36
Funding Backers 0.001 0.12 0.30 0.92 28.14

A.1.6 Unforeseen Interdependencies Alternative

Wefind that all results hold if, instead of usingUnforeseen Interdependencies, we define a new variable,

Alternative Unforeseen Interdependencies, which is equal to the count of updates that contain words

from both sets of relevant words. As shown in Table A.5, we find that this alternative definition ofAl-

ternative Unforeseen Interdependencies (p∼ 0.002) is still positively related to Project Experience. On

each subsequent project, entrepreneurs disclose encountering 0.114 additional unforeseen interde-

pendencies that contain references to both being unforeseen and dealing with interdependencies. Us-

ing this alternative definition, Ln Alternative Unforeseen Interdependencies (p = 0.001) also positively

associates with Project Experience. Each subsequent project increases unforeseen interdependencies

by 6.4%. The effect size is smaller using this alternative definition given that requiring updates to con-

tain words from both sets is a stricter criterion than including updates with words from either set and,

as a result, fewer total updates meet this criterion.
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Table A.5: Unforeseen Interdependencies Alternative. Ordinary least squares (OLS) estimation. Robust
standard errors are clustered at the entrepreneur level. p-values are shown in parentheses.

Alternative Ln Alternative
Unforeseen Unforeseen

Interdependencies Interdependencies
Project Experience 0.114 0.064

(0.002) (0.001)
Failed Campaign Experience 0.052 0.030

(0.369) (0.422)
Prior Campaign Funding Deviation −0.008 −0.003

(0.068) (0.051)
Prior Project Delay −0.045 −0.029

(0.041) (0.032)
Execution Overlap 0.022 0.012

(0.788) (0.756)
External Financing −0.120 −0.085

(0.620) (0.549)
NewCategory 0.124 0.064

(0.112) (0.069)
Elapsed Time 0.000 0.000

(0.893) (0.366)
Funding Period 0.001 0.002

(0.872) (0.236)
Funding Reward Tiers 0.003 0.001

(0.559) (0.689)
Funding Reward Size −0.000 −0.000

(0.991) (0.914)
Ln Funding Threshold 0.047 0.018

(0.161) (0.289)
Ln Funding Exceeded 0.090 0.050

(0.009) (0.011)
Ln Funding Backers −0.022 −0.030

(0.753) (0.292)
Baseline Updates −0.004

(0.537)
Ln Baseline Updates −0.005

(0.796)
Entrepreneur FE Yes Yes
Product Subtype FE Yes Yes
Year FE Yes Yes
Month FE Yes Yes
R2 0.502 0.560
Entrepreneurs 314 314
Observations 722 722
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A.1.7 Increasing Features, Unforeseen Interdependencies, and Delay

We first test the assumption that, as more features are added to a project, the unforeseen interdepen-

dencies will increase, showing a positive relationship between an increase in the number of features

and an increase in unforeseen interdependencies.

We define Features Increase as a binary indicator of whether the entrepreneurs add more features

for their next projects, which is equal to 1 if the current project hasmore features than the prior project

and 0 otherwise. WeuseFeatures Increase as themain independent variable for this analysis and look at

the relationship between it and three differentmeasures of whether the unforeseen interdependencies

will increase as dependent variables. Unforeseen Interdependencies Increase Binary is a binary indica-

tor equal to 1 if the current project has more updates related to unforeseen interdependencies than

the prior project. Unforeseen Interdependencies Increase Count is equal to the number of additional

updates related to unforeseen interdependencies than the prior project. Unforeseen Interdependen-

cies Increase IHS takes the inverse hyperbolic spline of Unforeseen Interdependencies Increase Count

in order to account for any potential non-linearities in the relationship and to reduce the impact of

any outliers. We find a significant and positive relationship between Features Increase and each of our

three measures of increasing unforeseen interdependencies. If features are added to the project, the

project is 27%more likely to have more unforeseen interdependencies than the prior project or on an

absolute basis will encounter 1.721 more unforeseen interdependencies (an increase of 0.735 when

taking the inverse hyperbolic spline).

We then test the assumption that, as more features are added to a project, the delay will increase,

showing a positive relationship between an increase in the number of features and an increase in delay.

We use the same independent variable, Features Increase, as defined above. We look at the relationship

between this independent variable and twomeasures of delay,Delay Indicator andDelay Duration as

defined in themain paper. We use all the same controls and fixed effects as specified in themain paper.
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We find that, if features are added to a project, that project is 9.4% more likely to be delayed and, on

average, will be delayed by 18.298 additional days.

A.1.8 Non-Linear Effect of Experience

Wefind empirical evidence for a faster-than-linear increase in unforeseen interdependencies and delay

duration. This empirical evidence suggests that we more than meet the minimum set of assumptions

required by our theory, e.g., the project complexity curve increases faster than a concave learning curve.

Figure 2.3 of the main manuscript is the visual representation of the estimates from the regression

models we describe next.

We considered several econometric models—–including those that specify a specific functional

form of the relationship–—but we decided that it would be best to remain agnostic to functional

form. Instead, we construct a series of indicator variables representing different levels of Project Ex-

perience that allow us to flexibly and non-parametrically identify the relationship. This type of spec-

ification allows the functional form to “reveal” itself to us without us having to pre-specify its exact

shape.

In place of Project Experience, we include a set of indicator variables. Project Experience: Second

takes a value of 1 if the focal project is the entrepreneur’s second project, and 0 otherwise. Project Ex-

perience: Third and Project Experience: Fourth orMore follow similarly. We group together experience

for entrepreneurs on their fourth or later project because the number of observations on these higher

levels of experience is quite sparse and thus noisy; the observed pattern of statistically significant re-

sults is robust to the exclusion of projects that are the entrepreneur’s fifth or later project. Since we

omit the indicator for an entrepreneur’s first project (zero experience), all coefficients on these three

indicators should be interpreted as relative to the scenario of the entrepreneur’s first project. Table 3.3

and Table 2.6 are replicated in Table A.6 and Table A.7, respectively, swapping out Project Experience

for this set of indicator variables.
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Table A.6: Non-Linear Analysis of Complexity and Unforeseen Interdependencies. Ordinary least
squares (OLS) estimation. Robust standard errors are clustered at the entrepreneur level. p-values are shown in
parentheses.

Features Features Features Unforeseen Ln Unforeseen
Most Rank Percentile Interdependencies Interdependencies

Project Experience: Second 0.266 0.417 0.302 1.457 0.270
(0.001) (0.000) (0.000) (0.000) (0.001)

Project Experience: Third 0.188 0.541 0.234 2.721 0.420
(0.133) (0.011) (0.048) (0.000) (0.002)

Project Experience: Fourth or More 0.508 1.468 0.457 4.116 0.738
(0.024) (0.000) (0.026) (0.000) (0.003)

Failed Campaign Experience 0.091 0.184 0.103 0.632 0.184
(0.432) (0.214) (0.291) (0.086) (0.056)

Prior Campaign Funding Deviation −0.001 0.000 −0.002 0.003 −0.001
(0.831) (0.984) (0.653) (0.888) (0.740)

Prior Project Delay −0.004 −0.038 −0.015 −0.710 −0.133
(0.917) (0.475) (0.665) (0.000) (0.000)

Execution Overlap −0.440 −0.488 −0.412 −0.295 0.063
(0.005) (0.012) (0.006) (0.651) (0.591)

External Financing 0.332 0.244 0.321 1.087 0.135
(0.010) (0.113) (0.011) (0.336) (0.559)

NewCategory −0.013 0.179 0.075 1.686 0.272
(0.937) (0.450) (0.663) (0.074) (0.211)

Elapsed Time −0.000 0.000 −0.000 0.004 0.001
(0.435) (0.900) (0.776) (0.009) (0.000)

Funding Period 0.005 0.008 0.005 0.028 0.006
(0.228) (0.141) (0.158) (0.189) (0.196)

Funding Reward Tiers 0.007 0.008 0.008 −0.024 −0.004
(0.345) (0.505) (0.254) (0.502) (0.634)

Funding Reward Size 0.000 0.000 0.000 −0.000 0.000
(0.002) (0.000) (0.001) (0.796) (0.814)

Ln Funding Threshold 0.035 0.043 0.028 0.745 0.156
(0.429) (0.424) (0.503) (0.004) (0.000)

Ln Funding Exceeded 0.679 0.080
(0.008) (0.093)

Ln Funding Backers −0.032 0.069
(0.929) (0.299)

Baseline Updates 0.175
(0.001)

Ln Baseline Updates 0.283
(0.000)

Entrepreneur FE Yes Yes Yes Yes Yes
Product Subtype FE Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes
Month FE Yes Yes Yes Yes Yes
R2 0.301 0.442 0.299 0.745 0.775
Entrepreneurs 314 314 314 314 314
Observations 722 722 722 722 722
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Table A.7: Non-Linear Analysis of Delivery and Delay. Ordinary least squares (OLS) estimation. Robust
standard errors are clustered at the entrepreneur level. p-values are shown in parentheses.

Delay Delay Delay Predicted Actual
Indicator Duration Percent Time Time

Project Experience: Second 0.115 44.858 0.717 6.082 49.112
(0.038) (0.003) (0.000) (0.151) (0.004)

Project Experience: Third 0.262 75.369 1.109 18.816 89.149
(0.013) (0.006) (0.001) (0.010) (0.004)

Project Experience: Fourth or More 0.362 145.106 1.581 30.063 169.153
(0.010) (0.002) (0.001) (0.028) (0.001)

Failed Campaign Experience 0.134 −5.134 −0.053 14.622 7.842
(0.132) (0.766) (0.810) (0.047) (0.739)

Prior Campaign Funding Deviation −0.003 0.034 −0.004 0.127 0.361
(0.074) (0.939) (0.620) (0.450) (0.464)

Prior Project Delay −0.041 −21.968 −0.129 4.629 −19.659
(0.050) (0.023) (0.640) (0.021) (0.037)

Execution Overlap −0.050 8.015 1.124 −3.411 6.427
(0.474) (0.839) (0.248) (0.687) (0.883)

External Financing 0.140 91.972 0.317 22.198 121.857
(0.198) (0.254) (0.548) (0.358) (0.217)

NewCategory 0.086 41.691 0.477 5.572 48.525
(0.596) (0.109) (0.091) (0.576) (0.149)

Elapsed Time −0.000 −0.096 −0.001 −0.022 −0.112
(0.448) (0.100) (0.285) (0.271) (0.078)

Funding Period 0.009 1.272 0.003 0.190 1.739
(0.000) (0.072) (0.899) (0.448) (0.023)

Funding Reward Tiers 0.003 0.765 0.000 −0.165 0.968
(0.479) (0.489) (0.989) (0.692) (0.459)

Funding Reward Size 0.000 −0.011 0.000 0.005 −0.009
(0.792) (0.707) (0.680) (0.525) (0.814)

Ln Funding Threshold 0.006 22.322 −0.081 19.326 40.085
(0.842) (0.107) (0.582) (0.000) (0.011)

Ln Funding Exceeded 0.035 29.877 0.205 29.323
(0.194) (0.003) (0.081) (0.010)

Ln Funding Backers 0.007 −35.697 −0.183 −33.133
(0.852) (0.006) (0.265) (0.031)

Entrepreneur FE Yes Yes Yes Yes Yes
Product Subtype FE Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes
Month FE Yes Yes Yes Yes Yes
R2 0.663 0.719 0.657 0.753 0.738
Entrepreneurs 306 303 303 314 303
Observations 686 644 644 722 644
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We outline the effects for a subset of the key variables here, with the full results shown in the

regression tables.

Features

All relative to the entrepreneur’s first project, the average entrepreneur’s second project has 0.417

higher feature rank, the third project has an average of 0.541 higher feature rank, and the fourth or

later project has 1.468 higher feature rank. To give an idea of the comparison across projects, we can

look at the difference between these coefficient values, with the second project having a feature rank

0.417 higher than the first project, the third project having a feature rank 0.124 higher than the second

project, and the fourth or later project having a feature rank 0.927 higher than the third project. We

also look at the same interpretation for unforeseen interdependencies.

Unforeseen Interdependencies

All relative to the entrepreneur’s first project, the average entrepreneur’s second project encounters

1.457 more unforeseen interdependencies, the third project encounters an average of 2.721 more un-

foreseen interdependencies, and the fourth or later project encounters 4.116 more unforeseen inter-

dependencies. To give an idea of the comparison across projects, we can look at the difference between

these coefficient values, with the second project encountering 1.457more unforeseen interdependen-

cies than the first project, the third project encountering 1.264 more unforeseen interdependencies

than the second project, and the fourth or later project encountering 1.395 more unforeseen interde-

pendencies than the third project.
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Delay Duration

All relative to the entrepreneur’s first project, the average entrepreneur’s secondproject is delayedby an

additional 44.858days, the third project is delayedby an additional 75.369days, and the fourth or later

project is delayed by an additional 145.106 days. To give an idea of the comparison across projects, we

can look at the difference between these coefficient values, with the second project delayed by 44.858

more days than the first project, the third project delayed by 30.511more days than the secondproject,

and the fourth or later project delayed by 69.737 more days than the third project.

Furthermore, to provide readers withmore intuition on the holistic pattern implied by the above

regression estimates, we generate a visualization of the estimates for the effect of various levels of

project experience onActual Time and Predicted Time. In some sense, these variables intuitively map

to actual project complexity and predicted project complexity curves, respectively. Figure 2.3 of the

mainmanuscript plots the coefficients, with the project number on the horizontal axis and theActual

Time and Predicted Time (both in days) on the vertical axes.4 This figure shows that the actual de-

livery time increases much more sharply relative to the predicted delivery time, with the gap between

actual delivery time and predicted delivery time increasing as entrepreneurs gain experience.

A.1.9 Prior Campaign Funding and Behavior

Theoretical Background

We explore in depth whether prior campaign funding outcomes impact an entrepreneur’s behavior

on subsequent projects. We do not intend to make any groundbreaking theoretical claims on this

point: our primary goal is to make sure we properly account for and apply classic behavioral theory

4To set the level of the omitted coefficient of the entrepreneur’s first project–—and thus the level of all
the estimates as they are relative to that baseline—–we calculate the mean value of each variable used in the
regression and multiply that average value by the corresponding coefficient. We sum those values and then add
the mean entrepreneur fixed effect.
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on performance feedback and outcome–aspiration gaps (Cyert & March, 1963, Greve, 1998). We

apply this theory to product introductions (Joseph & Gaba, 2015). In short, we consider the theo-

retical argument that when an entrepreneur suffers from an outcome–aspiration gap in their prior

experience—specifically, they suffer from a failed funding campaign on the previous project—the en-

trepreneur would have higher risk tolerance and engage in problemistic search on the next project

(Greve, 2003). Assuming that this feedback is sufficiently unambiguous to trigger the entrepreneur

to respond (Joseph & Gaba, 2015), the entrepreneur would take on a project that has a greater likeli-

hood of unforeseen complexity that could delay the project. As shown in Figure A.4, this relationship

can be visualized as a “V”, where the outcome–aspiration gap is on the x-axis and the accuracy of

strategic foresight is on the y-axis. This “V” shape would manifest if these were a linear relationship;

however, if the relationship is non-linear, we would see more of a “U” shape, which is also included

in the visualization.

Recent research adds additional nuance to the theory thatwould strengthen the argument. Keum

&Eggers (2018) argue that mangers would set more aggressive aspirations, like on project complexity

and timeline, when facing increased pressure to acquire resources, like if they feared missing funding

targets on the next project because theymissed them on the prior project. Eggers &Kaul (2018) argue

that firms over-invest in radical invention when performance is moderately below aspiration, whereas

in our setting a radical invention would be a radical departure from their previous project (which

would add a lot of new complexity).

Empirical Context

Turning to our specific empirical context, it is quite rare for these serial-project entrepreneurs to fail in

their fundraising efforts. Of the 314 entrepreneurs who completed successful projects in our sample,

only 33 entrepreneurs had previously run a failed funding campaign (10.5% of entrepreneurs), with

42 failed funding campaigns total out of 782 total funding campaigns (5.4% of funding campaigns).
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At a project level, our level of analysis, only 36 (5.0%) out of 722 projects in our sample (i.e., the

successful projects) had a failed funding campaign of the same product subtype immediately prior to

the focal project. In comparison, Kickstarter reports that 61.6% of all projects fail in their funding

campaigns, and specifically 79.0% of technology projects (where our sample originates) fail in their

funding campaigns.5

Clearly, there is a compositional difference between our sample of projects and entrepreneurs and

the universe present on Kickstarter. First, we study serial-project entrepreneurs, a more professional

set of entrepreneurs who tend to treat their projects as full-time jobs; in many cases, there are en-

trepreneurial firms behind the effort. Second, we focus on technical hardware product categories, of

which theremight bemore consumer interest and thatmay have a higher barrier to entry, i.e., it takes a

significant amount of effort to even create the prototype that gets presented on the fundraising page.

Thus, our sample of entrepreneurs may not be the best sample on which to study the implica-

tions of prior funding failure as a general phenomenon. Nevertheless, we proceed with an empirical

exploration that accounts for this past project funding failure (and success).

Variables

As the main independent variable capturing the outcome–aspiration gap, we use Prior Campaign

Funding Deviation, which is equal to the percentage by which the prior funding campaign exceeded

(or missed) its funding goal. Values of Prior Campaign Funding Deviation less than 0 occur when

the entrepreneur failed to meet her prior campaign’s funding threshold, and greater than or equal to

0 occur when the entrepreneur succeeded. We interact Prior Campaign Funding Deviation with an

indicator variable Prior Campaign Funding Success that takes a value of 1 if Prior Campaign Funding

Deviation is greater than or equal to 0, and 0 otherwise. This interaction term allows us to estimate

separate slopes for the two halves of the “V” shape outlined in the theoretical background.

5https ://www.kickstarter.com/help/stats, accessed December 2020.
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StatisticalModel

Weneed to also consider that the effect of performance feedbackmaybeheterogeneous andnon-linear,

e.g., greater degrees of success or failure have a greater effect size per unit of deviation than success or

failure that is close to the aspiration level. In other words, a U-shaped relationship rather than a V-

shaped relationship. Thus, we also test a model that enters in a quadratic term for Prior Campaign

Funding Deviation, and we interact both the base term and the quadratic term with Prior Campaign

Funding Success to allow estimates of different “curves” above andbelow the aspiration level. In theory,

this would allow us to estimate the two halves of a theoretical “U.”

Descriptive Visualization

Before we turn to the regression analysis, we generate descriptive plots of the relationship between

Prior Campaign Funding Deviation and our two main measures of performance: (i) Delay Percent

(defined asDelay Duration divided by Predicted Time) and (ii) Unforeseen Interdependencies. When

generating the plots, we exclude outliers for clarity in visualization, but all trends and interpretations

hold when including outliers. Examining these plots in Figure A.5 and Figure A.6, we see similar

trends in both plots, with a positive slope where Prior Campaign Funding Deviation is less than zero

(though with a very wide confidence interval given the very limited number of observations) and a

flat or very slightly increasing trend where Prior Campaign Funding Deviation is greater than zero

(though again with an increasingly wide confidence interval moving away from the bulk of the data).

Results

Table A.8 shows this relationship when including controls and fixed effects. Given the focus on the

lagged funding deviation, we exclude first projects where there is no defined lagged funding deviation.

As a result, we also exclude entrepreneur fixed effects which are not appropriate for entrepreneurs

157



with only a single project after their first project, leaving no variation within the entrepreneur’s set

of projects. As suggested by the visual evidence, we do not observe any significant relationship be-

tween Prior Campaign Funding Deviation and Delay Percent or Unforeseen Interdependencies. The

directionality of the point estimates matches the visual evidence, with a positive coefficient on Prior

Campaign Funding Deviation, suggesting a positive slope when Prior Campaign Funding Success is

equal to zero (the area to the left of zero on the plots) and then a flat slope when Prior Campaign

Funding Success is equal to one and the coefficients are summed to give a slope around zero. We also

find no significant relationships when including a quadratic term.

Given the small sample size of projects thatmissed their funding goal, we are limited in our ability

to interpret the trend where Prior Campaign Funding Success is equal to zero. We do have ample data

where Prior Campaign Funding Success is greater than zero, but again we find no significant relation-

ship. One possible explanation is that the impact of deviation from the funding target on the prior

project is overshadowed by the impact of deviation from the funding target on the current project

(which is included as a control). Another possible explanation is that Delay Percent and Unforeseen

Interdependencies are bothmeasures of execution and are therefore one step removed from the impacts

of fundraising outcomes.

A.1.10 Social Comparison

We seek to address potential ambiguity aroundwhat could be driving prediction failure in this setting.

If the entrepreneur believes that setting a delivery timeline comparable to her peers is important to

fundraising, the prediction failures could be interpreted as amatter of entrepreneurs socially informed

about their competitive context. To test, and ultimately rule out, this alternative explanation, we

define the entrepreneur’s peer group and then empirically test the impact of the peer group on the

entrepreneur’s predicted time as well as the impact of deviation from the peer group on ability to

fundraise.

158



Table A.8: Funding Deviation and Performance. Ordinary least squares (OLS) estimation. Robust stan-
dard errors are clustered at the entrepreneur level. p-values are shown in parentheses.

Delay Unforeseen
Percent Interdependencies

Prior Campaign Funding Deviation 0.519 −7.227 1.249 5.071
(0.569) (0.356) (0.468) (0.498)

Prior Project Funding Success −0.110 1.665 0.991 0.108
(0.898) (0.247) (0.420) (0.954)

Prior Campaign Funding Deviation× Prior Project Funding Success −0.524 7.238 −1.260 −5.010
(0.565) (0.356) (0.465) (0.503)

Prior Campaign Funding Deviation2 −6.814 3.835
(0.351) (0.572)

Prior Campaign Funding Deviation2 × Prior Project Funding Success 6.814 −3.836
(0.351) (0.572)

Project Experience −0.045 −0.037 −0.106 −0.136
(0.806) (0.841) (0.769) (0.713)

Failed Campaign Experience 0.081 0.135 0.647 0.651
(0.736) (0.580) (0.230) (0.228)

Prior Project Delay 0.662 0.663 0.193 0.203
(0.023) (0.022) (0.238) (0.222)

Execution Overlap 1.431 1.427 0.734 0.765
(0.210) (0.213) (0.168) (0.155)

External Financing −0.238 −0.264 0.917 0.799
(0.550) (0.500) (0.167) (0.228)

NewCategory −0.765 −0.640 2.876 3.213
(0.196) (0.263) (0.100) (0.072)

Elapsed Time −0.000 −0.000 0.000 0.000
(0.277) (0.285) (0.987) (0.955)

Funding Period 0.012 0.012 0.003 0.005
(0.343) (0.328) (0.875) (0.790)

Funding Reward Tiers 0.008 0.009 0.077 0.083
(0.565) (0.515) (0.053) (0.042)

Funding Reward Size 0.000 0.000 0.000 0.000
(0.303) (0.309) (0.618) (0.630)

Ln Funding Threshold −0.069 −0.065 0.762 0.761
(0.440) (0.473) (0.000) (0.000)

Product Subtype FE Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
Month FE Yes Yes Yes Yes
R2 0.205 0.206 0.262 0.271
Sample 2+ Proj 2+ Proj 2+ Proj 2+ Proj
Observations 342 342 402 402
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Defining Entrepreneur Peer Group

We consider two dimensions when defining an entrepreneur’s peer group that may impact their be-

havior through social comparison. First, we define a set of comparable projects the entrepreneur could

reasonably view as competition. At a reductive level, all Kickstarter projects that are soliciting the same

dollars are in competition. The most competitive set of projects seem to be those within same prod-

uct subtype, e.g., 3D printing, camera equipment, wearables. The key assumption we make here is

that the entrepreneur perceives that she is competing with those projects, based on our assumption of

the entrepreneur’s assumption that her customers navigate and search through Kickstarter by prod-

uct subtype. That said, based on our interviews, entrepreneurs do not seem to view competition for

crowdfunding as a zero-sum game, given that the vast majority of customer spending is not on Kick-

starter projects and that many backers find their way directly to a project without navigating through

theKickstarter platform, e.g., by adirect link fromanorganic socialmedia campaignordirect-response

online advertising.

Second, we define a time window during which the entrepreneur could reasonably have taken

into account comparable projects prior to specifying her prediction for her own product specification

and delivery date. As first order, we should only include projects prior to the launch of the focal cam-

paign. We decided to include only peer projects that successfully completed their funding prior to the

focal campaign; it seems unlikely the entrepreneur would benchmark herself against failed funding

campaigns. In addition, intuitively it seems unlikely the entrepreneur would search deeply into the

distant past to benchmark herself: more recent projects likely matter more since they reflect the cur-

rent state of the market the entrepreneur would face. We set a threshold of one year, meaning that we

only include peer funding campaigns launched within one year of the focal campaign. In summary,

we specify the entrepreneur’s peer group as the projects within the last year by other entrepreneurs in

the sample that successfully met their funding threshold.

160



Setting Delivery Time

We consider whether the peer group timeline has an effect on the predicted timeline set by the en-

trepreneur. Thedependent variablePredictedTime is the time indaysbetween the endof the fundrais-

ing campaign and the predicted delivery date. Using the definition of the peer group previously ex-

plained, themain independent variablePeerGroupPredictedTime is the averagePredictedTime across

all projects in the focal project’s peer group.6

Results As shown inTableA.9,wefindno statistically significant relationshipbetweenPeerGroup

Predicted Time and Predicted Time. The coefficient and statistical significance of Project Experience

remains consistent. These findings align with our understanding of how entrepreneurs in our study

actually set their project timelines, based onour qualitative interviews. To summarize our understand-

ing of this process, which is outlined inmore detail in Online Appendix Section A.1.3, entrepreneurs

seem to be giving their best estimate of how long they believe the project will actually take—summing

the estimated time for each project component—and then adding some buffer time on top of their

best guess at the predicted time. No entrepreneur in any of our interviews mentioned benchmarking

their predicted time against the predicted time of other projects, or trying to game the predicted time

in any other way.

Incentive Alignment

We also explore whether the difference between an entrepreneur’s predicted time from the average

predicted timeline of other comparable projects impacts the amount of money the entrepreneur is

able to raise. If estimating a shorter predicted time has pecuniary benefits in the fundraising process,

6For example, one entrepreneur in the sample launched a hardware project on October 11, 2018. His peer
group contains all hardware projects launched prior to October 11, 2018 but after October 11, 2017 (one year
prior). This defines a set of 11 projects with predicted times ranging from 10 days to 149 days. Taking the
average predicted time across all 11 projects gives a Peer Group Predicted Time of 89 days.
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TableA.9: PredictedTime andPeerGroupComparison. Ordinary least squares (OLS) estimation. Robust
standard errors are clustered at the entrepreneur level. p-values are shown in parentheses.

Predicted Time
Project Experience 7.671

(0.031)
Peer Group Predicted Time 0.042

(0.736)
Failed Campaign Experience 18.161

(0.030)
Prior Campaign Funding Deviation 0.169

(0.304)
Prior Project Delay 4.035

(0.028)
Execution Overlap −4.249

(0.608)
External Financing 14.281

(0.589)
NewCategory 9.998

(0.310)
Elapsed Time −0.017

(0.435)
Funding Period 0.229

(0.356)
Funding Reward Tiers −0.089

(0.834)
Funding Reward Size 0.004

(0.583)
Ln Funding Threshold 19.965

(0.000)
Entrepreneur FE Yes
Product Subtype FE Yes
Year FE Yes
Month FE Yes
R2 0.757
Entrepreneurs 314
Observations 712
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entrepreneurs would be incentivized to benchmark against their peer projects. If this is not the case,

that would imply that exceeding the funding threshold would not rely on benchmarking against a

social comparison.

In this analysis, and as alluded to above, the main independent variable Peer Group Deviation is

the difference between the Predicted Time of the focal project and the Peer Group Predicted Time of

the focal project. We examine the relationship between Peer Group Deviation and two measures of

exceeding the funding threshold. Funding Exceeded is equal to dollars raised in the focal project in

excess of the Funding Threshold. Funding Positive Deviation is the percentage by which the funding

threshold was exceeded, equal to Funding Exceeded divided by Funding Threshold. Because Funding

Threshold is used in the derivation of both Funding Exceeded and Funding Positive Deviation, we

include regressions including and excluding it as a control.

Results As shown in Table A.10, we see a mixture of significant and insignificant relationships

between Peer Group Deviation and our measures of exceeding the funding threshold. However, in

the cases where the result is significant, the value is small and positive. This would suggest that en-

trepreneurs would be incentivized to give themselves slightly more time than the average among their

peers, which is the exact opposite of the narrative that increasing delays are due to pressure to predict

shorter delivery times relative to the peer group. Together, these regressions provide insignificant or

contradictory evidence of the alternative explanation.

While entrepreneurs are incentivized tomaximize funds raised, they also recognize and experience

real pecuniary consequences for failing to meet their predicted time, as outlined in Online Appendix

Section A.1.11. As a result, even if there were some benefits to predicting shorter delivery times, en-

trepreneurs that we interviewed seemed unwilling tomake the tradeoff of estimating a shorter delivery

time nowwith the expectation to need to delay later. For example, one notes that, “Whatever goodwill

you built up beforehand, it’s like so discounted by the time you have to announce delays” (TabletCo
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Table A.10: Funding and Peer Group Comparison. Ordinary least squares (OLS) estimation. Robust
standard errors are clustered at the entrepreneur level. p-values are shown in parentheses.

Ln Funding Funding Positive
Exceeded Deviation

Peer Group Deviation 0.002 0.002 0.019 −0.002
(0.131) (0.085) (0.013) (0.822)

Project Experience 0.045 0.049 1.792 1.394
(0.668) (0.644) (0.009) (0.053)

Prior Campaign Funding Deviation −0.155 −0.167 −2.693 −1.204
(0.306) (0.262) (0.002) (0.100)

Failed Campaign Experience −0.024 −0.024 −0.422 −0.449
(0.000) (0.000) (0.000) (0.000)

Prior Project Delay 0.039 0.037 0.132 0.367
(0.498) (0.525) (0.622) (0.189)

Execution Overlap −0.363 −0.376 0.645 2.313
(0.113) (0.094) (0.638) (0.190)

External Financing 0.835 0.838 2.277 1.914
(0.286) (0.282) (0.264) (0.327)

NewCategory −0.098 −0.110 0.783 2.279
(0.739) (0.709) (0.606) (0.258)

Elapsed Time 0.001 0.001 0.001 0.003
(0.417) (0.417) (0.834) (0.677)

Funding Period 0.016 0.016 0.094 0.067
(0.002) (0.002) (0.004) (0.047)

Funding Reward Tiers 0.030 0.031 0.126 0.019
(0.036) (0.030) (0.103) (0.818)

Funding Reward Size 0.000 0.000 0.002 0.000
(0.219) (0.195) (0.040) (0.897)

Ln Funding Threshold 0.032 −4.043
(0.671) (0.000)

Entrepreneur FE Yes Yes Yes Yes
Product Subtype FE Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
Month FE Yes Yes Yes Yes
R2 0.850 0.850 0.813 0.783
Entrepreneurs 314 314 314 314
Observations 712 712 712 712
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CEO).

A.1.11 Learning That Delay Is “Acceptable”

To test whether entrepreneurs could learn that a delay is acceptable, we need to test whether en-

trepreneurs face consequences for delay. Li & Martin (2019) study this exact question in the Kick-

starter context. Specifically, they look at the impact of failing tomeet predictions on the entrepreneur’s

reputation and subsequent ability to raise money. Importantly, they find that, all else equal, if an en-

trepreneur defaults onwhat they promised, the probability that they reach their funding goal on their

subsequent project drops by 50%. The key mechanism for reputation formation is the project com-

ments left by investors. As a result, they conclude that “entrepreneurs likely have incentives to deliver

the product or service they promised as long as the backers have the ability to provide product/service

feedback to the public.”

Given that public comments are a demonstrated mechanism for reputation formation and, as a

result, present real, pecuniary consequences to the entrepreneur, we empirically measure the relation-

ship between delay and public comments in our sample. Specifically, we find a positive relationship

betweenDelay Duration and both Total Comments (p∼ 0.002) andNegative Comments (p = 0.000).

To calculate comment sentiment, we use a standard R package (Rinker, 2019) to calculate the senti-

ment of each of the most recent 100 project comments (excluding comments by the entrepreneur).

We then sum the number of negative comments for each project. As summarized in Table A.11, for

each additional day of delay, there are 1.7 additional comments and the number of negative comments

increases by 0.016. This suggests that entrepreneurs do experience consequences when they delay and

are, therefore, incentivized to deliver on time. In addition, to allow for the possible moderating ef-

fect of Project Experience on the effect of Delay Duration on the Negative Comments generated by

customers, we also include a model with an interaction term forDelay Duration and Project Experi-

ence. We find that the interaction term has a significant and positive coefficient. Overall, we find no
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evidence, in terms of their public feedback, that customers are less concerned with a project delay be-

cause the entrepreneur is more experienced. In fact, the customers seem to penalize the entrepreneur

with more negative comments on the entrepreneur’s subsequent projects.

However, it could be the case that customers are more lenient towards delay for projects with

more features. If this is the case, and the entrepreneur becomes aware of this fact as they gain expe-

rience, they may learn that delay is acceptable particularly for projects with more features. To test

whether this is the case, we analyze the relationship between number of negative comments (Negative

Comments) and the complexity of the product in terms of features: Features Most, Features Rank,

Features Percentile. We include models both with standalone terms for these measures of features as

well as amodel for each featuresmeasure interactedwithDelayDuration, with the dependent variable

ofNegative Comments. Note thatNegative Comments are roughly proportional to Delay Duration,

given that there is more time for customers to enter negative feedback the longer the delay (in a hazard

model sense) and that longer delayswould of course agitate customersmore. We interact themeasures

of featureswithDelayDuration to explorewhether there is any heterogeneity in the possible customer

leniency mechanism, e.g., the interaction term would be significant and negative if, at higher levels of

product complexity, the customers made fewer Negative Comments, particularly under longer De-

lay Duration situations. As reported in Table A.12, we find that the interaction term betweenDelay

Duration and all three measures of features is insignificant, as well as negligibly small.

Our interviews with entrepreneurs confirm these findings. One entrepreneur notes, “There is

definitely some pressure to deliver things on time...There definitely is pressure making sure things are

right, making sure you don’t have to take additional steps” (CircuitsCoCEO). And entrepreneurs do

believe that there are consequences to delay: “[When a project gets delayed,] people really bash the

product on review channels and pages and the comments section” (TabletCoCEO). Or, in the words

of another, ”[When a project gets delayed,] you get angry people. For us, image and branding is the

most important thing, and you want to strive to deliver a really good product....and it does hurt your
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Table A.11: Consequences of Delay. Ordinary least squares (OLS) estimation. Robust standard errors are
clustered at the entrepreneur level and are shown in parentheses. p-values are shown in parentheses.

Total Negative
Comments Comments

Delay Duration 1.710 0.016 0.007
(0.002) (0.000) (0.197)

Project Experience 0.145
(0.846)

Delay Duration× Project Experience 0.011
(0.022)

Failed Campaign Experience 55.540 1.479 1.896
(0.572) (0.144) (0.065)

Prior Campaign Funding Deviation −4.176 −0.005 −0.004
(0.491) (0.933) (0.955)

Prior Project Delay 23.430 0.951 0.621
(0.319) (0.008) (0.067)

Execution Overlap −377.799 −1.741 −3.133
(0.143) (0.201) (0.024)

External Financing −518.389 4.748 4.202
(0.041) (0.202) (0.251)

NewCategory −150.405 −1.322 −1.031
(0.191) (0.510) (0.614)

Elapsed Time −0.632 0.006 0.003
(0.086) (0.052) (0.356)

Funding Period −1.006 0.047 0.058
(0.834) (0.382) (0.279)

Funding Reward Tiers −6.520 −0.190 −0.205
(0.365) (0.042) (0.022)

Funding Reward Size −0.174 −0.004 −0.004
(0.048) (0.025) (0.026)

Ln Funding Threshold −43.482 0.735 0.713
(0.415) (0.184) (0.191)

Ln Funding Exceeded 151.209 −0.039 −0.023
(0.046) (0.952) (0.971)

Ln Funding Backers 283.235 5.226 5.258
(0.015) (0.000) (0.000)

Baseline Updates −12.661 0.087 0.080
(0.153) (0.402) (0.448)

Entrepreneur FE Yes Yes Yes
Product Subtype FE Yes Yes Yes
Year FE Yes Yes Yes
Month FE Yes Yes Yes
R2 0.779 0.857 0.860
Entrepreneurs 303 303 303
Observations 644 644 644
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Table A.12: Features and Negative Comments. Ordinary least squares (OLS) estimation. Robust standard
errors are clustered at the entrepreneur level. p-values are shown in parentheses.

Negative Comments
Features Most 0.537 1.436

(0.441) (0.071)
Features Rank 0.597 1.236

(0.181) (0.028)
Features Percentile 0.722 1.729

(0.309) (0.029)
Delay Duration 0.016 0.018 0.017

(0.019) (0.062) (0.015)
Features Most×Delay Duration −0.002

(0.849)
Features Rank×Delay Duration −0.001

(0.743)
Features Percentile×Delay Duration −0.003

(0.706)
Project Experience 2.221 2.063 2.184 0.501 0.213 0.428

(0.059) (0.078) (0.063) (0.585) (0.812) (0.640)
Failed Campaign Experience 1.522 1.461 1.504 −0.042 −0.285 −0.182

(0.532) (0.549) (0.539) (0.970) (0.803) (0.873)
Prior Campaign Funding Deviation −0.126 −0.126 −0.126 −0.106 −0.107 −0.106

(0.115) (0.115) (0.116) (0.170) (0.164) (0.172)
Prior Project Delay 0.994 1.020 0.998 1.019 1.071 1.034

(0.103) (0.095) (0.103) (0.036) (0.027) (0.033)
Execution Overlap −5.064 −4.993 −5.016 −2.685 −2.623 −2.622

(0.006) (0.006) (0.006) (0.101) (0.123) (0.104)
External Financing 7.285 7.313 7.219 5.528 5.645 5.596

(0.039) (0.037) (0.040) (0.198) (0.177) (0.190)
NewCategory −0.745 −0.873 −0.793 −1.232 −1.551 −1.346

(0.730) (0.684) (0.712) (0.586) (0.485) (0.546)
Elapsed Time 0.005 0.005 0.005 0.008 0.008 0.008

(0.392) (0.375) (0.400) (0.231) (0.189) (0.246)
Funding Period 0.098 0.096 0.096 0.089 0.086 0.087

(0.083) (0.087) (0.089) (0.139) (0.154) (0.148)
Funding Reward Tiers 0.011 0.010 0.009 −0.052 −0.051 −0.054

(0.913) (0.919) (0.931) (0.664) (0.671) (0.654)
Funding Reward Size −0.006 −0.006 −0.006 −0.008 −0.008 −0.008

(0.003) (0.003) (0.003) (0.001) (0.001) (0.001)
Ln Funding Threshold 2.067 2.052 2.069 1.878 1.875 1.892

(0.001) (0.001) (0.001) (0.003) (0.003) (0.002)
Entrepreneur FE Yes Yes Yes Yes Yes Yes
Product Subtype FE Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
Month FE Yes Yes Yes Yes Yes Yes
R2 0.776 0.776 0.776 0.814 0.815 0.815
Entrepreneurs 314 314 314 303 303 303
Observations 722 722 722 644 644 644
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image when people are saying you’re delayed” (GPSCo CEO).

As an additional test forwhether entrepreneurs continue to care about their image and the impact

of negative comments (which are driven by delays), we look atwhether entrepreneurs reduce the effort

and care theyput into customers over time. Specifically, wedefine anewvariable,CreatorEngagement,

which is the total word count of the updates and comments posted by the entrepreneur on a given

project. As shown in Table A.13, we find that there is a significant and positive relationship between

Creator Engagement and Project Experience, indicating that entrepreneurs are posting and engaging

with their backersmore on each subsequent project. This suggests that there is no evidence in terms of

their public engagement that entrepreneurs are less concerned with pleasing their customer base and

defending their public reputation. In fact, the empirical evidence in our setting suggests the opposite.

Again, the qualitative evidence aligns. TabletCoCEO described how even on his most recent project,

he would “have people monitor the customer comments around the clock...to feed into consumer

confidence.”

A.1.12 Incentive to Overpromise

Despite facing consequences for delay, it could be the case that the ex post consequences are offset by

ex ante benefits. While making unrealistic predictions likely leads to negative consequences down the

road when entrepreneurs fail to meet those predictions, if making aggressive predictions is helpful in

the fundraising process entrepreneurs may still be incentivized to overpromise. We construct depen-

dent variables for the amount of money raised in total and the amount of money raised in excess of

the fundraising goal. We regress these dependent variables on an independent variable of the predicted

delivery time. If there was a benefit to overpromising, we would expect to see a negative relationship

here, with an increase in promised delivery time decreasing the amount of funds raised. As shown

in Table B.7, we do not find a statistically significant relationship, suggesting that there is no general
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Table A.13: Creator Engagement. Ordinary least squares (OLS) estimation. Robust standard errors are
clustered at the entrepreneur level. p-values are shown in parentheses.

Creator Engagement
Project Experience 1660.434

(0.021)
Failed Campaign Experience 1510.288

(0.019)
Prior Campaign Funding Deviation 9.544

(0.653)
Prior Project Delay −462.340

(0.023)
Execution Overlap −1931.397

(0.237)
External Financing 687.536

(0.508)
NewCategory 719.917

(0.219)
Elapsed Time −2.272

(0.241)
Funding Period 4.890

(0.820)
Funding Reward Tiers −79.848

(0.072)
Funding Reward Size −1.240

(0.067)
Ln Funding Threshold 1247.513

(0.071)
Ln Funding Exceeded 1187.129

(0.011)
Ln Funding Backers −836.528

(0.284)
Baseline Updates 215.579

(0.034)
Entrepreneur FE Yes
Product Subtype FE Yes
Year FE Yes
Month FE Yes
R2 0.720
Entrepreneurs 306
Observations 626
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incentive to make unrealistic predictions for the sake of upfront financing.7 This is of course peculiar

given the assumed desire of customers to get their products faster, but customers may mentally dis-

count aggressive delivery times because they know they are unrealistic and thus not place any value on

them. Overall, we contend that overpromising aggressive delivery times is not the major driver of the

main findings.

A.1.13 Exiting After VC Financing

We then turn towhether certain types of entrepreneurs are exiting our sample, looking first at whether

entrepreneurs aremore likely to exit the sample after raising external capital from another source (gen-

erally an indicator of higher quality or ability). We test whether high-quality entrepreneurs might exit

the sample. In particular, we test the assumption that these higher-quality entrepreneurs may desire

and be able to raise venture capital financing and leave crowdfunding. We define a binary indicator of

whether the entrepreneur goes on to do a subsequent project as the dependent variable. For projects

completed towards the end of our sample timeline, it is unclear whether the entrepreneur has truly

exited the sample or is in the process of preparing another campaign. As such, we drop the projects

from the last year of our sample when performing this analysis. We then regress the binary indicator

of going on to do a subsequent project on a binary indicator of whether the entrepreneur has raised

external capital at that time. As shown in Table B.9, we find that raising venture funding does not

impact whether entrepreneurs exit the sample or continue on and do another Kickstarter project.

7We recognize that the product specification is likely correlated with both the predicted time and the funds
raised (e.g., really fancy product specifications have longer predicted times, but also raise more money). We
include Features Most in the regression to try to serve as a proxy for the product specification; however, given
that this is an imprecise measure of product specification there is likely still some omitted variable bias. The
results are similar if we include Features Ranks or Features Percentile as controls.
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Table A.14: Incentive to Overpromise. Ordinary least squares (OLS) estimation. Robust standard errors
are clustered at the entrepreneur level. p-values are shown in parentheses.

Ln Funds Raised Ln Funding Exceeded
Predicted Time 0.001 0.002

(0.102) (0.247)
Features Rank 0.111 0.169

(0.026) (0.053)
Failed Campaign Experience −0.097 −0.196

(0.319) (0.149)
Prior Campaign Funding Deviation −0.022 −0.026

(0.001) (0.000)
Prior Project Delay 0.024 0.044

(0.454) (0.435)
Execution Overlap −0.163 −0.349

(0.212) (0.125)
External Financing 0.137 0.302

(0.680) (0.660)
NewCategory 0.023 −0.172

(0.906) (0.559)
Project Experience 0.082 0.044

(0.182) (0.665)
Elapsed Time 0.001 0.001

(0.509) (0.477)
Funding Period 0.012 0.014

(0.002) (0.005)
Funding Reward Tiers 0.023 0.031

(0.004) (0.025)
Funding Reward Size 0.000 0.000

(0.198) (0.328)
Ln Funding Threshold 0.405 0.015

(0.000) (0.843)
Entrepreneur FE Yes Yes
Product Subtype FE Yes Yes
Year FE Yes Yes
Month FE Yes Yes
R2 0.923 0.840
Entrepreneurs 314 314
Observations 722 722
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Table A.15: Exiting After VC Financing. Ordinary least squares (OLS) estimation. Robust standard errors
are clustered at the entrepreneur level. p-values are shown in parentheses.

Does Another Project
External Financing 0.033

(0.819)
Failed Campaign Experience 0.052

(0.617)
Prior Campaign Funding Deviation −0.004

(0.124)
Prior Project Delay −0.028

(0.132)
Execution Overlap −0.081

(0.408)
NewCategory −0.199

(0.042)
Project Experience −0.394

(0.000)
Elapsed Time −0.001

(0.001)
Funding Period −0.003

(0.237)
Funding Reward Tiers 0.008

(0.195)
Funding Reward Size 0.000

(0.217)
Ln Funding Threshold −0.035

(0.254)
Ln Funding Exceeded 0.030

(0.354)
Ln Funding Backers −0.005

(0.921)
Entrepreneur FE Yes
Product Subtype FE Yes
Year FE Yes
Month FE Yes
R2 0.770
Entrepreneurs 304
Observations 641
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A.1.14 Exiting After Delay

We now evaluate whether entrepreneurs disproportionately exit the sample after they delay, which

might suggest that entrepreneurs who learn leave while those who do not learn stay. Using the same

dependent variable of whether the entrepreneur goes on to do another project and the same sample

as the prior section, we regress this indicator of going on to do another project on the delay duration

of the current project and do not find a significant effect. This result is shown in Table A.16. As

an additional check, we also looked at the distribution of the difference in delay between the second

project of entrepreneurs who went on to do a third project matched with the most similar second

project by an entrepreneur who did not go on to do a third project. If entrepreneurs left the sample

after they delayed, we would expect to see a distribution skewed toward negative values (implying

that the second project delay of those who went on to do a third project is smaller than the second

project delay of those who exited the sample after two projects). However, we see a roughly normal

distribution centered around zero.
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Table A.16: Exiting After Delay. Ordinary least squares (OLS) estimation. Robust standard errors are
clustered at the entrepreneur level. p-values are shown in parentheses.

Does Another Project
Delay Duration −0.0003

(0.194)
Failed Campaign Experience 0.235

(0.116)
Prior Campaign Funding Deviation −0.004

(0.159)
Prior Project Delay −0.024

(0.337)
Execution Overlap −0.034

(0.785)
NewCategory −0.266

(0.049)
Project Experience −0.344

(0.000)
Elapsed Time −0.001

(0.016)
Funding Period −0.003

(0.352)
Funding Reward Tiers 0.008

(0.238)
Funding Reward Size 0.000

(0.527)
Ln Funding Threshold −0.042

(0.259)
Ln Funding Exceeded 0.045

(0.280)
Ln Funding Backers −0.014

(0.821)
Entrepreneur FE Yes
Product Subtype FE Yes
Year FE Yes
Month FE Yes
R2 0.780
Entrepreneurs 294
Observations 581
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Ringo Robot Spirit Rover

Figure A.1: PlumGeek Robotics Product Features. Reproduction of breakdowns of product features pro-
vided by PlumGeek Robotics on its company website. Ringo Robot was its first Kickstarter project, launched
on February 25, 2015. The Spirit Rover was its third project, launched on September 28, 2016.
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Low Complexity High Complexity

Components Components
Metal casing Nozzle
Left bevel Printing bed
Wrench cutout Heating apparatus
Written measurements Camera

LED lights
Color touchscreen
Bearing spool holder
Casing
Power cords
Circuit board
Software operating system

Interdependencies to be Addressed Interdependencies to be Addressed
Metal casing dimensions match specified measure-
ments.

Only subset included for heating apparatus, bearing
spool holder, and casing.

Metal casing will fit in the machine that adds the
measurements.

Power supply is sufficient for heating apparatus,
camera, LEDs, touch screen, etc.

Writing color will show up and adhere to the metal
surface.

Bearing spool holder can hold weight of spool and
remains balanced with added weight.

Separate machine can accommodate metal casing to
add left bevel.

Heating mechanism does not impair function of
screen or other electronics.

Separate machine can accommodate metal casing to
add wrench hole.

Heating apparatus creates correct temperature for
input material.

Intended functions of the metal casing are not im-
paired by cutout wrench hole.

Casing accommodates LED lights, printing bed,
nozzle, touch screen, etc.

Upper ruler cutout does not fall off or weaken the
tool’s structural integrity.

Casing provides appropriate spacing between cam-
era and printing bed for optimal focus.
Casing allows nozzle sufficient range of motion
when printing.
Bearing spool holder fits the input material.
Bearing spool holder attaches to casing.

Figure A.2: Project Complexity Examples. Selected projects from sample to illustrate a typical “low” com-
plexity and “high” complexity project. Components (or modules) and Interdependencies to be Addressed repre-
sent only those confirmed by the researchers and likely constitute only a subset of those actually faced by the
entrepreneurs. In the context of the NKmodel, the separate components represent N, and Interdependencies to
be Addressed represent (an observable subset of) K.
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Figure A.3: Variable Distributions. Visualizations of the distributions of independent variables, with den-
sity plots for continuous measures and histograms for those with finite discrete values.
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Figure A.4: Outcome–Aspiration Gap and Accuracy of Strategic Foresight. In our context, we opera-
tionalize the accuracy of strategic foresight asUnforeseen Interdependencies andDelay Duration.
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Figure A.5: Deviation and Delay. The binned scatter and linear fit to the left of 0% Prior Campaign Fund-
ing Deviation show the relationship with Delay Percent on the current project and the extent to which the
entrepreneur failed to meet her funding threshold on the prior project. To the right, they show the same re-
lationship but for the extent to which the entrepreneur met or exceeded her funding threshold on the prior
project.
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Figure A.6: Deviation and Unforeseen Interdependencies. The binned scatter and linear fit to the left of
0%Prior Campaign FundingDeviation show the relationshipwithUnforeseen Interdependencies on the current
project and the extent to which the entrepreneur failed to meet her funding threshold on the prior project. To
the right, they show the same relationship but for the extent to which the entrepreneur met or exceeded her
funding threshold on the prior project.
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B
Complexity and Timing in Novel Ventures

B.1 Appendix

B.1.1 ValidatingMeasure of Novel Recombination

Our measure of novel recombination is derived using the keywords and descriptions of Pitchbook

firms. These keywords and descriptions are created through the joint efforts of the entrepreneurial

firms, venture investors, the broader startup community, andPitchbook employees. Despite themany
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different parties involved in capturing this data, there is of course room for human error or inconsis-

tencies. As such, it is essential to validate our measure of novelty. By comparing our measure to other

proxies of novelty, namely entry order and tech stack novelty, we find strong correlations that help to

validate our measure.

Entry Order in Competitive Clusters

We first use entry order within competitive clusters to validate our measure of novelty. We use com-

petitive clusters as a proxy for market opportunities; identifying the set of firms competing against

each other allows us to partition the firms into different clusters, which proxy different opportuni-

ties. If our measure of novelty is valid, we would assume that the first firms to compete for a given

opportunity would be more likely to have novel recombinations.

Each firm in our sample lists a set of competitors. We use this data to create a directed graph,

with each firm pointing to its identified competitors. From here, there are many different approaches

to break this directed graph into clusters. These different approaches balance considerations such as

whether to allow a company to appear inmultiple clusters, maximum cluster size, maximum comput-

ing time, memory requirements, etc. Given the various trade-offs across these different dimensions,

we employ four different techniques to create clusters and compare each technique to our novelty

measure. These techniques include:

Walktrap Algorithm (Pons & Latapy, 2006) The Walktrap Algorithm uses random walks to

identify clusters. The basic intuition of the algorithm is that random walks on a graph tend to get

trapped into densely connected parts, which should correspond to clusters. The length of the ran-

domwalk is an input parameter. After conducting multiple randomwalks, a similarity matrix is con-

structed. This matrix measures the similarity between pairs of nodes based on how often they appear

together during the randomwalks. The matrix is then used to construct a hierarchical tree-like struc-
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ture (a dendrogram) that represents the network’s cluster structure, which is cut at a certain level to

determine the number of clusters in the network.

CliqueMethod (Fortunato & Barthelemy, 2007) The Clique Method identifies cliques, which

are groups of nodes where each node is directly connected to every other node in the group. In other

words, thismethod regards eachmaximal clique (complete subgraph that is not a subgraph of another

complete graph) as a cluster. According to this definition, each company in a cluster is connected to

any other company in the cluster.

Leiden Algorithm (Traag et al., 2019) The Leiden Algorithm is often used for single-cell RNA

sequencing data analysis. It operates by optimizing a quality function that measures the significance

of node assignments to clusters. Leiden starts with an initial clustering and iteratively evaluates the

quality of the clusters by considering the benefits of moving nodes between clusters. If moving nodes

enhances cluster quality, the algorithmmakes that adjustment. This iterative process continues until

no further improvements can be made.

Infomap Algorithm (Rosvall & Bergstrom, 2008) The Infomap Algorithm analyzes the net-

work’s structure and seeks to minimize the information needed to describe it. It starts by exploring

the network using random walks, tracking how information flows between nodes. The algorithm

identifies clusters by finding regions where information can be efficiently compressed. It optimizes

these clusters by iteratively merging or splitting them to minimize the description length.

The performance and output of these different clustering methods are summarized in Table C.1.

We see that the Walktrap Algorithm generates very big clusters. Using the default length of the ran-

dom walk (with a value of 4), the biggest cluster has a size of 3,009. In our context, imagining an

opportunity space of over 3,000 firms seems very large. Increasing the walk length to improve the

results makes it computationally too slow.
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Table B.1: Clustering Method Performance Summary. Summary statistics for the four different clustering
methods used to determine the different sets of companies pursuing a given opportunity.

Clique Walktrap Infomap Leiden

Number of Clusters 70, 561 6, 360 5, 574 4, 101
MinimumCluster Size 2 2 2 2
MaximumCluster Size 16 3, 009 414 196
Mean Cluster Size 4.071 7.088 8.088 10.992
Median Cluster Size 3 3 3 2
Number of Clusters of Size 2 22, 015 3, 166 2, 586 2, 396
Number of Clusters of Size≥ 100 0 36 26 97

On the other hand, the CliqueMethod generates many small clusters. This is because a company

can be classified into numerous cliques. A strength of this method is that it is straightforward and

does a good job of putting together groups of reasonable size such that all the firms would be aware

of each other, though there is certainly some overlap between clusters. Leiland is scalable, making it

suitable for analyzing large networks. We adjusted the resolution parameter to 28, which lowered the

maximum cluster size to amore reasonable number. The InfomapAlgorithm is also computationally

efficient: it is fast and generates reasonable cluster sizes.

For each of the clusteringmethods, we computemeasures to capture when each company started

to pursue the defined opportunity. Entry Order is the sequential entry order of companies in the

cluster pursuing the opportunity. Years Since First Entrant is the time in years since the first firm in

the cluster was founded to pursue the opportunity. Enter in First Year is a binary indicator variable

equal to 1 if the firm started pursuing a given opportunity in the first year, and zero otherwise. Enter in

First Two Years is a binary indicator variable equal to 1 if the firm started pursuing a given opportunity

in the first two years, and zero otherwise.

Table C.9 outlines the summary statistics of these measures for each of the clustering methods.

Table C.10 shows a correlation matrix. As might be expected, we see that the entry order variables

using different clusteringmethods are generally correlated—this seems to validate that thesemeasures
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are capturing a similar concept, but with some distinctions given the priorities of the different clus-

tering algorithms.

Table B.2: Summary Statistics by Clustering Method. 27,847 firm-level observations.

Statistic Mean St. Dev. Min Max

Entry Order (Walktrap) 190.61 485.21 1 2, 950
Years Since First Entrant (Walktrap) 52.42 58.81 0 207
Enter in First Year (Walktrap) 0.18 0.38 0 1
Enter in First Two Years (Walktrap) 0.20 0.40 0 1
Entry Order (Clique) 2.24 1.41 1.00 14.00
Years Since First Entrant (Clique) 8.78 17.58 0 199
Enter in First Year (Clique) 0.43 0.50 0 1
Enter in First Two Years (Clique) 0.49 0.50 0 1
Entry Order (Leiden) 34.01 33.60 1 192
Years Since First Entrant (Leiden) 48.70 49.98 0 212
Enter in First Year (Leiden) 0.11 0.32 0 1
Enter in First Two Years (Leiden) 0.13 0.33 0 1
Entry Order (Infomap) 20.66 33.62 1 399.50
Years Since First Entrant (Infomap) 32.41 39.73 0 207
Enter in First Year (Infomap) 0.16 0.37 0 1
Enter in First Two Years (Infomap) 0.18 0.38 0 1

Table B.3: Pairwise Correlation Matrix by Clustering Method.

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16

Entry Order (Walktrap) 1
Years Since First Entrant (Walktrap) 0.638 1

Enter in First Year (Walktrap) -0.182 -0.414 1
Enter in First Two Years (Walktrap) -0.196 -0.444 0.928 1

Entry Order (Clique) 0.257 0.275 -0.341 -0.340 1
Years Since First Entrant (Clique) -0.014 0.221 -0.210 -0.223 0.269 1

Enter in First Year (Clique) -0.160 -0.219 0.488 0.463 -0.607 -0.426 1
Enter in First Two Years (Clique) -0.148 -0.222 0.437 0.468 -0.581 -0.466 0.891 1

Entry Order (Leiden) 0.265 0.324 -0.315 -0.321 0.390 0.084 -0.315 -0.295 1
Years Since First Entrant (Leiden) -0.044 0.317 -0.257 -0.267 0.146 0.309 -0.182 -0.195 0.421 1

Enter in First Year (Leiden) -0.138 -0.299 0.736 0.682 -0.277 -0.175 0.409 0.365 -0.349 -0.347 1
Enter in First Two Years (Leiden) -0.145 -0.313 0.695 0.720 -0.276 -0.183 0.386 0.386 -0.368 -0.366 0.946 1

Entry Order (Infomap) 0.401 0.434 -0.247 -0.262 0.367 0.051 -0.235 -0.224 0.541 0.145 -0.206 -0.217 1
Years Since First Entrant (Infomap) 0.049 0.483 -0.305 -0.327 0.200 0.409 -0.229 -0.247 0.296 0.662 -0.289 -0.303 0.291 1

Enter in First Year (Infomap) -0.153 -0.322 0.815 0.753 -0.325 -0.201 0.468 0.418 -0.329 -0.293 0.817 0.773 -0.250 -0.352 1
Enter in First Two Years (Infomap) -0.163 -0.342 0.760 0.805 -0.326 -0.214 0.449 0.447 -0.336 -0.304 0.758 0.801 -0.267 -0.377 0.928 1

We then regress our measure ofNovel Recombination on Entry Order, Years Since First Entrant,

Enter in First Year, and Enter in First Two Years as defined under each of the four different clustering

methods. As reported in Table C.3, we find a consistent and strong correlation between our measure

of novelty and each of these measures. Using the CliqueMethod, we find that a 1% increase in Entry
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Order leads to a 0.541% decrease inNovelRecombination (p < .001), a 1% increase inYears Since First

Entrant leads to a 0.171% decrease inNovel Recombination (p < .001), entering in the first year leads

to a 32.8% increase inNovel Recombination (p < .001), and entering in the first two years leads to a

36.4% increase inNovel Recombination (p < .001). Using theWalttrap Algorithm, we find that a 1%

increase in Entry Order leads to a 0.359% decrease inNovel Recombination (p < .001), a 1% increase

in Years Since First Entrant leads to a 0.253% decrease inNovel Recombination (p < .001), entering

in the first year leads to a 47.9% increase inNovel Recombination (p < .001), and entering in the first

two years leads to a 48.8% increase in Novel Recombination (p < .001). Using the Leiden Method,

we find that a 1% increase in Entry Order leads to a 0.374% decrease in Novel Recombination (p <

.001), a 1% increase in Years Since First Entrant leads to a 0.312% decrease in Novel Recombination

(p < .001), entering in the first year leads to a 57.9% increase in Novel Recombination (p < .001),

and entering in the first two years leads to a 59.6% increase in Novel Recombination (p < .001).

Using the Infomap Method, we find that a 1% increase in Entry Order leads to a 0.386% decrease

in Novel Recombination (p < .001), a 1% increase in Years Since First Entrant leads to a 0.268%

decrease in Novel Recombination (p < .001), entering in the first year leads to a 52.0% increase in

Novel Recombination (p < .001), and entering in the first two years leads to a 52.3% increase inNovel

Recombination (p < .001).

The strong and consistent relationshipwe find between ourmeasure of novelty and those derived

using entry orderwithin opportunity clusters provides compelling support that ourmeasure is indeed

capturing the intended mechanism.

Tech Stack Innovation

As another means of validating our measure of novel recombination, we compare our measure to

the frequency of novel combinations in the product tech stack. We assume that firms implementing

an opportunity with more novel recombinations will use more novel combinations of APIs in their
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Table B.4: Novel Recombination and Entry Order. Ordinary least squares (OLS) estimation. Robust
standard errors are clustered at the clique or cluster level. p-values are shown in brackets.

LnNovel Ln Novel Ln Novel Ln Novel
Recombination Recombination Recombination Recombination

Panel A: Clique Method
Ln Entry Order −0.541 [<0.001]
Ln Years Since First Entrant −0.171 [<0.001]
Enter in First Year (Binary) 0.328 [<0.001]
Enter in First Two Years (Binary) 0.364 [<0.001]

FE: Clique X X X X

Observations 27 847 27 847 27 847 27 847
R2 0.873 0.875 0.871 0.872

Panel B: Walktrap Method
Ln Entry Order −0.359 [<0.001]
Ln Years Since First Entrant −0.253 [<0.001]
Enter in First Year (Binary) 0.479 [<0.001]
Enter in First Two Years (Binary) 0.488 [<0.001]

FE: Walktrap Cluster X X X X

Observations 27 847 27 847 27 847 27 847
R2 0.355 0.336 0.312 0.313

Panel C: Leiden Method
Ln Entry Order −0.374 [<0.001]
Ln Years Since First Entrant −0.312 [<0.001]
Enter in First Year (Binary) 0.579 [<0.001]
Enter in First Two Years (Binary) 0.596 [<0.001]

FE: Leiden Cluster X X X X

Observations 27 847 27 847 27 847 27 847
R2 0.291 0.264 0.230 0.230

Panel D: Infomap Method
Ln Entry Order −0.386 [<0.001]
Ln Years Since First Entrant −0.268 [<0.001]
Enter in First Year (Binary) 0.520 [<0.001]
Enter in First Two Years (Binary) 0.523 [<0.001]

FE: Infomap Cluster X X X X

Observations 27 847 27 847 27 847 27 847
R2 0.336 0.325 0.295 0.296
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tech stack; in the process of realizing more novel recombinations, these firms will be more likely to

bring together components that other firms have not used together historically. This validation is of

course only relevant to the subset of companies where the product is a website, such that the tech

stack reflects the firm’s efforts to realize the novel recombination. In particular, we look at the subset

of firms from our sample who have some API offering, making the assumption that firms that offer

an API integration are offering web-based services such that their website would be indicative of their

product.

To construct our measures, we compute all the combinations of each firm’s tech stack compo-

nents along with the date on which the firm first implemented that combination. We define Total

Novel Tech Combinations as the count of how many of a firm’s tech stack combinations are novel,

meaning the firmwas the first firm in the sample to use the combination. As a more continuous mea-

sure, we can also look at howmany other firms had implemented a given tech combination previously

as a proxy for howdispersed the combinationwas at the time the focal firm implemented it. TechCom-

binationsDispersion (Mean) takes themean (across all of a firm’s tech stack component combinations)

number of times other firms had already implemented each combination. Tech Combinations Disper-

sion (Median) is the same measure, but instead uses the median across each firm’s set of component

combinations.

Table C.2 outlines both the summary statistics and correlations. We see that Total Novel Tech

Combinations has a very wide spread and large standard deviation. This is related to how total com-

binations between components explodes exponentially as the total components increase. As such, we

take the natural log of this variable in any regressions. Further, we see a meaningful negative corre-

lation between the measure of novelty and the two measures of dispersion. This is expected; an API

combination this common andwidely dispersed is of course not going to be novel. And, as is expected,

the mean and median measures of dispersion are also highly correlated.

We then regress both our binary and continuous measures of novel recombination on each of

189



Table B.5: Tech Stack Summary Statistics and Pairwise Correlation.

Summary Stats Correlations
Total Novel Tech Combination Tech Combination

Mean St. Dev. Min Max Tech Combinations Dispersion (Mean) Dispersion (Median)

Total Novel
Tech Combinations 3, 759.25 4, 942.45 0 93, 152 1

Tech Combination
Dispersion (Mean) 24.32 7.83 1 59.08 -0.463 1

Tech Combination
Dispersion (Median) 15.10 8.19 1 62 -0.413 0.936 1

these measures of novel tech stack combinations. Interpreting the logged variables presented in Table

B.6 in words, every doubling of the number of novel API combinations increases the likelihood of

having a novel recombination by 2.4% (p = 0.004) and increases the total novel recombinations by

3.5% (p = 0.012). Increasing a firm’s mean dispersion across its API combination by one decreases

the likelihood that the firmhas any novel recombinations by 0.4percentage points (p = 0.014); across

the full range from the minimum tomaximum value (from 1 to 59) in the sample this creates a swing

of 25 percentage points. This same increase also leads to a 0.4% (p = 0.159) decrease in the total

number of novel recombinations. Increasing a firm’s median dispersion across its API combination

by one decreases the likelihood that the firm has any novel recombinations by 0.5 percentage points

(p = 0.005); across the full range from theminimum tomaximum value (from 1 to 62) in the sample

this creates a swing of 31 percentage points. This same increase also leads to a 0.5% (p = 0.132)

decrease in the total number of novel recombinations.

Table B.6: Novel Recombination and Tech Stack Innovation. Ordinary least squares (OLS) estimation
with robust standard errors. p-values are shown in brackets.

Novel Novel Novel Ln Novel Ln Novel Ln Novel
Recombination Recombination Recombination Recombination Recombination Recombination

Binary Binary Binary

Ln Total Novel Tech Combinations 0.035 [0.004] 0.049 [0.012]
Tech Combination Dispersion (Mean) −0.004 [0.014] −0.004 [0.159]
Tech Combination Dispersion (Median) −0.005 [0.005] −0.005 [0.132]

Observations 1378 1378 1378 1378 1378 1378
R2 0.006 0.004 0.006 0.004 0.001 0.002
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As noted previously in the paper, we find that firms with more novel recombination, on aver-

age, use fewer APIs: likely because their products are less modular and more things need to be built

from scratch. However, the analysis here shows that, while the firms do use fewerAPIs, on average the

combinations ofAPIs they use aremore likely to be novel. This correlation between novel recombina-

tion (generated from combinations of words in the company’s description) and novel combinations

of APIs suggests that the company implements more novel interdependencies when implementing

opportunities containing novel recombinations.

B.1.2 LinkedIn Sample Construction

TheLinkedIn data starts at the job level and contains detailed information on the employee, start date,

end date, job description, firm, etc. We eliminate all employee jobs where there is no start date or end

date. For jobs with only a start year, we set the end year equal to the start year. For jobs with only

an end year, we set the start year equal to the end year. We also eliminate any jobs where the start

date comes after the end date or employees with job start dates more than two years prior to the firm’s

founding year. Consistentwith our performance analysis, we only look at the first ten funding rounds

(given that going beyond ten rounds generally indicates abnormal fundraising behavior—a “Series K”

round is not common). For jobs that are listed as the employee’s current job, we set the end date to

December 2020 (the date the data was pulled).

A little over a third of jobs include a job description. We look at the words in each job description

and count the number of matches against the set of keywords associated with managing complexity

and managing third parties (detailed in Appendix Section B.1.3. These counts are then aggregated to

the firm-year-level. We use the firm website URL listed in Pitchbook as the key to match firms with

the LinkedIn data. We find a match for 16,892 firms (54% of the total sample of 31,450 firms).
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B.1.3 Manage Complexity and Manage Third Parties Variable Construc-

tion

Toconstruct our proxy of complexity, we search the jobdescriptions of employeesworking at the firms

in our sample for words that suggest managing interdependencies and working with complexity. We

determined the set of relevant words by aggregating all the words in job descriptions and looking for

the most frequent words. We iterated between the possible words and the set of words the extant

literature generally uses when discussing complexity.

The set of terms includes the following words: across, between, combination, combinations,

combine, combined, combines, combining, conjoint, connect, connecting, connects, coordinate, co-

ordinated, coordinates, coordinating, depend, dependencies, dependency, dependent, integrate, in-

tegrated, integrates, integrating, interactive, interchange, interchanged, interchanges, interchanging,

interconnect, interconnected, interconnecting, interconnects, interdepartment, interdepend, inter-

dependent, interdepending, interdisciplinary, intermediaries, intermediary, intermediate, intermedi-

ates, intermesh, intermeshed, intermolecular, interop, interoperable, interplay, interplays, interrelate,

interrelated, interrelating, intersec, intersect, intersecting, intersection, intersections, intersects, joint,

jointly.

In addition to looking at complexity, we use the same process (looking at words by frequency

along with the extant literature) to identify markers of managing third parties. These words include:

alliance, alliances, alliancing, buyer, buyers, complementors, complements, contractor, contractors,

customer, customers, external, government, intercity, intercompanies, intercompany, intercultural,

international, interstate, lobbyist, network, networks, partner, partners, partnership, partnerships,

platform, platforms, regulator, regulators, relations, seller, sellers, supplier, suppliers, supplies, supply.
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B.1.4 Correlation Tables

Table B.7 contains correlation statistics for the variables at the firm-year level. First, we observe a high

correlation betweenManage Complexity andManage Complexity (Count) (0.957) as well as between

Manage Third Parties andManage Third Parties (Count) (0.970). Because the variables within each

pair of terms are intended to capture the same effect, this high correlation makes sense and validates

that they do in fact capture a similar effect. We also see strong correlations between the two paring

groups. Again, this is to be expected given that managing third parties is a form of managing com-

plexity. Round and Firm Age are correlated (0.467) given that older firms tend to be raising higher

numbered rounds. We also find a correlation betweenNovel Recombination and Firm Scope (0.619).

This makes sense given that firms with a larger scope are more likely to have a larger number of novel

combinations. We also observe correlations betweenTotal Employees,Total Descriptions, andDescrip-

tion Words. Again this is by construction as more employees at a firm will, on average, increase the

number of employees with job descriptions. This will, in turn and on average, increase the total num-

ber of words across all descriptions.

Table B.7: Firm-Year Panel Pairwise Correlation Matrix.

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

(1) Manage Complexity 1
(2) Manage Complexity (Count) 0.957 1
(3) Manage Third Parties 0.838 0.864 1
(4) Manage Third Parties (Count) 0.862 0.915 0.970 1
(5) Novel Recombination -0.029 -0.030 -0.023 -0.026 1
(6) Firm Age 0.127 0.132 0.102 0.117 0.077 1
(7) Firm Scope -0.030 -0.032 -0.024 -0.028 0.619 -0.077 1
(8) Cumulative Funding 0.116 0.129 0.132 0.139 -0.010 0.056 -0.002 1
(9) Round Size 0.052 0.059 0.051 0.056 -0.007 0.013 -0.003 0.333 1
(10) CEOChange -0.0001 0.0004 -0.001 -0.0003 0.009 -0.030 0.009 0.010 0.023 1
(11) Total Employees 0.679 0.743 0.731 0.778 -0.022 0.133 -0.015 0.181 0.068 -0.005 1
(12) Total Descriptions 0.839 0.916 0.908 0.957 -0.025 0.126 -0.031 0.150 0.063 -0.001 0.842 1
(13) DescriptionWords 0.857 0.918 0.939 0.973 -0.026 0.132 -0.034 0.138 0.060 -0.0001 0.786 0.974 1
(14) Year -0.003 -0.006 -0.008 -0.011 -0.029 0.245 0.132 0.029 0.011 -0.018 0.030 -0.018 -0.015 1
(15) Round 0.139 0.151 0.104 0.125 -0.001 0.467 -0.042 0.136 0.052 0.093 0.154 0.138 0.142 0.235 1

Table B.8 contains correlation statistics for the variables at the firm-round level. First, we observe

a high correlation between Need Bridge Financing and both Receive Bridge Financing (0.813) and

Shut Down (0.535). This is to be expected given that all firms that receive a bridge or fail both needed

193



a bridge. We also find a correlation betweenNovel Recombination and Firm Scope (0.597). Thismakes

sense given that firms with a larger scope are more likely to have a larger number of novel combina-

tions. We also observe a high correlation (0.571) betweenRound and FirmAge. Given that these vari-

ables are mechanically related with more time elapsing since founding with each subsequent funding

round, this is expected. We also observe a high correlation betweenRound Size, Cumulative Funding

Amount, Premoney Valuation, and Postmoney Valuation. Again, this is expected given themechanical

relationship between these variables (e.g., the larger the round size, the larger the postmoney valuation

is by construction, with firms tending to raise larger amounts in later rounds).

Table B.8: Firm-Round Panel Pairwise Correlation Matrix.

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16

(1) Receive Bridge Financing 1
(2) Need Bridge Financing 0.813 1
(3) Shutdown -0.039 0.535 1
(4) IPO -0.032 -0.036 -0.016 1
(5) Premoney Valuation -0.008 -0.011 -0.008 0.049 1
(6) Postmoney Valuation -0.008 -0.012 -0.008 0.051 0.989 1
(7) Novel Recombination 0.008 0.001 -0.011 -0.007 -0.010 -0.011 1
(8) Novel Recombination Binary 0.011 0.010 0.001 -0.002 -0.005 -0.006 0.416 1
(9) Firm Scope -0.035 -0.061 -0.056 -0.019 0.018 0.017 0.597 0.299 1
(10) Round Size -0.008 -0.010 -0.004 0.042 0.455 0.577 -0.012 -0.014 0.004 1
(11) Cumulative Funding -0.005 -0.008 -0.006 0.036 0.405 0.465 -0.012 -0.017 0.006 0.552 1
(12) Firm Age 0.065 0.082 0.047 0.106 0.064 0.066 0.099 0.123 0.004 0.055 0.059 1
(13) CEOChange 0.032 0.038 0.021 0.008 -0.004 -0.004 0.028 0.025 0.006 0.004 0.009 0.148 1
(14) Round 0.052 0.063 0.037 0.095 0.128 0.133 0.032 0.053 0.029 0.097 0.140 0.571 0.169 1
(15) Round Year -0.077 -0.077 -0.017 0.016 0.046 0.047 -0.024 -0.101 0.190 0.028 0.034 0.138 -0.003 0.191 1
(16) Founding Year -0.109 -0.120 -0.045 -0.053 -0.00001 -0.001 -0.084 -0.166 0.162 -0.011 -0.008 -0.516 -0.096 -0.198 0.776 1

B.1.5 Validating Complexity and Its Relationship withNovel Recombina-

tion

For the subset of firms who produce a software/Software-as-a-Service (SaaS) product, we also collect

data from BuiltWith on the application programming interfaces (APIs) used to build their product.

For this subset of 6,208 firms, we collect a monthly panel of which APIs each firm uses on its website

(in the case of the SaaS companies we subset to, the website is the product), resulting in a panel of

760,678 observations at the firm-month level with an average of 80month-level observations for each

firm. Summary statistics and correlations appear in Table B.9.
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Table B.9: Software Firm-Month Panel Summary Statistics and Pairwise Correlation. 760,678 firm-
month-level observations of 6,208 unique firms with industry or vertical labels as software or SaaS.

Summary Stats Correlations
Mean St. Dev. Min Max API Count Months Novel Recombination (Binary)

API Count 56.59 77.38 0 4, 203 1

Months 80.20 60.97 1 282 0.337 1

Novel Recombination (Binary) 0.56 0.50 0 1 0.010 0.030 1

APIs allow the focal firm to easily integrate the services of another company into their own prod-

uct. As such, using an API requires the ability to modularize part of the focal firm’s product. For

example, if an entrepreneur wants to provide a map feature on her product, rather than building out

an entire map system and interface herself, she could simply call the Google Maps API to provide the

functionality she needs in her own product. For this to work, the map component of the product

must be a modular component.

The extant literature generally viewsmodularity as the opposite of complexity (Baldwin&Clark,

2000). We assert that, holding everything else fixed, using more modular components means that

the firm is not building as much proprietary complex code internally since the APIs substitute for

internal code development (e.g., in the case where a map needs to do novel things and integrate novel

interdependencies, using the Google API is less likely to be an option). As such, we expect firms with

more novel recombination to use fewer APIs.

As outlined in Appendix Table B.10, we find that LnAPICount is generally positively correlated

with the number of months the product has existed (firms add more APIs over time), but the inter-

action term betweenMonths and Novel Recombination is negative (p = 0.070). Firms pursuing any

novel recombination add one API fewer per month (e(0.0005) = −1). We assert that this provides

directional support for the increasing need to manage complexity for firms pursuing novel recombi-

nation; more novel recombination leads to increasing interdependencies that cannot be broken into

modular components, such as APIs.
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Table B.10: Novel Recombination and Modularity. Ordinary least squares (OLS) estimation. Robust
standard errors are clustered at the firm level. p-values are shown in brackets.

Ln API Count Ln API Count

Months 0.021 [<0.001] 0.021 [<0.001]
Novel Recombination Binary ×Months −0.0005 [0.070]

Observations 760 678 760 678
R2 0.794 0.794

FE: Firm X X
FE: Founding Year X X
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C
TheMediocrity Trap in Entrepreneurial

Learning

C.1 Appendix

C.1.1 Proof for Observation 1

Observation 1 states that given the Bayesian updating formula:
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μ1 =
μ− μq
1− μq

where μ is the prior belief and q is the initial product quality, the actor updates her prior less for lower

values of q and more for higher values of q.

We aim to show that the update is more sensitive to higher values of q. To do this, we compute

the derivative of μ1 with respect to q.

Differentiate the updating formula

The updating formula is:

μ1 =
μ− μq
1− μq

Using the quotient rule, we have:

∂μ1
∂q

=
(−μ)(1− μq)− μ(1− q)(−μ)

(1− μq)2

Simplifying, the derivative becomes:

∂μ1
∂q

=
μ(μ− 1)
(1− μq)2

Analyze the sign of the derivative

The denominator (1 − μq)2 is always positive since it is a square. The numerator μ(μ − 1) depends

on μ. For 0 < μ < 1, we have μ− 1 < 0, so the numerator is negative. Thus, for 0 < μ < 1:

∂μ1
∂q

< 0
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This implies that as q increases, μ1 decreases, meaning the actor updates her prior more for higher

values of q.

Conclusion

Since ∂μ1
∂q < 0, we conclude that the actor’s belief update is more sensitive to higher product quality

q. Therefore, the actor updates her prior less for lower values of q and more for higher values of q.

C.1.2 Proof for Proposition 1

Proposition 1 states: For a non-empty part of the admissible (μ, cs, a, q) parameter space, there ex-

ist q̂ with 0 < q̂ < 1 such that for q < q̂, E(Sell,Sell) > E(Sell,Pivot/Quit) and for q > q̂,

E(Sell,Pivot/Quit)> E(Sell,Sell).

To prove Proposition 1, I will show that there is a μ̂, which is a function of cs and a andwhich falls

in (0,1) for at least some admissible cs and a, and a q̃ ∈ [0, 1) such that the statement of the proposition

holds for μ > μ̂ and for q > q̃.

To find the range of values of q where E(Sell,Sell) > E(Sell,Pivot/Quit), it suffices to show that

E(Sell, Sell)−E(Sell, Pivot/Quit) is strictly positive between some thresholds qlower and qupper, where

0 < qlower < qupper < 1. Indeed, when E(Sell, Sell) − E(Sell, Pivot/Quit) is strictly positive, the

entrepreneur will prefer to continue selling after failure rather than pivot/quit.

After some simplification, we express the difference E(Sell, Sell)− E(Sell, Pivot/Quit) as:

f(q) = (1− μq)
[
μ− μq
1− μq

q− cs − a
]
.

Since 1− μq > 0 given μ ∈ (0, 1) and q ∈ (0, 1), it further follows that f(q) > 0 if and only if:

f(q)× (1− μq) > 0.
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This allows us to simplify and solve for the roots of some g(q):

g(q) =
μ− μq
1− μq

q− cs − a

We rearrange it to the following quadratic expression:

g(q) = −μq2 + (μ+ (cs + a)μ)q− (cs + a).

This quadratic equation represents a **downward-opening parabola** because the coefficient of

q2 is negative (−μ). Thismeans that in the regionbetween the two roots, E(Sell, Sell) - E(Sell, Pivot/Quit)

is positive and the entrepreneur E will persist in selling rather than pivot or quit. Thus, to finish prov-

ing Proposition 1, it suffices to show that the quadratic has two real and distinct roots between 0 and

1.

Roots of the quadratic equation

Using the quadratic formula, we solve for q in the equation g(q) = 0. The quadratic formula is given

by:

q =
−B±

√
B2 − 4AC
2A

,

where:

A = −μ,

B = μ(1+ cs + a),

C = −(cs + a).
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Substituting these values, we get:

q =
−μ(1+ cs + a)±

√
μ2(1+ cs + a)2 − 4(−μ)(−(cs + a))

2(−μ)
.

Simplifying the square root and the expression:

q =
(1+ cs + a)±

√
(1+ cs + a)2 − 4(cs+a)

μ

2
.

Condition for real roots

To ensure that the quadratic has real roots, the discriminant must be positive. The discriminant is:

(1+ cs + a)2 − 4(cs + a)
μ

.

For real roots, this must be positive:

(1+ cs + a)2 >
4(cs + a)

μ
.

Multiplying both sides by μ gives:

μ(1+ cs + a)2 > 4(cs + a).

Dividing by (1+ cs + a)2, we obtain the condition:

μ̂ >
4(cs + a)

(1+ cs + a)2
.
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Proving that 0 < qlower < qupper < 1

Next, we show that the roots qlower and qupper lie within the interval (0, 1).

1. Prove that qlower > 0:

For qlower =
(1+cs+a)−

√
(1+cs+a)2− 4(cs+a)

μ
2 , we need to show that the numerator is positive.

Since the discriminant condition ensures that the square root is less than (1+ cs+a), it follows

that qlower > 0.

2. Prove that qupper < 1:

For qupper =
(1+cs+a)+

√
(1+cs+a)2− 4(cs+a)

μ
2 , we need (1+ cs+a)+

√
(1+ cs + a)2 − 4(cs+a)

μ <

2. Since the discriminant ensures that the square root term is bounded, qupper < 1.

3. Prove that qlower < qupper:

The quadratic formula gives two distinct roots, with qlower being the smaller root and qupper

the larger. Given that
√
(1+ cs + a)2 − 4(cs+a)

μ is positive, it follows that qlower < qupper.

Lower Bound on q

Without a lower bound on q, however, we cannot say that there exists a q̂ such that E(Sell,Sell) >

E(Sell,Pivot/Quit) for q < q̂ because once q < q− lower < q̂, we again have that E(Sell,Pivot/Quit)

>E(Sell,Sell), so any such qwould violate the result of the proposition. As such, order for Proposition

1 to hold, we restrict to the part of the parameter space with q > qlower = q̃

Conclusion

Thus, we have proven that there exist two thresholds qlower and qupper such that:

• For q ∈ (qlower, qupper), E(Sell, Sell) > E(Sell, Pivot/Quit), meaning the entrepreneur prefers

to persist in selling.
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• For q < qlower or q > qupper, E(Sell, Sell) ≤ E(Sell, Pivot/Quit), meaning the entrepreneur

prefers to quit or pivot.

The condition μ̂ > 4(cs+a)
(1+cs+a)2 ensures that qlower and qupper are real and lie within the interval

(0, 1), completing the proof of Proposition 1.

C.1.3 Comparative Statics: Range of Initial Product Quality Subject to

theMediocrity Trap

In this section, I take the range of values of initial product quality qwhere the entrepreneur E will be

subject to themediocrity trap and then determine how the size of this region is impacted bym, cs, and

a. To start, and repeating some of what was done in the proof previously, the region can be defined

by taking the difference between these two roots, ΔQ, is:

ΔQ = qupper − qlower

=

(
1+ a+ cs +

√
(1+ a+ cs)2 − 4(a+cs)

m

)
−
(
1+ a+ c−

√
(1+ a+ cs)2 − 4(a+cs)

m

)
2

Simplifying:

ΔQ =

√
(1+ a+ cs)2 −

4(a+ cs)
m

The discriminantD in the expression for ΔQ is given by:

D = (1+ a+ cs)2 −
4(a+ cs)

m
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For ΔQ to be a real number,Dmust be non-negative:

(1+ a+ cs)2 −
4(a+ cs)

m
≥ 0

Rearranging to isolatem:

m ≥ 4(a+ cs)
(1+ a+ cs)2

If this condition is not met, this means that there are no values of initial product quality qwhere

E will fall into the mediocrity trap.

Given thatDmust be positive for ΔQ to be defined (or in other words for the mediocrity trap to

be possible), I can simplify the analysis of comparative statics by taking partial derivatives ofD (ignore

the square root) but make it subject to the constraint that D must be positive. I now consider the

partial derivatives ofDwith respect tom, cs, and a, and interpret their implications.

The partial derivative with respect tom is:

∂D
∂m

=
4(a+ cs)

m2

Given that Dmust be non-negative, this derivative indicates that asm increases, D increases. In

particular, looking back at ΔQ, we see that asm increases, the term 4(a+cs)
m decreases, making it easier

for the discriminant to remain non-negative. Therefore, ΔQ is more likely to be defined, and the

region where ΔQ is defined expands. In other words, a larger greater initial certainty a market exists

corresponds to a larger range of values of initial product qualitywhere the entrepreneurEwill fall into

the mediocrity trap and persist in spite of negative signals.

The partial derivative ofDwith respect to c is:

∂D
∂cs

= 2(1+ a+ cs)−
4
m
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Given that D must be non-negative, we can assume that 4
m < 2(1 + a + cs) and just examine

the impact of changing values of c on 2(1 + a + cs). This suggests that as c increases, D decreases.

Again, looking back at ΔQ, we see that as cs increases, the numerator 4(a+ cs) increases faster than the

denominator (1+ a+ cs)2, which increases the threshold form needed to keep the discriminant non-

negative. This makes it more difficult for ΔQ to be defined, causing the region where ΔQ is defined

to shrink. In other words, a higher cost of trying to sell corresponds to a smaller range of values of

initial product quality where the entrepreneur E will fall into the mediocrity trap and persist in spite

of negative signals.

The partial derivative ofDwith respect to a is:

∂D
∂a

= 2(1+ a+ cs)−
4
m

This derivative is structurally identical to the derivative with respect to cs. It suggests that as a

increases, D decreases. In other words, a more attractive alternative option to which to pivot corre-

sponds to a smaller range of values of initial product quality where the entrepreneur E will fall into

the mediocrity trap and persist in spite of negative signals.

In summary, the range of values of initial product quality q for which E will fall into the medi-

ocrity trap increases with m and decreases with cs and a; E is more likely to fall into the mediocrity

trap when she has a higher prior belief that themarket exists, when cost of selling is low, andwhen the

expected value of her alternative option from pivoting is low.

C.1.4 Model Limitations and Extensions

Themodel presented in this paper deliberately simplifies entrepreneurial decision-making to highlight

the mediocrity trap mechanism. While these simplifications help maintain analytical tractability and

clarify the core insight, they also limit the model. Several extensions could enrich the analysis and
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provide additional insights.

Multi-period dynamics: The model indirectly captures product learning through the Δq pa-

rameter and the choice between immediate market entry versus development first. However, a multi-

period extension would explicitly model how early market feedback could increase the efficiency of

subsequent development efforts, potentially making Δq a function of prior market experience rather

than a fixed parameter.

Competition: The model implicitly incorporates competition through several parameters: μ re-

flects knowledge of the competitive landscape in market existence beliefs, while q incorporates the

quality threshold needed to win against alternatives. An explicit competition extension would model

how these parameters dynamically respond to competitor actions rather than treating them as fixed

values. Network effects: The model could incorporate how each successful sale automatically in-

creases product quality, creating self-reinforcing adoption dynamics.

NetworkEffects: Manyproducts, particularly in technology andplatformmarkets, exhibit net-

work effects where the value of the product increases as more customers use it. The current model

treats product quality as either fixed or improved only through deliberate development investment,

without considering how successful sales themselves might increase product quality.

Incorporatingnetwork effectswouldmodel howeach successful sale automatically increases prod-

uct quality for subsequent customers, creating self-reinforcing adoption dynamics. This extension

would be particularly valuable for analyzing products like the APIs studied in the empirical section,

where more users often means greater value for all users. It would show how entrepreneurs facing

strong network effects might rationally prioritize early market entry with lower-quality products, as

the sales process itself generates quality improvements that make future sales more likely. Network
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effects could potentially mitigate the mediocrity trap by creating a path where initial quality, while

not great, is sufficient to start a positive feedback loop.

Market evolution: Themodel assumesmarket conditions remain static, withmarket existence

treated as a fixed but unknown state. All changes to purchase probability stem from endogenous

product quality improvements rather than exogenous market changes.

In reality,markets evolve throughcomplementary innovation, shifting customerneeds, andbroader

ecosystem development. A time-varying market parameters extension would capture how markets

emerge and evolve independently of the entrepreneur’s actions. This would allow modeling of sce-

narios where initially non-existentmarkets materialize over time or where earlymarkets disappear due

to external factors. Such an extension would be particularly valuable for analyzing timing strategies in

emerging technologymarkets, where being too early (“ahead of themarket”) or too late can both lead

to failure. It would help identify conditions under which patience in market development might be

more valuable than rapid pivoting.

Segment heterogeneity: The current model treats the market as homogeneous, with a single

quality threshold determining sales probability and each potential customer viewed as identical. This

simplification doesn’t account for how different customer segments might have varying quality re-

quirements, willingness to pay, or specific needs.

Incorporating heterogeneous market segments would model how entrepreneurs might strategi-

cally target different types of customers as part of their learning strategy. This extension would show

how entrepreneurs could sequence market entry across segments, perhaps targeting more accessible

early adopters before addressing more demanding mainstream customers. It would also demonstrate

how segment-specific feedback might inform product development priorities differently. Such an ex-

tension would connect to existing literature on crossing the chasm between early adopters and main-
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streammarkets, showing how themediocrity trapmight manifest differently when entrepreneurs can

choose which market segments to target first.

Quality uncertainty: The model assumes entrepreneurs have perfect information about their

product’s quality. Quality is treated as an objective parameter that is common knowledge to both the

entrepreneur and potential customers.

In reality, entrepreneurs often face uncertainty about their own product’s quality and how it will

be perceived by customers. They may over or underestimate their product’s capabilities relative to

customer needs. Incorporating quality uncertaintywouldmodel how entrepreneurs form andupdate

beliefs about their product quality throughmarket feedback. This extensionwould showhowquality

misestimation affects persistence decisions - overconfidence might exacerbate the mediocrity trap by

causing entrepreneurs to attribute failures entirely tomarket factors rather thanproduct inadequacies,

while underconfidence might lead to premature abandonment of viable opportunities.

C.1.5 AlternativeMeasures of Persistence in Selling Again

While the main analysis uses the number of new salespeople in the subsequent year to proxy a firm’s

persistence in selling again, I also explore two additional alternative measures of selling again. I find

consistent results with both of these alternative measures, adding validity and additional empirical

support for Hypothesis 6.

Sell Again: Total Salespeople Months Sell Again: Total Salespeople is a leading variable

equal to the total number of months salespeople were employed by the firm in the following year.

Sell Again: Salespeople Attrition Ratio Sell Again: Churned Salespeople is a leading vari-

able equal to the total number of salespeople employed by the firm in the current year who leave the
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firm in the following year normalized relative to the total number of salespeople in a standard calcu-

lation of churn.

Additional support for Hypothesis 6 is provided by the results for Total Salespeople Months and

Salespeople Attrition inTableC.1. The coefficient forCAC onTotal SalespeopleMonths is positive and

significant (β = 0.242, p < 0.01), indicating that a 100% increase inCAC is associatedwith an 18.3%

increase in total salespeople months. This suggests that firms not only hire new salespeople but also

retain existing ones when faced with high CAC, further demonstrating persistence in selling efforts.

Table C.1: AlternativeMeasures of Persistence in Selling Again. Ordinary least squares (OLS) estimation.
Standard errors (in parentheses) are clustered at the year level. p-values are shown in brackets.

Ln Total Salespeople Months Ln Salespeople Attrition

Ln Product Development 0.080 −0.031
(0.020) (0.020)
[0.005] [0.170]

Ln CAC 0.242 −0.345
(0.025) (0.025)
[0.000] [0.000]

Ln Product Development × Ln CAC −0.035 0.039
(0.005) (0.005)
[0.000] [0.000]

Ln Funding 0.117 −0.082
(0.035) (0.029)
[0.013] [0.026]

Ln Total Employees 0.377 −0.385
(0.032) (0.045)
[0.000] [0.000]

(Intercept)
Observations 9343 9343
R2 0.800 0.797
FE: Year X X
FE: Firm X X

Moreover, the negative and significant coefficient forCAC on Salespeople Attrition (β = −0.345,

p < 0.01) indicates a substantial decrease in attrition by about 21.3% with a doubling of CAC. This

suggests that firms aremore likely to retain their salespeople despite higher acquisition costs, providing

additional evidence of persistence in selling efforts when faced with negative market signals.

In summary, these results strongly support Hypothesis 1, demonstrating that enterprise software

startups tend to persist in their selling efforts by increasing total salespeople months and reducing
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salespeople attrition when faced with high customer acquisition costs, particularly when they have

lower product development investment.

C.1.6 Selection Concerns

This study relies on the integration of multiple data sources, each with potential selection concerns

that warrant careful consideration. I address these concerns and their implications for the interpreta-

tion of the results below.

Pitchbook Pitchbook is widely regarded as the most comprehensive startup database available at

scale. However, it may omit firms that never publicize their founding or launch any type of product.

As a result, the sample likely overrepresents more established or public-facing startups. This potential

selection bias suggests that the results should be interpreted with the boundary condition that they

apply to startups that have achieved a certain level of visibility or development.

LinkedIn LinkedIn profiles serve as the source of employee information. While LinkedIn has high

penetration in the professional world, especially in the tech sector, selection concerns could arise if

there are systematic differences in the small group of startup employees without profiles. As such,

the results may bemost applicable to firms with employees who are active on professional networking

platforms.

BuiltWith As noted by Stroube & Dushnitsky (2023), BuiltWith data is most complete and ro-

bust after 2012. While the vastmajority of the panel is post-2012, there are some observations starting

earlier. To ensure this is not introducing any selection concerns that might bias the results, I rerun re-

gressions with the subset of observations post-2012 and find that the results hold.
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Appendix Table C.2 contains the regression analysis for Sell Again, subset to only include data

from years after 2012, and shows that the results hold.

Table C.2: BuiltWith Selection: Post-2012. Ordinary least squares (OLS) estimation. Standard errors (in
parentheses) are clustered at the year level. p-values are shown in brackets.

Sell Again
Ln Product Development 0.027

(0.012)
[0.070]

Ln CAC 0.016
(0.011)
[0.185]

Ln Product Development × Ln CAC −0.005
(0.003)
[0.092]

Ln Funding 0.037
(0.026)
[0.193]

Ln Total Employees 0.081
(0.020)
[0.005]

Observations 4758
R2 0.701
FE: Year X
FE: Firm X

C.1.7 Competition

Competition in the enterprise software market has significant implications for both value creation

and value capture. From a theoretical perspective, the presence of competitors can be viewed through

two distinct lenses: value creation and value capture (Brandenburger & Stuart Jr., 1996).

Value Creation: The existence of competitors in a market can serve as a signal that there is in-

deed a valuable market opportunity. This aligns with the concept of vicarious learning, where firms

can learn about market potential by observing the actions of their competitors (Huber, 1991). Fur-

thermore, competition can drive innovation and market expansion, potentially increasing the overall
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value created in the industry (Aghion et al., 2005).

Value Capture: While competition may signal market potential, it also presents challenges for

individual firms in capturing that value. As Porter (1980) articulates in his seminal work on compet-

itive strategy, the intensity of rivalry among existing competitors is a key force that shapes industry

profitability. In markets with intense competition, firms may struggle to differentiate their offerings

or maintain pricing power, potentially leading to higher customer acquisition costs (CAC) as they

compete for the same pool of customers.

These two aspects of competition—its role in signaling market potential and its impact on value

capture—have important implications for how we interpret the relationship between competition,

product development, and CAC in this study. The presence of competitors may simultaneously in-

crease a firm’s confidence in the market opportunity (potentially encouraging persistence) while also

making it more difficult to acquire customers efficiently (potentially leading to higher CAC).

I argue that competition is inherently embedded in the market feedback captured by Customer

Acquisition Cost (CAC), both in the theoretical model and in the empirical analysis, and therefore

not directly measuring it is not a cause for concern because it is already accounted for indirectly. A

highCAC serves as a comprehensive negative signal about product-market fit, regardless of its specific

underlying causes. Whether potential customers are not purchasing due to the presence of superior

competing products, the lack of a compelling value proposition, or any other market factors, the end

resultmanifests in an elevatedCAC.Thismetric effectively encapsulates variousmarket forces, includ-

ing competition, without necessitating their individualmeasurement. In the context of this study, the

precise reason for a highCAC is less critical than its implications for the firm’s strategic decisions. The

theory posits that firms should interpret a high CAC as a negative signal about product-market fit, ir-

respective of whether this is driven by direct competition or other factors affecting customer demand.

Moreover, the decision to persist in selling efforts or pivot in response to a high CAC should not
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be contingent on isolating competition as a factor. If a firm faces high customer acquisition costs, it

suggests that the current product offering is not sufficiently compelling to customers relative to their

alternatives, which inherently includes competing products. In this scenario, the rational response

would be to reassess the product-market fit rather than to intensify sales efforts. The mediocrity trap

identified in this study occurs when firmswith less-developed products fail to interpret this signal cor-

rectly, persisting in their sales efforts despite the negative feedback from the market. This persistence

is problematic regardless of whether the high CAC is primarily driven by strong competition or other

factors affecting product-market fit. Therefore, while competition is undoubtedly an importantmar-

ket force, its direct measurement is not necessary for the core arguments and findings of this study.

The CAC metric serves as a sufficient proxy for the overall market response, including competitive

effects, and allows for a focused examination of how firms interpret and act on this aggregate signal in

relation to their product development investments.

Empirical Analysis of Competition

In addition to outlining the above theoretical reasons why competition is captured in CAC, I also

construct a measure of competition and test its impact directly.

For each firm in the sample who lists a set of competitors in Pitchbook, I use this data to create

a directed graph with each firm pointing to its identified competitors. From here, there are many

different approaches to break this directed graph into clusters. These different approaches balance

considerations such as whether to allow a company to appear in multiple clusters, maximum cluster

size, maximum computing time, memory requirements, etc. Given the various trade-offs across these

different dimensions, I employ two different techniques to create clusters. These techniques include:

Leiden Algorithm (Traag et al., 2019) The Leiden Algorithm is often used for single-cell RNA

sequencing data analysis. It operates by optimizing a quality function that measures the significance
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of node assignments to clusters. Leiden starts with an initial clustering and iteratively evaluates the

quality of the clusters by considering the benefits of moving nodes between clusters. If moving nodes

enhances cluster quality, the algorithmmakes that adjustment. This iterative process continues until

no further improvements can be made.

Infomap Algorithm (Rosvall & Bergstrom, 2008) The Infomap Algorithm analyzes the net-

work’s structure and seeks to minimize the information needed to describe it. It starts by exploring

the network using random walks, tracking how information flows between nodes. The algorithm

identifies clusters by finding regions where information can be efficiently compressed. It optimizes

these clusters by iteratively merging or splitting them to minimize the description length.

The Leiland algorithm is scalable, making it suitable for analyzing large networks. I adjusted the

resolution parameter to 28, which keeps the maximum cluster size at a reasonable number. The In-

fomap Algorithm is also computationally efficient: it is fast and generates reasonable cluster sizes.

After defining each cluster of competitors using the approaches outlined above, I subset to the

firms who are competitors within the sample. I then use the founding year of each firm within the

cluster to define a time-variantmeasure of the number of competitors within each cluster at any given

point in time. This allows for a dynamic proxy of the level of competition. Leiden Competitors is

equal to the total number of competitors the focal firm has in a given year using the Leiden method.

Infomap Competitors is equal to the total number of competitors the focal firm has in a given year

using the Infomap method.

Appendix Table C.3 presents regression results incorporating these different measures of compe-

tition for the Sell Again regression specification. For both competition measures, the baseline term

for competition is positive and significant (β = 0.492, p = 0.010 for Leiden; β = 0.436, p = 0.004 for

Infomap). This suggests that increased competition in the current year is associated with hiring more

new salespeople in the subsequent year; firms may respond to competitive pressure by intensifying
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sales efforts.

The interaction term between competition and product development is negative, though not

statistically significant at conventional levels (β = −0.018, p = 0.170 for Leiden; β = −0.019, p =

0.132 for Infomap). This trend suggests that firms with more developed products may be less likely

to respond to increased competition by adding more new salespeople, consistent with the idea that

higher-quality products may better withstand competitive pressures.

Importantly, the interaction term betweenCAC and product development remains negative and

significant when controlling for competition (β = −0.015, p = 0.076 for Leiden; β = −0.017,

p = 0.073 for Infomap). This robustness supports the main findings regarding the mediocrity trap,

indicating that the relationship between product development, CAC, and persistence in selling efforts

holds even when accounting for competitive dynamics.

I also run an alternative regression specification where I include fixed effects for the time-varying

number of competitors and similarly find that the effect holds. Table C.4 shows this for the Sell Again

regression specification. Note that the interaction term is still negative and significant, suggesting the

evidence for persistence in the mediocrity trap is robust to competition.

C.1.8 Multiple Products

The potential impact ofmultiple products on the analysis can be considered in two scenarios: sequen-

tial products and simultaneous products.

Sequential Products

Multiple products can occur sequentially if a firm introduces a new product and stops selling its orig-

inal product. In this case, it is as if the firm is simply starting over. The prior product should not

impact the CAC for the new product or the firm’s propensity to hire new salespeople next year to
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Table C.3: Persistence in Selling Again and Competition Variables. Ordinary least squares (OLS) estima-
tion. Standard errors (in parentheses) are clustered at the year level. p-values are shown in brackets.

Sell Again Sell Again
Ln Product Development 0.068 0.070

(0.029) (0.029)
[0.051] [0.045]

Ln CAC 0.023 0.027
(0.037) (0.036)
[0.554] [0.477]

Ln Leiden Competitors 0.492
(0.139)
[0.010]

Ln Funding 0.080 0.076
(0.029) (0.029)
[0.029] [0.036]

Ln Total Employees 0.175 0.185
(0.065) (0.066)
[0.031] [0.027]

Ln Product Development × Ln CAC −0.015 −0.017
(0.007) (0.008)
[0.076] [0.073]

Ln Product Development × Ln Leiden Competitors −0.018
(0.012)
[0.170]

Ln CAC × Ln Leiden Competitors −0.003
(0.012)
[0.779]

Ln Product Development × Ln CAC × Ln Leiden Competitors 0.003
(0.003)
[0.392]

Ln Infomap Competitors 0.436
(0.103)
[0.004]

Ln Product Development × Ln Infomap Competitors −0.019
(0.011)
[0.132]

Ln CAC × Ln Infomap Competitors −0.005
(0.012)
[0.698]

Ln Product Development × Ln CAC × Ln Infomap Competitors 0.003
(0.003)
[0.333]

Observations 2710 2710
R2 0.752 0.751
FE: Year X X
FE: Firm X X
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Table C.4: Persistence in Selling Again and Competition Fixed Effects. Ordinary least squares (OLS)
estimation. Standard errors (in parentheses) are clustered at the year level. p-values are shown in brackets.

Sell Again Sell Again
Ln Product Development 0.024 0.028

(0.013) (0.015)
[0.118] [0.101]

Ln CAC 0.014 0.019
(0.023) (0.022)
[0.556] [0.422]

Ln Product Development × Ln CAC −0.009 −0.011
(0.004) (0.004)
[0.068] [0.020]

Ln Funding 0.076 0.074
(0.028) (0.029)
[0.029] [0.036]

Ln Total Employees 0.173 0.172
(0.062) (0.062)
[0.027] [0.028]

Observations 2710 2710
R2 0.761 0.762
FE: Year X X
FE: Firm X X
FE: Leiden Competitors X
FE: Infomap Competitors X
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try to sell the new product. As such, there should not be a systematic bias. The main distinction is

that the cumulative product investment valuewould be inflated; the firmwould have a larger value for

Product Development even though the new product it was working on and trying to sell wasmuch less

developed. This would bias the results against my main finding. I find that firms with lower levels of

product investment are more likely to persist and hire new salespeople. However, in the case of multi-

ple sequential products, firms with lower levels of product investment would actually appear to have

high levels of product investment. Given that the noise introduced by multiple sequential products

would work against the result, accounting for sequential products should only strengthen the results.

However, in practice, it is very uncommon for a firm to completely abandon a prior product

such that it would even be fully starting over on product development. For example, Slack started as

game calledGlitchwith an internal communication tool that eventually became Slack’s flagship prod-

uct after the game shutdown. Or Twitter began as a side project within a podcasting platform called

Odeo. When Apple launched iTunes with podcast support, Odeo’s core business became obsolete so

the team expanded the side project they had been working on—a microblogging service that eventu-

ally became Twitter. These examples illustrate how even subsequent new products do benefit from

the prior development and so the product development number is likely not as overinflated as might

initially seem could be the case.

Simultaneous Products

Multiple products can also occur simultaneously if a firm is developing and trying to sell two or more

products at the same time. When firms develop and sell multiple products concurrently, it introduces

measurement challenges for some of the key variables. The presence of multiple products likely adds

noise to the measures of product development investment and Customer Acquisition Cost (CAC).

For instance, the product developmentmeasuremight overestimate the investment in any single prod-

uct, as it captures total investment across all products. Similarly, CAC might be misattributed be-
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tween products when sales efforts or customer acquisitions aren’t clearly delineated; CACwill reflect

the average across all a firm’s products.

Importantly, this measurement error is likely to be non-systematic. There is no clear reason to

believe that firms withmultiple products would consistently over or under invest in product develop-

ment relative to single-product firms, or that theywould systematically have higher or lowerCAC; the

different products could be easier or harder to sell. As such, the presence of multiple products likely

introduces noise rather than bias into the analysis.

This measurement error typically leads to attenuation bias, making the estimates more conserva-

tive. In other words, it becomes more difficult to detect the true relationship between product devel-

opment, CAC, and persistence in selling efforts. The fact that there are still significant relationships

in line with the hypotheses, despite this added noise, strengthens confidence in the results.

Empirical Impact ofMultiple Products

The empirical analysis in Appendix Table C.5 addresses the potential impact of multiple products on

the main findings. The regression includes a time-varying indicator variable, Single Product, which

equals 1 if the firm has a single product and 0 otherwise. The results show a significant negative main

effect for Single Product (β = −0.333, p = 0.020), suggesting that firms with a single product tend to

hire fewer new salespeople compared to those with multiple products; firms with multiple products

might require larger sales forces.

The interaction between Single Product and CAC is negative and significant (β = −0.088, p =

0.046), indicating that single-product firms are less likely to respond to highCACby hiring additional

salespeople compared to multi-product firms.

Crucially, the interaction term between CAC and product development remains negative and

significant when controlling for single versus multiple products (β = −0.025, p = 0.006). Further-

more, three-way interaction between ProductDevelopment, CAC, and Single Product is positive and
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Table C.5: Single vs Multiple Products Over Time. Ordinary least squares (OLS) estimation. Standard
errors (in parentheses) are clustered at the year level. p-values are shown in brackets.

Sell Again
Ln Product Development 0.048

(0.034)
[0.202]

Ln CAC 0.100
(0.039)
[0.038]

Single Product −0.333
(0.111)
[0.020]

Ln Funding 0.099
(0.027)
[0.009]

Ln Total Employees 0.109
(0.018)
[<0.001]

Ln Product Development × Ln CAC −0.025
(0.006)
[0.006]

Ln Product Development × Single Product −0.001
(0.028)
[0.977]

Ln CAC × Single Product −0.088
(0.036)
[0.046]

Ln Product Development × Ln CAC × Single Product 0.021
(0.007)
[0.024]

Observations 8633
R2 0.629
FE: Year X
FE: Firm X
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significant (β = 0.021, p = 0.024). This suggests that the mediocrity trap effect (i.e., the negative in-

teraction between Product Development and CAC) is less pronounced for single-product firms and

more pronounced for multi-product firms.

C.1.9 Other Channels for Customer Acquisition

There could be a concern that the CACmeasure, based on the ratio of salespeople to new customers,

may not capture customer acquisition efforts through other channels such as advertising. This could

potentially lead to underestimation of true customer acquisition costs for firms heavily reliant on ad-

vertising. However, I argue that this limitation does not significantly undermine the findings and

may, in fact, make the results more conservative.

First, if firms with less-developed products resort to heavy advertising due to challenges with di-

rect sales, this could result in these firms appearing to have low CAC in our measure. This would

work against the hypothesis, making it more difficult to detect the relationship between low product

development and persistence in the face of high CAC. The fact that there is still a significant result

suggests the findings are robust.

Second, in the B2B SaaS context of our study, direct sales often play a crucial role, potentially

limiting the prevalence of firms relying solely on advertising for customer acquisition. Moreover, firms

successful enough to invest heavily in advertising are likely to also invest in salespeople to capitalize on

generated leads, which our measure would capture.

Finally, even if a firm acquires many customers with few salespeople (resulting in low measured

CAC), this still indicates a degree of product-market fit, as customers are choosing to buy with min-

imal direct sales effort. This aligns with the overall theory about the importance of product develop-

ment in achieving market fit.

221



Empirical Analysis of Advertising

Toaddress the potential impact of advertising on customer acquisition, I first examine the relationship

between traditional sales efforts and online advertising investments. Appendix Figure C.1 illustrates

the correlation between the number of salespeople and the number of paid keywords used by firms in

our sample.
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Figure C.1: Binned Scatter of Salespeople and Paid Keywords. This scatter plot shows the relationship
between thenatural log of thenumber of salespeople (x-axis) and thenatural log of thenumber of paid keywords
(y-axis) for firms in our sample. The positive trend suggests that firms investing more in traditional sales forces
also tend to invest more in online advertising through paid keywords.

The positive correlation observed in Figure C.1 suggests that firms often pursue both traditional

sales and online advertising strategies in tandem, rather than treating them as substitutes. This com-

plementary approach to customer acquisitionmotivates our investigation into how advertising efforts
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might influence the relationship between product development, Customer AcquisitionCost (CAC),

and persistence in selling efforts.

To further explore this relationship, I introduce a measure of advertising effort based on paid

keywords. Paid Keywords is equal to the total keywords a website is buying in Google Ads for ads

that appear in paid search results. This measure serves as a proxy for a firm’s investment in online

advertising, which could be an alternative or complementary channel to direct sales efforts.

To incorporate this advertising measure into our analysis, I construct two alternative CAC met-

rics:

1. CAC Paid Keywords is equal to the total number of paid keywords in a given year divided by

the total new customers acquired in that year.

2. CAC Combined is equal to the total number of salespeople plus the total number of paid key-

words in a given year, all divided by the total new customers acquired by a given firm in a given

year.

Appendix Table C.6 presents the results of regression analyses incorporating these newmeasures.

The first column adds a control for Paid Keywords while the second and third columns introduce the

alternative CAC calculations.

The results show that the number of Paid Keywords is positively associated with hiring new sales-

people in the subsequent year (β = 0.026, p = 0.007). This suggests that firms investing more in

online advertising also tend to expand their sales force, potentially indicating a complementary rela-

tionship between these two customer acquisition strategies. Furthermore, the interaction between

Product Development and CAC remains negative and significant.

When examining the impact of CAC Paid Keywords, we observe a positive and significant re-

lationship with new salesperson hiring (β = 0.021, p = 0.031). The interaction term between

Product Development and CAC Paid Keywords is negative and marginally significant (β = −0.003,
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Table C.6: Paid Keywords. Ordinary least squares (OLS) estimation. Standard errors (in parentheses) are
clustered at the year level. p-values are shown in brackets.

Sell Again Sell Again Sell Again
Ln Product Development 0.031 0.027 0.034

(0.011) (0.011) (0.011)
[0.023] [0.042] [0.018]

Ln CAC 0.018
(0.010)
[0.112]

Ln Funding 0.043 0.047 0.049
(0.025) (0.026) (0.027)
[0.132] [0.111] [0.106]

Ln Total Employees 0.085 0.095 0.091
(0.018) (0.023) (0.019)
[0.002] [0.004] [0.002]

Ln Paid Keywords 0.026
(0.007)
[0.007]

Ln Product Development × Ln CAC −0.006
(0.002)
[0.032]

Ln CAC Paid Keywords 0.021
(0.008)
[0.031]

Ln Product Development × Ln CAC Paid Keywords −0.003
(0.001)
[0.052]

Ln CACCombined 0.016
(0.009)
[0.115]

Ln Product Development × Ln CACCombined −0.004
(0.002)
[0.096]

Observations 5495 5495 5495
R2 0.694 0.694 0.693
FE: Year X X X
FE: Firm X X X

224



p = 0.052). This pattern is consistent with our main findings, suggesting that the mediocrity trap

phenomenon persists even when considering advertising efforts.

The analysis using CACCombined yields similar results. Themain effect of CACCombined on

new salesperson hiring is positive but not statistically significant (β = 0.016, p = 0.115). However,

the interaction between ProductDevelopment andCACCombined remains negative andmarginally

significant (β = −0.004, p = 0.096). This further supports the robustness of our main findings.

Importantly, across all specifications, the interaction between Product Development and the var-

ious CAC measures remains negative and at least marginally significant. This consistency provides

strong support for the mediocrity trap hypothesis, even when accounting for advertising efforts.

These results suggest that while advertising does play a role in customer acquisition, it does not

fundamentally alter the relationship between product development, CAC, and persistence in selling

efforts. Themediocrity trap phenomenon appears to hold evenwhen considering alternative channels

for customer acquisition, reinforcing the importance of product quality in interpreting and respond-

ing to market signals.

C.1.10 Strategy Shift

Changes in a firm’s strategy over time could potentially influence some variables of interest, includ-

ing product development investment, customer acquisition costs, and persistence in sales efforts. To

account for this, I use changes in CEO as a proxy for significant shifts in a firm’s strategy over time,

based on the assumption that eachCEOhas a unique strategic approach and that boards often replace

a firm’s CEOwhen implementing a major strategic change.

Appendix Table C.7 presents empirical results addressing potential strategy shifts, using CEO

changes as a proxy. The analyses include a New CEO indicator (equal to 1 if there is a new CEO

in the current year and 0 otherwise) and CEO fixed effects to account for time-invariant characteris-

tics of each CEO’s strategy. The main effects and interactions involving the New CEO variable are
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not statistically significant at conventional levels. However, the interaction between Product Develop-

ment and CAC remains negative and significant (β = −0.006, p = 0.083 without CEO fixed effects;

β = −0.006, p = 0.068 with CEO fixed effects). This suggests that the main findings are robust to

controlling for strategic shifts associated with CEO changes.

Table C.7: Strategic Shifts Via CEO Change. Ordinary least squares (OLS) estimation. Standard errors (in
parentheses) are clustered at the year level. p-values are shown in brackets.

Sell Again Sell Again
Ln Product Development 0.049 0.049

(0.012) (0.012)
[0.004] [0.004]

Ln CAC 0.017 0.017
(0.011) (0.011)
[0.163] [0.160]

New CEO −0.054
(0.077)
[0.500]

Ln Funding 0.095 0.100
(0.030) (0.030)
[0.015] [0.013]

Ln Total Employees 0.110 0.112
(0.018) (0.017)
[<0.001] [<0.001]

Ln Product Development × Ln CAC −0.006 −0.006
(0.003) (0.003)
[0.083] [0.068]

Ln Product Development × New CEO 0.020
(0.016)
[0.263]

Ln CAC ×New CEO 0.034
(0.038)
[0.404]

Ln Product Development × Ln CAC ×New CEO −0.010
(0.006)
[0.162]

Observations 9343 9343
R2 0.627 0.628
FE: Year X X
FE: Firm X X
FE: CEO X
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C.1.11 Customer Size

The size of customers towhich afirm sellsmay impact its approach toproduct development, customer

acquisition, and salesperson hiring. Larger customers might require different product features, sales

strategies, etc. compared to smaller customers, potentially influencing the relationships observed in

the main analysis.

To account for this, I use Google PageRank as a proxy for customer size. PageRank is an algo-

rithm used by Google to rank websites in their search engine results, with higher ranks generally cor-

responding to more established and larger organizations. PageRank data is included in the BuiltWith

data. However, it only includes PageRank up to 1,000,000 so very small customers are not ranked.

PageRank is a continuous variable equal to the average new customer’s homepageGoogle PageR-

ank in a given period, with 1 being the highest PageRank possible for any individual customer (which

I argue is associated with a large customer size) going all the way up to a potential individual customer

homepage rank of 100,000,000 (which I argue is associated with a smaller customer size).

Top 1000 Rank is a binary indicator equal to 1 if a firm’s new customers’ homepages in a given

period average to a PageRank less than or equal to 1000 and 0 otherwise.

Appendix Table C.8 presents empirical results addressing the potential impact of customer size

on the main findings. In the continuous PageRank specification, the three-way interaction between

Product Development, CAC, and PageRank is not statistically significant. However, the interaction

between Product Development and PageRank is positive and significant, suggesting that firms with

more-developed products are more likely to acquire larger customers.

The binary Top 1000 Rank specification shows a significant negative main effect (β = −1.308,

p = 0.001), indicating that firms targeting larger customers tend to hire fewer new salespeople. The

interaction between ProductDevelopment andTop 1000Rank is positive and significant (β = 0.552,

p = 0.004), suggesting that firms with more developed products are more likely to target and acquire

227



Table C.8: PageRank Analysis: Impact of Customer Size. Ordinary least squares (OLS) estimation. Stan-
dard errors (in parentheses) are clustered at the year level. p-values are shown in brackets.

Sell Again Sell Again
Ln Product Development 0.049 0.050

(0.018) (0.012)
[0.029] [0.004]

Ln CAC 0.004 0.018
(0.024) (0.011)
[0.868] [0.138]

PageRank 0.000
(0.000)
[0.843]

Ln Funding 0.073 0.095
(0.027) (0.030)
[0.032] [0.015]

Ln Total Employees 0.193 0.110
(0.051) (0.018)
[0.007] [<0.001]

Ln Product Development × Ln CAC −0.010 −0.007
(0.005) (0.003)
[0.091] [0.071]

Ln Product Development × PageRank 0.000
(0.000)
[0.004]

Ln CAC × PageRank 0.000
(0.000)
[0.890]

Ln Product Development × Ln CAC × PageRank 0.000
(0.000)
[0.168]

Top 1000 Rank −1.308
(0.242)
[0.001]

Ln Product Development × Top 1000 Rank 0.552
(0.133)
[0.004]

Ln CAC × Top 1000 Rank 0.244
(0.171)
[0.196]

Observations 3482 9343
R2 0.772 0.627
FE: Year X X
FE: Firm X X
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larger customers.

Importantly, the key interaction between Product Development and CAC remains negative and

significant in both specifications (β = −0.010, p = 0.091 for continuous PageRank; β = −0.007,

p = 0.071 for binary Top 1000 Rank). This indicates that the main findings regarding the mediocrity

trap are robust to controlling for customer size.

C.1.12 Price

Given the inclusion of firm fixed effects in my analysis, price only matters if it changes over time. My

primary concern is that if a company raises its price, this would also raise Customer Acquisition Cost

(CAC), but the increase in CAC might be justified based on the increase in revenue associated with

the price increase. This situation could potentially confound my interpretation of high CAC as a

negative market signal.

However, in the context of B2B SaaS, I argue that firms are incentivized to price at customers’

willingness to pay (WTP) as a baseline. Given that variable costs are essentially zero, firms are moti-

vated to price their products to match each customer’s WTP rather than lose a sale. Custom pricing

agreements are the norm in this industry, which reflects this pricing strategy—firms can tailor their

prices tomatch each customer’s willingness to pay. If firms are simply pricing at the customers’WTP,

then I contend that changes in pricing are not a strategic decision that could be driving CAC.

Instead, I identify competition and customer size as key factors that may drive a gap between

willingness to pay and price. When competition is high, firms must price strategically rather than

simply pricing at WTP. In highly competitive markets, firms might need to lower prices, potentially

leading to higher CAC as more sales effort is needed to convince customers to choose their product

over competitors’. This relationship between competition, pricing, and CAC further justifies my use

of competition as a relevant proxy for strategic pricing decisions. As I noted in Appendix Section

C.1.7, my results hold when accounting for the impact of competition, suggesting that my findings
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are robust to these competitive pricing dynamics.

I also consider customer size as another factor that could drive a gap between price and WTP.

Larger customers might have more bargaining power; conversely, smaller customers might have less

negotiating leverage. This difference in bargaining power could affect price, as larger customers might

be able to demand a more attractive price. My analysis in Appendix Section C.1.11 controls for cus-

tomer size using Google PageRank as a proxy. The results remain consistent when accounting for

customer size, further supporting the robustness of my findings to price concerns.

I also note that if firms with less-developed products are more likely to compete on price (poten-

tially leading to higher CAC), this would actually strengthen my study’s findings about the relation-

ship between product development, CAC, and persistence in selling efforts. The ”mediocrity trap”

I identify would be even more pronounced if firms with lower-quality products are forced to price

more aggressively to acquire customers.

I acknowledge that my dataset doesn’t include direct price information, which limits my ability

to control for price changes explicitly. However, I argue that the combination of firm fixed effects,

competition controls, and customer size considerations helps mitigate concerns about price effects

confounding my results. The consistency of my findings across these various specifications suggests

that my core insights about the relationship between product development, CAC, and firm behavior

are robust to potential pricing effects.

For future research, I suggest that incorporating more detailed pricing data could further disen-

tangle the effects of pricing strategies from other factors affecting CAC and firm behavior. This could

provide additional insights into how pricing decisions interact with product quality and market dy-

namics in the B2B SaaS context.
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C.1.13 High CAC as a Strategic Investment

One potential challenge to this study’s interpretation of high Customer Acquisition Cost (CAC) as

a negative signal is the possibility that firms strategically invest in high CAC for future benefits. For

instance, in markets with strong network effects, firms might accept high initial CAC to build a user

base, anticipating lower acquisition costs once network effects are established.

To empirically examine this possibility, I investigated whether firms with high CAC in the cur-

rent year experience reductions in CAC in subsequent years. I defined Leading CAC as the customer

acquisition cost in the subsequent year and analyzed its relationship with current CAC and Product

Development.

This analysis reveals that CAC in the current year is positively correlated with CAC in the subse-

quent year (β = 0.569, p< 0.001, see Appendix Table C.9). This finding challenges the notion that

high CAC consistently functions as a strategic investment for future cost reductions.

Interestingly, I find a negative interaction between current CAC and product development in

predicting future CAC (β = −0.020, p = 0.105). This suggests that firms with higher product devel-

opment investmentmay be better positioned to decrease CACover time. This aligns with this study’s

main argument that product quality is crucial for effectively learning from and responding to market

signals. To further explore the temporal dynamics, I extended this analysis to a two-year lead onCAC

and found the result remain consistent.

These findings support this study’s interpretation of high CAC as a generally negative signal

rather than a strategic investment. They also reinforce the importance of product development in a

firm’s ability to improve itsmarket position over time. Firmswith higher product development invest-

ment appear better equipped to leverage their product quality to reduce customer acquisition costs in

the future. However, I acknowledge that strategic high-CAC investments might still occur in specific

cases or over shorter time frames not captured by the annual measures. Future research could explore
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Table C.9: Leading Customer Acquisition Cost. Ordinary least squares (OLS) estimation. Standard errors
(in parentheses) are clustered at the year level. p-values are shown in brackets.

Ln Leading CAC
Ln Product Development −0.057 −0.013 0.018

(0.009) (0.021) (0.018)
[<0.001] [0.565] [0.328]

Ln CAC 0.939 0.563 0.569
(0.012) (0.055) (0.058)
[<0.001] [<0.001] [<0.001]

Ln Product Development × Ln CAC −0.017 −0.019 −0.020
(0.003) (0.011) (0.011)
[<0.001] [0.128] [0.105]

Ln Funding −0.114
(0.022)
[0.001]

Ln Total Employees −0.054
(0.031)
[0.122]

(Intercept) 0.035
(0.025)
[0.156]

Observations 9343 9343 9343
R2 0.602 0.738 0.739
FE: Year X X
FE: Firm X X
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more granular temporal patterns or identify specific market conditions where high CACmight func-

tion as an effective strategic investment.

C.1.14 Long-Term Effects

To examine the persistence of themain findings over time, I conducted additional analyses using two-

and three-year leads on our dependent variable, Sell Again. Appendix Table C.10 presents these re-

sults. For the two-year lead, the main effect of Product Development remains positive and significant

(β = 0.231, p = 0.005), indicating that firms with higher product development investment continue

to hire more salespeople two years later. However, the interaction between Product Development and

CAC is no longer significant (β = −0.004, p = 0.957). The three-year lead results show a similar

pattern, with the main effect of Product Development remaining positive and significant (β = 0.188,

p = 0.075), and the interaction term remaining non-significant (β = −0.045, p = 0.480).

These findings suggest that while the direct effect of product development on future hiring per-

sists, themoderating effect ofCACon this relationship diminishes over time. This could indicate that

themediocrity trap is primarily a short-term phenomenon, with its effects potentially dissipating over

multiple years. The diminishing significance of the key interaction over time aligns with the dynamic

nature of the B2B SaaS market. Firms that persist despite high CAC may eventually improve their

product-market fit or exit, leading to a natural attenuation of the mediocrity trap effect in the long

run. These results underscore the importance of timely product development and market feedback

interpretation, as the consequences of falling into the mediocrity trap appear most pronounced in

the near term. Future research could explore the specific mechanisms through which firms escape or

adapt to this trap over time.
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Table C.10: Sell Again: Two and Three Year Lead. Ordinary least squares (OLS) estimation. Standard
errors (in parentheses) are clustered at the year level. p-values are shown in brackets.

Sell Again
Two Year Lead Three Year Lead

Ln Product Development 0.231 0.188
(0.057) (0.090)
[0.005] [0.075]

Ln CAC 0.024 0.157
(0.090) (0.112)
[0.799] [0.204]

Ln Product Development × Ln CAC −0.004 −0.045
(0.068) (0.061)
[0.957] [0.480]

Ln Funding 1.751 1.695
(0.326) (0.380)
[0.001] [0.003]

Ln Total Employees 0.467 −0.206
(0.249) (0.225)
[0.103] [0.391]

Observations 8795 8098
R2 0.513 0.565
FE: Year X X
FE: Firm X X
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C.1.15 Post-Hoc Analysis

This section provides additional detail on the post hoc analysis briefly summarized in Section 3.6.1,

which investigates the long-term implications of a firm’s early resource allocation decisions. Specifi-

cally, I examine how early investments in sales versus product development—measured by the number

of employees in each function during a firm’s first two years—relate to downstream outcomes such

as total customers, unicorn status, and shutdown risk. This section outlines the construction of the

relevant variables and presents regression results to further explore the relationships discussed in the

main text.

Impact on Customer Base I first examine the relationship between early sales and product de-

velopment efforts and the long-term customer base. Table 3.5 shows a negative relationship between

salespeople in the first two years and total customers in the long run (β = −0.043, p = 0.076). Prod-

uct developers in the first two years also negatively correlate with total customers (β = −0.161, p

≈ 0.000). However, the interaction term is positive and significant (β = 0.022, p≈ 0.000), suggest-

ing that a balanced approach leads to better customer acquisition. A 100% increase in salespeople in

the first two years associates with a 3.0% decrease in total customers. The positive interaction indicates

that a 100% increase in both leads to a 1.5% increase in total customers.

Impact on Firm Valuation I next examine the relationship between early resource allocation

decisions and the likelihood of achieving “unicorn” status (a valuation of over $1 billion). The results

demonstrate a negative relationship between salespeople in the first two years and unicorn probability

(β = −0.014, p = 0.002), as well as between product developers and unicorn status (β = −0.011, p

= 0.004). The interaction term is positive and significant (β = 0.004, p = 0.003). A 100% increase in

salespeople in the first two years associates with a 1.0 percentage point decrease in unicorn probability.

Firms balancing both see a 0.3 percentage point increase in unicorn probability for a 100% increase in
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both salespeople and product developers.

Impact on Firm Survival I then analyze the relationship between early resource allocation and

firm survival. Table 3.5 indicates a significant negative interaction term, suggesting that balancing ef-

fortsmitigates failure risk, with a 100% increase in both salespeople andproduct developers associating

with a 0.1 percentage point decrease in shutdown probability.

Time to Shutdown Finally, I examine whether early resource allocation decisions affected the

time to shutdown for firms that eventually failed. More failure is not, in and of itself, a bad thing;

failure can provide meaningful learning. In fact, if a market does not exist, an entrepreneur’s ideal

outcome is to fail as quickly as possible so she can avoid wasting resources on perceived opportunities

that do not exist in reality. However, the mediocrity trap may lead firms with lower-quality prod-

ucts to persist in the market, taking more time to fail compared to entering with a higher-quality

product. Table 3.5 shows a negative relationship between product developers and time to shutdown

(β = −0.058, p= 0.159). The interaction term is negative (β = −0.024, p= 0.063). A 100% increase

in both salespeople and product developers in the first two years associates with a 1.7% decrease in

time to shutdown.

In summary, this post hoc analysis reveals complex relationships between early resource allocation

decisions and long-term outcomes. Over-emphasis on either sales or product development in the first

two years appears to have negative implications, while a balanced approach leads to better outcomes in

customer acquisition and high valuations. However, this balanced approach may also lead to quicker

failure for unsuccessful firms, potentially indicating more efficient market exit.
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