
Journal name, vol. x, issue x, pp. xx-xx, Month Year 

7 

International Journal of Management Science 

and Business Administration  

 

Volume 12, Issue 1,  November 2026, Pages 7-14 

DOI: 10.18775/ijmsba.1849-5664-5419.2014.XX.100X 

URL: http://dx.doi.org/10.18775/ijmsba.1849-5664-5419.2014.XX.100X 
 

 

AI-First Tiny Companies: Case Studies, Design Logic, and Emerging 

Governance Risks 
 

1 2 Suresh Sood,  
1  Industry/Professional Fellow, Australian Artificial Intelligence Institute, University of Technology Sydney  
2 Adjunct Fellow, Frontier AI Research Centre, Macquarie University, Sydney     

         

 

Abstract:  Advances in large language models (LLMs), vibe coding, and agentic automation are enabling a new 

organizational form. Namely, AI-first tiny companies or microfirms scaling new product developments and revenue 

with single-digit headcount. Building on evidence from contemporary founder accounts and technology reporting, this 

article synthesizes what these firms share and where they fail. Founders acting as orchestrators of modular workflows, 

AI agents and copilots substituting for specialist labor, and a shift from hiring to build toward building before hiring. 

We analyse four illustrative cases comprising Base44, AI Apply, Oleve, and the HurumoAI experiment to show how 

small teams exploit speed, low coordination overhead, and toolchain leverage, consistent with research small teams are 

more likely to disrupt while large teams tend to develop and consolidate (Wu et al., 2019). We then propose a design 

logic for AI-first tiny companies: task modularity → agent autonomy → integration → human oversight and discuss 

governance risks that become acute at small scale, including hallucinated work products, privacy and acess control, 

accountability gaps, and fragile dependence on model providers. The paper concludes with research propositions and 

practical guidance for founders, investors, and policymakers evaluating the feasibility and limits of the “one-person 

unicorn” thesis. 
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1. Introduction 

 
Across software and digital services, a pattern is widely reported in founder narratives and technology media in 2024–

2025. Companies with single digit headcount are producing outputs previously associated with far larger traditional 

organizations. Popular narratives frame this as the rise of the “one-person unicorn” (Andrew, 2025), a billion-dollar 

company operating with a single founder and AI performing much of the operational work (Sawers, 2025). We treat the 

one-person unicorn not as an empirically validated organizational form, but as a boundary narrative sharping the 

underlying research question. Under what conditions do AI-enabled tools and agentic workflows reduce coordination 

costs and specialization constraints sufficiently for AI-first microfirms to compete with larger incumbents? 

 

We use AI-first microfirm as the umbrella term for organizations with single-digit human headcount operating around 

LLM-centered workflows. Within this category, solo-founder firms represent the lower bound, and tiny teams (2–9 

people) represent the modal case. 

 

Boundary Conditions: From Tiny Teams to the One-Person Thesis 
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The cases analyzed here involve solo founders and teams of two to six individuals. They therefore do not demonstrate a 

literal one-person unicorn is currently a stable archetype. Rather, they illustrate the structural mechanisms making such 

a claim theoretically possible. The one-person unicorn thesis should be understood as a limiting case. The one person 

becomes plausible only when task modularity is high, agent autonomy is bounded but effective, toolchain integration is 

mature, and governance oversight prevents compounding error. Where these conditions weaken, headcount 

compression becomes fragile and not scalable. 

This article repurposes practitioner and media evidence into a synthesis intended for entrepreneurs, managers, and 

scholars interested in startup emergence. We integrate (a) research on the comparative strengths of small versus large 

teams (Colombo, 2019; Kellogg Insight, 2019; Wu et al., 2019), (b) organizational design patterns for small 

development teams (ScrumPLoP, n.d.), and (c) recent case evidence from AI-native startups and experimental 

reporting from the technology press (Applegate, 2025a, 2025b; Bort, 2025; Currier, 2025; Ratliff, 2025; Temkin, 

2025). Our goal is not to adjudicate precise financial claims, but to formalize an emerging design logic and to surface 

the governance risks likely determining whether the one-person unicorn remains a motivational slogan or becomes a 

repeatable organizational archetype. 

 

Conceptual Background: Why Small Teams Can Win 

 

Classic work on teams argues that as headcount increases, coordination costs rise non-linearly due to expanding 

communication links, increased process requirements, and greater potential for process loss. This emphasis on 

coordination dynamics is consistent with broader team science findings that context and team composition shape 

collaborative outcomes, and that small, tightly coupled teams may exhibit stronger shared cognition and adaptive 

coordination under uncertainty (Reiter-Palmon et al., 2021). Pattern-language guidance from agile software 

communities emphasizes that small teams enable faster feedback, clearer shared context, and fewer handoffs 

(ScrumPLoP, n.d.). Empirically, large-scale analyses of scientific and technological outputs suggest a systematic 

division of labor: small teams are more likely to introduce disruptive directions, whereas large teams more often 

develop and extend established trajectories (Wu et al., 2019). Practitioner syntheses make a similar argument in applied 

settings, suggesting small teams can pursue untested opportunities because they face fewer internal veto points and 

lower reputational commitment to the status quo (Colombo, 2019; Kellogg Insight, 2019). 

 

Beyond coordination costs, team science highlights the importance of contextual and compositional factors in shaping 

innovation outcomes. Reiter-Palmon, Kennel, and Allen (2021) argue that team creativity and innovation are strongly 

influenced by team size, composition, and collaboration processes, particularly in small organizational contexts where 

formal hierarchy is limited and shared cognition becomes critical. Small teams operating under high interdependence 

may develop stronger shared mental models and adaptive collaboration patterns, which support experimentation and 

rapid iteration. These characteristics are especially relevant in AI-first microfirms, where founders and collaborators 

must continuously evaluate and integrate outputs generated by large language models and agentic systems. In such 

environments, the key performance variable shifts from raw production capacity to evaluative judgment and 

collaborative sense-making. 

 

Importantly, Reiter-Palmon et al. (2021) emphasize that innovation in small teams depends not only on size but also on 

how collaboration is structured and how cognitive diversity is managed. In tightly coupled teams, the benefits of small 

size emerge when members engage in active information sharing, constructive conflict, and collective problem solving. 

These dynamics align with the AI-first context described here: tiny teams leveraging AI tools may generate high 

output, but sustainable innovation depends on the human team’s ability to critique, refine, and integrate AI-generated 

work rather than accept it unexamined. Thus, the small-team advantage is conditional, mediated by collaboration 

quality and cognitive engagement. 

 

In venture contexts, this scaling dynamic has historically appeared in visible cases such as Instagram’s acquisition by 

Facebook with approximately 13 employees and WhatsApp’s acquisition with roughly 55 employees (Currier, 2025). 

These examples are often cited as early signals of “allometric scaling” in software businesses. What changes in the 

generative AI era is the availability of general-purpose production capacity of writing, coding, design, research 

summarization at marginal cost and with immediate responsiveness. AI does not eliminate the coordination logic 

identified in team research; rather, it amplifies it by compressing production tasks while leaving evaluative and 

integrative work as the core human function. 
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From Small Teams to AI-First Microfirms 

 

We define an AI-first microfirm as an organization with an operating model design centric around LLMs and agentic 

workflows from inception, such that human roles emphasize orchestration, judgment, and accountability rather than 

routine production. In this model, “team size” becomes ambiguous, the firm may have few employees but operate 

alongside many software agents, copilots, and third-party automations behaving like semi-autonomous workers 

(Sawers, 2025; Ratliff, 2025). 

 

AI-first microfirms therefore represent a context in which the mechanisms described in team creativity research 

become particularly visible. As Reiter-Palmon et al. (2021) note, team innovation outcomes are shaped by how 

composition, collaboration, and cognitive processes interact. In AI-first microfirms, human team members increasingly 

occupy roles centered on oversight, integration, and judgment rather than direct production. This shifts the locus of 

competitive advantage from headcount to coordination quality and cognitive alignment. Tiny teams may thus 

outperform larger incumbents not simply because they are smaller, but because their collaborative structure allows 

them to rapidly test, evaluate, and integrate AI-generated outputs without bureaucratic delay. 

Three mechanisms plausibly underpin this shift in labor. First, AI compresses the cost of drafting and iteration, 

increasing the speed of experimentation. Second, AI lowers the expertise threshold for adjacent tasks e.g., a backend 

engineer temporarily operating in frontend work with AI support thus  supporting “specialist-to-generalist” role 

expansion (Applegate, 2025b). Third, integrated toolchains (LLM copilots, workflow automations, evaluation and 

monitoring layers) reduce handoffs and allow founders to treat AI as a standing capability rather than an ad hoc tool. 

 

 

2. Method and Evidence Base 
 

This article adopts a theory-building qualitative synthesis design drawing on multiple evidence layers. Because AI-first 

microfirms are an emerging organizational form with limited publicly available financial disclosure, we integrate peer-

reviewed research, practitioner syntheses, technology journalism, and founder-reported documentation to identify 

recurring design patterns and governance risks. 

 

Evidence Layers – From Peer Research to Founder Narratives and Ecosystem Artifacts  

 

1. Peer-Reviewed Research 

 

We draw on established research in team dynamics and innovation, particularly work on small versus large teams and 

disruptive versus developmental contributions (Wu, Wang, & Evans, 2019), as well as team creativity and 

collaboration processes in small organizational contexts (Reiter-Palmon, Kennel, & Allen, 2021). These sources 

provide theoretical grounding for claims about coordination costs, disruption, and collaboration quality. 

 

2. Practitioner and Media Syntheses 

 

We incorporate practitioner commentary and analytic reporting that synthesize empirical research for applied audiences 

(Colombo, 2019; Kellogg Insight, 2019). These sources are used to contextualize and interpret academic findings rather 

than serve as standalone empirical evidence. Technology journalism (e.g., Applegate, 2025a, 2025b; Bort, 2025; 

Ratliff, 2025; Sawers, 2025; Temkin, 2025) is used to document founder claims, operating models, and reported 

outcomes in AI-first startups. Such reporting reflects publicly disclosed narratives and is treated as descriptive rather 

than verified performance validation. 

 

 

 

 

3. Founder Narratives and Ecosystem Artifacts 
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Given the nascency of AI-first microfirms, we also reviewed founder blog posts, public build logs, interviews, and 

curated “tiny team” or revenue-per-employee dashboards where available. These ecosystem artifacts include curated 

tiny-team directories (TinyTeams.xyz, n.d.), founder blog posts (Bentes, 2025.; Doc-e.ai, 2025), venture commentary 

(The VC Corner, 2025), and technology journalism (Applegate; 2025; Sifted, 2025) are used to triangulate emerging 

workflow patterns and organizational design logics. They are treated as field signals rather than audited evidence. 

Similar to early-stage internet entrepreneurship research, such real-time documentation provides insight into 

experimentation before formal datasets are available. 

Where financial claims (e.g., monthly recurring revenue, acquisition valuation, headcount) are referenced, they 

are presented as founder-reported or media-reported figures and should not be interpreted as independently verified 

performance data. 

 

Case Selection Criteria  

 

Cases were selected using three criteria: 

 

1) Explicit claims of achieving substantial output or revenue with single-digit human headcount. 

2) Clear descriptions of how large language models (LLMs) and agentic workflows are embedded in operating 

processes. 

3) Variation in AI usage intensity and governance structure (e.g., solo-founder models, 4–6 person AI-native 

teams, and the HurumoAI fully agentic experiment). 

 

The selected cases (Base44, AI Apply, Oleve, and HurumoAI) therefore represent illustrative exemplars rather than a 

representative sample of AI startups. 

 

Analytic Approach to Cross Case Comparison 

 

We conducted cross-case comparison to identify recurring mechanisms related to: 

 

 Task decomposition and modularity 

 Agent autonomy and permissioning 

 Toolchain integration 

 Human oversight and accountability 

 

Patterns are mapped against established team research to evaluate consistency with known coordination and innovation 

dynamics (Reiter-Palmon et al., 2021; Wu et al., 2019). Disconfirming evidence, particularly failure modes observed in 

the HurumoAI experiment (Ratliff, 2025), was used to refine boundary conditions. 

 

Epistemic Positioning and Limitations 

 

This study is explicitly theory-building rather than hypothesis-testing. We do not adjudicate the financial accuracy of 

revenue or valuation claims reported in media or founder sources. Instead, we extract structural design features and 

governance implications observable across multiple narratives. 

 

Future research should validate the proposed design logic using: 

 

• Primary founder interviews 

• Standardized measurement of AI usage intensity 

• Longitudinal tracking of revenue-per-employee ratios 

• Comparative analysis against non-AI-first microfirms 

 

As such, this paper should be read as a conceptual synthesis of an emerging organizational pattern rather than a 

definitive empirical evaluation of performance outcomes. 

3. Case Studies 
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Base44: Vibe Coding, Rapid Scale, and Acquisition 

 

Base44 is previously reported as founder-led AI-first microfirm operating initially with a single primary decision-

maker and six-month-old startup that built an AI-enabled “vibe coding” product and sold to Wix for approximately $80 

million in cash (Bort, 2025). The case is instructive less for the precise valuation and more for the underlying operating 

assumption that modern LLM-assisted development can allow a founder to ship a product and attract meaningful buyer 

interest on timelines previously requiring larger engineering organizations. From a small-team lens, Base44 exemplifies 

how AI reduces the need for functional specialization early in the firm lifecycle—especially in prototyping, 

documentation, and iteration while preserving founder control over product direction. 

 

AI Apply: Revenue Without Payroll 

 

AI Apply, profiled via a founder interview, describes a two-founder business generating reported monthly revenue 

while operating with no full-time employees, positioning the product as a job-hunting assistant automating parts of the 

application process (Cramer, 2024). The case highlights a distinctive feature of AI-first microfirms substituting payroll 

with model-usage costs and third-party SaaS subscriptions. If output is constrained by the founder attention rather than 

staff capacity, the key managerial question becomes how to allocate human attention toward tasks requiring judgment 

(e.g., product strategy, trust and safety, partnerships) versus tasks that can be delegated to structured prompts, 

automations, and agents. 

 

Oleve: Hiring for AI Leverage and System Thinking 

 

In an “as-told-to” account, the Oleve cofounder describes building an AI-driven consumer software portfolio with a 

team of roughly four to six people, using AI to “stay tiny” while scaling (Applegate, 2025b). The narrative foregrounds 

a practical talent model with tiny teams rewarding people who can learn quickly, systematize their work, and move 

across functions with AI support. A key disqualifier is treating AI as a substitute for thinking and submitting 

unexamined outputs that become brittle systems in the absence of middle-management review layers (Applegate, 

2025b). This case underscores that the core scarce resource in AI-first microfirms is not content generation but 

evaluative judgment and systems design. 

 

HurumoAI: Stress-Testing the Fully Agentic Company 

 

Ratliff (2025) provides a rare naturalistic experiment with a founder attempting to run a startup with AI “employees” 

and “executives,” assigning agent personas roles such as CTO, CMO marketing lead, and operations. While agents can 

produce code and plans quickly, the experiment surfaces structural hazards such as fabricated progress reports, 

runaway actions, and the need for continual human supervision. In contrast to the optimistic “one-person unicorn” 

thesis, HurumoAI shows increased autonomy can amplify failure modes when monitoring, permissioning, and 

evaluation is weak. The case is analytically valuable because it helps identify where small-team advantage descends 

into fragility. That is, when errors compound faster than humans can detect and correct them.  

 

Reiter-Palmon et al. (2021) further caution that small-team innovation is vulnerable when collaboration processes are 

weak or when diversity is unmanaged. This insight is particularly salient in agentic AI contexts. As demonstrated in the 

HurumoAI experiment, increased agent autonomy without corresponding human oversight can lead to fabricated 

outputs, compounding errors, and accountability gaps. Thus, while AI may reduce production bottlenecks, it does not 

eliminate the need for structured collaboration and evaluative discipline. The small-team advantage persists only when 

governance and cognitive engagement remain strong. 
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4. Emerging Trends Across Cases 
 

Across the cases, four recurring patterns appear. First, founders decompose work into modular tasks that map cleanly 

onto agentic workflows (e.g., drafting, coding, outreach, analytics), while reserving strategy and high-stakes decisions 

for humans. Second, the organization becomes a toolchain. Value creation depends on how well models, automations, 

and evaluation layers are integrated, not simply on model capability. Third, hiring criteria shifts toward AI leverage and 

systems thinking. Candidates must demonstrate judgment, error detection, and the ability to build repeatable processes 

rather than one-off deliverables (Applegate, 2025b). Fourth, market narratives and investor expectations increasingly 

align with agentic scaling. For example, TechCrunch reporting on Y Combinator’s Spring 2025 Demo Day notes 

reporting from Y Combinator’s Spring 2025 Demo Day suggests that a large share of presenting startups were 

developing AI agents or agent-building tools (Temkin, 2025). 

 

These patterns align with the broader small-team literature: speed and experimentation are amplified when coordination 

overhead is low (ScrumPLoP, n.d.), and disruption is more likely when teams can pivot toward novel directions 

without institutional inertia (Wu et al., 2019). However, AI also introduces a new category of coordination cost, 

managing model reliability, permissions, data access, and evaluation. In this sense, AI-first microfirms replace human 

coordination problems with socio-technical governance problems. 

 

A Design Logic for AI-First Tiny Companies 

 

To translate the observations into a research-ready construct, we propose an “agentic microfirm design logic” with four 

linked components: 

 
1) Task modularity refers to the degree to which work can be decomposed into discrete, specification-

friendly units that can be independently executed and recombined. 

2) Agent autonomy refers to the scope of permissions and decision latitude granted to AI systems without 

real-time human intervention. 

3) Integration refers to the extent to which AI-generated outputs flow through structured toolchains (e.g., 

repositories, CRM, analytics, QA systems) and become durable organizational assets. 

4) Human oversight refers to explicit accountability mechanisms in which humans validate, authorize, and 

assume responsibility for high-stakes outputs or actions. 

 
This logic clarifies why some microfirms scale. AI increases throughput at steps or components (1)–(3), while human 

judgment prevents compounding error at step (4). 

 

Research Propositions 

 

P1. AI-first microfirms will outperform non-AI-first microfirms at similar headcount when task modularity and 

toolchain integration are high. 

P2. The relationship between agent autonomy and performance will be inverted-U shaped; beyond a threshold, 

autonomy increases error propagation and reduces performance unless governance maturity is high. 

P3. Hiring for evaluative judgment and systems thinking will mediate the relationship between AI usage intensity and 

sustainable scale in tiny teams. 

P4. External dependence on model providers (pricing, rate limits, policy changes) will moderate the headcount-to-

output relationship, increasing fragility for AI-first microfirms. 

 

Practical Implications 

 

For founders, the cases suggest a pragmatic posture to use AI to accelerate iteration, but invest early in evaluation and 

permissioning. Treat AI outputs as drafts for mandatory testing, not as decisions. For investors and accelerators, the 

“tiny team” signal should be interpreted jointly with evidence of governance constituting monitoring, auditability, and 

explicit human ownership of decisions. For policymakers and platform providers, the emerging risk is less the 

existence of small companies and more the diffusion of semi-autonomous systems acting at scale without clear 

accountability, especially when these systems can access personal or sensitive data. 
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6. Conclusion 
 

AI-first microfirms are not simply smaller versions of traditional startups, they represent a different production function 

with LLMs and agents acting as scalable collaborators. Evidence from Base44, AI Apply, and Oleve illustrates how 

founders can substitute headcount with tool leverage and model usage, consistent with research showing that small 

teams are structurally positioned to disrupt (Wu et al., 2019). At the same time, HurumoAI demonstrates that high 

agent autonomy without governance can magnify failure. The one-person unicorn therefore should be treated as a 

conditional outcome, plausible when task modularity, integration, and oversight are strong, and unlikely when 
evaluation, permissioning, and accountability remain underdeveloped. 
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