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Technology startups confront a critical dilemma when attempting to use hype to mobilize re-
sources under conditions of extreme uncertainty. While some scholars argue that high levels of
hype play a key role in securing resources to fund startup growth, others caution that the
excessive use of hype risks triggering investor skepticism, thereby undermining the extent to
which investors judge a startup’s claims to be plausible. To assess the validity of these competing
conceptions, we analyze 302 artificial intelligence startups across 880 financing rounds using a
combination of established econometric methods and emerging machine learning techniques. Our
findings reveal the presence of an inverted U-shaped relationship between hype and resource
mobilization, wherein investor valuations increase with hype up to a critical threshold, beyond
which further hype diminishes valuation outcomes. Moreover, our analysis shows that factors
enhancing the comprehensibility and credibility of hype partially offset its diminishing returns,
flipping high levels of hype from a liability into an asset that improves startup valuations. Our
novel theorization reconciles the performative and pejorative views of hype by demonstrating
that hype’s impact is contingent upon both its magnitude and the factors influencing investor
plausibility judgments. In addition to materially enhancing the methodological toolbox used to
assess startup rhetoric under uncertainty, our approach also provides important insights for
entrepreneurship research attendant to the strategic management of visionary claims, especially
when start-ups attempt to balance investor enthusiasm with realistic expectations in emergent
technology sectors.

“We love our current products, but we are here for the glorious future...Superintelligent tools could massively accelerate scientific discovery
and innovation well beyond what we are capable of doing on our own, and in turn massively increase abundance and prosperity.”

Sam Altman (2025)
“All that (glitters) is not gold...”.

William Shakespeare, Merchant of Venice, Act II Scene 7.
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1. Introduction

It is all but axiomatic that technology startups routinely hype their products and services to boost their appeal and generate investor
interest (Funk, 2019). Startup hype — “a collective vision and promise of a possible future, around which attention, excitement, and
expectations increase over time” (Logue and Grimes, 2022: 1055)— is critical in a landscape where only a tiny fraction of startups
secure external funding (Drover et al., 2017). Yet, beneath its seemingly benign nature, hype involves navigating a “razor’s edge™:
while hype helps attract investor attention to mobilize resources it can also create significant risks by distorting investor perceptions
and expectations (Griffith, 2023). Since new ventures lack a proven track record of success (Navis and Glynn, 2011; Pan et al., 2020;
van Werven et al., 2015), hype (Garud et al., 2023; Howard et al., 2021; Salmivaara and Kibler, 2020) is one of a number of rhetorical
strategies including “projective growth stories” (Garud et al., 2014), resourcefulness narratives (Fisher et al., 2021), framing strategies
(Cornelissen and Werner, 2014; Oo et al., 2023; Snihur et al., 2022), startups rely on to paint an appealing picture of future success.
These rhetorical strategies share a common goal of emphasizing the novelty and potential of their emerging technologies (Fisher et al.,
2016) in order to mobilize financial resources (Heupel et al., 2024).

Existing entrepreneurship research, however, paints a conflicting portrait regarding the value of hype as a rhetorical strategy,
particularly in the context of early-stage resource mobilization. Cast favorably through a performative lens, Santos and Eisenhardt
(2009: 652) note, for example, that “illusory exaggerations are...highly influential for gaining the attention and support of market
audiences.” In this stream of research, “’the future’ is a high stakes conceptual landscape” (Selin, 2008b: 726) where “the expectations,
hopes, fears, and promises of new technologies are...formative elements of innovation and of the constitution of a new field” (Selin,
2008: 1891). Conversely, others adopt a pejorative view of hype, viewing bold proclamations of future possibilities as excessively naive
predictions that tempt incredulity and, in their most extreme state, lapse into fraudulent, wildly exaggerated claims (Prentice and
Langmore, 1994). This stream of research acknowledges that while hype might attract investor attention, the willful, unfettered
deployment of hype can wreak havoc by seeding skepticism, increasing investor uncertainty, and imperiling long-term legitimacy
through extravagant, exaggerated claims that have no basis in reality (Michael et al., 2000: 4; Selin, 2008). Thus, we are left with a
dilemma: while hype can help boost investor interest, it can also backfire when it is judged to be excessive or implausible.

In seeking to reconcile these conflicting perspectives, in this study we ask: when does hype, as a firm-level rhetorical strategy, exert a
favorable or unfavorable impact on a startup’s resource mobilization processes? Our first premise is that the value of startup hype is
contingent on its magnitude. Insufficient hype makes it hard for startups to capture investor attention in crowded marketplaces, yet
excessive hype triggers skepticism about the plausibility of the venture’s claims (Navis and Glynn, 2010, 2011). Moreover, we propose
that this balance is further moderated by how comprehensible and credible investors find the startup’s hype. We test these arguments by
combining established econometric methods with emerging machine learning tools to analyze the impact of startup hype on the
resource mobilization processes of 302 artificial intelligence startups raising 880 rounds of financing. Our analyses indicate broad
support for our theoretical arguments, confirming the presence a curvilinear relationship (i.e., an inverted U-shaped relationship),
indicating that the excessive use of hype may backfire, thereby stymieing a startup’s resource mobilization efforts. We further find that
the negative impact of excessive hype is partially mitigated by the comprehensibility and credibility of a startup’s hyperbolic claims.

Our study generates important contributions for scholars, practitioners, and policymakers. First, by examining the contingent
impact of hype on the valuation of venture capital-backed startups across multiple funding rounds, our study bridges competing
perspectives regarding the performative versus pejorative views of hype in resource mobilization processes to confirm the importance
of the magnitude of hype in shaping investor expectations. Our results show that hype is useful in enhancing investor expectations up
to a point, but also that these benefits utterly vanish when investors judge hype to be too extreme. Second, our study extends the
literature on the role of plausibility judgments to examine how factors that improve the comprehensibility and credibility of startup hype
(e.g., Navis and Glynn, 2010, 2011; Pan et al., 2020; Fisher et al., 2017; Younger and Fisher, 2020) help offset the diminishing returns
of using high levels of hype to influence investor expectations. Under conditions of extreme uncertainty (Townsend et al., 2018), when
investors cannot know for certain at the time of the decision whether a startup’s future claims will be true or not, plausibility judgments
fill the informational void.

Lastly, our study offers important new methodological advances to study the impact of startup rhetoric under conditions of extreme
uncertainty. Investors face numerous challenges in distinguishing between exaggeration and deceit versus optimistic and enthusiastic
visions of the future when evaluating startup rhetoric. Our study builds on recent advances in computational linguistics (e.g., Claridge,
2010; Troiana et al., 2018) to detect and measure the degree of exaggeration in startup communications and to determine how it
impacts resource mobilization. In doing so, our study illuminates the complex boundary conditions under which performative rhetoric
and social plausibility judgments impact transactional relations in emergent sectors, such as Al In the next section, we lay the
groundwork for understanding the motivations and impacts of hype as a rhetorical strategy in resource mobilization processes, which
lie in the fundamental challenges confronting new sectors and ventures in simultaneously shaping investor expectations and quelling
their skepticism.

2. Theory development and hypotheses
2.1. Theoretical background: The paradoxical challenges of early-stage resource mobilization
Startups operating in new and emerging technological fields face significant challenges in accessing and mobilizing vital resources

that are crucial for survival and future growth (Aldrich and Fiol, 1994; Fisher et al., 2016; Singh et al., 1986; Stinchcombe, 1965;
Zimmerman and Zeitz, 2002). As we noted above, startups of all types use a variety of rhetorical strategies to overcome these
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challenges in resource mobilization (Howard et al., 2021; Oriaifo et al., 2020; Ruebottom, 2013; Snihur et al., 2022; Waldron et al.,
2015; Van Werven et al., 2015), including using impression management and symbolic management tactics (Zott and Huy, 2007),
framing strategies (Garud et al., forthcoming), ‘growth stories’ (Borup et al., 2006; Garud et al., 2014), and even hype (Garud et al.,
2023; Wood et al., 2024) to attract investor attention and support (Garud et al., 2014). For startups, these rhetorical strategies play a
critical role in addressing the ‘existential challenge’ of securing outside financing that is essential to sustain and grow their firms
(Aldrich and Fiol, 1994; Garud et al., 2014). Indeed, the startup landscape is full of the wreckage of once promising ideas abandoned by
entrepreneurs due to investor ambivalence or rejection (Drover et al., 2017) — problems that are amplified by extreme levels of un-
certainty facing investors when assessing the future prospects of new startups (Townsend et al., 2018; Townsend et al., forthcoming,
Townsend et al., in press; Wood et al., 2021).

However, a start-up’s ability to overcome investor skepticism by convincing “investors that their vision of the future has the
possibility of being actualized” (Garud et al., 2014: 1481) is only a single step in a long, uncertain journey. In fact, many startups must
raise multiple rounds of financing to survive and grow, convincing investors every step of the way they still offer a compelling vision of
the future (Townsend and Busenitz, 2015), which amplifies the ongoing challenges startups face in using rhetorical strategies to attract
investors under conditions of extreme uncertainty. Given these challenges, a startup’s rhetorical strategies are a primary way they
attempt to mitigate uncertainty by raising investor expectations. Becker (2021: 4) notes, “under conditions of uncertainty, any
depiction of the future needs to be understood as an imaginary that shows a projection of a future state of the future and of the impact
of the decisions to be taken on the unfolding of this future.” In this regard, offer extravagant ‘visions of the future’ to paint a compelling
picture of the path towards future success to attract investors. However, these benefits are constrained if startups appear to exaggerate
their future prospects too much (Garud et al., 2014). Under these conditions, investors will increasingly find it difficult to imagine the
steps the ventures might take to actualize these exaggerated claims. Yet, if startups do not promote such future-oriented growth
narratives, they might fail to attract the essential ongoing support of existing and new investors to fuel the startup’s future growth
(Drover et al., 2017). Overall, this paradoxical state of affairs — amplified by the inherent uncertainties of the startup journey — create
enormous challenges for startups to walk on a ‘razor’s edge’ in how they use various rhetorical strategies to attract investor attention.

2.2. On the razor’s edge: Extreme uncertainty and hype in early-stage resource mobilization

The challenges startups face in using different rhetorical strategies are especially pronounced when startups engage in hype to
mobilize resources. As we noted above, recent studies define hype as “a collective vision and promise of a possible future, around
which attention, excitement, and expectations increase over time” (Logue and Grimes, 2022: 1055). Furthermore, as we noted above,
since only a tiny fraction of startups ever raise financing in crowded investment markets (Drover et al., 2017), startups use hype to
convince investors they possess the rare qualities that will yield outsized future investment returns (i.e., Burnell et al., 2023). In this
regard, hype is viewed through a performative lens (Konrad et al., 2012), enabling entrepreneurs to generate “very strong positive
expectations that gain a high level of exposure and attention that may have the performative role of attracting resources, alliances, and
coordinating and legitimizing action” (Van Lente et al., 2013).

In contrast, other studies emphasize the pejorative nature of hype (Borup et al., 2006; Brown and Michael, 2003; Cappellaro et al.,
2021; Ramiller, 2006; Vicsek, 2021). While these studies acknowledge that hype may provide a hopeful, short-term image of the future
by amplifying positive investor expectations, there are limits to its effect use by startups. Since hype ranges in type and magnitude from
amplification, magnification, and exaggeration to distortion (Vasterman, 2005: 511), these studies emphasize that such hyperbolic,
“fictional expectations” are not developed with the goal of being entirely truthful, but rather are generating “strategically and
favorably inflated (narratives) by innovating actors with the aim of securing investment and support (Geels & Smit, 2017). In some
cases, the rhetorical use of hype “overwhelm(s) external audiences with self-revealing narratives, some of which exaggerate reality to a
point of appearing confusingly implausible” (Cappellaro et al., 2021: 24). At extreme levels, hype can generate a “pattern of
communicative distortion” (Ramiller, 2006: 2) thereby undermining a startup’s goal of influencing investor expectations.

Stories abound of startups walking the ‘razor’s edge’ through the brazen use of hype in resource mobilization. For example, in
recent years, artificial intelligence (AI) startups are particularly prone to hyping the near-term, world-shaping emergence of artificial
superintelligence (ASI). “This may turn out to be the most consequential fact about all of history so far. It is possible that we will have
superintelligence in a few thousand days (!); it may take longer, but I'm confident we’ll get there” (Altman, 2024). While Altman likely
has numerous goals for communicating his futuristic Al vision about the “most consequential fact about all of history so far,” there is
little doubt that such pronouncements are also intended to help shape investor expectations. Soon after his post on the “The Intelli-
gence Age,” Open Al announced the largest venture capital deal of all time (i.e., $6.6B raised at a $157B valuation).

At the same time, this clear link between startup hype and resource mobilization generates enormous skepticism and criticism from
others as well. In response to these types of hyperbolic statements from Open Al, Gary Marcus, a noted critic of both Altman and Open
Al wryly noted:

“We are now confident that we can spin bullshit at unprecedented levels, and get away with it, so we now aspire to aim beyond that,
to hype in the purest sense of that word. We love our products, but we are here for the glorious next rounds of funding. With infinite
funding, we can control the universe” (Marcus, 2025).

Setting aside Marcus’s sarcastic skepticism of Altman’s hyperbolic vision of the future, this back-and-forth dialogue highlights the
extreme levels of uncertainty investors must face in evaluating startup hype. At the time in which they are making investment de-
cisions, investors cannot know with absolute certainty whether a startup’s rhetorical claims about the future are ‘true’ or not. Investors,
thus, face a critical dilemma in evaluating startup hype: hype might signal that a startup will possess a rare and distinctive set of
attributes in the future that will enable it achieve an astonishingly rare level of success few startups ever achieve (i.e., Drover et al.,
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2017; Kotha et al., 2022); or investors may be turned off by excessive uses of hype, viewing hyperbolic visions of future possibilities as
implausible claims that will never materialize.

2.3. Investor plausibility judgments and the contingent value of hype in resource mobilization

Given the importance of investor plausibility judgments in resource mobilization, balancing the performative benefits and pejo-
rative risks of hype creates immense challenges for startups (Fisher et al., 2017). Several studies suggest these early-stage investors are
particularly attracted to investment opportunities where the startup emphasizes its distinctive superiority to other firms (Fisher et al.,
2017). Since investor plausibility judgments analyze and evaluate the coherence and meaning of both broader social conditions in
emerging categories and the specific signals and information produced by startups (e.g., Navis and Glynn, 2010, 2011; Garud et al.,
2014; van Werven et al., 2015; Fisher & Neubert, 2023), the lack of a ‘taken-for-granted’ status and common interpretive frames can
exacerbate the judgmental dilemma facing investors (Navis and Glynn, 2010, 2011; Younger and Fisher, 2020).

Given this dilemma, factors that shape how investors judge the plausibility of a startup’s rhetorical claims shape the value of startup
hype in resource mobilization (Fisher et al., 2017; Navis and Glynn, 2010, 2011; Pan et al., 2020; Van Werven et al., 2015). As Navis
and Glynn (2011: 479) note “investors seek ‘good risks’” among a large set of early-stage startups that collectively lack an established
track record of sustained performance (Drover et al., 2017). In this regard, given the extreme levels of uncertainty in these contexts,
investors cannot simply rely on the current ‘facts of the situation’ to evaluate a startup’s rhetorical claims about the future. Instead,
investors must fill in these informational gaps with subjective judgments regarding the future plausibility of a venture’s rhetorical
claims (Navis and Glynn, 2011; Pan et al., 2020). Thus, evaluating the plausibility of a startup’s hyperbolic claims about future requires
more than an assessment of whether the claims are currently true now, but whether it is even possible that they could be true in the
future.

Building these arguments, prior theory defines plausibility judgments as a type of ‘epistemic cognition’ (Kitchener, 1983) whereby
actors analyze and assess how well concepts, scenarios, or even people ‘fit” within some systems of meaning (Smith et al., 1993). In this
regard, plausibility judgments are a type of subjective cognition that relies on interpretive clues from both how emerging social
categories such as new technological fields and sectors are evolving and the startups themselves in order to evaluate what is possible
(or not) in the future (Navis and Glynn, 2010). Thus, “investors are more likely to perceive and interpret the entrepreneurial proposal
as plausible” (Navis and Glynn, 2011: 482) when entrepreneurs balance the paradoxical aims of accentuating the distinctiveness of
their claims about the future without calling into question the legitimacy of their efforts (Garud et al., 2014).

The implications of the central role of investor plausibility judgments are quite important for understanding why some startup hype
is more effective for some firms than others. When startups that are competing for the attention of investors in crowded marketplaces
choose not to ‘paint an appealing picture of the future’ they potentially miss out on the performative benefits of hype. At the same time,
if entrepreneurs appear to be exaggerating these future possibilities too much, excessive uses of hype might backfire, amplifying the
skepticism of key stakeholders and reducing the extent to which investors view their claims as plausible.

In addition, for startups, the degree to which investors find their hyperbolic claims to be plausible will manifest in a variety of ways,
including in the final valuation of a funding round (Hsu, 2004, 2007). Startup valuation is one of the most direct ways to capture
investor future expectations regarding the future potential of a venture (Hsu, 2007; Keeley et al., 1996; Mustafa and Mustafa, 2021)?
reflecting both the narratives and the numbers that have influenced investor expectations (Damodaran, 2017). Accordingly, for each
round of financing, higher valuations reflect more positive expectations investors hold regarding the future potential of a startup to
generate significant investment returns than startups who generate with lower valuations (Advisors, 1998; Hand, 2007; Hsu, 2007;
Lavanchy et al., 2022). Overall, balancing the performative versus the pejorative nature of hype creates significant challenges for
startups, illustrating the extent to which startups must walk the ‘razor’s edge’ when using hype in resource mobilization. Thus, we
hypothesize the following relationship between startup hype and firm valuation as the baseline hypothesis for our study:

Hypothesis 1. There is a curvilinear (inverted U-shaped) relationship between rhetorical uses of hype by startups and the valuation
of Al ventures.

2.3.1. Firm hype and investor comprehensibility judgments

Investor plausibility judgments of comprehensibility center on the extent to which a startup’s claims ‘make sense’ within new or
emerging market categories and sectors. In emerging market categories, the interpretive frameworks through which investors’
attention to make sense of a new venture’s rhetorical claims are in flux, dynamically changing in unexpected ways (Navis and Glynn,
2010). These problems compound the challenges startups face in attracting the interest and attention of investors (Younger and Fisher,
2020) as these startups try to paint an appealing picture of their future prospects by using rhetorical strategies to create a distinctive
identity in investors’ minds. In a general sense, investor plausibility judgments are informed by “entrepreneurial identity narratives
(that) enable investor sensemaking by ‘conveying a comprehensible identity for an entrepreneurial firm, elaborating the logic behind
the proposed means of exploiting opportunities, and embedding the entrepreneurial endeavors within broader contextual discourses’
(Martens et al., 2007)” (Navis and Glynn, 2011: 489).

Startup “identity claims (are) a means for linking the organization to its societal environment and influencing external audiences’

2 We discuss other ways investor expectations play out in early-stage investment decisions in both the Methods and Future Research Sections.
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perceptions of the organization” (Zamparini and Lurati, 2017: 8). Recent studies indicate that such identity claims tend to emphasize
the novelty of a startup’s attributes in ways that improve resource mobilization outcomes (Pan et al., 2020; Howard et al., 2021).
Startups make identity claims (Burnell et al., 2023) using a variety of approaches, including anchoring their identity claims within new
or emergent market categories that are believed to be innovative or cutting-edge (e.g., ‘we are an artificial intelligence venture’) or by
referencing other high-profile startups operating in similar categories (e.g., ‘we are building the next generation of GPT technologies in
the generative Al space’ — van Werven et al., 2015).

By anchoring identity claims in an emerging sector (Navis and Glynn, 2010; Van Werven et al., 2015), startups can influence
investor judgments of comprehensibility by invoking the growth patterns and future potential of the sector-as-a-whole. In some cases,
startups will ‘pivot’ to ‘hot sectors,” hoping to capitalize on investor enthusiasm for the “new, new thing” (Lewis, 2000). In these ways,
anchoring identity claims in an emerging sector can amplify the perceived comprehensibility of a startup’s hyperbolic rhetoric by
inflating the extent to which an investor might believe a startup’s hype is plausible.

Hypothesis 2. The strength of a startup’s identity claims moderates the curvilinear (i.e., inverted-U) relationship between firm hype and the
valuation of Al ventures. Specifically, weaker identity claims will amplify the curvilinear relationship with excessive hype eventually reducing
valuations. However, as identity claims become stronger, the shape flips such that higher levels of hype are judged to be more comprehensible and
lead to consistently higher valuations.

In addition to evaluating the comprehensibility of a startup’s identity claims, investor comprehensibility judgments are also shaped
by the degree of media attention and coverage of the sector. High levels of media coverage influence the comprehensibility of a startup’s
rhetorical claims by establishing the “intersubjective and shared experiences” and collective meaning (Aldrich and Fiol, 1994;
Emirbayer and Mische, 1998; King et al., 2010). In this regard, media attention plays an important role in the sensemaking processes
through which investors and other stakeholders understand and evaluate new or emerging categories (Petkova, et al., 2013).

Media intermediaries both legitimize and shape emerging sectors through the framing of key issues and through shaping insti-
tutional logics (Cornelissen et al., 2015). Media attention and coverage also shapes how innovative new technologies and emerging
market categories are evaluated and assessed (Lamertz and Baum, 1998). As Hybels (1995) argues, “the media play a critical role in the
legitimation of business ... by defining and evaluating grounds for the actions of entrepreneurs [and] managers, ... [and by providing] a
vocabulary of motive for organizational activity" (Lamertz and Baum, 1998: 95). In this same vein, Jeong and Kim (2019: 1588) noted
that media does not only provide assistance to create, maintain and defend ventures’ legitimacy but to “shape and elevate expectations
of external audiences surrounding the focal firm.” which is practically the essence of hype.

In situations where no tangible outcomes have been actualized, media attention of an emerging sector reverberates what has been
individually narrated by entrepreneurs, leading to a sharp rise in the news stories and exposés as a result of making news “instead of
reporting news events, and covering media-triggered social responses, instead of reporting developments that would have taken place
without media interference” (Vasterman, 2018: 20). Accordingly, in emerging market categories and sectors, media attention also
shapes the comprehensibility of a startup’s hyperbolic claims, shaping how investors evaluate the prospects of new ventures in the
emerging sector. In this sense, higher levels of media attention about the sector as a whole are likely to enhance investor plausibility
judgments through an enhanced comprehensibility of a startup’s hyperbolic claims.

Hypothesis 3. The strength of external media attention moderates the curvilinear (i.e., inverted-U) relationship between firm hype and the
valuation of Al ventures. Specifically, lower levels of media attention will amplify the curvilinear relationship with excessive hype eventually
reducing valuations. However, as media attention become stronger, the shape flips such that higher levels of hype are judged to be more
comprehensible and lead to consistently higher valuations.

2.3.2. Firm hype & investor credibility judgments

In addition to the role comprehensibility judgments play in shaping how investors evaluate the overall plausibility of a startup’s
rhetorical claims, investor credibility judgments of a startup’s hyperbolic claims also play an important role in shaping resource
mobilization outcomes. “When entrepreneurial identity claims prime expected institutional categories, investors’ sense of credibility
and surety tends to increase” (Navis and Glynn, 2011: 487). For new ventures, “the legitimation of a new market category is shaped by
interplay between actors internal to the category, i.e., entrepreneurial organizations that engage in strategic and symbolic actions, and
actors external to the category, i.e., interested audiences who judge its feasibility, credibility, and appropriateness” (Navis and Glynn,
2010: 442). Judgments of credibility are particularly important in new and emerging market categories since a “new technology is by
its very nature highly uncertain: undeveloped markets follow unforeseen turns; hyped-up technologies disappear far more often than
they engender promised technological shifts” (Stuart et al., 1999: 316). Credibility judgments shape how different types of messages,
particularly more hyperbolic messages, are interpreted by external audiences such as investors (Seigner et al., 2023).

Investor credibility judgments shape how the tension between hyperbolic rhetoric as performative ‘forecasts of the future’ (Selin,
2008; Van Lente et al., 2013) and pejorative views of hype are resolved. Scholars emphasizing the performative role of hype often
argue that the perceived gap between the early expectations regarding technology or innovation and the actual level of technological
development is “not an accurate indicator of a hype, let alone an accurate measure to distinguish a hype from a ‘truthful’ represen-
tation of the future” (Van Lente et al., 2013: 1616). In contrast, despite the positive, performative role hype plays in shaping investor
expectations, as a startup’s technologies continue to evolve, the continued growth (or lack thereof) generates a set of ‘hard facts’
regarding the future potential of the venture. For early-stage investors, these ‘hard facts’ accentuate the pejorative nature of hype.
Startups can differentiate and distinguish themselves by meeting or surpassing investor expectations — and the rhetorical claims of
those startups who do so tend to be evaluated as more credible than those who do not.
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By implication, the positive impact of a startup’s hyperbolic rhetoric may be diminished when there is a lack of progress in product
(s) development and/or generating revenue that can match the startup’s ongoing inflated claims about future success. In this sense, the
performative role of hype “in guiding and informing action” (Vicsek, 2021: 13) is mitigated by the extent to which investors view these
claims to be credible. Investors make continuous evaluations by assessing the credibility of a startup’s hyperbolic claims of future
success over various rounds of financing to offset the risks of ventures failing to deliver on what they have promised (Navis and Glynn,
2010). For investors, the hyperbolic rhetoric of startups that are growing at a slower rate than other startups will be perceived to be less
credible than the hyperbolic rhetoric from startups that are achieving a high level of growth.

Hypothesis 4. The strength of firm growth moderates the curvilinear (i.e., inverted-U) relationship between firm hype and the valuation of AT
ventures. Specifically, lower levels of firm growth will amplify the curvilinear relationship with excessive hype eventually reducing valuations.
However, as firm growth become stronger, the shape flips such that higher levels of hype are judged to be more credible and lead to consistently
higher valuations.

As we noted above, the primary goal of hype is to raise investor expectations of the future potential of the venture (Van Lente et al.,
2013) and to ““motivate and guide innovation actors’ (Konrad, 2006, p. 430) through legitimization, prioritization, and coordination”
(Kester et al., 2020: 88). Hype provides a sense of direction to ‘““raise resources and protection’ for certain technologies over others”
(Kester et al., 2020: 88; Van Lente and Bakker, 2010). Factors such as high-profile partnerships and celebrity endorsements “can make
a category (and firms) more credible” (Navis and Glynn, 2010: 444). Intermediaries such as investors (Fisher et al., 2017) also play an
important role in the process of legitimating emergent categories (Oriaifo et al., 2020). As new market categories emerge and grow,
these processes of legitimation play an important stabilizing role in enhancing the perceived credibility of a startup’s rhetorical claims.
Yet, because investing in new startups is an immensely speculative, future-oriented decision (Borup et al., 2006), and many of these
promised technologies and changes “do not substantively pre-exist themselves, except and only in terms of the imaginings, expec-
tations, and visions that have shaped their potential” (Borup et al., 2006: 285). This situation implies that very little can be palpably
guaranteed to investors who invest in such ventures. Uncertainty reigns supreme.

Yet, as sectors and market categories continue to evolve, the extent to which investors can capture value through the successful
realization of exit opportunities enhances the credibility of individual startups operating in these sectors (Drover et al., 2017). In this
sense, a startup’s hyperbolic claims that it will ‘transform markets’ are seen in a different, more positive light (Santos and Eisenhardt,
2009) - not as overblown prognostications of an overconfident entrepreneur, but rather as signals of an entrepreneur’s ambitious
vision. In this sense, the collective success of startups in emergent categories enhances the credibility of a startup’s hyperbolic claims of
future success (Soubliere and Gehman, 2020).

Hypothesis 5. The strength of startup exit rates moderates the curvilinear (i.e., inverted-U) relationship between firm hype and the valuation
of Al ventures. Specifically, lower levels of startup exit rates in the industry will amplify the curvilinear relationship with excessive hype
eventually reducing valuations. However, as startup exit rates become stronger, the shape flips such that higher levels of hype are judged to be
more credible and lead to consistently higher valuations.

3. Data & methods
3.1. Research context

As a context for this study, we examine the contingent role of hype in the emerging market category of Al startups. Over the past few
years, a growing volume of research has explored the factors shaping the emergence, growth, and impact of Al ventures in entre-
preneurship (e.g., (Chalmers et al., 2021; Murray et al., 2021; Obschonka and Audretsch, 2020; Raisch and Krakowski, 2021; Shepherd
and Majchrzak, 2022; Townsend and Hunt, 2019; Townsend, Hunt, Rady, Manocha, & Jin, in press). Scholarly interest in these topics
has been fueled in part by the emergence of novel tools and applications, such as generative Al, which transforming the field of
entrepreneurship (Townsend et al., in press; Townsend and Hunt, 2019).

At the same time, these positive assessments of Al’s transformative impact are far from unanimous. A competing view, promulgated
by practitioners and scholars who continue to regard Al prognostications with skepticism, contends that the transformative potential of
emerging Al tools such as ChatGPT and even the productivity gains predicted for AI, more generally, are over-hyped and that such hype
has inflated the expectations of key stakeholders and customers well beyond the evolving capabilities of these systems and tools
(Vinsel, 2023). These skeptics often point to prior boom-and-bust cycles in the Al sector that create an ongoing sequence of AI winters
where the dashed expectations of investors demonstrate the negative, long-term consequences of over-hyping new technologies in
rapidly changing market categories (Floridi, 2020).

However, regardless of the hype or skepticism of the long-term possibilities of Al in the field of entrepreneurship, there is little
doubt that global investments are growing in Al startups. From 2015 to 2021, global total corporate Al investments increased from
around $13 billion to $93.5 billion; a significant six-fold growth in only six years (Thormundsson, 2023b). Moreover, in 2021 alone, Al
startups in the US collectively raised more than $65 billion, more than double the 2020 fund-raising totals (Thormundsson, 2023a).
Much of the attention has amplified with the advent of generative AI (Metz, 2023) technologies that can create texts, images, and
videos - leading to a greater boom (Roose, 2022), creating an investment context described by some commentators as a frenzy (Griffith
and Metz, 2023). Such attention induced the emergence of Al ventures unicorns — companies valued more than a billion dollars, such as
Cohere (Metz, 2023), Adept, Jasper, and Anthropic, all led by OpenAI’s staggering valuation of $157 billion achieved in its most
recent round of financing. Given the transformative impact of Al, the Al sector offers a valuable context for exploring how hype
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functions as a rhetorical strategy in resource mobilization processes.
3.2. Data sources and unit of observation

To examine the impact of firm hype over time, our primary unit of observation in the study focuses on different funding rounds for
venture-backed startups in the Al sector. We identified our sample by initially drawing a random group of 1000 AI startups from
Crunchbase, a commercial data source that tracks different stages of resource mobilization processes for startups across a variety of
sectors (Ko and McKelvie, 2018; Nuscheler et al., 2019). We further narrowed our sample by determining whether these ventures had
raised at least one round of financing from at least one outside venture capital firm between January 1, 2011, and March 31, 2023, and
whether Crunchbase reported a post-money valuation for the specific funding round.® Based on these criteria, we identified 344
startups that had raised at least one round of VC financing and had a post-money valuation reported in the data. We further analyzed
this sample and reduced the sample to 302 ventures based on the availability of data needed to operationalize key variables in our
study. Since the primary focus of our study is to analyze the impact of hype on resource mobilization processes, we do not restrict the
sample to focus on a single funding round, and therefore, our final sample consists of 880 funding events spread across 302 startups.

3.3. Model variables

We operationalize key variables in our study by combining prior methods outlined in existing resource mobilization research with
emerging machine learning methods.

3.3.1. Dependent variable — pre-money valuation

The primary dependent variable we use in our models is pre-money valuation (Hsu, 2007) — a variable used widely as a dependent
variable in resource mobilization studies and is one of the few areas where investors and entrepreneurs negotiate specific terms in a
deal (Advisors, 1998; Hand, 2007; Hsu, 2007; Lavanchy et al., 2022). Pre-money valuation captures the value of the startup at each
round of financing before capital is injected into the business (Hand, 2007) and provides the most direct assessment of an investor’s
expectations of a startup’s future potential (Hsu, 2007; Keeley et al., 1996; Mustafa and Mustafa, 2021). Since Crunchbase reports the
post-money valuation for startups, we calculate the pre-money valuation for each available funding round by subtracting the cash value
(converted to USD) of the equity investment in the funding round from the post-money valuation. As expected, since investment
returns are often characterized by power-law distributions (Crawford et al., 2015; Drover et al., 2017) the distribution of pre-money
valuation is non-normal. Thus, we follow established practices in existing entrepreneurial finance research and calculate the log value
of pre-money valuation for use in our econometric models (Bengtsson and Hsu, 2015).

3.3.2. Independent variable — firm hype

The primary independent variable in our study is firm hype. In a recent review article, Kalvapalle and colleagues (2024) note that
evaluating the rhetorical strategies of startups involves an analysis of both what a startup is saying as well as how they are saying it.
Consistent with this approach, we use a combination of approaches in computational linguistics informed by existing definitions of
hype to develop a set of robust measures to measure the semantic meaning of hype (i.e., what a startup is saying) and the syntactical
uses of hype (i.e., how a startup is saying it) to operationalize our primary independent variable.

Consistent with prior studies in the resource mobilization literature, we focus our analysis on the press releases each startup
publishes during each funding window (Howard et al., 2021; Kennedy, 2008; Navis and Glynn, 2010; Pan et al., 2020; Pontikes and
Barnett, 2017). Although startups can communicate with potential investors through various channels, prior research indicates that
startups frequently use press releases to communicate with and attract new investors (e.g., Navis and Glynn, 2010; Pan et al., 2020).
Prior research also indicates that venture capitalists pay close attention to these press releases, using them, in part, to identify new
investment targets (Teten and Farmer, 2010). Startups in our sample published a total of 19,900 press releases across the lifespan of
each venture. We collected these press releases using an incremental search through Factiva to search a broad set of sources, including
PRNewswire and other similar channels commonly used to broadcast press releases to the public and investment community.

Again, consistent with prior treatments, we use a natural language processing script to filter each set of press releases to analyze
only those that were published within the year before each funding round. For example, if a startup raised its first round of financing on
June 30, 2016, only the press releases that were published between July 1, 2015, and June 30, 2016, would be analyzed to measure a
startup’s hype during that particular round of financing. We also exclude any press releases where the purpose of the press release is to
re-publish SEC-mandated financial reports. Overall, in the year preceding each funding round, the startups in our sample published an
average of 5.79 press releases containing an average of 3400 words.

We analyze these press releases using a combination of two complementary machine-learning approaches to analyze both the
semantic meaning of what a startup says and the syntactic meaning of how they say it. To analyze the semantic meaning, first, we build
on existing studies to build natural language processing scripts [i.e., Bag of Words analysis (BoW) — Oo et al., 2023] that recognize and
count the relative frequency of ‘hype words’ in the set of press releases published in advance of each funding round.” We develop the

% We thank the reviewers for pointing out the possibility that the elimination of these non-reporting ventures might create a sample selection bias
in our study. We discuss how we mitigate these selection biases below in more detail.
4 Appendix 1 summarizes the Python scripts we use to operationalize key variables in our study.
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BoW using a combination of deductive and inductive methods. Similar to how existing research builds validated libraries for computer-
aided textual analysis (Allison et al., 2013; Kelley et al., 2009; Lucas and Park, 2023; Lundmark et al., 2022; McKenny et al., 2018), we
create a list of words that startups might use in a rhetorical strategy to ‘hype’ a new product or service across three major dimensions
identified in existing definitions of hype: text emphasizes high positive affect/tone (i.e., enthusiasm), a future temporal orientation (i.
e., a vision of the future), and transformative new possibilities (e.g., Logue and Grimes, 2022). After building an initial list of words, we
expand the list to identify and include key synonyms of each of the initial sets of words in our list. We then used dictionaries developed
to analyze similar terms (i.e., McKenny et al., 2018) in order to identify additional words not already present in our list.

Next, we use BoW analysis to identify the 1000 most common words appearing in our entire set of press releases to determine if any
common words are not included on our list. Finally, after using deductive (i.e., theory-driven) and inductive methods (i.e., analyzing
word frequencies) to generate a list of words, and before calculating the scores for hype, we evaluated the list independently to
determine whether each word should remain on the final list. After narrowing down the list of ‘hype words,” we pre-processed the
textual data in the press releases following the recommendation of prior research by reducing each word to a word stem, removing any
alpha-numeric characters, changing all letters into lowercase, and removing all stop words from the text (Hickman et al., 2022).

Furthermore, since the primary function of BoW analyses is to count the relative frequencies of words contained within a corpus of
text, it is possible that our analysis of startup’s press releases might report higher scores for startups that published more press releases
within each funding window. To account for these effects and normalize our distribution’s IV, we divide the scores for our BoW by the
total number of words published in the corpus of press releases during each funding window. Accordingly, the first dimension of our
measure of firm hype is a ratio of hype words divided by the total number of words published in all a startup’s press releases published
in the year prior to each funding round.

To measure the syntactic uses of hype, we complement our BoW analyses of the semantic dimensions of firm hype with validated
approaches in computational linguistics (Troiana et al., 2018) to analyze seven distinct syntactical types of hyperbole as a figure of
speech (Claridge, 2010): single-word hyperbole, phrasal hyperbole, clausal hyperbole, numerical hyperbole, superlatives, comparison,
and repetition hyperbole. Scholars have built on these approaches to develop NLP models that can analyze different types of speech to
calculate the degree of exaggeration used in a corpus of text. We build on these studies to develop a python script that uses the Stanford
CoreNLP natural language processing toolkit (i.e., (Manning et al., 2014) to measure the degree to which a startup’s press releases use
syntactical hype. Similar to the process of calculating hype scores using the Bow analyses, we calculate the ratio of each dimension of
hyperbole by dividing the hyperbole scores for each dimension by the total number of words in each press release published during the
funding windows. These ratio scores for syntactic hype are then standardized and summed. After standardizing both dimensions of
firm hype, we then create a composite index by adding the hype ratio scores and hyperbole ratio scores to calculate firm hype,
encompassing both what startups are communicating and how they say it.

3.3.3. Moderating Variables

Our moderating variables consist of a comprehensive set of factors that we theorize impact how investors judge the comprehen-
sibility and credibility of a startup’s hyperbolic rhetoric. Regarding investor comprehensibility judgments, we theorize that a startup’s
Al identity claims in an emerging sectors shape investor comprehensibility judgments. We operationalize these Al identity claims using a
BoW analysis that examines all the published product release announcements published by a startup in the focal funding window to
determine the frequency with which these product announcements reference key technologies in the Al category. Our logic is that
more frequent references to these Al technologies in a startup’s product press releases signal to investors that the startup is anchoring
its Al identity claims in this emerging market category. We also theorize that investor comprehensibility judgments are shaped by the
magnitude of media attention of the Al market category. Consistent with this approach, we operationalize media attention by summing
the number of articles published in global media outlets on Al in the year prior to each funding round. To identify these articles, we use
Factiva to search through all available English-language media to calculate the final score. This measure provides a comprehensive
summation of the total volume of media attention on Al covered in the press.

Next, we theorize that investor credibility judgments of a startup’s rhetoric are shaped by firm growth. We calculate firm growth by
measuring the growth of firm revenue over the year prior to the funding round. Since Crunchbase only reports large intervals of
revenue (e.g., $1 M to $10 M) for each startup, we purchased private revenue data from another commercial vendor, PrivCo. PrivCo
provided precise annual revenue numbers for each startup. To address any gaps in the private revenue data, we use eXtreme Gradient
Boosting models (XGBoost) to train a machine learning model to predict any missing revenue numbers using a comprehensive multiple
imputation model.

We theorize that startup exit rates (through acquisition) play a central role in shaping the extent to which investors perceive a
startup’s hype to be credible. We calculate these scores by first identifying a comprehensive list of approximately 10,000 Al ventures in
Crunchbase. We then conducted a comprehensive search to determine whether and when one of these ventures was acquired by
another company. We identified 1451 acquisitions that were conducted during the timeframe of the study. Although we also have data
on whether one of these ventures conducted an IPO, we do not include IPOs in the measure since we are reporting a total count measure
of the number of acquisitions, and according to our analysis, only a small number of these ventures conducted an IPO during our study
window. Lastly, to ensure the validity of our findings, we eliminate any acqui-hires, distressed sales, or any acquisitions where it was
not clear the startup was fully acquired by another company. Based on these steps, our final calculation of startup exit rates reports the
total number of acquisitions of Al ventures that were conducted within the year prior to each round of financing.

3.3.4. Control variables
In addition to our independent variables, we also included several control variables to rule out alternative explanations highlighted
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in prior research. First, prior research indicates that specific background characteristics of the founding team play an important role in
helping firms raise venture capital (Drover et al., 2017; Florin, 2005; Matusik et al., 2008). To rule out these effects, we hand-coded the
number of founders of the venture, the number of prior startups each founder had previously started, and the number of prior exits (e.
g., acquisitions or IPOs) of prior startups founded by members of the team by searching through the employment histories of each
founder on Crunchbase and LinkedIn. After searching each founder’s employment history, we sum the totals of each category and
standardize these values to create a composite index — founding team background — which we use in the models to control for the prior
experiences and backgrounds of the founding team.

Next, to account for the relative investor demand for a startup, we control for investment syndicate size for each round of financing
based on the number of investors participating in the round (Chowdhry and Nanda, 1996). In addition, the total amount of prior equity
funding raised can potentially influence a startup’s pre-money valuation. To rule out these effects, we control for the total amount of
prior equity funding raised by each startup prior to each current round of financing. Since the distribution of this variable is skewed, we
calculate the log value of this variable in our final models. Next, it is also possible that the benefits (or downsides) of firm hype
accumulate over time based on the ongoing efforts of startups to use hype to attract investors over multiple rounds of findings. To rule
out these effects, we control for prior hype by including the total amount of hype generated by the startup prior to the current year-long
window for each funding round. This allows us to control for the accumulated impact of hype generated by the startup through its prior
history. We also control for the number of quarters in each funding round to rule out the impact of longer funding rounds on each
startup’s funding outcomes. In addition, we control for the relative investor interest in a category by measuring the ratio percentage of
total venture capital financing invested in Al startups during each funding round for a firm divided by the total amount of venture
capital financing invested during that same period.

Prior research also suggests that Al ventures located within the top entrepreneurship clusters have an easier time raising money
from venture capital investors (Pan et al., 2020). To rule out these effects, we create a dummy variable called tech cluster, which
indicates whether the headquarters of each startup is located within one of the top 15 global clusters for venture capital investments
(Ang et al., 2020; Kerr and Robert-Nicoud, 2020). In addition to geographic disparities in VC funding decisions, prior research also
indicates that female entrepreneurs remain underrepresented in VC investments. To address the impact of these gender disparities, we
create a dummy variable, female lead investor, to indicate whether one of the lead investors is female. In addition, we create a dummy
variable — female founder — to indicate whether one of the members of the founding team is female.

3.4. Method of analysis

To analyze our data, we use a two-stage least squares regression model (g2sls) with two instrumental variables to control for
endogeneity. Given that our sample contained repeated observations from the same startup across various funding rounds, it is crucial
to address the panel structure of the data. We carry out several tests to identify the best-suited model for our analysis. Initially, we
estimate the models using a random-effects Generalized Least Squares (GLS) approach, accompanied by the Breusch and Pagan
Lagrangian multiplier test. The results of this test strongly support the usage of a random effects model over a pooled OLS model. Next,
because our models include a mix of time-varying and time-invariant predictors, we use a random effects model as the basis for our
analyses. We use clustered robust standard errors to address potential heteroskedasticity and autocorrelation, which is especially
important because early-stage resource mobilization processes often exhibit outliers and nonnormal distributions (Crawford et al.,
2015; Drover et al., 2017).

Endogeneity is also a potential concern in our sample given the importance of a startup’s decision to use hype (or not) to influence
investor expectations. To examine whether firm hype is endogenous, we examined the Durbin-Wu-Hausman test (X% = 160.01%**),
which confirmed that firm hype is indeed endogenous (e.g., Semadeni et al., 2014). To mitigate potential problems with endogeneity,
we use a two-stage least squares model with two instrumental variables. First, we created a dummy variable indicating whether a
startup published a press release or not within each funding window. This instrumental variable addresses the strategic choice of
whether (or not) a startup issues press releases to influence investor expectations. Second, we created a dummy variable indicating
whether a startup has achieved ‘unicorn status’ [i.e., a valuation of $1b (USD) or higher] since unicorn ventures receive much higher
levels of media coverage and attention than ventures below this valuation threshold (Kotha et al., 2022).

Prior research suggests that the choice of strong instruments is important for the effective control of endogeneity and recommends
that instruments be chosen based on their relevance and exogeneity (Semadeni et al., 2014). We confirmed the relevance (i.e., “the
degree to which the instrument corresponds to the endogenous variable” — Semadeni et al., 2014) of our instrumental variables
through two-stage models. The first-stage model indicates a positive and significant relationship between our two instrumental var-
iables and our endogenous variable firm hype with a significant overall model fit (F = 247.174***) thereby suggesting these in-
struments are highly relevant. Confirming the exogeneity of instrumental variables is more challenging. Since we use two instrumental
variables for one endogenous regressor, we test for overidentification using a Hansen J-test (X2 = 0.4522; p = 0.50). The non-
significant results of this test suggest our instruments are exogenous and valid for our specification.

4. Results

Table 1, reported below, summarizes the descriptive statistics for each of the model variables, along with the pairwise correlations
among all variables. All reported correlations in Table 1 are estimated using Pearson’s correlations, and include significance levels (i.
e., p-values) below each reported correlation coefficient.

Before analyzing any of the hypothesized relationships in our study, we center all continuous variables in our study. In addition,
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Table 1
Means, Standard Deviations, & Correlations.
Variables Means StDevs 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17
1  Pre-Money Valuation (Log) 17.6 1.87 1.000
2 Firm Hype (Z-Score) 0.00 1.64 0.252 1.000
0.000 -
3 PR Issued (IV) 0.58 0.49 0.355 0.726 1.000
0.000 0.000 -
4 Unicorn (IV) 0.05 0.22  0.031 —-0.027 -0.012 1.000
0.363 0.433 0.719 -
5 Al Identity 0.007 0.01 0.135 0.673 0.439 —0.014 1.000
0.000 0.000 0.000 0.678 -
6 Media Attention 1608 522 0.485 0.303 0.393 0.024 0.161 1.000
0.000 0.000 0.000 0.475 0.000 -
7  Startup Exit Rate 165 132 0.049 0.181 0.197 —0.026 0.090 0.378 1.000
0.151 0.000 0.000 0.449 0.007 0.000 -
8  Firm Growth 4.86 0.56  0.293 0.038 0.128 —0.090 0.036 0.200 0.083 1.000
0.000 0.261 0.000 0.008 0.283 0.000 0.014 -
9  Firm Age (Months) 50 36 0.038 —0.040 -0.006 0.024 —0.038 0.003 —0.031 0.022 1.000
0.264 0.236 0.861 0.481 0.260 0.936 0.356 0.516 -
10 Syndicate Size 4.71 3.32 0.316 0.084 0.099 0.063 0.061 0.215 —0.018 0.111 —0.021 1.000
0.000 0.013 0.003 0.064 0.071 0.000 0.593 0.001 0.533 -
11 Total Prior Funding (Log) 11.09 7.71 0.022 —0.005 -0.011 0.051 —0.052 -0.052 -0.019 0.016 0.508 0.005 1.000
0.521 0.878 0.751 0.128 0.120 0.122 0.573 0.645 0.000 0.887 -
12 No. of Quarters in Round 7.47 6.26 —0.073 0.058 0.084 —-0.062 0.019 0.088 0.677 0.067 —0.050 -0.097 -0.022 1.000
0.031 0.088 0.013 0.066 0.576 0.009 0.000 0.046 0.139 0.004 0.514 -
13 Team Background 0.042 2.41 0.092 —0.042 -0.073 0.046 —0.056 0.014 —0.091 0.010 —0.029 0.063 0.004 —0.119 1.000
0.007 0.214 0.031 0.174 0.098 0.679 0.007 0.773 0.394 0.064 0.897 0.000 -
14 Prior Hype (Z-Score) 0.00 1.68 0.363 0.538 0.469 —0.030 0.465 0.385 0.203 0.182 —-0.014 0.113 —0.015 0.104 —0.086 1.000
0.000 0.000 0.000 0.367 0.000 0.000 0.000 0.000 0.680 0.001 0.666 0.002 0.011 -
15 Investor Gender (1-Female) 0.05 1.68 0.093 —0.041 -0.028 -0.013 -0.057 0.079 0.032 0.018 —0.007 0.045 0.010 0.021 0.048 0.021 1.000
0.006 0.223 0.407 0.710 0.089 0.020 0.350 0.597 0.827 0.178 0.765 0.530 0.153 0.544 -
16 Tech Cluster (1-Yes) 0.73 0.45 0.009 —0.002 -0.027 -0.025 0.030 —-0.005 -0.037 -0.033 -0.110 0.015 0.051 —0.044 0.056 0.046 0.035 1.000
0.788 0.955 0.428 0.463 0.374 0.873 0.272 0.335 0.001 0.648 0.128 0.189 0.098 0.170 0.303 -
17 Female Founder (1-Yes) 0.006 0.075 0.118 0.029 0.065 0.117 —0.039 0.060 0.007 0.127 0.033 —0.030 0.031 —0.004 0.226 0.033 -0.018 0.046 1.000
0.000 0.393 0.056 0.001 0.248 0.074 0.834 0.000 0.330 0.376 0.358 0.905 0.000 0.333 0.591 0.170 -

The p-values are reported in italicized text below the correlation coefficients.
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Table 2
Results of G2SLS Models.
® @) 3 ()] 5) 6) ) ® ©)] (10) an
Variables: Pre-Money Pre-Money Pre-Money Pre-Money Pre-Money Pre-Money Pre-Money Pre-Money Pre-Money Pre-Money Pre-Money
Valuation Valuation (Log) Valuation (Log) Valuation (Log) Valuation (Log) Valuation (Log) Valuation (Log) Valuation (Log) Valuation (Log) Valuation (Log) Valuation (Log)
(Log)
Firm Hype 0.551*** 0.485*"* 0.453*** 0.4437%%* 0.437%%* 0.9537*** 1.2527%** 2.860%** 4.917*"* 0.641*"* 0.783***
(0.0593) (0.0735) (0.0625) (0.0626) (0.0602) (0.136) (0.183) (0.647) (1.200) (0.0763) (0.0913)
Firm Age 0.00325 0.00230 0.00190 0.00205 0.00214 0.00289 0.00246 0.00221 0.00226 0.00232 0.00205
(0.00220) (0.00202) (0.00199) (0.00196) (0.00195) (0.00196) (0.00194) (0.00202) (0.00204) (0.00194) (0.00186)
Syndicate Size 0.123%** 0.0791** 0.0814** 0.0808** 0.0814"** 0.0827** 0.0803*** 0.0795*** 0.08427** 0.0838"** 0.0784**
(0.0208) (0.0171) (0.0159) (0.0159) (0.0158) (0.0144) (0.0143) (0.0164) (0.0166) (0.0151) (0.0144)
Total Prior Funding —0.00911 —0.00415 —0.000737 —0.00165 —0.00243 —0.00356 —0.00167 0.00349 0.00634 —0.00337 —0.00241
(Log)
(0.00867) (0.00798) (0.00773) (0.00769) (0.00772) (0.00744) (0.00735) (0.00775) (0.00777) (0.00763) (0.00742)
No. of Quarters —0.0191* —0.0213* —0.0243** —0.0236** —0.0242%* —0.0204* —0.0214* —0.0234* —0.0258* —0.0224* —0.0232*
(0.00802) (0.00851) (0.00915) (0.00906) (0.00928) (0.00913) (0.00927) (0.00967) (0.0100) (0.00964) (0.0104)
Team Background 0.0206 0.0129 0.0203 0.0173 0.0186 0.0111 0.0128 0.0170 0.0227 0.00962 0.0118
(0.0355) (0.0309) (0.0311) (0.0313) (0.0313) (0.0311) (0.0314) (0.0316) (0.0316) (0.0312) (0.0314)
Prior Firm Hype 0.236""* 0.156"** 0.197*** 0.201%** 0.213%%* 0.241%** 0.217%** 0.239%** 0.235%** 0.199%** 0.196%**
(0.0464) (0.0429) (0.0353) (0.0346) (0.0322) (0.0324) (0.0337) (0.0403) (0.0396) (0.0342) (0.0327)
Investor Gender (1- 0.793%*** 0.516* 0.491* 0.476* 0.458* 0.527** 0.538** 0.504* 0.496* 0.493* 0.526"*
Female)
(0.229) (0.223) (0.203) (0.202) (0.201) (0.200) (0.200) (0.197) (0.210) (0.201) (0.194)
Tech Cluster (1- Yes) —0.0543 —0.0553 —0.0679 —0.0746 —0.0747 —0.108 —-0.119 —0.0624 —0.0596 —0.0904 —-0.107
(0.163) (0.134) (0.131) (0.130) (0.129) (0.128) (0.127) (0.133) (0.139) (0.129) (0.128)
Female Founder (1- 2.759%"* 1.755%** 1.718%** 1.717%%* 1.695%** 1.988*** 2.092%** 2.222%%* 2.723%%* 1.796*** 1.799%**
Yes)
(0.287) (0.279) (0.277) (0.277) (0.278) (0.267) (0.267) (0.283) (0.348) (0.276) (0.273)
Al Identity —24.64** —10.88 —23.81%"* —18.09"* —8.459 —3.145 —3.089 —4.246 —12.88* —7.856
(7.560) (5.909) (6.327) (5.771) (6.221) (5.326) (6.090) (6.261) (5.730) (4.981)
Media Attention 0.00123*** 0.00121*** 0.00121*** 0.00120*** 0.00149%** 0.00135"** 0.00126"** 0.00123*** 0.00123*** 0.00127***
(0.000124) (0.000118) (0.000117) (0.000116) (0.000138) (0.000132) (0.000130) (0.000133) (0.000119) (0.000117)
Startup Exit Rate —0.000528 —0.0000823 —0.0000744 0.00000477 —0.000431 —0.000387 —0.0000392 —0.000141 0.000247 —0.000899*
(0.000423) (0.000401) (0.000399) (0.000408) (0.000396) (0.000395) (0.000430) (0.000450) (0.000407) (0.000446)

(continued on next page)
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Table 2 (continued)

® 2 3 ()] 5) 6) ) (€] (©)] (10) an
Variables: Pre-Money Pre-Money Pre-Money Pre-Money Pre-Money Pre-Money Pre-Money Pre-Money Pre-Money Pre-Money Pre-Money
Valuation Valuation (Log) Valuation (Log) Valuation (Log) Valuation (Log) Valuation (Log) Valuation (Log) Valuation (Log) Valuation (Log) Valuation (Log) Valuation (Log)
(Log)
Firm Growth 0.381*** 0.293*** 0.291%** 0.279%%* 0.267** 0.255%** 0.238"* -0.277 0.291*** 0.271%**
(0.0684) (0.0629) (0.0628) (0.0627) (0.0618) (0.0609) (0.0745) (0.191) (0.0605) (0.0586)
Firm Hype X Firm —0.0899%** —0.116%** —0.138%* —0.0421%* —0.218%** —0.0875%** —1.287%"* —0.0637*** —0.164*"*
Hype
(0.0129) (0.0170) (0.0223) (0.0159) (0.0473) (0.0139) (0.338) (0.0116) (0.0250)
Firm Hype X Al 7.852%* —1.298
Identity
(2.612) (4.234)
Firm Hype-sq X Al 2.478"*
Identity
(0.951)
Firm Hype X Media —0.000396***  —0.000600***
Attention
(0.0000750) (0.000109)
Firm Hype-sq X 0.0000934***
Media Attention
(0.0000268)
Firm Hype X Firm —0.520%** —0.9487**
Growth
(0.131) (0.247)
Firm Hype-sq X Firm 0.252%**
Growth
(0.0697)
Firm Hype X Startup —0.00126"** —0.00226***
Exit Rate
(0.000219) (0.000345)
Firm Hype-sq X 0.000456**
Startup Exit Rate
(0.0000896)
Constant 16.80%** 13.51%%* 14.03%%* 14.10%** 14.20%** 13.68%** 14.06%"* 14.09%* 16.61% 13.93%#* 14,25+
(0.186) (0.360) (0.354) (0.352) (0.355) (0.350) (0.361) (0.412) (0.965) (0.347) (0.346)
Number of 880 880 880 880 880 880 880 880 880 880 880
Observations
Within R-sq 0.403 0.547 0.613 0.614 0.618 0.633 0.646 0.581 0.527 0.633 0.645
Between R-sq 0.053 0.148 0.154 0.169 0.166 0.150 0.151 0.133 0.154 0.153 0.157
Overall R-sq 0.182 0.322 0.350 0.360 0.362 0.360 0.368 0.337 0.329 0.352 0.355
Chi-sq 2483.77***  3176.37*** 3266.37"** 3364.29%* 3363.31%%* 3133.98*** 3125.29%%* 3076.64** 3084.78*** 3316.06"** 3276.12%**
Clustered robust standard errors in parentheses. The reported coefficients are estimated using 2SLS models.
fp<ol
"p<0.0
" p<0.01
" p < 0.001.
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Marginal Effects of Hype X Hype
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Fig. 1. The Impact of Hype on Pre-Money Valuation (H1).
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Fig. 2. Al Identity & Investor Comprehensibility Judgments (H2a-b).
Marginal Effects of Hype-Squared X Media Attention
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Fig. 3. Media Attention & Investor Comprehensibility Judgments (H3a-b).

several variables in the study exhibit higher levels of kurtosis and contain both outliers and a significant number of zero val-
ues—patterns that are common to venture capital settings (Drover et al., 2017). Although it is often advisable to normalize or remove
outliers to avoid bias in many research contexts, doing so would be highly problematic here. Early-stage resource mobilization out-
comes tend to follow power-law distributions, with outliers accounting for a large share of venture capital returns (Crawford et al.,
2015; Drover et al., 2017). Excluding these outliers would therefore introduce significant bias by omitting the very outcomes that
shape the phenomenon of interest. Since 2SLS models do not require variables to follow a normal distribution, the use of clustered
robust standard errors allows us to address any issues with our estimated models (Wooldridge, 2010).

In the first stage, following the procedures we outline above, we use our instrumental variables to control for endogeneity. In our
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Marginal Effects of Hype-Squared X Firm Growth
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Fig. 4. Firm Growth & Investor Credibility Judgments (H4a-b).
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Fig 5. Startup Exit Rates & Investor Credibility Judgments (H5a-b).

second stage models, we use a stepwise function to estimate model coefficients by first estimating the model using only the control
variables, followed by the introduction of sets of variables guided by our hypotheses. Model results for these regression models are
reported in Table 2.

After estimating the impact of our control variables in Model 1 in Table 2, we then add the major independent and moderating
variables in Model 2 in Table 2. In H1, we argue that there is a curvilinear (i.e., inverted-U) relationship between firm hype and pre-
money valuation. As indicated by Model 3 in Table 2, our analyses indicate there is a significant, positive coefficient for the linear term
for Hype (Coef =0.453***) along with a negative coefficient for the squared term for hype (Coef = —0.0899***), thereby suggesting
support for this hypothesis. To confirm support this hypothesis, we created an interaction plot of the marginal effects of hype-squared.
Fig. 1, illustrated below, contains the interaction plot of the marginal effects. Furthermore, consistent with prior research (e.g., Haans
et al., 2016), we calculate the inflection point at which the curve inverts where firm hype begins exerts a diminishing impact on firm
valuation (i.e., firm hype = 2.52), which is well within the identified range of values in the sample.

Next, we theorize that factors which increase the degree to which investors view a startup’s hype to be more comprehensible and
credible will ‘flip the shape’ of the curve, transforming what was previously a negative impact of high levels of hype into a positive
impact (e.g., Haans et al., 2016). Consistent with this logic, H2 predicts that a startup’s Al identity claims, which we operationalize
through an analysis of the degree to which Al startups reference Al technologies in their product press releases, would transform the
curvilinear relationship between firm hype and the pre-money valuation of Al startups by enhancing the comprehensibility of firm hype.
Model 5 in Table 2 reports a positive, significant interaction between Hype-Squared X Al Identity Claims (Coef = 2.478**) suggesting
support for this hypothesis. To confirm our hypothesis, we then calculate the marginal effects of these interactions and plot the
marginal effects in Fig. 2. As Fig. 2 confirms, AI Identity claims amplify the effects of firm hype as startups with a strong embedded
identity in the AI category benefit from higher levels of firm hype than startups with weaker identity claims.

Next, we hypothesized (H3) that media attention, moderates the curvilinear relationship between firm hype and the pre-money
valuation of Al startups (H3) by enhancing the comprehensibility of firm hype. Consistent with our arguments, Model 7 in Table 2
shows a positive, significant interaction between Hype-Squared X Media Attention (Coef = 0.0000934***). To confirm support, we
then calculate the marginal effects of these interactions and plot the effects in Fig. 3. The interaction plot in Fig. 3 confirms support for
this hypothesis as higher levels of media attention transform the curve, channeling the effects of high levels of firm hype into higher pre-
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money valuations while low levels of media attention diminish the effects of firm hype.

In H4, we hypothesized that firm growth moderates the curvilinear relationship between firm hype and the pre-money valuation of
Al startups by enhancing the credibility of firm hype. Model 9 in Table 2 reports a positive, significant interaction between Hype-
Squared X Firm Growth (Coef = 0.252***). To confirm our hypothesis, we then calculate the marginal effects of these interactions
and plot the effects in Fig. 4. The interaction plot in Fig. 3 confirms support for this hypothesis as higher levels of firm growth transform
the curve, channeling the effects of high levels of firm hype into higher pre-money valuations while low levels of firm growth diminish
the effects of firm hype.

In H5, we hypothesized that startup exit rates moderates the curvilinear relationship between firm hype and the pre-money valu-
ation of Al startups by enhancing the credibility of firm hype. Model 11 in Table 2 reports a positive, significant interaction between
Hype-Squared X Startup Exit Rates (Coef = 0.000456***). To confirm our hypothesis, we then calculate the marginal effects of these
interactions and plot the effects in Fig. 5. The interaction plot in Fig. 5 confirms support for this hypothesis as higher levels of startup
exit rates transform the curve, channeling the effects of high levels of firm hype into higher pre-money valuations while low levels of
startup exit rates diminish the effects of firm hype.

4.1. Curve shift & multiplicative moderation

All our moderation hypotheses H2-H5 highlight the central role that plausibility judgments play in shaping the relationship be-
tween firm hype and valuation. In particular, we theorize and observe that plausibility judgments play a central role in terms of what
Haans et al. (2016) refer to as shape-shifting: “a flattening or steepening occurs when the moderator affects the latent mechanisms in
such a way that the overall shape of the observed relationship changes” (Haans et al., 2016: 1187). In our study, when startups use low-
to-moderate levels of hype, they are able to paint an increasingly attractive portrait of future possibilities. As hype increases, however,
the impact of too much hype eventually becomes negative as investors begin to view such hyperbolic rhetoric as increasingly
implausible. Factors that increase the comprehensibility and credibility of a startup’s hyperbolic claims, however, ‘flip’ this rela-
tionship by allowing startups to use increasingly high levels of hype to continue to influence investors. Overall, plausibility judgments
play the critical role here in shaping the contingent value of startup hype. We discuss the implications of these findings for existing
research on the contingent role of hype in early-stage resource mobilization processes in the following section.

5. Discussion and directions for future research

In this study, we examine a fundamental question regarding the impact of hype as a rhetorical strategy in resource mobilization
under conditions of extreme uncertainty. Specifically, we ask: when does hype, as a firm-level rhetorical strategy, exert a favorable or
unfavorable impact on a startup’s resource mobilization processes? We explore this research question in the context of 302 Al startups
seeking to mobilize resources from professional venture capital investors by using hype to attract different rounds of financing across
880 rounds of early-stage financing. To frame this approach, we theorize that the effectiveness of hype as a rhetorical strategy in
resource mobilization processes is contingent upon the magnitude of a startup’s hype, and whether investors judge a startup’s hype to
be plausible or not. Consistent with our theoretical approach, we find substantial support for our hypotheses. In this section, we outline
the implications of these findings for entrepreneurship theory regarding the impact of startup hype on resource mobilization.

5.1. Firm hype and resource mobilization processes

In early-stage resource mobilization processes, entrepreneurs face numerous challenges in balancing the tensions between building
legitimacy with key stakeholders while creating a distinctive identity that will attract investors (Navis and Glynn, 2011; Pan et al.,
2020; van Werven et al., 2015). To address these tensions, entrepreneurs use a variety of rhetorical strategies, including firm hype, to
attract and induce investors to provide critical resources for the startup. Our central assertion is that the ‘razor’s edge’ of firm hype
results in a curvilinear relationship between firm hype and startup valuation that reflects the extent to which investors view a startup’s
hype as plausible. The findings demonstrate that startups can benefit from low to moderate levels of hype, but when hype becomes too
extreme, high levels of hype diminish the effectiveness of startup hype as a rhetorical strategy.

At the same time, however, the combined results of our models suggest that the exact shape of this curvilinear relationship between
firm hype and the valuation of Al startups is contingent upon factors that shape whether investors will judge the startup’s hype to be
comprehensible and/or credible. Towards this end, the results highlight important boundary conditions concerning the use of hype by
startups in resource mobilization. As is true of all persuasive rhetoric, the benefits of hype are contingent. According to our concep-
tualization, these contingencies involve the comprehensibility and credibility judgments of a startup’s hyperbolic claims. Aggressive
uses of hype can backfire on startups and decrease their valuations.

Yet when accompanied by factors that enhance the comprehensibility and credibility of a startup’s hyperbolic claims, the curvi-
linear relationship between hype and firm valuation is flipped, reflecting higher expectations of investors regarding a startup’s future
prospects. In markets with a growing number of competitors striving to raise financing, high levels of hype appear to provide several
key benefits to help startups attract investors and increase the startup’s valuation. In this sense, our results provide important insights
into the effective use of hype in resource mobilization processes. As Navis and Glynn (2010: 439) presciently note, entrepreneurs do
not operate in an informational vacuum; investors, customers, media, analysts, and other stakeholders also play an important role “in
the social construction of a market category’s meaning, the formation of categorical and organizational identities, and perceptions
about the viability of the business model.”
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5.2. Performative versus pejorative views of firm hype: The role of plausibility judgments

The uncertainties investors face in evaluating the hyperbolic claims in early-stage resource mobilization reflect the broader par-
adoxical tensions startups face between building legitimacy while striving to create a distinctive identity (Garud et al., 2019). At the
heart of this process, entrepreneurs must “(convince) investors that their vision of the future has the possibility of being actualized”
(Garud et al., 2014: 1481), but startups face significant challenges in overcoming investor skepticism at various stages of resource
mobilization processes. Examples in research and practice illuminate the inherent challenges of pursuing legitimate-distinctiveness
(Navis and Glynn, 2011).

In this study, we examine the extent to which the use of hype as a rhetorical strategy by startups enables them to address these
challenges. Beyond the moral, ethical, or legal concerns associated with exaggerating the capabilities and future potential of a startup,
our study indicates that hype offers limited benefits to startups when the hype is not bolstered by factors that increase the compre-
hensibility and credibility of a firm’s hyperbolic rhetoric. In cases where startups systematically exaggerate the information they
release to raise more funds in less time (Momtaz, 2021), they create a moral hazard by inflating their signals regarding the quality of
the business. They also will find that mobilizing resources will be more expensive, as reflected by the lower firm valuations for the
startup. While it is too early to identify the long-term impact of similar trends in the Al category, the dramatic collapse in the cryp-
tocurrency market demonstrates the challenges of using hype as a rhetorical strategy in resource mobilization (Momtaz, 2021).

In addition, notwithstanding the degree to which such actions are considered immoral and deceitful, hype can be cloaked behind an
appealing narrative of the ‘entrepreneurial hero,” “able to break through the resistance to change (Ogbor, 2000)” (Anderson and Smith,
2007: 16). At times, investors find it difficult to distinguish between the use of hype to mask fraudulent claims (e.g., Theranos, FTX,
Ozy Media, Frank, and Slync) versus attempts to leverage the performative benefits of hype to separate themselves from the crowd. In
this regard, investor plausibility judgments play a critical role in shaping how investors attempt to distinguish between “who has been
taking the [tech] industry’s ‘fake it till you make it’ ethos too far” (Griffith, 2023). versus those who leverage hype to positively shape
investor expectations under extreme levels of uncertainty. As investors strive to make sense of various factors surrounding an in-
vestment opportunity, it behooves startups to strive to deliver on the hype they are generating. Sending quality signals backed up by
the ‘hard facts’ of the situation benefits startups in significant ways.

5.3. Methodological contributions to entrepreneurship research

Given the ongoing challenges investors face in distinguishing between exaggeration and deceit versus optimistic and enthusiastic
visions of the future, our third contribution stems from our use of novel techniques in computational linguistics to detect and measure
hype/hyperbole in startup communications (e.g., Claridge, 2010; Troiana et al., 2018). Several recent studies have highlighted the
value of using machine learning tools and related systems to identify and evaluate potential investment targets for investors (e.g.,
Blohm et al., 2022; Schade and Schuhmacher, 2022). Although the adoption of these tools is in the early stages, our study contributes
to a growing number of entrepreneurship studies that are using computational tools to analyze startup communications. Our use of
existing tools in computational linguistics to analyze the semantic and syntactical uses of hype in startup communications provides
new ways for entrepreneurship scholars to analyze texts and content in ways that complement existing computer-aided textual analysis
tools.

Methodological advancements such as our use of computational linguistics to identify and measure hype can help provide addi-
tional insights regarding the comprehensibility, credibility, and feasibility of a startup’s use of rhetorical strategies. As such, our study
raises important questions about the extent to which the growing use of these tools — particularly generative Al- by startups will impact
future research. Recent studies in entrepreneurship point to a growing awareness of the benefits and limitations of using Al tools in
entrepreneurship (Townsend et al., in press). Recent studies warn about the impending problems of ‘botshit’ emanating from the
widespread use of generative Al tools and large language models (Hannigan et al., 2023, in press). Our study points to the possibility
that even as Al tools provide sophisticated means to detect the presence of hyperbolic rhetoric in startup communications, the socially
constructed nature of these claims limits the extent to which these tools can determine with precision whether this rhetoric is cate-
gorically false or simply exaggerated.

5.4. Practical implications

Our study also offers several practical implications for entrepreneurs and VCs. Even if an entrepreneur is not deliberately
misleading investors, it is crucial for entrepreneurs to be cognizant of the complex role of hype in attracting early-stage investments.
While a degree of hype attracts investor attention, the benefits of hype are diminished if entrepreneurs take more aggressive ap-
proaches in the absence of hard, supportive, factual evidence. Future-oriented pronouncements do not eclipse performance. While the
use of hype helps startups mobilize resources by creating an appealing vision of the future, the effectiveness of these rhetorical
strategies is strengthened by the extent to which entrepreneurs possess the means to actualize their appeal through entrepreneurial
work (Ramoglou and McMullen, 2024).

For VCs, in periods of market growth and emergence, it would be wise to stay vigilant with respect to the media attention and the
collective rising sentiments of other investors. While these factors can be indicative of the future growth potential for the category at
large, they do not provide evidence that these ventures will, in fact, succeed over the long-run. Our study indicates that these factors
can influence the judgment of VCs. They can be misled or misinformed and, thereby, perpetuate false narratives at large to startups that
are undeserving as in the case of the dot-com bubble (Goodnight and Green, 2010). Therefore, it is incumbent upon VCs to focus on
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other firm- and category-level factors that facilitate an effective actualization (e.g., Ramolgou & McMullen, 2022) of a startup’s
rhetorical claims.

5.5. Limitations and directions for future research

The primary focus of our study is to examine the contingent role of hype in impacting resource mobilization processes. Consistent
with this goal, we focus on pre-money valuation (with robustness checks on post-money valuation) because these outcomes are the
most important performance indicators in early-stage entrepreneurial finance. It is likely, however, that the effectiveness of hype will
play a contingent role in shaping other facets of venture capital decision-making, such as increasing (or decreasing) the amount of time
to mobilize resources or whether a startup is successful or not to raise different rounds of financing. While we anticipate that future
studies examining these questions will likely find similar patterns that we identify in our study regarding the contingent value of hype,
space limitations prevent us from fully examining these questions in this study and therefore, we highlight these questions to guide
future research.

Also, while the emergent status of Al as a market category makes it an ideal setting to explore our research question, we do not have
the benefit of full hindsight in determining whether the use of hype positively or negatively impacts the long-term success of these
ventures. Although it is clear in our study that startups with lower levels of hype fail to benefit from these types of persuasive rhetoric,
it is important for future research to investigate the long-term consequences of startups using high levels of hype to attract and
motivate key stakeholders. It is possible that despite any short-term benefits associated with using hype, over the long run perhaps
hype always produces negative outcomes for startups? Although several startups in our sample, including those which generated high
levels of hype, generated positive exits, our sample does not allow us to fully test the long-term causal relationship between hype and
startup success.

In addition, although we use established econometric methods to mitigate bias with regard to the panel structure of our sample, we
do not intend to make direct causal claims regarding the contingent impact of hype on resource mobilization. All methodologies create
trade-offs with regard to the nature of the causal claims that can be made based on the strengths and limitations of different meth-
odologies. Our study is no different. Therefore, we encourage future studies to replicate our findings using alternative research designs
such as experiments to help deepen our understanding of this important phenomenon.

Finally, as we note in the study, extant literature argues that hype and other forms of persuasive rhetoric can play an important role
in mobilizing resources from other types of supporters and stakeholders. It is beyond the scope of this study to explore how these modes
of communication impact the stakeholder enrollment process. Nor do we focus on the impact of the explicit or implied endorsement of
key stakeholders of a startup on venture capital decision-making. As explained by Drover et al. (2017), key investors such as VCs can
provide certification value to entrepreneurial firms throughout the resource mobilization process (Drover et al., 2015). It is possible
these benefits may accrue over time, thereby transforming how startups communicate with their stakeholders. We are intrigued by
these questions and look forward to future research which explores these possibilities.

6. Conclusion

From the outset, we have highlighted the challenges technology startups face in walking the razor’s edge between balancing the
performative benefits of hype to mobilize resources versus the dangers of over-exaggerating the future prospects of the startup. By any
measure, this is treacherous ground to walk, especially for new, small, and resource-constrained firms hoping to survive and possibly
even thrive in emergent sectors. In this complex milieu, hype stands out as an often-indispensable, but extraordinarily tricky rhetorical
strategy to mobilize resources from venture capital investors. Recognizing that neither a full valorization nor vilification of hype is
useful or accurate, our study develops and tests novel theorization concerning the set of contingencies through which hype exerts both
favorable and unfavorable impacts on resource mobilization. Our findings materially address the vexing issue of hype’s contingent role
in startups by reconciling purely positive or purely negative perspectives in a useful framework predicated on plausibility judgments.
While “not all that glitters is gold,” our delineation of the central role of plausibility judgments ensures that hype need not lapse into
fool’s gold - for startups or their investors.
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Appendix 1. Python scripts for measuring firm hype, hyperbole, & Al identity
1.1. Semantic hype (bag of words): What startups are saying.

import os.

import re.

import pandas as pd.

import glob.

import string.

from datetime import datetime.

from collections import Counter.

from nltk.corpus import stopwords.

# Set the directory where the subfolders with TXT files are stored.

directory = os.path.expanduser(‘~/Filepath’).

# Read the CSV with transaction data.

transaction_data_path = os.path.expanduser(‘~/ Filepath’).

transaction_data = pd.read_csv(transaction_data_path, delimiter = “\t”, encoding = ‘utf-8).

# Strip any potential leading or trailing spaces from column names.

transaction_data.columns = transaction_data.columns.str.strip().

def normalize_company_name(company_name):

company_name = company_name.lower().

company_name = re.sub(r’["a-z0-9]’, “, company_name).

return company_name.

def extract_main_word(company_name):

company_name = normalize_company_name(company_name).

main_word = company_name.split()[0].

return main_word.

def find_press_releases(directory, company_main_word, funding window_start, funding_ window_end):

funding window start_date = datetime.strptime(funding window_start, “%m,/%d/%y").

funding_ window_end_date = datetime.strptime(funding_window_end, “%m/%d/%y").

press_releases = [].

for folder in glob.glob(f’{directory}/*_subfolder™):

folder_company_name = normalize_company_name(folder.split(‘/’)[—1].replace(‘_subfolder’, “)).

if company_main_word in folder_company_name:

for file in glob.glob(f*{folder}/*.txt™):

file_date_str = file.split(“_")[—1].replace(“.txt”, “<).

file_date = datetime.strptime(file_date_str, “%d %B %Y").

if funding_ window_start_date < file_date < funding_window_end_date:

press_releases.append(file).

return press_releases.

# Main function to process the transaction data and analyze the text files.

def main():

stop_words = set(stopwords.words(‘english’)).

bag_of keywords = [.

“adaptive”, “agile”, “awards”, “vision”, “transformation”, “visionary”, “advanced”, “collaborative”, “customizable”, “dynamic”,
“growing”, “empowering”, “integrated”, “interconnected”, “intuitive”, “responsive”, “scalable”, “seamless”, “streamlined”, “user-
friendly", “versatile”, “ambitious”, “bold”, “breakthrough”, “creative”, “cutting-edge”, “disruptive”, “elegant”, “evolutionary”,

2 G 2 G 2 . (T 2

“extraordinary”, “game changing”, “groundbreaking”, “high tech”, “hyper connected”, “infinite”, “innovative”, “intelligent”, “limit-

(LIS . (LIS ”» G

less”, “powerful”, “sleek”, “smart”, “transformative”, “ultra modern”, “unprecedented”, “forward-thinking”, “future-proof”, “futuris-
tic”, “imaginative”, “next-generation”, “pioneering”, “progressive”, “trailblazing”, “revolutionary”, “state-of-the-art”, “first-of-its-
kind”, “industry-leading”, “exceptional quality", “efficient”, “predictive”, “unrivaled”, “paradigm-shifting”, “ultra-fast”, “hyper-
intelligent”, “award-winning”.

]

# Convert keywords to lower case and remove hyphens.

bag_of keywords = [keyword.lower().replace(‘-’, ) for keyword in bag_of _keywords].

for index, row in transaction_data.iterrows():

company_name = row[‘clean_name’].

company_main_word = extract_ main_word(company_name).

funding_ window _start = row[‘funding_ window _start’].

funding window_end = row[‘funding_window_end’].

press_releases = find_press_releases(directory, company_main_word, funding window_start, funding_ window_end).
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total_hype_word_count = 0.

total_word_count = 0.

for press_release_path in press_releases:

with open(press_release_path, “r”, encoding = ‘latin-1°) as file:

press_release_content = file.read().

cleaned_content = re.sub(r’["a-zA-Z0-9]’, “, press_release_content).

cleaned_content = re.sub(r’\d+’, ¢, cleaned_content).

cleaned_content = cleaned_content.lower().

cleaned_content = “.join(word for word in cleaned_content.split() if word.lower() not in stop_words).
hype_word_count = count_keyword_occurrences(cleaned_content, bag_of keywords).
word_count = len(cleaned_content.split()).

print(f’Company: {company_name}").

print(fPress Release: {press_release_path}”).

print(f“Total Hype Words: {hype_word_count}™).

print(f“Total Word Count: {word_count}”).

print().

total_hype_word_count + = hype_word_count.

total_word_count + = word_count.

if total_word_count >0:

hype _ratio = total_hype_word_count / total word_count.

else:

hype_ratio = 0.

transaction_data.at[index, ‘total_hype words’] = total_hype_word_count.
transaction_data.at[index, ‘total_ word_count’] = total_word_count.
transaction_data.at[index, ‘hype_word_ratio’] = hype_ratio.
transaction_data.to_csv(transaction_data_path, index = False, sep = “\t”).

if _name_ == “
main().

2,

__main_":

1.2. Syntactic hype (hyperbole NLP script): How startups are saying it

import os.

import re.

import pandas as pd.

import glob.

import string.

import spacy.

from datetime import datetime.

from collections import Counter.

from nltk.corpus import stopwords.

nlp = spacy.load(“en_core_web_sm”).

# Set the directory where the subfolders with TXT files are stored.

directory = os.path.expanduser(‘~/Filepath’).

def analyze_hyperbole(text):

doc = nlp(text).

single_word_hyperbole = [].

phrasal_hyperbole = [].

clausal_hyperbole = [].

numerical_hyperbole = [].

superlative_hyperbole = [].

comparison_hyperbole = [].

repetition_hyperbole = [].

# Define patterns.

single_word_pattern = r’\b(very|extremely|incredibly |unbelievably|amazingly|astonishingly|significantly|tremendously |
massively)\b”.

numerical_pattern = r"\b(100x|1000x|1000,000x|10x |50 x |500x|10,000x | 100,000 x)\b”.

superlative_pattern = r’\b(?i)(best|worst|fastest|slowest|easiest|hardest|highest|strongest|quickest|smartest|most (?:advanced)|
powerful |efficient|intelligent|versatile|user-friendly|innovative|secure|accurate|reliable|affordable| durable|responsive|sustainable|
eco-friendly|user-centric|adaptable|resilient| dependable|cost-effective |time-saving))\b”.

superlative_regex = re.compile(superlative_pattern, re. IGNORECASE).

comparison_pattern = r*\b(like|as|faster|easier| more powerful|more efficient|more intelligent|more versatile|more user-friendly|
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more innovative|more secure|more accurate|more reliable)\s[a-zA-Z]+(?:\s[a-zA-Z]+)?\sas\b”.

# Single-word hyperbole.

for match in re.finditer(single_word_pattern, text):

single_word_hyperbole.append(match.group()).

# Numerical hyperbole.

for match in re.finditer(numerical_pattern, text):

numerical_hyperbole.append(match.group()).

# Superlative hyperbole.

for match in re.finditer(superlative_pattern, text):

superlative_hyperbole.append(match.group()).

# Comparison hyperbole.

for match in re.finditer(comparison_pattern, text):

comparison_hyperbole.append(match.group()).

for token in doc:

# Phrasal hyperbole.

if token.dep_ == “amod” and token.head.pos_. == “NOUN” and token.text.lower() in [“best”, “worst”, “fastest”, “slowest”,
“easiest”, “hardest”]:

phrasal_hyperbole.append(token.text).

# Clausal hyperbole.

if token.dep_ == “advmod” and token.text.lower() in [“never”,

clausal_hyperbole.append(token.text).

# Repetition hyperbole.

for sent in doc.sents:

sent_doc = nlp(sent.text).

for token in sent_doc:

if token.dep_ == “conj” and token.head.text.lower() == token.text.lower():

repetition_hyperbole.append(token.text).

return {.

“single_word_hyperbole”: Counter(single_word_hyperbole),

“phrasal_hyperbole”: Counter(phrasal_hyperbole),

“clausal_hyperbole”: Counter(clausal_hyperbole),

“numerical_hyperbole”: Counter(numerical_hyperbole),

“superlative_hyperbole”: Counter(superlative_hyperbole),

“comparison_hyperbole”: Counter(comparison_hyperbole),

“repetition_hyperbole”: Counter(repetition_hyperbole),

}

# Read the CSV with transaction data.

transaction_data_path = os.path.expanduser(‘~/Filepath’).

transaction_data = pd.read_csv(transaction_data_path, delimiter = “\t”, encoding = ‘utf-8).

# Strip any potential leading or trailing spaces from column names.

transaction_data.columns = transaction_data.columns.str.strip().

def normalize_company_name(company_name):

company_name = company_name.lower().

company_name = re.sub(r’["a-z0-9]’, “, company_name).

return company_name.

def extract_main_word(company_name):

company_name = normalize_company_name(company_name).

main_word = company_name.split()[0].

return main_word.

def find_press_releases(directory, company_main_word, funding window_start, funding_window_end):

funding_ window start_date = datetime.strptime(funding window_start, “%m,/%d/%y").

funding_window_end_date = datetime.strptime(funding window_end, “%m/%d/%y").

press_releases = [].

for folder in glob.glob(f’{directory}/*_subfolder™):

folder_company_name = normalize_company_name(folder.split(‘/’)[—1].replace(‘_subfolder’, «)).

if company_main_word in folder_company_name:

for file in glob.glob(f’{folder}/*.txt”):

file_date_str = file.split(“_")[—1].replace(“.txt”, “<).

file_date = datetime.strptime(file_date_str, “%d %B %Y").

if funding window _start_date < file_date < funding window_end_date:

press_releases.append(file).

always”]:
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return press_releases.

# Loop through the transaction_data DataFrame.

for index, row in transaction_data.iterrows():

company_name = row[‘venture’].

company_main_word = extract_ main_word(company_name).

funding_ window _start = row[‘funding_window _start’].

funding window_end = row[‘funding window_end’].

press_releases = find_press_releases(directory, company_main_word, funding window_start, funding_ window_end).
total_hyperbole_counts = {.

‘single_word_hyperbole’: 0,

‘phrasal_hyperbole’: 0,

‘clausal_hyperbole’: 0,

‘numerical_hyperbole’: 0,

‘superlative_hyperbole’: 0,

‘comparison_hyperbole’: 0,

‘repetition_hyperbole’: 0,

b

for press_release_path in press_releases:

with open(press_release_path, “r”, encoding = ‘latin-1°) as file:
press_release_content = file.read().

hyperbole_counts = analyze_hyperbole(press_release_content).

for category, count in hyperbole_counts.items():
total_hyperbole_counts[category] + = sum(count.values()).

for category, count in total hyperbole_counts.items():
transaction_data.at[index, category] = count.
transaction_data.to_csv(transaction_data_path, index = False, sep = “\t”).
Al Identity Python Script:

import os.

import re.

import pandas as pd.

import glob.

import string.

from datetime import datetime, timedelta.

from collections import Counter.

directory = os.path.expanduser(‘~/Filepath’).

# Define Al-related keywords including generative Al-specific keywords.
ai_keywords = [.

“artificial intelligence”, “machine learning”, “deep learning”, “neural network”, “AI”, “ML”,

@

“computer vision”, “natural language processing”, “NLP”, “robotics”, “automation”, “big data”,

LTS

“predictive analytics”, “intelligent systems”, “Al-driven”, “Al-powered”, “chatbot”, “virtual assistant”,

25

“generative ai”, “generative model”, “GAN”, “generative adversarial network”, “text generation”,
“image generation”, “content generation”, “language model”, “GPT”, “BERT”, “transformer model”,
“creative ai”, “artificial creativity", “neural text generation”, “neural image generation”,

» LIS 2 LU

“synthetic data”, “deepfake”, “autoencoder”, “vae”, “variational autoencoder”, “style transfer”,
“text-to-image”, “image-to-text”, “Al-generated content”.

]

# Read the CSV with transaction data.

transaction_data_path = os.path.expanduser(‘~/Filepath’).

transaction_data = pd.read_csv(transaction_data_path, delimiter = “,”, encoding = ‘utf-8’).
# Strip any potential leading or trailing spaces from column names.
transaction_data.columns = transaction_data.columns.str.strip().

def normalize_company_name(company_name):

company_name = company_name.lower().

company_name = re.sub(r’["a-z0-9]’, , company_name).

return company_name.

def extract_main_word(company_name):

company_name = normalize_company_name(company_name).

main_word = company_name.split()[0].

return main_word.

def find_press_releases(directory, company_main_word, start_date, end_date):

start_date = datetime.strptime(start_date, “%m/%d/%y").
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end_date = datetime.strptime(end_date, “%m/%d/%y").

press_releases = [].

for folder in glob.glob(f’{directory}/*_subfolder™):

folder_company_name = normalize_company_name(folder.split(‘/’)[—1].replace(‘_subfolder’, “)).

if company_main_word in folder_company_name:

for file in glob.glob(f*{folder}/*.txt™):

file_date_str = file.split(“_")[—1].replace(“.txt”, “<).

file_date = datetime.strptime(file_date_str, “%d %B %Y").

if start_date < file_date < end_date:

press_releases.append(file).

return press_releases.

def count_ai_keyword_occurrences(text, keywords):

text = text.lower().

count = sum(text.count(keyword.lower()) for keyword in keywords).

return count.

def contains_ai_keywords(text, keywords):

text = text.lower().

return any(keyword.lower() in text for keyword in keywords).

# Loop through the transaction_data DataFrame.

for index, row in transaction_data.iterrows():

company_name = row|[‘venture’].

company_main_word = extract_ main_word(company_name).

funding_date = row[‘funding date’].

start_date = row[‘start_date’].

# Analyze the year prior to the funding date.

year_prior_start = (datetime.strptime(funding_date, “%m/%d/%y") - timedelta(days = 365)).strftime(“%m/%d/%y").
press_releases_year = find_press_releases(directory, company_main_word, year_prior_start, funding_date).
ai_keyword_count_year = 0.

total_words_year = 0.

ai_mention_count_year = 0.

for press_release_path in press_releases_year:

with open(press_release_path, “r”, encoding = ‘latin-1") as file:

press_release_content = file.read().

ai_keyword_count_year + = count_ai_keyword_occurrences(press_release_content, ai_keywords).
total_words_year + = len(press_release_content.split()).

if contains_ai_keywords(press_release_content, ai_keywords):

ai_mention_count_year + = 1.

# Analyze from the start date to one year before the funding date.

prior_end_date = (datetime.strptime(funding_date, “%m/%d/%y") - timedelta(days = 365)).strftime(“%m/%d/%y").
press_releases_prior = find_press_releases(directory, company_main_word, start_date, prior_end_date).
ai_keyword_count_prior = 0.

total_words_prior = 0.

ai_mention_count_prior = 0.

for press_release_path in press_releases_prior:

with open(press_release_path, “r”, encoding = ‘latin-1°) as file:

press_release_content = file.read().

ai_keyword_count_prior + = count_ai_keyword_occurrences(press_release_content, ai_keywords).
total_words_prior + = len(press_release_content.split()).

if contains_ai_keywords(press_release_content, ai_keywords):

ai_mention_count_prior + = 1.

# Store results in transaction_data DataFrame.

transaction_data.at[index, ‘ai_keyword_count_year’] = ai_keyword_count_year.
transaction_data.at[index, ‘total words_year’] = total words_year.

transaction_data.at[index, ‘ai_keyword_ratio_year’] = ai_keyword_count_year / total words_year if total words_year >0 else 0.
transaction_data.at[index, ‘ai_mention_count_year’] = ai_mention_count _year.
transaction_data.at[index, ‘ai_keyword_count_prior’] = ai_keyword_count _prior.
transaction_data.at[index, ‘total words_prior’] = total_ words_prior.

transaction_data.at[index, ‘ai_keyword_ratio_prior’] = ai_keyword_count_prior / total words_prior if total words_prior >0 else 0.
transaction_data.at[index, ‘ai_mention_count_prior’] = ai_mention_count_prior.
transaction_data.to_csv(transaction_data_path, index = False).
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Data availability

Data will be made available on request.
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