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A B S T R A C T

In recent years, the rapid adoption of Generative AI tools by entrepreneurs is transforming 
entrepreneurial ideation processes. Powered by increasingly sophisticated algorithms and 
massive computing facilities, Gen AI systems are capable of generating extraordinarily creative 
ideas that often surpass the abilities of human entrepreneurs. Yet, despite these benefits, Gen AI 
systems also create a series of important epistemic risks for entrepreneurs, most notably: algo
rithmic hallucinations and ‘alien minds.’ In the near term, the tendency of Gen AI systems to 
‘hallucinate’ new ideas that appear plausible but lack a logical or factual basis amplifies the risks 
that entrepreneurs will invest valuable time, effort, and resources in pursuit of flawed ideas. As 
the capabilities and intelligence of these systems continue to grow, however, entrepreneurs also 
face an emerging risk of falsely rejecting breakthrough ideas recommended by ‘alien minds’ they 
do not understand. For entrepreneurs, the opaque processes through which Gen AI systems 
generate new ideas create an ideator's dilemma where entrepreneurs do not know if a Gen AI idea 
is a true, breakthrough innovation or simply a hallucinated mirage. In this study, we extend 
emerging theory on entrepreneurial work to examine the complementary roles of two distinct 
types of judgments – possibility and plausibility judgments – in enabling entrepreneurs to evaluate 
Gen AI ideas. Towards this end, we integrate these judgments into a comprehensive Popperian 
approach to entrepreneurial work, enabling entrepreneurs to more effectively address the 
inherent epistemic risks associated with using Gen AI in entrepreneurial ideation. In doing so, our 
study contributes important new insights regarding the fundamental role of entrepreneurial work 
in addressing the ideator's dilemma in entrepreneurial ideation processes.
Executive summary: Generative AI is fundamentally transforming how entrepreneurs identify and 
develop new venture opportunities. With 89 % of founders now using at least one AI model and 
50 % employing four or more in daily ideation work, these tools have become integral to 
entrepreneurial innovation. However, this rapid adoption creates unprecedented challenges that 
demand new frameworks for evaluating AI-generated business concepts.
The democratization of AI tools creates fundamental challenge for entrepreneurs: if every 
entrepreneur can generate breakthrough ideas at scale, where lies competitive advantage? Our 
research reveals that judgment – not idea generation – becomes the scarce resource. As ventures 
pursue increasingly speculative concepts to maintain competitive edge (evidenced by Y Combi
nator's shift towards deep tech ventures), the ability to efficiently evaluate and actualize AI 
concepts becomes paramount.
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At the same time, these fundamental challenges are amplified by the growing sophistication of the 
reasoning capabilities of frontier Gen AI systems. To illustrate these challenges, we posed a single 
question to the 7 leading Gen AI models, which all provided forecasts estimating the probability 
within five years that AI systems will generate venture concepts beyond expert entrepreneurs' full 
comprehension. Current systems already demonstrate this capability in specialized domains. The 
integration of multimodal models, real-time data, and agentic systems will accelerate this trend.
For entrepreneurs, this means reconceptualizing the entrepreneurial process. Rather than 
competing on idea generation – where AI increasingly dominates – successful ventures will 
differentiate through superior judgment, interpretation, and actualization capabilities. The en
trepreneurs who thrive will be those who can effectively orchestrate human-AI collaboration, 
maintaining human agency while leveraging AI's superhuman pattern recognition.
The ideator's dilemma: Hallucinations and alien minds: Building on these arguments, one of the 
central contributions of our study examines what we refer to as the Ideator's Dilemma. Given the 
training methods – especially the growing use of deep reinforcement learning methods – leading 
AI systems are creating two critical, interrelated epistemic risks for entrepreneurs using these 
tools in ideation processes: First, algorithmic hallucinations occur when AI systems generate 
plausible-sounding ideas that lack factual or logical basis. These can lead entrepreneurs to waste 
valuable resources pursuing impossible ideas. Second, entrepreneurs are facing a growing set of 
challenges in addressing the “alien minds” problem – where AI systems generate genuinely 
breakthrough concepts through reasoning processes so advanced or unconventional that human 
entrepreneurs cannot fully comprehend them.
For entrepreneurs, these two epistemic risks combine to create what we term the “ideator's 
dilemma”: entrepreneurs cannot determine whether an AI-generated idea represents a revolu
tionary opportunity or a convincing mirage. As AI systems grow more sophisticated, particularly 
through deep reinforcement learning methods that operate without human oversight, this 
dilemma intensifies. Recent developments like DeepSeek's autonomous discovery of novel 
problem-solving strategies and AlphaDev's counterintuitive algorithmic breakthroughs demon
strate that AI systems are already generating solutions that initially appear incorrect but prove 
revolutionary.
A novel framework for AI-enabled entrepreneurship: To address Ideator's Dilemma, our study extends 
recent work in the field of entrepreneurship to build a Popperian approach to address these 
challenges through two complementary types of entrepreneurial judgment:
Possibility Judgments focus on falsification – rigorously testing whether necessary conditions exist 
for an idea to be actualizable. Entrepreneurs should ask “why won't this work?” before investing 
resources. This approach quickly eliminates algorithmic hallucinations by establishing clear 
boundaries between possible and impossible new venture concepts. The key is developing bold, 
testable conjectures that can be decisively falsified if the concept is fundamentally flawed.
Plausibility Judgments employ corroboration to identify sufficient conditions for actualization. 
Once an idea passes falsification tests, entrepreneurs assess how to configure enabling factors – 
market conditions, technical infrastructure, regulatory environment – to bring the concept to 
market. This stage addresses the alien minds problem by translating opaque AI reasoning into 
actionable business strategies.
The Popperian approach we outline provides a practical methodology for navigating this tran
sition. To illustrate the benefits of such an approach, we provide an in-depth example of the 
Ideator's Dilemma through a Gen AI idea building on an extremely speculative, advanced inte
gration of ‘new quantum physics.’ This idea illustrates the unique epistemic risks entrepreneurs 
already face in evaluating and vetting Gen AI ideas to identify algorithmic hallucinations while 
addressing the challenges of verifying an advanced concept that is well outside of our current 
capabilities.
Overall, our study illuminates an important set of fundamental shifts in how opportunities are 
identified, evaluated, and actualized. Startups that develop robust frameworks for human-AI 
collaboration in ideation will capture disproportionate value in the emerging economy, while 
those that fail to adapt risk being overwhelmed by the Ideator's Dilemma.

“One thing I've been using (AI) for is a brainstorming partner…there is a glimmer of something amazing in there” – Sam Altman, OpenAI 
CEO (paraphrased).

1. Introduction

Ideation processes, encompassing the “generation, evaluation, and development of ideas for new ventures” (Kier and McMullen, 
2020: 1), play a critical role in the field of entrepreneurship (Björk et al., 2010; Kier and McMullen, 2018; Link, 2017; McMullen and 
Dimov, 2013; Vogel, 2017) by enabling entrepreneurs to generate high-quality ideas that guide and shape the success of entrepre
neurial work (Ramoglou and McMullen, 2024). In recent studies, entrepreneurship scholars have explored how a wide variety of 
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factors impact the effectiveness of ideation processes, such as creativity (Gemmell et al., 2012; Warnick et al., 2021) and imagina
tiveness (Kier and McMullen, 2018); startup processes and strategies (Ghezzi and Cavallo, 2020); organizational characteristics, such 
as the composition and collective imagination of entrepreneurial teams (Gundry et al., 2016; Kier and McMullen, 2020); and even 
more recently, computational tools such as artificial intelligence (hereafter AI –Shepherd and Majchrzak, 2022; Townsend and Hunt, 
2019). In the case of AI, many of the important benefits of using these tools in ideation processes involve the superior ‘algorithmic 
creativity’ (Boden, 2008) of Generative AI (Gen AI) systems (Townsend et al., 2025a, 2025b). Gen AI – which is a subset of AI that 
utilizes complex algorithms to create novel content and output (Appel et al., 2023)– has been transformative by virtue of its ability to 
match (Amabile, 2020) or, in some cases, even supersede human creativity (Haase and Hanel, 2023). Indeed, recent surveys highlight 
the importance of Gen AI tools – especially Large Language Models (LLMs) – with 89 % of founders using at least one model and 50 % 
using four or more models in daily ideation work (Lauchengco and Paolino, 2025).

However, even as a growing number of studies reveal the superior creative abilities of Gen AI systems in some ideation tasks (e.g., 
Haase and Hanel, 2023; Hubert et al., 2023), other studies have documented the epistemic risks – “the likelihood one's claims 
accurately represent the world” – entrepreneurs face in using these tools (Hannigan et al., 2024: 6; Townsend et al., 2025a). One of the 
immediate concerns stems from the tendency of Gen AI systems to ‘hallucinate,’ which occurs when these systems generate “plausible 
but incorrect or nonsensical answers due to the absence of a source of truth during training” (Hannigan et al., 2024: 2). Some scholars 
believe these problems can, in part, be addressed through improvements in how Gen AI models are trained [e.g., fine-tuning with high- 
quality data – (Tonmoy et al., 2024)] or how AI-enabled ideation processes are designed [e.g., retrieval-augmented generation (RAG) 
models (Shuster et al., 2021) or chain-of-thought prompting (Dhuliawala et al., 2023)].

At the same time, recent studies emphasize important differences between baseline hallucinations (i.e., “plain factual errors”) that 
can be solved with better model training and design (Maynez et al., 2020) and ‘higher-order hallucinations’ (e.g., Huang et al., 2025) 
that emerge in advanced reasoning models (e.g., GPT o3/o4). As Gen AI systems continue to grow in size and complexity, these systems 
frequently display emergent abilities, including surprising and unpredictable creative reasoning capabilities and properties (Berti 
et al., 2025; Wei et al., 2022) that are not present in smaller models. Emergent creative abilities complicate the epistemic risks en
trepreneurs face in determining whether Gen AI ideas are ‘mistakes’ (i.e., ‘algorithmic hallucinations’) or ‘truly novel, breakthrough 
ideas’ that are the product of advanced AI reasoning (i.e., ‘alien minds’), developing opaque, breakthrough ideas built on advanced 
creative reasoning that humans might not fully understand or comprehend (e.g., Wolfram, 2023; Yampolskiy, 2020; Youvan, 2024).1

For entrepreneurs, these trends illuminate an ideator's dilemma where they cannot determine whether a Gen AI idea truly rep
resents a novel, breakthrough concept or a hallucinated mirage. In fundamental ways, the ideator's dilemma complicates entrepre
neurial work through which they need to determine whether the “necessary conditions exist for an imagined state of the world to be 
genuinely possible” (Ramoglou and McMullen, 2024: 281). As Ramoglou & McMullen (2024: 281) note, “what makes entrepreneurial 
dreams possible is the existence of a multitude of conditions…(that) must exist for desirable world-states to be possible.” In this regard, 
although Gen AI systems enable entrepreneurs to rapidly generate and evaluate ideas-at-scale, if any entrepreneur can, in fact, leverage 
Gen AI systems to generate and evaluate ideas-at-scale, the competitive value of such ideas is quickly commoditized through the 
problems of competitive recursion (i.e., Townsend et al., 2025a). The growing threat of these competitive pressures is, in turn, pushing 
entrepreneurs to the edges of opportunity spaces (Hunt, 2018) in pursuit of breakthrough ideas (cf. Merhi and Harfouche, 2024), and 
thereby exacerbating the ideator's dilemma.

In light of such pressures, entrepreneurial judgment plays an even more critical role in directing and orchestrating what, when, 
how, and where valuable time, energy, and resources should be invested to actualize new opportunities (e.g., McMullen, 2024; 
McMullen et al., 2024; Ramoglou and McMullen, 2024; Townsend et al., 2025a, 2025b; Villesèche et al., 2025). Because the value of 
entrepreneurial opportunities cannot be known ex ante due to Knightian uncertainty (Ramoglou, 2021; Townsend et al., 2018; 
Townsend et al., 2024), entrepreneurial judgment is often decisive in shaping how entrepreneurs address the ideator's dilemma 
inherent in using advanced Gen AI tools in entrepreneurial ideation. In this study, we extend entrepreneurial work theory to analyze 
the role of possibility judgments as a type of ‘ontological judgment’ used to evaluate whether new venture concepts are ‘necessarily 
actualizable’ (McMullen et al., 2024; Ramoglou and McMullen, 2024). Possibility judgments play a key role in mitigating algorithmic 
hallucinations through deliberate efforts to falsify new venture concepts by determining whether they are possible or not. Once en
trepreneurs determine a Gen AI idea is possible, plausibility judgments (e.g., Garud et al., 2014; Navis and Glynn, 2010, 2011; Rady 
et al., 2025; van Werven et al., 2019) play a complementary role, functioning as a type of ‘epistemic judgment’ (e.g., Goldman, 1978; 
King and Kitchener, 2012) where entrepreneurs determine the configuration of enabling factors and conditions that are sufficient to 
actualize a new venture concept.

Building on this logic, we contribute to entrepreneurship research and theory development in several critical ways. First, our study 
builds on emerging work at the intersection of Gen AI and entrepreneurship by examining the ideator's dilemma that entrepreneurs 
face when using Gen AI tools in entrepreneurial ideation processes, as they often cannot determine whether the recommendations of 
Gen AI systems are truly breakthrough innovations or the product of algorithmic hallucinations. Our study extends this logic to also 
contribute to theories of entrepreneurial work (e.g., Ramoglou and McMullen, 2024; McMullen et al., 2024) by further developing a 

1 Theoretical perspectives on the ‘alien minds problem’ are emerging across multiple literatures, including philosophy computational theory, and 
most notably in AI safety research – all of which point to the use of Deep Reinforcement Learning (RL) algorithms in developing these emergent 
abilities. Left to their own devices without human interference and control, deep RL algorithms often display an ‘alien logic’ in how they analyze and 
develop breakthrough solutions to problems. We discuss the implications of the growing use of RL in the development of breakthrough new venture 
concepts in more detail below.
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‘Popperian approach’ (Ramoglou and Tsang, 2016, 2017) to evaluating and vetting Gen AI ideas and addressing the ideator's dilemma 
in entrepreneurship. As Gen AI systems enable entrepreneurs to generate and test breakthrough ideas-at-scale, the speed, depth, and 
intensity of competition increase, rendering entrepreneurial judgment of where to allocate attention, efforts, and resources even more 
critical. By addressing the ideator's dilemma in an AI world, our ‘Popperian approach’ complements and advances extant research on 
entrepreneurial judgment and decision-making to identify viable pathways towards the future of AI-enabled entrepreneurial action 
(Foss and Klein, 2012; McBride and Wuebker, 2022; McMullen, 2015; McMullen et al., 2024; Ramoglou, 2021; Rapp and Olbrich, 
2023; Uygur and Kim, 2016; Zellweger and Zenger, 2023). Lastly, our framework offers important, theoretically grounded, practical 
implications to guide and shape AI-enabled entrepreneurial action in addressing a growing array of knowledge problems in the age of 
AI, illuminating critical ways for humans and intelligent machines to collaborate in effective ways to advance the frontiers of 
entrepreneurship.

2. Theoretical background: Entrepreneurial ideation, algorithmic creativity, and Gen AI

2.1. Creativity and entrepreneurial ideation processes

In entrepreneurship research, the relative importance of an entrepreneur's creativity in shaping their ability to generate and select 
high-quality ideas (Kier and McMullen, 2018: 2265) remains a subject of important debate. At a foundational level, many scholars 
argue that some degree of novelty, creativity, or innovation is critical for enhancing entrepreneurial ideation processes (Björk et al., 
2010; Björk et al., 2011; Warnick et al., 2021). In contrast, others have argued that while “creative ideas seem commonplace…suc
cessful entrepreneurial ideas are scarce and valuable commodities” (Gemmell et al., 2012: 1053). In this sense, existing research tends 
to ascribe the fate of creative ideas to important environmental and organizational contingencies, including customer demand and/or 
complementary organizational resources, rather than solely from the inherent creativity of the idea itself.

Given this distinction between ‘creative ideas’ and ‘entrepreneurial ideas,’ recent studies exploring the role of entrepreneurial 
imaginativeness (Kier and McMullen, 2018; McMullen and Kier, 2017) assert that creativity and novelty alone are insufficient to 
generate high-quality entrepreneurial ideas. Rather, successful entrepreneurs require a “socio-cultural toolbox,” including the ability 
to “infer other's desires” and the practical capacity to “develop and implement” ideas (McMullen and Kier, 2017: 3). In this regard, the 
value of creativity in entrepreneurial ideation processes extends beyond the notion of ‘breakthrough technologies’ and ‘radical in
novations’ – encompassing deep empathetic insights of entrepreneurs into the motivations shaping customer demand (McMullen, 
2015) and the organizational and the economic logic that shape the viability of entrepreneurial initiatives (McMullen et al., 2024).

2.2. Gen AI, algorithmic creativity & entrepreneurial ideation

The advent of Gen AI tools, whose creative reasoning abilities are rapidly surpassing those of humans (Haase and Hanel, 2023), has 
unlocked a tantalizing and perhaps unprecedented array of benefits for entrepreneurs (Shepherd and Majchrzak, 2022; Townsend and 
Hunt, 2019; Townsend et al., 2025a). While a venture founder's experience enables entrepreneurs to imagine future goods and services 
(Klein, 2008), prior experience – particularly that which leads to entrenchment and self-censoring – can also impose formidable 
cognitive constraints on entrepreneurial ideation, which some leading entrepreneurs and investors argue can impede the development 
and actualization of novel, breakthrough ideas (Masters and Thiel, 2014).

Gen AI systems, especially LLMs, provide powerful tools for overcoming these cognitive constraints, thereby enhancing the shape 
and scale of creative entrepreneurial work (Townsend and Hunt, 2019). Across a range of varied tasks, Gen AI systems augment and 
enhance nascent entrepreneurial processes, including ideation (Girotra et al., 2023) and new venture concept development (Karami 
and Read, 2021), rapid prototyping (Blank, 2023; Zhou and Lee, 2024), user and feature testing (Ghoreishi and Happonen, 2020), 
minimal viable product development, and even product design (Wang et al., 2021). For example, a growing number of drug discovery 
startups use Gen AI tools to identify and select high-potential compounds from billions of possibilities when searching for novel 
therapeutics. This approach has a higher success rate and a far lower cost than when exploratory work is conducted solely by large 
teams of human scientists (Townsend et al., 2025a). With ever-expanding emergent capabilities, Gen AI tools can also now create 
‘original music,’ award-winning visual art, and novel digital products and services (Gozalo-Brizuela and Garrido-Merchan, 2023).

Since “generating new ideas is difficult and potentially diverts effort and resources away from other essential tasks” (Koning et al., 
2022: 6), the benefits of using Gen AI systems in entrepreneurial ideation processes are expanding rapidly as entrepreneurs strive to 
identify new ways to leverage the algorithmic creativity of these systems (Haase and Hanel, 2023). Several recent large-scale studies 
report that contemporary Gen AI systems display superior forms of ‘divergent creativity,’ which is “characterized by the ability to 
generate novel and diverse solutions to open-ended problems” [(Bellemare-Pepin et al., 2024:1), see also (Hubert et al., 2024; Orwig 
et al., 2024; Stevenson et al., 2022)], and convergent creativity through the selection of ideal solutions among an array of creative 
possibilities (Mukherjee and Chang, 2023). As the creative reasoning capabilities of Gen AI systems continue to advance, they are 
becoming increasingly more commonplace in ideation processes (Anabtawi et al., 2024; Kanbach et al., 2024). These trends are 
amplified by efforts to ‘automate creativity’ (e.g., Huang and Rust, 2024) through the use of deep reinforcement learning (Li, 2023; Li, 
2017).

2.3. The epistemic risks of Gen AI in entrepreneurial ideation processes: Algorithmic hallucinations & alien minds

In a recent study, Hannigan et al. (2024: 6) define epistemic risks as “the likelihood one's claims (do not) accurately represent the 
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world.” In the context of Gen AI, most of the attention in scholarly and practical settings centers on the epistemic risks that stem from 
the tendency of these systems to hallucinate, defined as “outputs that diverge from human expectations,” consisting of “misinformation 
or outputs misaligned with reality” (McIntosh et al., 2023: 1). This occurs because these tools have a tendency to overlook the in
tricacies of “human judgment and cultural influence, particularly in fact interpretation” (McIntosh et al., 2023: 1). Since many Gen AI 
systems still lack semantic awareness to fully understand the meaning, relationship, and context of human communication, and a 
‘theory of mind’ to analyze and judge the intentions, beliefs, and perspectives of other actors, current Gen AI systems are limited in 
their ability to completely and fully comprehend and attribute thoughts to themselves (Mitchell, 2021). Thus, even sophisticated Gen 
AI and LLMs that are amenable to semantic training, the problem of algorithmic hallucinations remains significant in their creative 
outputs.

In the near term, the problem of algorithmic hallucinations increases the epistemic risk that entrepreneurs will commit a ‘type 1 
error’ (i.e., false positives). These errors manifest when entrepreneurs pursue a plausible-sounding opportunity that is practically 
impossible to successfully actualize. For entrepreneurs, these epistemic risks are significant, as they may erroneously commit time, 
energy, and scarce resources to pursuing creative ideas that are fundamentally problematic or factually flawed (e.g., Hannigan et al., 
2024). In this regard, it can be difficult to know whether the ideas generated by the system are valid and realistic. This is particularly 
true when working with LLMs, which are “trained to produce plausible-sounding answers to user prompts” (Thorbecke, 2023).

However, since entrepreneurship fundamentally involves the creation of ‘future goods and services’ (Venkataraman, 2019), en
trepreneurs routinely challenge the boundaries of what is possible (or not) in existing markets (cf. Masters and Thiel, 2014). In this 
regard, the tendency of Gen AI systems to hallucinate creates non-ignorable epistemic risks for entrepreneurs employing Gen AI in 
ideation processes – a problem that continues to surface even with the integration of reasoning capabilities in Gen AI systems. At the 
same time, these risks are continuing to expand, given the growing use of deep RL among Gen AI startups. Many startups, such as 
OpenAI, utilize variations of Reinforcement Learning Human Feedback (RLHF) to train their models. As the name suggests, these 
systems feature the use of human feedback to direct models in generating outputs that align with human preferences and expectations. 
Although some degree of human control is beneficial, others worry that keeping humans in the loop to provide feedback and control 
over models is increasingly constraining the creative reasoning abilities of Gen AI systems as these systems grow more sophisticated. 
For example, in early 2025, DeepSeek shocked the tech community by releasing an open-source model with advanced reasoning 
capabilities that was trained solely by using machine-guided, deep reinforcement learning. The use of RL enabled the startup to train a 
state-of-the-art model for a tiny fraction of the cost without requiring massive investments in computing power or months of delays 
caused by human involvement.

As DeepSeek evaluated their model, they documented a series of unexpected, emergent capabilities that autonomously emerged in 
the system, highlighting the importance of deep RL in generating novel ideas and behaviors (Guo et al., 2025: 8).

“One of the most remarkable aspects of this self-evolution is the emergence of sophisticated behaviors as the test-time computation 
increases. Behaviors such as reflection—where the model revisits and reevaluates its previous steps—and the exploration of alternative 
approaches to problem-solving arise spontaneously. These behaviors are not explicitly programmed but instead emerge as a result of 
the model's interaction with the reinforcement learning environment” (Guo et al., 2025: 8).

Building on this point, they further note:
“A particularly intriguing phenomenon observed during the training of DeepSeek-R1-Zero is the occurrence of an ‘aha moment’… 

During this phase, DeepSeek-R1-Zero learns to allocate more thinking time to a problem by reevaluating its initial approach. This 
behavior is not only a testament to the model's growing reasoning capabilities but also a captivating example of how reinforcement 
learning can lead to unexpected and sophisticated outcomes. This moment is not only an ‘aha moment’ for the model but also for the 
researchers observing its behavior. It underscores the power and beauty of reinforcement learning; rather than explicitly teaching the 
model on how to solve a problem, we simply provide it with the right incentives, and it autonomously develops advanced problem- 
solving strategies” (Guo et al., 2025: 8).

We quote at length here to document the fundamental importance of RL in autonomously generating sophisticated reasoning 
capabilities. However, DeepSeek is not the only startup generating breakthrough ideas using deep RL. As noted earlier, DeepMind's 
AlphaDev leverages RL to autonomously discover and develop new algorithms without human supervision. In one notable example, 
“AlphaDev not only found faster algorithms, but also uncovered novel approaches,” including the insight to “skip over a step to connect 
items in a way that looks like a mistake but is actually a shortcut” (Mankowitz and Michi, 2023; Mankowitz et al., 2023). DeepMind's 
researchers compare these novel solutions from AlphaDev to the famous ‘move 37’ when AlphaGo first defeated the human Go 
champion, which experts at first thought was a mistake but later realized was an unexpectedly creative strategic move (Townsend 
et al., 2025a).

There are countless other examples of startups using RL to generate novel solutions that, at first glance, appear to be mistakes but 
are later proven to be breakthrough ideas. Yet, these positive examples of deep RL creating counterintuitive breakthroughs are offset 
by other examples where the output truly is a mistake (i.e., algorithmic hallucinations). For entrepreneurs, the growing sophistication 
of these systems significantly complicates the challenges of evaluating whether Gen AI's new venture concepts are counterintuitive, 
breakthrough ideas, or hallucinations. Research across a variety of fields – notably prominent in AI safety research – refers to these 
types of epistemic risks as the problem of ‘alien minds’ (e.g., Bostrom, 2014; Wolfram, 2023) wherein Gen AI systems recommend 
radically novel, counterintuitive ideas (e.g., Merhi and Harfouche, 2024) that transcend the entrepreneur's ability to understand or 
interpret the outputs (Mahadevan, 2018). This occurs because the systems that generate these outputs differ in fundamental ways from 
human intelligence (Bostrom, 2014; Schneider, 2016).

Given the inscrutability of these ‘alien minds,’ entrepreneurs face an increasing risk of committing Type 2 errors (i.e., falsely 
rejecting a real opportunity) because they fail to understand the concepts generated by these systems. To offset these problems, a 
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growing number of startups are integrating new reasoning capabilities (e.g., chain-of-thought, mixture of experts, etc.) and explan
atory functions (e.g., mechanistic interpretability) into Gen AI to address these epistemic risks. Although these tools provide some 
important benefits to help alleviate the opacity of AI outputs, a growing number of studies are surfacing important problems and 
limitations of these tools. In the case of chain-of-thought reasoning, recent studies suggest that the underlying reasoning provided by 
the system as to how it arrived at its recommendation does not always accurately reflect how the machine actually generated the 
output (Agarwal et al., 2024). This divergence occurs due in part to system design considerations because these explanations are often 
intentionally designed to be ‘understandable’ and ‘plausible’ to humans rather than to accurately document the actual reasoning 
process. With regard to mechanistic interpretability, research is still in the early phases and significantly lags behind the pace of 
breakthroughs generated by deep RL (Bereska and Gavves, 2024). Fig. 1 illustrates alternative entrepreneurial decision pathways, 
highlighting the ideator's dilemma in distinguishing between algorithmic hallucinations and breakthrough concepts suggested by 
advanced ‘alien minds.’

In sum, while the use of Gen AI systems in entrepreneurial ideation processes provides enormous benefits for entrepreneurs, these 
systems also create an entangled set of epistemic risks – namely, the problems of algorithmic hallucinations and alien minds. Even as 
various efforts address the problem of suboptimal, inaccurate, or biased recommendations with the emergence of superior algorithmic 
creativity, epistemic risks remain central impediments when using Gen AI technologies (Houser, 2019; Roselli et al., 2019; Schwartz 
et al., 2022). Furthermore, despite numerous improvements to the creative reasoning capabilities of these systems, the epistemic risks 
associated with using Gen AI in entrepreneurial ideation continue to grow in significant ways. To illustrate the immediacy and scope of 
these epistemic risks, Appendix 1 summarizes the results of a structured query we posed to leading Gen AI systems regarding the risks 
that Gen AI systems would be able to generate counterintuitive, breakthrough ideas in the next 1 to 5 years. We then had each model 
critique and evaluate the analyses of the other models, and provide a rank ordering along with the reasoning behind the ranking. 
OpenAI's GPT5-Thinking model, which employs advanced reasoning, achieved the highest ranking among the top global models, 
estimating a 55–70 % chance over the next five years that Gen AI systems will be able to generate ideas that domain expert human 
entrepreneurs will not be able to comprehend.2

3. Entrepreneurial judgment, work, and the actualization of new possibilities

This tension between the benefits and epistemic risks of using Gen AI tools in entrepreneurial ideation processes creates a sig
nificant set of challenges for entrepreneurs. Before entrepreneurs commit scarce resources to speculative ideas under conditions of 
uncertainty (Townsend et al., 2025a; Townsend and Hunt, 2019), it is imperative that they evaluate and assess these ideas. Entre
preneurial judgments play a key role in making forward-looking decisions in the face of uncertainty (Foss and Klein, 2012; McMullen 
et al., 2024; Sarasvathy and Dew, 2013). In prior research, “judgment is the (largely tacit) ability to make, under conditions of structural 
uncertainty, decisions that turn out to be reasonable or successful ex post” (Langlois, 2007: 13). In its idealized state, the ex ante ca
pacity to envisage profitable outcomes (McMullen, 2015) combines entrepreneurial knowledge, market expertise, and an assortment 
of socio-cognitive factors in highly heterogenous, subjective ways (Foss and Klein, 2012; Sarasvathy and Dew, 2013). In reality, 
however, it is rare for human judgment to be thoroughly reliable or entirely precise. Such is the nature of the decisions, actions, and 
outcomes of entrepreneurial work (Ramoglou and McMullen, 2024), where indeterminism (Knight, 1921; Townsend et al., 2024; 
Townsend et al., 2025a) – characterized by a priori irreducible uncertainty (McGrath, 1999) – confounds entrepreneurial efforts to 
accurately assess the propitiousness of contextual circumstances.

Compounding these impediments to decisional reliability and precision is the reality that the exercise of entrepreneurial judgment 
encompasses not only the assessment of macro-environmental conditions (Foss et al., 2019) but also elusive interpersonal factors, 
involving what Langlois (2007: 23) termed “the judgment of other people's judgment.” This abstraction takes on added significance in 
the context of Gen AI. The use of Gen AI tools in entrepreneurial ideation processes fundamentally changes the calculus of entre
preneurial judgments, particularly the ability and willingness to accurately assess – and potentially incorporate – the recommendations 
generated by these systems. On the one hand, Gen AI-driven, “outside-the-box” ideation can transcend the limiting assumptions of 
venture founders, directing entrepreneurial action towards lucrative opportunities (Ramoglou et al., 2025). On the other hand, Gen AI 
is not immune to the realities of indeterminism and model fallibility, especially given that the rapidly evolving decision environment 
can change in unexpected ways (Townsend et al., 2025a, 2025b). In this section, we undertake a detailed theorization of the way 
entrepreneurs navigate the enabling and disabling dimensions of Gen AI ideas and recommendations when engaging in entrepre
neurial work activities, specifically ideation and judgment.

3.1. Addressing the epistemic risks of Gen AI systems in entrepreneurial ideation processes: Possibility and plausibility judgments in 
entrepreneurial work

When a new venture idea is generated, regardless of its source, entrepreneurs vary in the extent to which they judge these ideas to 
be ‘real future possibilities’ or not. As Ramoglou and McMullen (2024: 15) note, “an opportunity is never an opportunity simpliciter – it 
is always an opportunity to do or achieve something (McMullen, 2015)” (Ramoglou and McMullen, 2024: 15). Consistent with this 
logic, recent work (e.g., McMullen et al., 2024; Ramoglou, 2021; Ramoglou and McMullen, 2024; Ramoglou and Tsang, 2016) posits 

2 We include these predictions for illustrative purposes only to highlight the extent to which these AI systems themselves estimate the near-term 
likelihood of these epistemic problems continuing to grow.
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that “[opportunities emerge from] the innovative process meant to actualize desired and believed-to-be-possible futures involving the 
improvement of an individual's, team's, or organization's socioeconomic position” (Ramoglou and McMullen, 2024: 5). This occurs 
through entrepreneurial work, which involves “deeds that target the actualization of desirable states of the world and typically involve 
cognitive, behavioral, and organizational efforts” (Ramoglou and McMullen, 2024: 14). The process of “searching for or refining 
promising venture ideas” is a key stage in this process where entrepreneurial work transforms promising ideas into valuable real 
opportunities (Ramoglou and McMullen, 2024:16).

While the use of Gen AI is transforming how entrepreneurs identify and develop new ideas (Townsend and Hunt, 2019; Townsend 

Fig. 1. The ideator's dilemma in Gen AI ideation.
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et al., 2025a), the application of these tools to the development of creative breakthroughs amplifies the epistemic risks facing en
trepreneurs who must judge whether or not these new venture concepts constitute actualizable opportunities. There is growing 
concern that these epistemic risks are not entirely resolvable, even as the creative reasoning abilities of these systems continue to 
advance. Given these challenges, it is critical to explore and analyze how two distinct types of entrepreneurial judgment – possibility 
judgments and plausibility judgments – impact the way entrepreneurs evaluate radically creative ideas to determine, through 
entrepreneurial work, whether they are genuine opportunities.

3.2. Entrepreneurial work and the actualization of entrepreneurial possibilities

Entrepreneurial work necessarily involves an entrepreneur's ability to actualize ideas through entrepreneurial action. As Ramoglou 
and McMullen (2024) argue, the presence of an opportunity is only truly justified when an actor has “confidence that some future 
really is possible given one's understanding of the current structure of the world.” This implies that the actualization process is 
fundamentally rooted in and extends from the belief of entrepreneurs that future states of the world are possible (Ramoglou and 
McMullen, 2024; Townsend et al., 2024; Townsend et al., 2025b) – a belief that we argue below is grounded in entrepreneurial 
judgment. Ramoglou and McMullen (2024: 281) go on to state that “it follows that it is not particularly meaningful to theorize that 
imagination can ‘freely create and continually recreate opportunities’ (Chiles et al., 2021: 8) or that an opportunity comes into ex
istence when ‘there is the sound of it [or] the ink traces on a sheet of paper’ (Dimov, 2020: 334).” In this regard, even if an actor – 
regardless of whether the actor is an entrepreneur or Gen AI – can generate innovative, value-creating ideas, there is no guarantee that 
the ideas can be actualized. It would, therefore, be “absurd to say that the opportunity for commercial aviation existed when Da Vinci 
drew sketches of airplanes in the 16th century” (Ramoglou and McMullen, 2024: 281).

Through the lens of entrepreneurial work (Ramoglou and McMullen, 2024), the possibilities that determine the emergence of 
opportunities must be preexistent through the necessary and sufficient conditions that permit their actualization. Absent these at
tributes, a new venture concept will remain impossible regardless of the amount of work applied towards its actualization. Far more 
frequently, many imagined ideas are never actualized. For entrepreneurs seeking to exploit the creative advantages of Gen AI, two 
important considerations are particularly germane: first, some ideas that can be imagined are impossible because they inherently build 
on a scientific fallacy (i.e., these ideas lack the necessary conditions for actualization), and second, some ideas that are necessarily 
possible (e.g., they do not violate the laws of physics) lack the sufficient, enabling conditions that facilitate the emergence and 
development of new ideas (Ramoglou and McMullen, 2024). In this regard, the successful actualization of creative new possibilities 
into genuine opportunities through entrepreneurial work remains contingent on the necessary and sufficient conditions that permit 
their actualization (Hunt et al., 2024; Hunt et al., 2023; Townsend et al., 2018).

Given these distinctive challenges, a key premise of theories of entrepreneurial work contends that an entrepreneurial opportunity 
is actualized when an entrepreneur takes action that complies with both the necessary and sufficient enabling conditions (von Briel 
et al., 2025) that collectively shape the boundaries of opportunity spaces (Hunt, 2018) and the timing of entrepreneurial action 
(McMullen et al., 2024; Ramoglou and McMullen, 2024; Ramoglou et al., 2023). This is a monumentally difficult undertaking. While it 
is clear that the algorithmic creativity of Gen AI tools can help entrepreneurs identify and develop novel ideas, entrepreneurs must 
make an evaluative determination (i.e., a judgment) as to whether they should, or should not, act on AI-generated ideas under con
ditions of uncertainty.

Several factors complicate these judgments. First, as a growing number of entrepreneurs adopt Gen AI tools for ideation, the ability 
to generate and evaluate ideas-at-scale raises fundamental questions about the competitive benefits to individual entrepreneurs – 
simply put, where is the competitive advantage? New AI technologies diffuse rapidly, and so even ventures with privileged access to 
state-of-the-art models enjoy a brief window of time before new model iterations emerge (Stanford, 2025). Furthermore, ongoing 
architectural competition between closed and open-source AI platforms–such as DeepSeek's decision to open source their most 
advanced models – continues and accelerates these competitive pressures as the shift towards open-source architectures continues to 
lower the costs of accessing state-of-the-art models. Collectively, these competitive dynamics reflect what Townsend et al. (2025a: 31)
describe as the problem of competitive recursion, wherein complex strategic moves and countermoves “recursively feed back into the 
decision environment,” intensifying the challenges facing startups.

Second, competitive pressures will continue to mount as AI ‘democratizes’ access to state-of-the-art ideation tools, leading to 
conditions in which ventures will pursue even more speculative concepts in seeking a competitive edge, especially since these tech
nologies continue to democratize access to state-of-the-art brainstorming tools. For example, top accelerator Y Combinator recently 
shifted most of its focus to ‘deep tech’ ventures that aggressively pursue highly speculative projects at the frontier of various industries 
(Alamalhodaei, 2024). Key leaders in the accelerator attribute their decision to numerous factors, including the extent to which 
advanced AI technologies are a ‘force-multiplier’ to ‘deep tech’ development (Y Combinator, 2025). These transformative changes are 
rapidly manifesting in early-stage funding markets as VCs and other investors continue to shift their investments towards more 
‘audacious founders’ (Persaud et al., 2025). As AI tools continue to advance rapidly, even more founders will pursue speculative, high- 
impact ideas, particularly given the ability of these systems to dramatically lower the costs of customer discovery and product 
experimentation (Blank, 2023). As a result, in rapid fashion, these accelerating feedback loops amplify the importance of entrepre
neurial judgment in identifying and choosing which projects to pursue and which to discard.

Such decisions to act are rooted in two complementary types of judgment, each of which plays a critical role in shaping how 
entrepreneurs evaluate Gen AI ideas: possibility judgments and plausibility judgments. Building on recent studies (e.g., McMullen et al., 
2024; Ramoglou and McMullen, 2024; Townsend and Hunt, 2019; Townsend et al., 2025a, 2025b), possibility judgments assess 
whether the necessary conditions exist for a new venture idea to be genuinely actualizable. In contrast, plausibility judgments provide 
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entrepreneurs with a pathway to assess whether the configuration of sufficient conditions enables a new venture concept to be genuinely 
actualizable. Table 1 defines and summarizes our analytical arguments regarding the nature of these judgments, providing important 
details and examples to clarify the properties and boundaries of each type of judgment.

3.3. Possibility judgments: Properties & boundaries

Building on recent studies (e.g., McMullen et al., 2024; Ramoglou and McMullen, 2024; Townsend and Hunt, 2019; Townsend 
et al., 2024), we examine and dissect possibility judgments, particularly the way they play a critical role in determining how entre
preneurs assess whether Gen AI ideas are necessarily actualizable. Possibility judgments play an important role in entrepreneurial 
work by addressing fundamental ontological uncertainties (Lawson, 1997) insofar as they “(involve) the conceptual recognition and 
organization of real-world circumstances that make profit possible across a range of empirical contexts” by identifying and recognizing 
“what must be the case for desirable futures to be possible- without knowing where, who, how or whether one can actualize such 
possibilities” (McMullen et al., 2024:7). In this sense, possibility judgments analyze the extent to which the necessary conditions exist 
as the basis of ascertaining whether it is even possible to actualize a new venture concept in a manner similar to a traveler asking 
whether a road or path will necessarily lead to a desired destination (Ramoglou and McMullen, 2024).

These uncertainties are compounded when world states are dynamically changing. This is the essence of practical indeterminism, 
which resides at the heart of Knightian uncertainty (Knight, 1921; Townsend et al., 2024) and the reason that these possibility 
judgments play a crucial role in addressing the problem of uncertainty (Foss and Klein, 2012). In this regard, a central challenge of 
entrepreneurial work – as most entrepreneurs discover with sobering frequency – stems from the challenges entrepreneurs face in 
deciding where to direct their efforts towards focusing on a new venture concept, where it is even possible that it can be actualized. 
Success is elusive and subject to high rates of failure as startups pursue more innovative and speculative ideas that are increasingly 
shaped by advanced Gen AI systems.

One of the main challenges faced by entrepreneurs seeking to employ Gen AI stems from the propensity of such systems to generate 
new venture concepts that might sound compelling but, in fact, are illusory, fallacious, or infeasible. In essence, these concepts are the 
product of algorithmic hallucinations (Alkaissi and McFarlane, 2023). Background knowledge and experience play an important role 
in shaping whether an entrepreneur believes an AI-recommended idea can be actualized or not (McMullen and Shepherd, 2006). 
However, this is dependent on our central premise that possibility judgments play a critical role in first determining whether a concept 
is actually possible or not (Chen et al., 2020). To illustrate these challenges, we prompted Anthropic's Claude Opus 4.1 to propose a 
‘new physics’ as the basis for developing breakthrough new products and services.

In response, the system proposed a novel synthesis of several fields within quantum physics (i.e., topological protection, holonomic 
quantum computation, open quantum systems theory, and reservoir engineering) to propose an extremely advanced and speculative 
quantum computing concept: Geometric Phase Error Suppression via Holonomic Quantum Reservoir Engineering (HQRE). If it is 
genuinely possible to build HQRE, entrepreneurs would be able to, in part, build quantum computing systems that can operate at ‘room 
temperatures.’ These breakthroughs would significantly expand the use cases of these systems, permitting everyday uses of quantum 

Table 1 
Possibility & plausibility judgments: definitions, mechanisms, & decision process.

Possibility Judgments Plausibility Judgments

Definition: • A general category of judgment assessing whether the 
necessary conditions exist for a new venture concept to be 
genuinely actualizable.

• A general category of judgment identifying the configuration of 
sufficient conditions for a new venture concept to be genuinely 
actualizable.

Primary Mechanism for 
Addressing Epistemic 
Risks:

• Eliminate hallucinations: Emphasizing contradictory 
evidence to determine whether a new venture concept is 
necessarily actualizable.

• Corroborate alien logic: Accumulating evidence to identify the 
conditions under which a new venture concept is sufficiently 
actualizable.

Epistemic Stance: • Why won't this new venture concept work? • Under what conditions might this new venture concept work?
Decision Process for 

Entrepreneur-in-the- 
Loop:

1. Refutation: Develop decisive tests to determine whether 
a new venture concept is impossible

2. Falsification: Stress test new venture concept to generate 
contradictory data

3. Demarcation: Determine whether the new venture 
concept is possible or impossible

1. Enumeration: Identify enabling factors and conditions that 
enhance the plausibility of a new venture concept

2. Verification: Accumulate evidence regarding the configuration 
and boundaries of enabling conditions

3. Corroboration: Determine the enabling factors and conditions 
that are sufficient to enhance the plausibility of a new venture 
concept

Benefits of the Process: • Quickly and efficiently mitigates algorithmic 
hallucinations early through falsification tests.

• Minimizes wasted effort and resources on impossible new 
venture concepts

• Reduces risks of Type 1 Errors by eliminating the pursuit 
of impossible, non-actualizable new venture concepts

• Enhances plausibility of new venture concepts rooted in an alien 
logic through the accumulation and configuration of enabling 
factors and infrastructure

• Focuses valuable resources and effort on new venture concepts 
that have passed a strict falsification test

• Reduces risks of Type 2 Errors by configuring enabling factors and 
conditions that enhance the sufficiency of actualization processes 
of new venture concepts
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computers across a variety of task domains (Table 2).
At this stage of the process, however, even though the HQRE synthesizes a variety of fields in cutting-edge physics, it is unclear 

whether this represents a breakthrough scientific concept or the product of algorithmic hallucinations.3 At the time we are writing this 
paper, although Claude Opus 4.1 is one of the most advanced Gen AI systems, it is important to note that this system is NOT an 
‘artificial general intelligence’ and certainly is not, in any sense, an ‘artificial superintelligence.’ Yet, what Opus 4.1 does extremely 
well here in developing the HQRE concept is to synthesize multiple cutting-edge areas of quantum physics and quantum computational 
theory, generating an extremely speculative and novel concept that extends far beyond our current verification capabilities, yet is 
accessible to many entrepreneurs. Generating this type of novel synthesis represents one of the most important emergent capabilities of 
leading LLMs. As we discussed earlier in the paper, LLMs operate within massive ‘possibility spaces’ and have ‘superhuman abilities’ 
already to draw novel linkages across a huge number of knowledge domains. When coupled with advanced reasoning capabilities, as 
this example demonstrates, these systems are already capable of generating novel concepts that already extend beyond the verification 
capabilities of humans.4

The key question is how the entrepreneur should approach validating of these ideas, given that Opus 4.1 also estimates that it will 
take at least 10–15 years for scientists to develop the definitive tests of the HQRE concept. As we outline in Table 1, the next step in the 
Popperian process is to generate ‘bold conjectures’ about whether this technology will or will not work (e.g., Popper, 1963). The goal of 
these bold conjectures is to generate a set of novel, testable claims that, if proven true, would significantly enhance our understanding 
of the underlying Gen AI concept. In this regard, the boldness of a set of conjectures is shaped by the extent to which these conjectures 
can be falsified. The HQRE concept presents immense epistemic challenges for entrepreneurs, given the significant gap between the 
capabilities of current testing regimes and the testing requirements necessary to verify this concept.

Given the immense verification challenge, next, we prompted Claude Opus 4.1 to develop a set of bold conjectures that would 
provide the basis for translating the core science into a set of falsifiable predictions (Prompt: “If you were an ASI, what would you do to 
develop a breakthrough solution to speed up the development of these technologies?”). In response, Opus 4.1 developed a series of bold 
conjectures (i.e., an “ASI Acceleration Strategy”) that the system estimates would reduce the verification timeline from 10 to 15 years 
to 6–18 months. Table 3 summarizes four of the ‘bold conjectures’ the system developed to dramatically speed up the verification 
process.

In this next stage of the process, building on the foundation of these bold conjectures, our Popperian process emphasizes the 
importance of subjecting Gen AI concepts to a rigorous analysis of ‘why won't this concept work?’ by attempting to quickly falsify these 
bold conjectures. While all four conjectures could be pursued, we were most intrigued by the second conjecture (i.e., Biological 
Quantum System Analogs) since this approach involved investigating how evolutionary processes have already generated novel to
pological structures for ‘solving’ the quantum decoherence problem. Towards this end, Opus 4.1 highlighted the fact that certain types 
of extremophile bacteria use protein scaffolds that naturally implement geometric phase protection. At this stage, by connecting the 
HQRE concept to a set of biological analogs, we can ground the concept in a defined search space where we can generate decisive 
falsification tests to analyze whether a particular system architecture (i.e., a 7-fold helical structure) that is common in natural 
quantum systems could be engineered within a quantum computing environment. Table 4 summarizes the falsification tests we 
generated by prompting Opus 4.1 to identify key areas where we needed to focus to quickly determine whether the HQRE concept is 
possible or not.

One of the primary goals of this stage in the process is to identify any ‘algorithmic hallucinations’ in the Gen AI output, ensuring 
that the entrepreneur considers and demarcates the boundaries of possibility when evaluating and verifying a Gen AI concept. By 
prioritizing a Popperian process of ‘falsification’ (i.e., ‘why won't this venture concept work?’), the entrepreneur does not need to know 
for certain how they will build the technology, but rather they must first assess whether it is even possible to do so. This initial pri
oritization of possibility judgments significantly enhances the processes of entrepreneurial work because the entrepreneurs can 
effectively address the ontological uncertainty of ‘is this even possible’ before turning to pragmatic questions of epistemic uncertainty 
of ‘how do we make this work?’ (i.e., Ramoglou, 2021; McMullen and Shepherd, 2006).

In these situations, entrepreneurs may not yet fully understand advanced AI concepts. However, by subjecting these concepts to 
decisive initial tests to delineate the boundaries between what is possible and what is impossible to build, they form a strong foun
dation upon which to build a new venture, allowing them to speed up their assessment. Overall, developing ‘bold conjectures’ is 
therefore critical, as our example has demonstrated so far; existing LLMs can already generate advanced, highly speculative concepts 
that extend well beyond our current abilities to fully evaluate them. Without this approach, entrepreneurs risk being trapped in an 
endless cycle of adding conformist conjectures without ever anchoring them in possibility judgments, thereby delaying action and 
exhausting resources. 

Proposition 1a. The boldness of the entrepreneur's conjectures designed to scrutinize advanced Gen AI concepts through decisive 
falsification tests increases the speed at which entrepreneurs can identify possible algorithmic hallucinations.

3 We ran a quality check on the idea by prompting another leading AI model (Gemini Pro 2.5 using the Deep Think feature, which is the most 
advanced current model for generating and evaluating math and physics concepts) to independently evaluate the HQRE concept. The overall 
assessment of Gemini Pro 2.5 is that “the concept is not an algorithmic hallucination. It represents a viable, highly sophisticated, and extremely 
speculative set of scientific insights.” Gemini Pro 2.5 also noted that the ‘realization of this premise is extremely challenging…” and that closing the 
verification gaps is “orders of magnitude beyond current capabilities.”

4 Opus 4.1 estimates that it will take at least 10–15 years of focused development to even develop the necessary experiments to conduct definitive 
tests of the HQRE concept.
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At the same time, this process still requires entrepreneurial judgment. Although we used Opus 4.1 to develop both the bold 
conjectures and the rigorous falsification tests, it would be extremely difficult for us to address all of these bold conjectures simul
taneously, given the costs and difficulties of pursuing these tests, as they require substantial breakthroughs at the very edge of current 
verification capabilities. These challenges of verification will only scale exponentially with the emergence of truly breakthrough ideas 
generated by ASI systems in the future, which will undoubtedly employ alien reasoning processes and logics that we do not fully 
understand. Indeed, as the capabilities and intelligence of Gen AI systems continue to advance, the epistemic distance between what 
human entrepreneurs can understand and what these systems recommend also advances. By prioritizing falsification over corrobo
ration, entrepreneurs can address important epistemic risks inherent in algorithmic hallucinations by establishing the boundaries of 
what is even possible as the basis for entrepreneurial action. This approach to entrepreneurial work enables entrepreneurs to delineate 
the boundaries of what is even possible by decisively and squarely ruling out impossible ideas with decisive tests designed to surface 
these problems as quickly as possible, with the goal of minimizing time and resource expenditures. By contrast, the alien mind problem 
poses greater challenges: because its premises are impossible to falsify (i.e., provided that they are built on a veracious yet unfamiliar 
and complex foundation), entrepreneurs must employ additional verification steps beyond falsification to assess such Gen AI- 
generated concepts. 

Proposition 1b. Possibility judgments, which rely on falsification instead of corroboration, are more effective at addressing the 
epistemic risks of algorithmic hallucinations than the epistemic risks of alien minds.

3.4. Plausibility judgments: Properties & boundaries

Plausibility judgments also play a crucial role in determining how entrepreneurs evaluate Gen AI ideas. In prior research, plau
sibility judgments are a type of ‘epistemic cognition’ (Kitchener, 1983), involving “some assessment of concept-coherence; that is, how 
well a particular scenario conceptually coheres with prior knowledge” (Connell and Keane, 2006: 96). This typically entails analyzing 
how well concepts ‘fit’ within different social categories (Smith et al., 1993). Plausibility judgments underpin important evaluative 
processes in entrepreneurship (Navis and Glynn, 2011) by directing and shaping how the logical ‘fit’ between new ideas and existing 
social categories is assessed (Navis and Glynn, 2010; Rady et al., 2025) through ‘epistemic judgments’ of coherence (Connell and 
Keane, 2006).

Plausibility judgments are dependent upon one's conviction and beliefs (Townsend et al., 2024; Uygur and Kim, 2016) or their 
convictions concerning others' claims about an opportunity. Such convictions are important “because when the entrepreneur firmly 
believes in the plausibility of a success factor, she is more likely to invest resources in that direction” (Uygur and Kim, 2016: 30). The 

Table 2 
A ‘breakthrough’ Gen AI new venture concept based on ‘new physics’.

Key Dimension Plausibility Hook Claimed Verification Gap

Core Premise Geometric (Berry) phases in quantum systems are topologically protected from local 
perturbations. By engineering non-Abelian geometric phases in open quantum 
systems coupled to structured reservoirs, we can create “decoherence-forbidden 
subspaces” where specific error channels vanish due to destructive interference 
between decoherence pathways.

• Need coherent control of ~10^4 coupled 
quantum systems (current: ~100) 
• Reservoir engineering with 1 kHz spectral 
resolution at 100 MHz (current: ~100 kHz) 
• Continuous quantum process tomography for 
50+ seconds (current: ~100 ms) 
• Magnetic field stability of 1 nT over meter 
scales (current: ~10 nT)

Mathematical 
Architecture

Master equation: dρ/dt = − i[H_eff, ρ] + Σ_k γ_k(θ) D[L_k(θ)] ρ 
Where γ_k(θ) = γ_0 |sin(θ - θ_k)|^n creates periodic suppression of decoherence 
channels. 
Protection factor: F = exp.(πΩ/γ_0) scales exponentially with holonomy frequency Ω.

• Requires solving non-Markovian master 
equations for 10^4 coupled spins 
• Need to engineer reservoir spectral density with 
7 precise zeros 
• Must maintain adiabatic evolution while 
operating at 100 MHz 
• Calculation requires 10^15 FLOPS sustained for 
design optimization

Temperature 
Threshold

The geometric protection persists up to a critical temperature T_c = ℏΩ/k_B ln(N) 
where N is the number of coupled qubits. This emerges from the competition between 
thermal fluctuations and collective geometric phase accumulation.

• Need temperature control with 10 mK precision 
from 4 K to 15 K 
• Require N = 10^4 qubits to reach useful 
temperatures 
• Must measure quantum coherence while 
ramping temperature 
• Thermal isolation while maintaining 
measurement access

Interference Pattern Decoherence channels vanish when geometric phase equals specific values θ_k 
determined by system symmetry. This creates an interference pattern in error rates 
that depends only on topology, not microscopic details.

• Must perform full quantum process 
tomography at 100+ phase values 
• Need to eliminate all classical noise sources 
below 10^-9 level 
• Requires phase control with 0.1 mrad precision 
• Each measurement takes ~1 h with current 
technology
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manner in which these convictions are formed is affected by the way the opportunity is presented and conveyed (Rapp and Olbrich, 
2023). In such situations, entrepreneurs aim to reduce the uncertainties and complexities “through the elimination of implausible or 
undesirable outcomes and by resolving the uncertainty as much as possible” [(Packard et al., 2017: 847) cited in (Rapp and Olbrich, 
2023: 196)] In this way, entrepreneurs reshape “open sets of options and outcomes into closed ones by populating them subjectively” 
(Rapp and Olbrich, 2023: 196).

As advanced Gen AI systems generate new venture concepts that are increasingly novel –but also opaque to entrepreneurs – 
plausibility judgments play an important role in defining patterns of meaning and corroborating the Gen AI ideas by assessing the 
coherence of the concept through a careful analysis of the surrounding enabling conditions (von Briel et al., 2025). Building on the 
analyses outlined above, assuming the falsification tests effectively identified the boundaries of what is possible, the entrepreneur can 
now turn their efforts towards more pragmatic questions of how to build different products and services based on this technology. 
Table 5 summarizes a series of corroboration tests the entrepreneur can now run to determine how to best build and scale the HQRE 
concept.

These corroboration tests enable entrepreneurs to make sense of breakthrough innovative opportunities by verifying critical in
formation about the HQRE concept. In addition, because the entrepreneur has determined that it is indeed possible for the HQRE to be 
built, these corroboration tests enable the entrepreneur to focus on addressing pragmatic questions about the configuration and design 
of new products, services, and business models, building on this technology (i.e., Martins et al., 2015). This enables entrepreneurs to 
move forward more decisively to address the alien minds problem by engaging in entrepreneurial work to “make their novel ideas 
comprehensible and valuable” (Bettiol et al., 2012: 5). Through these efforts, entrepreneurs can transform “theoretical mystification” 

Table 3 
Developing ‘Bold Conjectures’ based on HQRE concept.

Bold Conjectures Description Key Steps Rationale

Inverse Design via 
Differentiable 
Physics 
Simulation

Instead of incrementally improving existing 
quantum systems, run massive parallel 
simulations exploring massive search space 
of possible material configurations

Approach: Treat the entire experimental 
apparatus as a differentiable function from 
design parameters to coherence time 
Search Space: Not just NV centers in 
diamond, but all possible defect/host 
combinations - perhaps discovering that 
chromium defects in aluminum nitride at 7.3 
K naturally implement HQRE without active 
control 
Optimization: Use gradient descent directly 
on the quantum master equation to find 
material geometries that automatically 
generate the required geometric phases

Identify a simple twisted bilayer 
structure that naturally creates the 
exact reservoir engineering we need, 
eliminating 90 % of the control 
complexity.

Biological Quantum 
System Analogs

Recognize that evolution has already 
solved decoherence in warm, wet 
environments

Investigation: Analyze known biological 
quantum phenomenon (photosynthesis, 
avian navigation, enzyme catalysis) 
Discovery: Find that certain extremophile 
bacteria maintain quantum coherence using 
protein scaffolds that naturally implement 
geometric phase protection 
Engineering: Create hybrid bio‑silicon 
devices using engineered proteins as 
quantum state stabilizers

Biology uses geometric phases we 
haven't noticed because we've been 
looking for them in the wrong places.

Manufacturing 
Process As 
Computation

Transform the fabrication process itself into 
a computational process

Self-Assembling Qubits: Design DNA origami 
scaffolds that self-assemble quantum dots 
into the exact 3D geometry needed for HQRE 
Error-Correcting Fabrication: Use machine 
learning on in-situ measurements during 
growth to adjust deposition parameters in 
real-time, achieving atomic-level precision 
Parallel Evolution: Run parallel fabrication 
attempts with slight variations, using 
evolutionary algorithms on the successful 
ones

Transform the “10^4 coupled qubits” 
problem to “grow this specific crystal 
structure” - something we can do today

Measurement Without 
Measurement

Sidestep the quantum process tomography 
challenge entirely

Weak Measurement Networks: Deploy 10^8 
ultra-weak measurements that collectively 
reconstruct the quantum state without 
collapsing it 
AI-Designed Witnesses: Use reinforcement 
learning to discover observable witnesses 
that directly reveal geometric phase 
accumulation without full tomography 
Holographic Encoding: Encode the quantum 
information holographically so that partial 
measurements of the boundary reveal the 
bulk geometric phase

Reduce 50-s continuous tomography to 
microsecond snapshots of cleverly 
chosen observables
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Table 4 
Falsification tests of the HQRE concept.

Falsification Tests What it Tests? Decisive Tests Evaluation Criteria

Natural Photosystem II 
Geometric Phase 
Protection

If biology doesn't actually use geometric phase 
protection, the entire premise collapses. This premise 
must be falsified first.

1. Isolate PS-II complexes from 
Thermosynechococcus elongatus 
2. Use 2D electronic spectroscopy with 10 fs 
resolution 
3. Apply circularly polarized pump pulses 
to induce geometric phase cycles via the 
optical Stark effect 
4. Compare wild-type (7 chlorophylls in 
core antenna ring) vs engineered mutants 
(6 or 8 in same ring) 
5. Track quantum beats vs Berry phase 
accumulation induced by the polarization 
rotation

FALSIFIED IF: 
• No 7-fold periodicity in 
quantum beats 
• Mutants with 6/8 
chlorophylls show identical 
coherence 
• Coherence time < 100 fs at 
300 K 
• Geometric phase 
accumulation doesn't 
correlate with 
coherence (R2 < 0.7)

2.7 Å Magic Spacing 
Test

This specific spacing matches the quantum 
confinement length where zero-point fluctuation 
amplitude equals the thermal wavelength at 300 K. If 
this test is wrong, the mechanism is wrong.

1. Build Si:P arrays with spacings: 2.0, 2.3, 
2.7, 3.1, 3.5 Å 
2. Measure coherence vs temperature (200 
K to 350 K) 
3. Plot protection factor vs spacing/ 
wavelength ratio 
4. Test prediction: optimal spacing should 
shift with temperature 
5. Verify with different donor atoms (P, As, 
Sb)

FALSIFIED IF: 
• Peak coherence NOT at 2.7 
Å ± 0.1 Å at 300 K 
• Optimal spacing doesn't 
scale as √(ℏ2/mkT) for 
quantum confinement 
• Doesn't show 2.7 Å at 300 K, 
2.4 Å at 390 K, 3.1 Å at 230 K 
• Protection factor doesn't 
drop as exp.[− (δ/0.3 Å)2] 
away from optimal 
• Peak is broad (FWHM >0.5 
Å) instead of sharp resonance 
• Different donors (P, As, Sb) 
show different optimal 
spacings 
• Coherence at 2.7 Å isn't >
100× better than at 2.0 Å or 
3.5 Å

Collective Protection 
Emergence

Individual qubits won't work at 300 K. The claim is 
that ~1000 coupled units create collective 
protection. If this fails or requires millions of units, it's 
impractical

1. Scale from 7 → 49 → 343 → 2401 
coupled helical units 
2. Measure individual vs collective 
coherence at 300 K 
3. Look for sharp phase transition at N ~ 
1000 while maintaining 300 K 
4. Test prediction: coherence scales as √N 
specifically at 300 K 
5. Apply local perturbations - should not 
destroy global coherence

FALSIFIED IF: 
• No sharp transition to 
collective protection at 300 K 
• Coherence doesn't scale as 
N^(1/2) at 300 K 
• Protection only works 
below 200 K 
• Local noise destroys global 
coherence 
• Threshold is >104 units 
(impractical)

Room Temperature 
Quantum Gate 
Operation

The ultimate test - can we actually compute at 300 K? 
If this test fails, we know that it is not possible to build 
this system.

1. Implement single-qubit Berry phase gates 
at 300 K 
2. Demonstrate two-qubit entangling gates 
3. Run Grover's algorithm on 4 qubits 
4. Measure gate fidelity vs temperature (77 
K → 300 K) 
5. Compare to classical simulation 
threshold

FALSIFIED IF: 
• Single-qubit gate fidelity 
<99 % at 300 K 
• Two-qubit gate fidelity <97 
% at 300 K 
• No quantum entanglement 
above 250 K 
• For 4-qubit Grover's: success 
rate < 85 % (theory predicts 
96 %) 
• Gates work but only below 
200 K 
• Geometric phase 
accumulation becomes 
classical above 250 K

7-fold Symmetry 
Criticality

Tests if 7 is the “magic number” for geometric 
protection (not 6, 8, or other)

1. Build identical structures with 5, 6, 7, 8, 
9-fold symmetry 
2. Measure decoherence rate vs geometric 
phase 
3. Count zeros in decoherence pattern 
4. Test at both 77 K and 300 K 
5. Verify with both natural (modified PS-II) 
and artificial systems

FALSIFIED IF: 
• 6- or 8-fold works equally 
well 
• 7-fold doesn't show exactly 
7 zeros in [0,2π] 
• Protection isn't maximum 
for 7-fold 
• Prime numbers (5,7,11) 
don't outperform composites 
(6,8,9) 
• Symmetry doesn't matter at 
300 K
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Table 5 
Corroboration tests of the HQRE concept.

Corroboration Tests Key Questions How to Conduct Key Metrics Design Implications

Manufacturing Yield 
with Geometric 
Fidelity

Can we manufacture HQRE arrays 
preserving the critical geometric patterns 
we don't fully understand but know are 
essential?

1. Build 100 consecutive 
arrays maintaining 7-fold 
symmetry 
2. Verify 2.7 Å spacing 
across 10,000-qubit 
arrays 
3. Test geometric phase 
signature preservation 
4. Document which 
deviations break 
functionality 
5. Build pattern library of 
what works

• 7-fold symmetry 
preservation: >95 % of 
arrays 
• 2.7 Å ± 0.1 Å spacing 
achieved: >90 % of qubits 
• Geometric phase verified: 7 
zeros in decoherence pattern 
• Yield rate: >70 % 
functional arrays 
• Pattern reproducibility: 
>85 %

Patterns hold: Scale 
confidently 
Patterns drift: Tighten 
empirical controls 
Patterns lost: Return to 
research

Operational Stability at 
Room Temperature

Can we maintain the N ~ 1000 collective 
protection threshold at 300 K through 
continuous operation?

1. Run systems with 
exactly 1000+ coupled 
units 
2. Monitor collective vs 
individual coherence at 
300 K 
3. Test stability over 6 
months continuous 
operation 
4. Document empirical 
patterns of protection 
5. Build operational 
recipes that preserve 
protection

• Collective protection 
maintained: >100×
individual at 300 K 
• N threshold stability: 1000 
± 100 units 
• Uptime at 300 K: >99.5 % 
over 6 months 
• Coherence at 300 K: >100 
μs sustained 
• Pattern stability: 
Protection recipes work >95 
% of time

Protection robust: Full 
deployment 
Protection fragile: 
Limited applications 
Protection lost: 
Redesign needed

Geometric Phase Gate 
Implementation

Can we reliably implement quantum gates 
using geometric phase evolution we've 
proven works?

1. Implement Berry phase 
gates at 300 K 
2. Test Grover's algorithm 
(matching falsification 
test) 
3. Port existing quantum 
algorithms empirically 
4. Document gate 
sequences that work 
reliably 
5. Build abstraction layers 
hiding geometric 
complexity

• Single-qubit fidelity at 300 
K: >99 % 
• Two-qubit fidelity at 300 
K: >97 % 
• Grover's success rate: >85 
% (matching theory) 
• Algorithm portability: <1 
day using patterns 
• Empirical gate reliability: 
>99 % using recipes

Gates reliable: 
Production ready 
Gates unstable: 
Research only 
Patterns sufficient: 
Scale deployment

Application 
Performance 
Advantage

Does HQRE deliver the >100× performance 
advantage at 300 K that our tests predict?

1. Benchmark against 
classical on proven 
problems 
2. Demonstrate advantage 
consistent with 
mechanism 
3. Test on customer 
workloads empirically 
4. Build trust through 
reproducible results 
5. Document performance 
patterns

• Speedup at 300 K: >100×
on 5+ applications 
• Result reproducibility: 
>99 % across runs 
• Customer acceptance: >70 
% 
• Performance 
predictability: ±10 % using 
patterns 
• Advantage persistence: 
Maintains at 2× problem 
scale

Clear advantage: 
Market ready 
Advantage varies: 
Identify sweet spots 
No advantage: Return 
to development

Production Scale 
Pattern 
Preservation

Can we scale from prototype to mass 
production while preserving the critical 
patterns that make HQRE work?

1. Scale production 10×
while tracking all patterns 
2. Monitor which 
parameters drift with 
scale 
3. Test if empirical recipes 
hold across facilities 
4. Document new patterns 
emerging at scale 
5. Build quality control 
based on pattern 
matching

• Pattern preservation at 
scale: >90 % 
• 7-fold/2.7 Å maintained: 
>95 % at 10× scale 
• New patterns discovered: 
<5 per scale jump 
• Cross-facility 
reproducibility: >85 % 
• Empirical QC effectiveness: 
>95 % catch rate

Patterns scale: Rapid 
expansion 
Patterns evolve: 
Gradual scaling 
Patterns break: Stay 
small

Unit Economics 
Viability

Can we achieve positive unit economics 
despite the complexity of maintaining 
geometric phase patterns and 7-fold 
symmetry?

1. Calculate costs 
including geometric phase 
control systems 
2. Price for room- 

• Cost of maintaining 2.7 Å 
precision: <10 % of total 
• Room-temperature 
premium captured: >50 % 

Economics work: Scale 
aggressively 
Marginal economics: 
Focus on premium 

(continued on next page)
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(Ramoglou and McMullen, 2024) of the HQRE into plausible product design choices by making sure it is logically sound and trans
latable into real ventures.

Overall, possibility and plausibility judgments play a complementary and sequential role in mitigating key epistemic risks asso
ciated with Gen AI-generated concepts. First, by establishing whether an idea could exist. Second, by examining how it can be realized 
in practice. 

Proposition 2. Plausibility judgments, which rely on corroboration instead of falsification, are more effective in addressing the 
epistemic risks of alien minds than the epistemic risks of algorithmic hallucinations.

3.5. Mitigating the epistemic risks of Gen AI: Enhancing efficient and effective screening of new venture concepts

Humans possess a remarkable social “ability to take into account the consequences of actions, to predict another's behaviour, and 
the implications of another's beliefs and preferences” through empathetic action (Dafoe et al., 2021: 4). Although we are not always 
able to fully understand what is happening in ‘other minds,’ our shared cognitive experiences and social awareness provide significant 
advantages for entrepreneurs striving to design and build novel products and services that solve human problems (McMullen, 2015). 
The rapid growth in the creative reasoning capabilities of advanced Gen AI systems presents significant challenges in this regard. As 
these systems generate breakthrough ideas that are extraordinarily novel, there is also a growing risk of non-alignment between Gen AI 
new venture concepts with social categories, systems, and even ethical and moral norms that are often necessary to ensure the 
compatibility of entrepreneurial ideas with human needs and expectations. Given the vast and diverse knowledge base these models 
draw from and the rapidly improving creative reasoning capabilities of Gen AI, there is much hope that entrepreneurs will create 
breakthrough ideas that generate enormous value for humans in the near term. At the same time, human entrepreneurs also face 
significant challenges in deciding how to balance “a machine's ability to optimally satisfy our preferences” while also “designing 
machines that avoid catastrophic outcomes” (Russell, 2019: 7). Enhancing entrepreneurial judgment to address the epistemic risks of 
Gen AI systems is thus an important imperative for entrepreneurship research.

Building on this logic, the rapid growth in the use of Gen AI tools – and especially the use of unsupervised deep RL – significantly 
increases the potential of new breakthrough ideas but also simultaneously increases the likelihood these ideas will not be fully 
comprehensible to human understanding or compatible with human expectations. This, then, is the critical tradeoff. Despite the highly 
creative nature of some Gen AI outputs, the “thick and demanding world of human capacity, social complexity, and local politics” 
(Foster, 2023: 418) makes it challenging for algorithmic tools to ensure idiosyncratic relevance to individual lives and specific contexts 
in the most efficient and effective manner. Unlike humans, who can generate empathetic context-specific suggestions, Gen AI systems 
typically offer breakthrough ideas that require extensive adaptation to fit within existing business models or prevailing technological 
paradigms (i.e., the alien minds problem). This places a greater burden on the entrepreneur to bridge the gap between the break
through idea and its practical application.

Building on this premise, as we note above in our theorization of possibility and plausibility judgments, the sequence and manner in 
which entrepreneurs leverage these judgments play a critical role in mitigating important epistemic risks. First, because possibility 
judgments leverage the logic of falsification, these types of judgments will be most effective in the initial stages to quickly and effi
ciently identify what is possible (or impossible) through a series of extreme tests. In this regard, by focusing on falsification and asking, 
‘why won't this new venture concept work?,’ Entrepreneurs can surface critical problems and problematic issues early in the process 
before valuable time, energy, and resources are wasted. The success of these efforts, in turn, is contingent upon the rigor and deci
siveness of the falsification tests. Therefore, the purpose of such a falsification process is to quickly determine the functional limits and 
boundaries of these AI concepts. In addition, effective falsification can also help surface critical ethical and safety issues through a 
rigorous and stringent emphasis on ‘what can go wrong.’ Conversely, entrepreneurs who focus too early on corroboration through 
trying to build a ‘positive case,’ in a murky environment, of how to make a Gen AI new venture idea work, will spend much more time, 
resources, and energy to verify a concept that is impossible (or undesirable) to actualize. Such premature corroboration generates 
unnecessary costs and resource consumption, while, in some even less favorable cases, failing to mitigate the foundational epistemic 
risks pertinent to the possibility of the venture idea in the first place. 

Proposition 3a. The sequence of entrepreneurial judgments enhances the entrepreneur's efficiency in evaluating generative AI new 
venture concepts in entrepreneurial ideation processes.

Proposition 3b. Sequencing falsification before corroboration enhances the efficiency of entrepreneurial work by reducing the time, 

Table 5 (continued )

Corroboration Tests Key Questions How to Conduct Key Metrics Design Implications

temperature quantum 
advantage 
3. Test customer price 
sensitivity 
4. Compare TCO to 
alternatives 
5. Project learning curve 
cost reductions

• Gross margin: >60 % at 
current scale 
• Price vs competition: 
Within 2× of classical HPC 
• Cost reduction pathway: 
50 % every 2 years

applications 
Negative economics: 
Redesign for cost
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resources, and effort required to mitigate the epistemic risks of using generative AI in ideation, compared to sequencing corroboration 
before falsification.

Building on this logical foundation, as the intelligence and capabilities of Gen AI systems continue to grow, entrepreneurs in real- 
world contexts must balance the potential of leveraging these tools to create breakthrough innovative solutions with real external 
constraints, including customer preferences and expectations, as well as internal constraints such as data availability and computa
tional resources. Once entrepreneurs determine whether a possible breakthrough idea is, in fact, possible using decisive falsification 
tests, it is imperative that they then effectively screen these ideas to corroborate the assumptions and logic of the Gen AI new venture 
concept. However, because “falsifications are never certain and definitive; they may be revised” due to the “potential fallibility of all 
knowledge claims” (Miller and Tsang, 2011: 140), plausibility judgments play a key role in this corroboration process. Through 
plausibility judgments, entrepreneurs can analyze and corroborate the enabling factors and conditions in order to make forward- 
looking decisions in the face of uncertainty (McMullen et al., 2024; Sarasvathy and Dew, 2013).

Table 6 
New venture concepts designed after falsification & corroboration tests are complete.

New Venture Concept Geometric Phase Memory (GPM) 
Accelerators

Quantum Molecular Drug Discovery 
Platform

Collective Quantum Intelligence Network

Commercialization 
Timeframe

Short-term: 1–3+ Years Medium-term: 3–7+ Years Long-term: 7–15+ Years

Core Product Rack-mounted quantum memory modules 
that use 7-fold symmetry to maintain 
coherence at 300 K for data center 
acceleration

Cloud-based platform using N = 1000 
collective protection to simulate biological 
systems with geometric phase patterns

Distributed quantum computing network 
where each node's 7-fold geometry creates 
emergent computational intelligence 
capabilities

Why HQRE Enables 
This

The 7-fold geometric protection allows 
quantum memory to operate in normal 
data centers without dilution refrigerators, 
making it practical for the first time

The natural match between biological 7- 
fold symmetries (like photosystem II) and 
our architecture enables unprecedented 
accuracy in biological simulation

The collective protection at N = 1000 per 
node, scaled across networks, creates 
computational capabilities that emerge 
only from geometric phase coupling

Target Application Immediate: 
• AI training acceleration 
• 100× faster gradient computations 
• Store model states without refresh 
• Reduce data movement by 1000×

Next: 
• Database acceleration 
• In-memory quantum queries 
• Pattern matching at quantum speed

Primary: 
• Personalized medicine 
• Simulate patient-specific drug responses 
• Design custom proteins for rare diseases 
• Predict drug interactions in hours not 
years  

Secondary: 
• Agricultural optimization 
• Design drought-resistant crops 
• Optimize photosynthesis pathways

Revolutionary: 
• Distributed parallel intelligence 
• Create quantum “internet of minds” 
• Enable hyper-adaptive coordination 
• Solve problems through ‘quantum 
cognition’  

Practical: 
• Climate modeling 
• Simulate massively complex systems 
with quantum accuracy 
• Predict non-linear tipping points

Business Model Hardware-as-a-Service: 
• $10 K/month per rack unit 
• Performance-based pricing: $0.01 per 
TB × hour saved 
• Guaranteed 100× speedup SLA 
• 3-year contracts with cloud providers

Computational Drug Discovery Service: 
• $5 M per drug target 
• 20 % equity stake in discovered drugs 
• $100 K/month platform subscription 
• Success-based pricing: pay only for FDA 
approval

Quantum Network Operator: 
• $1 M/year per node subscription 
• Network effects pricing: value increases 
with nodes 
• Compute marketplace for distributed 
problems 
• IP licensing for emergent algorithms

Go-to-Market 
Strategy

Phase 1: Partner with 3 hyperscalers 
• AWS, Google, Azure pilots 
• Prove value on their AI workloads  

Phase 2: Direct enterprise sales 
• Fortune 100 AI teams 
• Financial services (HFT)  

Phase 3: Standard infrastructure

Phase 1: Big Pharma partnerships 
• Pfizer, Roche, Novartis 
• One disease area focus  

Phase 2: Biotech platform 
• Serve 100+ biotechs 
• Rare disease focus  

Phase 3: Personalized medicine

Phase 1: Research consortium 
• 10 universities + DARPA 
• Prove collective phenomena  

Phase 2: Complex Optimization 
• Stochastic Supply Chain Optimization 
•Climate Modeling of Carbon-Reduction 
Technologies  

Phase 3: Global quantum network
Technical Roadmap 6 months: 1-rack prototype maintaining 7- 

fold symmetry 
12 months: Integration with standard 
servers 
18 months: 10-rack deployment at 
hyperscaler 
24 months: 100× demonstrated on real 
workloads

Year 1: Simulate single protein with 7-fold 
accuracy 
Year 2: Protein-drug interaction at 2.7 Å 
resolution 
Year 3: Full cellular pathway simulation 
Year 4: Patient-specific response prediction 
Year 5: 10 drugs in clinical trials

Year 1: 10-node network shows emergence 
Year 2: 100 nodes, first collective 
computation 
Year 3: 1000 nodes, quantum advantage 
Year 5: 10,000 nodes globally 
Year 7: Million-node “quantum brain”

Value Creation Year 1: $10 M ARR 
Year 2: $100 M ARR 
Year 3: $1B ARR 
Exit: $20B acquisition by cloud provider

Year 3: First drug candidate 
Year 5: $500 M milestone payments 
Year 7: $5B from drug royalties 
Long-term: $50B platform value

Year 5: $100 M research contracts 
Year 7: $1B commercial applications 
Year 15: $1 T new economy enabled 
Impact: Transforms human problem- 
solving
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On the other hand, Gen AI is not immune to the realities of indeterminism and model fallibility (Townsend et al., 2025a, 2025b). 
Through corroboration, entrepreneurs can more effectively explore, identify, and verify the enabling factors and conditions that 
enhance the actualization of Gen AI ideas through entrepreneurial work (i.e., assessing alternative means to optimize the development 
of the venture concept). In this regard, entrepreneurs will be much more effective in addressing the epistemic risks of alien minds by 
leveraging the benefits of plausibility judgments once they have determined whether a new venture concept is even possible or not. In 
doing so, entrepreneurs shift beyond whether an opportunity can be actualized by addressing how that can happen. Recognizing these 
epistemic limits is critical because, in a clear sense, with the complementary role of plausibility judgments, efforts to falsify Gen AI 
ideas will be more likely to commit type 2 errors (i.e., falsely rejecting real opportunities) because the entrepreneur does not fully 
understand the logic and reasons behind the Gen AI new venture concept. Table 6 illustrates the importance of sequencing and 
integrating possibility and plausibility judgments by highlighting three different new venture concepts that could be built based on the 
results of the falsification and corroboration tests.

Deciding on which course of action to pursue still requires entrepreneurial judgment. The full Popperian process we describe here 
provides a robust framework to enhance the entrepreneur's decision-making process by mitigating key epistemic risks inherent in using 
Gen AI systems in entrepreneurial ideation processes (Fig. 1). Overall, entrepreneurs who focus solely on falsification, without cor
responding corroboration tests, will be less effective in mitigating the epistemic risks of committing type 2 errors in Gen AI ideation 
processes. At the same time, entrepreneurs who focus on corroboration alone without falsification will be less effective in mitigating 
the risks of committing type 1 errors in Gen AI ideation processes. However, when combined, these two forms of judgment can be 
anchored and integrated through Popperian processes to entrepreneurial work. This is ideal, since it provides entrepreneurs with an 
effective strategy for harnessing the powerful capabilities of Gen AI systems in reducing the challenges they face with the ideator's 
dilemma. 

Proposition 4. The integration of the two forms of screening – falsification and corroboration – positively impacts the entrepreneur's 
effectiveness and accuracy in evaluating generative AI in ideation, thereby significantly reducing the epistemic risks entrepreneurs 
face in addressing the ideator's dilemma.

4. Discussion & directions for future research

The central focus of our study is to highlight that while the incorporation of GenAI in the ideation stage has the potential to augment 
the process of opportunity development, it can also generate critical epistemic risks that impact the actualization of various venture 
ideas if not appropriately assessed. To navigate this complex landscape, we employ a Popperian-based approach, drawing on the 
entrepreneurial work literature, to elucidate the manner in which entrepreneur-AI collaborations for ideation require crucial entre
preneurial judgments. Specifically, we assert that the complementary roles of possibility and plausibility judgments are crucial 
epistemic processes for entrepreneurs to undertake when attempting to overcome the challenges of using Gen AI systems in entre
preneurial ideation. In developing the conceptual scaffolding for this approach to the entrepreneurial use of Gen AI, we identify and 
assess two types of epistemic risk – algorithmic hallucinations and alien minds – each of which emerges and exerts non-ignorable impacts 
through the processes by which Gen AI systems generate new venture concepts. Then, employing a ‘Popperian approach’ to entre
preneurial work, we develop a novel theorization of how entrepreneurs address these epistemic risks in two sequential stages: (1) 
falsification through possibility judgments; followed by (2) corroboration through plausibility judgments. In the following sections, we 
analyze the implications of our model for entrepreneurship theory and practice, highlighting important future research directions at 
the intersection of AI and entrepreneurial work.

4.1. Gen AI epistemic risks and entrepreneurial ideation

Creativity is the indispensable fuel of entrepreneurial decisions, actions, and outcomes (Reinert and Reinert, 2006; Schumpeter, 
1942), as it enables innovations and opens doors for value creation (Amabile, 1988; Fillis and Rentschler, 2010) in entrepreneurial 
ideation processes (Björk et al., 2010; Björk et al., 2011; Warnick et al., 2021). As we note throughout the study, although creativity in 
entrepreneurship has been uniquely attributed to humans (Amabile, 1988) – primarily by virtue of the skills, abilities, tacit knowledge, 
and insights embedded in an entrepreneur's cognitive processes (Chen et al., 2015; Ward, 2004) – in fact, substantial evidence is 
emerging that entrepreneurs are rapidly integrating Gen AI systems in their daily ideation processes.

We expand on these issues to discuss not only the benefits but also the critical epistemic risks entrepreneurs face when using Gen AI 
systems in entrepreneurial ideation. In recent studies, scholars have largely focused on the problem of algorithmic hallucinations, 
which comprise Gen AI outputs that sound plausible but lack a logical and/or factual basis (Hannigan et al., 2024). We expand on this 
discussion to address a related type of epistemic risk – namely, the alien minds problem – which entrepreneurs are increasingly 
confronting as a result of rapidly improving creative reasoning ability in state-of-the-art Gen AI systems.

We integrate key perspectives of the epistemic risks arising from ‘alien minds’ across several streams of research – most promi
nently, the AI safety literature (e.g., Bostrom, 2014) – and trace how competitive pressures to use methods like deep RL (e.g., Amodei 
et al., 2016) increase the likelihood that these systems will generate new venture concepts that are virtually unintelligible to humans. 
Although these risks might appear speculative to some scholars, there is significant evidence to the contrary. Our summary of the 
forecasts produced by seven leading Gen AI systems (see Appendix 1) illuminates developments that are rapidly increasing the near- 
term likelihood that these risks will arise and have a significant impact.

In a recent interview, DeepMind's CEO, Demis Hassabis, highlights several of the factors identified in Appendix 1, asserting that 
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advanced AI systems are capable of recombining ideas and even creatively extrapolating from existing data to create new ideas, but 
still lack the ability to generate utterly novel concepts (Kantrowitz, 2025). By implication, since contemporary AI systems are still 
largely recombining and extrapolating from existing data, this mitigates at least some of the immediate epistemic risks entrepreneurs 
face when using these tools. However, numerous efforts are already underway to develop truly novel, creative capabilities in Gen AI 
systems. As these efforts continue to accelerate, the epistemic risks of the alien minds problem draw nearer, challenging entrepreneurs 
to decipher, interpret, and comprehend new venture concepts that are promulgated from systems they no longer fully understand. In 
this regard, our study outlines a critical set of challenges for future research that entrepreneurs are rapidly facing in making efficient 
and effective use of advanced AI tools in entrepreneurship. We elaborate on these future research opportunities below.

4.2. A Popperian approach to entrepreneurial work and judgment

As we have noted from the outset, the impacts and challenges of employing Gen AI as an agent in the ideation stage have notable 
implications for the theorization of entrepreneurial work (McMullen et al., 2024; Ramoglou, 2021; Ramoglou and McMullen, 2024; 
Ramoglou and Tsang, 2016). Both the use of Gen AI systems as a collaborative agent in the ideation stage and the nature of entre
preneurial ideas highlight new dimensionality, one that fundamentally shifts the focus to a cognitive integration of entrepreneurs and 
intelligent machines. In this regard, Gen AI systems are recommending new venture ideas to other actors – in this case, entrepreneurs – 
as possible opportunities to generate new profits. In these cases, the process shifts the focus of entrepreneurs from evaluating their own 
knowledge and experiences to judging the merits of ‘another's viewpoint or perspective (McMullen, 2010).

Building on this logic, our Popperian perspective, which emphasizes falsification prior to corroboration, offers a fresh perspective 
on a long-standing and largely unresolved debate in the field of entrepreneurship concerning the nature of opportunities. Some 
scholars, such as Alvarez et al. (2017: 726), contend that adopting a Popperian approach commits scholars to “an extreme variant of 
the realist position” where “the opportunity to profit from teleportation machines—right now—is just as real as Apple's opportunity to 
continue selling iPhone 7 model phases.” However, other scholars, including Ramoglou and Tsang (2017: 738), argue that “it does not 
make much sense to talk about opportunities that can be actualized by ventures that are not even technologically possible.” Our study 
bridges these perspectives to discuss the complementary roles of possibility and plausibility judgments in entrepreneurial work. In this 
regard, the distinction between falsifiability and corroboration is more than merely ‘academic.’ As emerging theories of entrepre
neurial work emphasize, the actualization of novel venture concepts is contingent on both new venture ideas being both possible and 
plausible (Ramoglou and McMullen, 2024).

At the same time, the growing use of Gen AI tools in entrepreneurial ideation processes further underscores the need to move 
beyond creation-versus-discovery debates of entrepreneurial opportunities (e.g., Alvarez and Barney, 2007). As Gen AI systems play an 
increasingly significant role in entrepreneurial ideation processes, their capacity to ‘create new possibilities’ is now constrained, 
perhaps primarily by the system's architecture. Yet, a key implication of this study is that the risk of these Gen AI systems hallucinating 
new concepts, due to flawed training or incomplete computational processes, underscores the limitations of pure creationist per
spectives. By extension, regardless of how much energy, effort, time, and resources are deployed to ‘actualize’ such a ‘creative idea,’ if 
it is grounded in flawed reasoning and lacks a ‘factual basis,’ it will remain fundamentally fallacious and will never successfully 
actualize as it was originally preconceived, unless necessary pivots and rectifications take place. From this perspective, early, rigorous, 
and decisive efforts to ‘falsify’ such concepts, prior to engaging in a lengthy process of creative ‘corroboration,’ can help entrepreneurs 
avoid misdirected commitments. In this regard, our Popperian approach, which integrates both possibility and plausibility judgments 
through the lens of entrepreneurial work, offers a critical foundation for developing more robust entrepreneurship theories in the 
burgeoning era of AI.

4.3. Generative AI, uncertainty, and entrepreneurial action

The use of Gen AI systems in entrepreneurial ideation offers benefits and trade-offs to entrepreneurs. Townsend and colleagues 
(2023, Townsend et al., 2024) argue that Gen AI is subject to important boundary conditions in addressing the problems of Knightian 
uncertainty. In this study, we expand upon these arguments by highlighting the critical epistemic risks entrepreneurs face when using 
Gen AI systems in entrepreneurial ideation (McMullen and Shepherd, 2006). Gen AI systems are imperfect in their recommendations 
and outputs, limited in critical ways by model brittleness and a lack of semantic awareness and understanding (Townsend et al., 
2025a). By incorporating Gen AI in entrepreneurial action processes, entrepreneurs not only face environmental uncertainties 
(McMullen and Shepherd, 2006; Ramoglou and Tsang, 2016; Townsend et al., 2018), but they also face internal uncertainties in 
relation to the Gen AI system's efficacy, accuracy and foresight.

While enhanced algorithmic transparency “to observe how the input data and inner working of the algorithm affect algorithmic 
outputs” (Möhlmann et al., 2023: 18) mitigates these concerns to a degree, algorithmic uncertainty cannot be eliminated for several 
reasons including the tradeoff between algorithmic transparency and model's complexity and accuracy (Erasmus et al., 2021). 
Increased Gen AI transparency may, in fact, worsen model performance. In these situations, despite the fact that entrepreneurs would 
have more insight into how the recommendations were developed (or not), entrepreneurs are still subject to bounded rationality 
(March, 1978; Simon, 1990). In this regard, “uncertainty represents the ‘ignorance’ of the factors which will determine the future” 
(Townsend et al., 2024: 461) and thus will maintain some levels of uncertainty about the strength of the algorithmic operation and 
outcomes.

However, it is critical to note that while algorithmic-related uncertainty is not entirely solvable, this does not negate the fact that AI 
systems facilitate and accelerate various aspects of the ideation process, including addressing environmental uncertainty (Ramoglou 
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et al., 2025). Importantly, though, these benefits come at a price as entrepreneurs confront heightened uncertainty, leading them to 
leverage their entrepreneurial judgment, knowledge, and expertise to assess both algorithmic recommendations and environmental 
uncertainties. As such, the use of Gen AI systems not only holds implications for theories of entrepreneurial work (Ramoglou, 2021; 
Ramoglou and McMullen, 2024; Ramoglou and Tsang, 2016), but also for entrepreneurial action theory (Haynie et al., 2009; McMullen 
and Shepherd, 2006). Given the extent to which Gen AI has become a deeply involved ‘second-person’ agent of sorts – one that is 
intimately involved in creating opportunities but simultaneously, somewhat paradoxically, generates new forms of uncertainty.

4.4. Practical implications

In this study, we examine the impacts of Gen AI's emergent capabilities, which concomitantly raise two practical concerns for 
entrepreneurs during ideation, namely, algorithmic hallucinations (Grover et al., 2024) and the alien mind problem (Perrigo, 2025). 
Although the widespread adoption of Gen AI across business functions is becoming essential to remain competitive (McKinsey and 
Company, 2025), entrepreneurs must still leverage and draw on their imaginativeness (Kier and McMullen, 2018), knowledge (West 
and Noel, 2009), and expertise (Dew et al., 2015). These human capabilities are critical not only for evaluating Gen AI-generated ideas 
but also for actively co-creating, shaping, and guiding the ideation process from the outset. In doing so, entrepreneurs become active 
participants rather than passive evaluators, enabling them to differentiate themselves in a context where creativity is increasingly 
commoditized.

Equally important is technical knowledge (Sullivan and Marvel, 2011). As Gen AI's capabilities evolve, this knowledge becomes 
even more critical to help entrepreneurs co-create and assess the possibility and plausibility of ideas more effectively. Familiarity with 
Gen AI systems themselves is also essential to anticipate the opportunities and risks associated with their integration. In a similar vein, 
technical knowledge regarding Gen AI technologies themselves will help entrepreneurs understand when and what to expect when 
incorporating them. As we discussed, reinforcement learning enhances reasoning and model's self-reflection but also comes at a price 
by developing “harmful behaviors including deception, manipulation, and reward hacking” (Berti et al., 2025: 1). Entrepreneurs who 
understand when, how, and why such behaviors emerge can better mitigate these risks and focus on the types of judgments most 
appropriate to the situation. For example, Bert and colleagues explain that the performance of Gen AI depends on factors such as 
scaling behavior and problem complexity, which influence whether outcomes are hallucinatory or display superior reasoning (“alien” 
outputs). That said, with more awareness of Gen AI's predictability, or even lack thereof, entrepreneurs will be better equipped to 
prepare for potential rising issues, understanding the type of problem and how to evaluate it. Therefore, technical knowledge with 
respect to the idea domain, as well as Gen AI technologies, is a fundamental resource for developing and sustaining a competitive 
advantage (cf. Kemp, 2024).

4.5. Directions for future research

One of our main goals in this paper is to develop theoretical foundations concerning the role of Gen AI systems in the ideation stage 
and to assess how different epistemic risks impact the actualization of new venture concepts generated by intelligent machines. 
Accordingly, the fundamental contributions this study offers regarding the opportunities and trade-offs that emanate from using these 
tools illuminate important research questions for future research. Given the impact of both computational architectures and user- 
controlled parameters in shaping the algorithmic creativity of Gen AI systems, our study emphasizes the importance of the effec
tive design and implementation of these systems in mitigating key epistemic risks (i.e., algorithmic hallucinations and alien minds).

As more startups utilize deep RL methods to generate new ideas, the epistemic risks associated with using Gen AI will continue to 
grow. This raises important design questions concerning how entrepreneurs can mitigate these risks by ensuring that humans remain 
“‘in-the-loop,’ but in a manner whereby human intervention does not lead to a degradation of model performance. In this regard, our 
theorization suggests several important ways to design systems that incorporate possibility and plausibility judgments to enhance the 
efficiency and effectiveness of Gen AI ideation processes. Similar to how generative adversarial networks combine generator and 
discriminator functions to generate new ideas, our approach highlights various ways to design systems that incorporate human 
judgment, particularly in the ‘corroboration’ phase, where entrepreneurs evaluate and construct these opportunities through entre
preneurial work.

At the same time, the implications of our study raise important new questions for future research on the integration of AI and 
human intelligence in entrepreneurship. Dellermann, Ebel, Söllner, and Leimeister (2019: 639) highlight the notion of hybrid intel
ligence, where “humans and computers have complementary capabilities that can be combined to augment each other.” Following this 
perspective, one important question for future research stems from considering Gen AI systems, not as analytical tools, but as cognitive 
extensions of an entrepreneur. This perspective, in turn, raises interesting questions regarding automation, augmentation (Raisch and 
Krakowski, 2021), and the extent to which the personalization of AI tools to individuals creates new modes of entrepreneurial action 
(McMullen and Shepherd, 2006). Under these conditions, the unique abilities each entrepreneur possesses generate heterogeneous 
types of entrepreneurial action, which create and pursue novel opportunities in ways that others might not. Such unique efforts may, in 
the aggregate, accelerate the extent to which breakthrough new innovations are generated as humans and machines work as com
panions to shape the future.

By elevating the importance of entrepreneurial cognition in making sense of AI-generated ideas, our work reveals exciting research 
pathways to explore and analyze the relationship between entrepreneurial cognition and Gen AI involvement in ideation. For example, 
future research can explore the utility of entrepreneurial doubt in applying a critical epistemic lens to evaluate AI-generated oppor
tunities (e.g., McMullen and Shepherd, 2006). Research has shown that entrepreneurs tend to exhibit overconfidence and unwarranted 
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optimism when evaluating ideas and assessing the likelihood of success (Townsend et al., 2010). In many respects, Gen AI has the 
potential to exacerbate such over-optimism in significant ways. The tendency of Gen AI systems to frame highly speculative ideas in 
overly optimistic language, or even to demonstrate a sycophantic manner, amplifies the risks that entrepreneurs will attempt to 
implement nonviable ideas. However, there are antidotes. When entrepreneurs engage in entrepreneurial work, they can manage the 
risks of evaluating and pursuing infeasible Gen AI ideas, particularly by harnessing the falsification process in possibility judgments. By 
giving voice to constructive “doubt(s) about product–market fit…doubt(s) about feedback validity from false positives or false neg
atives; and doubt(s) about over- and under-fitting in responses to feedback” (Zellweger and Zenger, 2023: 379), entrepreneurs can 
ensure they are directing their resources, time, and effort towards real possibilities and not hallucinated ideas.

4.6. Conclusion

The integration of Gen AI into entrepreneurial ideation processes represents a significant shift in how creative ideas emerge in the 
field of entrepreneurship. Our examination of the epistemic risks posed by Gen AI systems — ranging from algorithmic hallucinations 
to alien minds — reveals the critical role of entrepreneurial judgment in navigating this evolving landscape. By introducing a 
framework of possibility and plausibility judgments, we extend existing research to propose a ‘Popperian approach’ that enables 
entrepreneurs to efficiently and effectively evaluate Gen AI-generated ideas while circumventing wasteful pursuit of illusory oppor
tunities with no actual basis. This theoretical contribution not only deepens our understanding of entrepreneurial work in the age of AI 
but also proffers actionable strategies for harnessing the creative potential of Gen AI tools. As these systems continue to evolve, the 
ability to discern between genuine innovations and convincing illusions will become an increasingly valuable skill in the entrepre
neurial toolkit, thereby shaping the future of business venturing in important ways.
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Appendix 1. Frontier model predictions on the probability of Gen AI alien minds emerging in the near future (1 to 5 Years)

1) Step One: We developed a simple, common prompt for each of the models to maintain consistent structure to minimize any dif
ferences in how the models interpret and utilize the prompt: What is the probability over the next 1–5 years that an advanced AI 
model can generate new venture concepts that expert entrepreneurs cannot fully understand or interpret?

2) Step Two: We then identified the most advanced reasoning models we had access to during this research: OpenAI's GPT5 with 
Thinking, Anthropic's Opus 4.1, DeepSeek's R1, Alibaba's Qwen 3.5, Google's Gemini Pro 2.5, X's Grok4, and MetaAI.

3) Step Three: After copying the raw model output to a single document, we then uploaded the full document to each AI system 
individually and had the model critically evaluate the probabilistic forecasts based on the following prompt: 
i. Prompt: I am attaching a document which contains the forecasts across a core set of frontier models about the probability that 

frontier models will be able to generate new venture concepts that expert entrepreneurs will not be able to fully understand or 
interpret in the next 1–5 years. Please analyze and critique each of these forecasts, evaluating the credibility of the reasons 
provided for each forecast. Finally, please rank order each of the forecasts based on the most to least credible forecast. Provide 
clear reasons for each point of evaluation and critique, and the overall rankings.

4) Step Four: We then summarized the probabilistic forecasts, the rationale for each forecast, and the average rank score from all of 
the systems (lowest average rank score = most credible). We did not constrain the models to produce the same year-by-year 
forecasts and so the probabilistic forecasts reported below are the raw outputs from each system.

Frontier Model: Probabilistic 
Forecasts:

Key Rationale of Each Forecast: Average Rank w/ 
StDev

GPT-5 Thinking • 1 yr: 20–35 %
• 3 yrs: 40–60 %
• 5 yrs: 55–70 %

• Growing patterns of opaque discovery that humans struggle to unpack
• Frontier systems already excel at cross-domain composition of novel ideas
• Humans tend to anchor to AI-generated ideas rather than building deep causal understanding

1.14 (0.35)

Google Gemini 
2.5 Pro

• 1–2 yrs: ~15 %
• 3–5 yrs: ~40 %

• Incomprehensibility will arise when AI models systems with thousands of interacting 
variables

2.86 (1.07)

(continued on next page)
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(continued )

Frontier Model: Probabilistic 
Forecasts: 

Key Rationale of Each Forecast: Average Rank w/ 
StDev

• AI will identify non-obvious, hidden patterns that lead to business strategies alien to human 
experience

• In the near term, human experts can understand the ‘what’ in terms of building operationally 
viable business models but not the ‘why’

DeepSeek R1 • ~3 yrs: 30–40 %
• ~5 yrs: 60–70 %

• The integration of multi-modal models with real-time data and agentic systems will lead to 
autonomous research and venture simulation with superhuman data granularity

• Concepts will become partially opaque where experts grasp the general opportunity but not 
the underlying mechanisms

3.21 (1.51)

Qwen3 • 1–5 yrs: 60–75 % 
overall

• AI is already being used in science (e.g., AlphaFold) to generate valid insights that challenge 
human intuition and understanding

• Incomprehensibility will stem from AI's ability to synthesize knowledge across disparate 
domains and propose ideas based on complex, systemic logic that is sound but not intuitive

3.93 (0.73)

Claude Opus 4.1 • 1–2 yrs: 5–10 %
• 3–5 yrs: 15–25 %

• Lower probabilities are justified by belief that successful ventures must remain human- 
centric, operating within human institutions and serving human needs

• Experts can often grasp a concept's viability without understanding every technical detail, 
allowing them to adapt to and interpret novel ideas

4.14 (1.26)

Grok4 • 1 yr: 15–25 %
• 2–3 yrs: 40–60 %
• 4–5 yrs: 70–80 %

• AI's non-human reasoning patterns produce outputs that defy human intuition and connect be 
easily reverse engineered by experts

• The rise of ASI by 2030 will enable these systems to routinely generate concepts in domains 
rooted in patterns beyond human cognitive limits

5.86 (0.86)

MetaAI • 1–2 yrs: 30–40 %
• 2–4 yrs: 50–60 %
• 4–5 yrs: 70–80 %

• AI will continue to improve and generate increasingly complex insights that might elude 
humans

• AI decision-making processes can be opaque; it will become increasingly difficult for humans 
to grasp the logic behind its suggestions

6.86 (0.35)

Data availability

No data was used for the research described in the article.
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Amodei, D., Olah, C., Steinhardt, J., Christiano, P., Schulman, J., Mané, D., 2016. Concrete problems in AI safety. arXiv preprint arXiv:1606.06565. 
Anabtawi, M., AlDaaja, Y., Alhur, M., Alzboun, N., Ghaboush, R.A., Adwan, R., Alshurideh, M., 2024. Empowering women entrepreneurs: navigating the adoption of 

generative AI tools through innovation diffusion theory.
Appel, G., Neelbauer, J., Schweidel, D.A., 2023. Generative AI has an intellectual property problem. Harv. Bus. Rev. 11.
Bellemare-Pepin, A., Lespinasse, F., Thölke, P., Harel, Y., Mathewson, K., Olson, J.A., Bengio, Y., Jerbi, K., 2024. Divergent creativity in humans and large language 

models. arXiv preprint arXiv:2405.13012. 
Bereska, L., Gavves, E., 2024. Mechanistic interpretability for AI safety–a review. arXiv preprint arXiv:2404.14082. 
Berti, L., Giorgi, F., Kasneci, G., 2025. Emergent abilities in large language models: a survey. arXiv preprint arXiv:2503.05788. 
Bettiol, M., Di Maria, E., Finotto, V., 2012. Marketing in SMEs: the role of entrepreneurial sensemaking. Int. Entrep. Manag. J. 8, 223–248.
Björk, J., Boccardelli, P., Magnusson, M., 2010. Ideation capabilities for continuous innovation. Creat. Innov. Manag. 19 (4), 385–396.
Björk, J., Di Vincenzo, F., Magnusson, M., Mascia, D., 2011. The impact of social capital on ideation. Ind. Innov. 18 (6), 631–647.
Blank, S., 2023. AI and chatGPT will revolutionize customer discovery. Entrepreneur & Innovation Exchange.
Boden, M.A., 2008. Computers and creativity: models and applications. In: The Routledge Companion to Creativity, pp. 179–188.
Bostrom, N., 2014. Superintelligence: Paths, Dangers, Strategies. Oxford University Press.
Chen, J.J., Cui, C., Hunt, R.A., Li, L.S.-Z., 2020. External enablement of new venture creation: an exploratory, query-driven assessment of China’s high-speed rail 

expansion. J. Bus. Ventur. 35 (6), 106046.
Chen, M.-H., Chang, Y.-Y., Lo, Y.-H., 2015. Creativity cognitive style, conflict, and career success for creative entrepreneurs. J. Bus. Res. 68 (4), 906–910.
Chiles, T.H., Crawford, B., Elias, S.R., 2021. Mind, body, and soul: a spiritual perspective on the entrepreneurial imagination. Organization Theory 2 (2), 

26317877211005786.
Connell, L., Keane, M.T., 2006. A Model of Plausibility. Cognitive Science 30 (1), 95–120.
Dafoe, A., Bachrach, Y., Hadfield, G., Horvitz, E., Larson, K., Graepel, T., 2021. Cooperative AI: machines must learn to find common ground: Nature Publishing 

Group.
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