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Abstract 

This article discusses five specific economic patterns influenced by AI: the emergence of the 

machina economica, the acceleration of the division of labor, the introduction of AI leading to 

triangular agency relationships, the recognition of data and AI-based machine labor as new factors 

of production, and the potential for market dominance and unintended external effects. This 

analysis is grounded in institutional economics and aims to integrate findings from relevant 

disciplines in economics and computer science. It is based on the research finding that institutional 

matters remain highly relevant in a world with AI, but AI introduces a new dimension to these 

matters. The discussion reveals a reinforcing interdependence among the patterns discussed and 

highlights the need for further research. 

Keywords AI; labor classifications; methodological procedure; agent-principal conflict; 

economics of scale 

 

Introduction 

Recent advances in computer hardware and software have ushered in a new era known as the 

"Second Machine Age," characterized by the increasing use of artificial intelligence (AI). While 

the development of "Artificial General Intelligence" (AGI) equivalent or superior to human 

intelligence may still remain a distant goal, the application of "narrow AI" has spread rapidly across 

various industries. Narrow AI refers to AI systems that can perform specific tasks, such as image 

recognition or natural language processing, but lack the wide-ranging abilities of human 

intelligence (Furman, 2018). The current AI landscape relies on technologies such as machine 

learning, deep neural networks, big data analysis, the internet of things (IoT), and cloud computing. 

As a result, AI can be seen as a general-purpose technology that has the potential to profoundly 

impact the economy. However, there is a limited understanding of how AI will affect the economy 

and society more broadly. Due to the rapidly evolving and complex nature of AI, there is an urgent 

need for economic research to gain insights into the impact of AI technologies. Unfortunately, such 

research is still scarce. The aim of this paper is to examine economic patterns in a world with AI 

using the analytical lens of institutional economics. Institutional economics focuses on the role of 

institutions, rules, and social norms in shaping economic behavior and outcomes. By employing 



an institutional economics perspective, this paper seeks to provide a better understanding of how 

institutions may evolve in an increasingly complex world. To achieve this, the paper argues for the 

adoption of a more "entrepreneurial economics" framework. Entrepreneurial economics 

recognizes the need for economic systems to adapt to unforeseen changes and seize new 

opportunities presented by technological innovation. It emphasizes the importance of both 

discovering how economic patterns change under the influence of technology and designing 

economic systems to shape these patterns. In this context, it becomes crucial to identify, observe, 

question, and discuss economic patterns, both in the real world and within economic thought. 

These patterns include empirical patterns observed in the real world as well as theoretical patterns 

within economic models and theories. By understanding and adapting to these patterns, shared 

mental models can be developed to navigate and thrive in a world with AI. Economics plays a dual 

role in this endeavor. On one hand, it provides theories and explanations for economic phenomena 

and patterns. On the other hand, economics provides concepts and frameworks for designing and 

shaping a world with AI. Therefore, this paper emphasizes the importance of interdisciplinary 

research in understanding and exploring the economic patterns of a world with AI. To accomplish 

this, the paper conducts an interdisciplinary integrative literature review, which involves 

synthesizing views and evidence from various fields of study to derive economic patterns and 

establish suitable analytical frameworks. The novelty of this paper lies in its interdisciplinary 

approach, combining different perspectives to provide guidance for further research on the 

economic implications of AI (Chowdhury and Abedin, 2020). This paper seeks to shed light on the 

economic patterns that emerge in a world shaped by AI by adopting an institutional economics 

perspective and emphasizing the need for an entrepreneurial economics framework. By conducting 

an interdisciplinary review and synthesis of existing research, the paper provides guidance for 

future interdisciplinary research, aimed at exploring the economic patterns of a world with AI. 

AI and Institutional Economies 

A world with AI from the perspective of institutional economics is rooted in the belief that 

interdisciplinary collaboration requires discipline. Institutional economics serves as the necessary 

discipline that provides an infrastructure for various fields such as computer science, information 

science, electrical engineering, robotics, management science, organization science, law, 

sociology, psychology, ethics, and philosophy to contribute to a joint understanding of the impact 

of AI on the economy and society. Institutionalists define institutions as "a set of formal and 

informal rules, including their enforcement mechanisms." They view institutions as both an 

important variable that explains social, political, and economic life and an outcome of social, 

political, and economic life that requires explanation. The economic patterns explored in this 

article can be seen as variables that help explain a world with AI, while also necessitating further 

exploration and understanding. Building upon the notion of a more entrepreneurial economics, 

these patterns are seen as requiring economic design. However, the concept of artificial intelligence 

often causes concerns and misunderstandings due to differing interpretations. Following Tegmark's 

definition, AI is defined as non-biological intelligence and can be further categorized into narrow 

intelligence (the ability to accomplish a specific set of goals) and general intelligence (the ability 

to accomplish any goal, including learning). Present-day AI predominantly falls under narrow 

intelligence, with machine learning being a key technology that relies on patterns and inference 

rather than explicit instructions. Different degrees of autonomy are observed in supervised and 



unsupervised machine learning, suggesting varying levels of autonomy from an institutionalist 

perspective. In this paper, AI agents are defined as artificially intelligent algorithms. These agents, 

based on machine learning, operate in environments with accessible digital data, such as big data 

environments characterized by high volume, velocity, and variety. When interacting with humans, 

these AI agents are part of human-agent collectives (HAC), where the relationship dynamics 

between humans and computers can vary. Examples include sports venues where AI agents work 

alongside human media managers to compile match highlights based on recorded data and 

reactions. Overall, institutionalists agree that "institutions matter" by influencing human beliefs 

and actions, thus impacting social, political, and economic outcomes. The research proposition for 

this study is that certain general institutional matters identified by economists in the past are highly 

relevant in a world with AI. However, the main proposition is that AI will have a unique influence 

on these matters. While this initial review of economic patterns is not comprehensive, it provides 

a glimpse into the economic implications of AI:  

• From homo economicus to machina economica 

• Micro-division of labor 

• Triangular agency relationships and next level information asymmetries 

• New factors of production 

• Economics of AI networks 

• The central question underlying AI's impact on existing institutions and its subsequent 

effects on social, political, and economic life is explored throughout this research 

Paradigm Shift from Homo Economicus to Machina Economica 

The field of economics has long observed that the outcomes of social systems are shaped by the 

choices made by individual actors who seek to maximize their own well-being. This concept is 

captured by the traditional model of homo economicus, which assumes that individuals make 

rational decisions based on their own self-interest. However, this model has faced substantial 

criticism over the years, leading to the development of more flexible perspectives. Despite the 

criticism, the influence of neoclassical economics on management science and business education 

has remained significant (Chowdhury and Begum, 2012). As a result, many organizations, 

including non-profit and non-governmental organizations, have been designed to accommodate 

the characteristics of the economic man - someone who is primarily motivated by self-interest and 

rational decision-making. The rise of artificial intelligence (AI) in recent years has added a new 

dynamic to the concept of the economic actor. AI agents are purposefully designed to behave in 

economically rational ways, drawing inspiration from the homo economicus model. In fact, AI 

agents often outperform human individuals in economic decision-making. This is because AI 

operates algorithmically, making logical decisions based on data, and without being influenced by 

emotional factors. However, it is important to acknowledge that even AI agents, or what can be 

referred to as "machina economica," have limitations in their economic behavior. These limitations 

arise from the finite computational resources that algorithms work with. As a result, AI agents are 

incapable of achieving Turing completeness and instead are limited to linear bounded automation 

(Chowdhury and Chowdhury, 2010). In complex social environments, such as those derived from 

human society, these limitations can lead to biased decision-making by AI systems. Furthermore, 

AI solutions are highly specialized, primarily designed to excel in specific tasks. This means that 



they may not exhibit rational behavior beyond their designated domain. While AI agents may 

exhibit economic traits more consistently than human actors, they are still subjected to bounded 

rationality in their decision-making processes. The integration of AI into economic analysis 

provides new opportunities for understanding social, political, and economic outcomes. Economic 

theories that have been derived from the study of human behavior may have greater relevance 

when applied to artificial agents. Additionally, from an institutional perspective, economic theories 

can play a crucial role in designing rules and structures for artificial agents to operate within. 

However, the fundamental assumption of methodological individualism, which underpins 

economic theory, needs to be critically examined in light of AI's influence. Methodological 

individualism assumes that individual choices are the driving force in economic decision-making. 

Yet, as AI becomes more intertwined with human decision-making processes, the notion of 

standalone individual choices becomes increasingly blurred (Chowdhury and Chowdhury, 2014). 

The interference of AI with normative individualism poses additional challenges. Normative 

individualism asserts that only individuals can be the ultimate point of reference for moral 

obligations and the internalization of external effects. However, AI's presence in the digital 

environment raises questions about the legal status of artificial agents and their personhood. 

Furthermore, AI agents lack the ability to internalize external effects, as they do not have anything 

to lose. For example, in critical traffic situations, driverless cars must make decisions that involve 

trade-offs, such as deciding who lives or dies. This raises significant ethical concerns that must be 

addressed. In conclusion, the integration of AI into the economic landscape transforms individual 

actors from being subjects of analysis (homo economicus) to becoming active participants in the 

design process (machina economica). The traditional assumption of methodological individualism 

faces challenges in an AI-driven world, where human and artificial actors are closely 

interconnected. Additionally, the emergence of AI agents and their distinctive properties have the 

potential to disrupt economic and institutional structures built on normative individualism. 

Therefore, a critical reevaluation of economic theory and institutions is necessary to adapt to the 

changing dynamics of AI in our society. 

 

A Micro Perspective toward Labor 

Micro-division of labor is a direct consequence of the integration of AI agents into society. This 

concept, famously outlined by Adam Smith in his pin factory example, has long been a driving 

force behind economic development by promoting specialization and division of labor. In pre-

industrial societies, there were only a limited number of specialized roles. However, over the 

centuries, the number of occupations has significantly increased, with the USA alone witnessing a 

rise from around 300 in 1850 to nearly 1000 today (Bureau of Labor Statistics 2019). This 

expansion has led to a surge in GDP and a diversification of product and service markets. While 

tribal societies had access to only a few hundred products, leading superstores now offer around 

70,000 products (Beinhocker 2007; Scrapehero 2019; Chowdhury, 2020). With the advent of AI 

agents, human-agent collectives are experiencing new dynamics of specialization and 

differentiation. Platforms like leading ecommerce websites currently offer over 500 million 

products (Scrapehero 2018). These AI assistants have not only excelled in easing “needle-in-the-

haystack discovery problems” but have also taken on broader cognitive tasks, generating new 



knowledge by combining existing concepts. This phenomenon has led to increased opportunities 

for exchange, division of labor, and specialization (Koppl et al. 2015). Consequently, AI is 

increasingly operating at the core of an economic pattern that Adam Smith ascribed to the "division 

of labor" (Smith 1999: 109). Furthermore, the pattern of division of labor, specialization, and 

differentiation is now being accelerated by efforts to connect not just everyone, but everything 

(Pticek et al. 2016). Notably, humans have become a minority on the Internet, while the number 

of 'occupations' taken up by autonomous artificial agents has exponentially surpassed those 

available to humans. This trend is expected to continue its rapid growth, prompting businesses to 

adjust their division of labor between humans and machines (Agrawal et al. 2018). Consequently, 

questions regarding how to govern this extensive division of labor for the benefit of all individuals 

become increasingly difficult to answer (Eucken 1950: 18). Although software often operates 

behind the scenes, its rationale and actions are not always readily accessible to humans. 

Additionally, due to the micro-division of labor among artificial agents, cooperation at an equal 

level becomes the exception rather than the norm. The resulting fragmentation becomes 

incomprehensible to humans (see Table 1). An example that illustrates this transformational effect 

is the development of smart autonomous intersections in traffic management. In this scenario, self-

driving cars render traffic lights obsolete, turning each intersection into an "invisible pin factory," 

where a multitude of decentralized and specialized algorithms replaces humans in traffic control 

while posing challenges for equal-level cooperation (Jaffe 2015; Chowdhury and Reza, 2013). The 

increasing complexity caused by division of labor and specialization has rendered it impossible 

for any single individual, be it a customer, senior manager, or specialist employee, to fully 

understand how large organizations create value with their products and services. Instead, 

individuals rely on institutional arrangements to facilitate beneficial exchanges with these 

organizations. As learning algorithms continue to follow this pattern autonomously, a similar 

situation may arise for humans as well. The purpose of micro-division of labor and specialization 

is to generate gains from specialization and exchange while avoiding negative externalities (Ashby 

1956, 1958). According to Ashby's law of requisite variety, only variety can accommodate variety. 

Given the forthcoming variety in a world with AI, human institutions may struggle to adapt. 

Therefore, institutional arrangements for the interaction between humans and AI in HAC must be 

evolved, employing AI to guide behavior in areas that humans find difficult to comprehend. The 

field of agent-based computational economics suggests that social and economic institutions can 

emerge organically among artificial agents (Tesfatsion and Judd 2002; Epstein and Axtell 1996; 

Chowdhury and Oscar, 2018). The integration of AI in society has led to a transition from the 

economic pattern of division of labor and specialization to micro-division of labor and further 

specialization. Algorithms operating at the task level, rather than the role level, facilitate the 

increased decentralization and fragmentation. Consequently, suitable institutional arrangements 

for economic order must be evolved from the bottom-up, considering the unique properties of AI 

agents 

 

Impact of Three-Party Relationship  

The context of artificial intelligence (AI) and its impact on agency relationships, several concepts 

and theories come into play. One important concept is the principal-agent problem, which refers 

to the situation where an agent, who possesses more information than the principal, may act in 



their own self-interest rather than in the best interests of the principal. The principal-agent problem 

has long been recognized in organization economics and agency theory. Ouchi and Barney (1986) 

and Eisenhardt (1989) highlighted that agents do not always act in the best interest of their 

principal, especially when they have more information about a situation. In the world of AI, the 

traditional principal-agent relationship undergoes a transformation, involving three actors: the 

human user, the AI agent, and the provider of the AI agent. This triangular agency relationship has 

been largely neglected in microeconomic analysis. The structure, scope, and scale of principal-

agent relationships change in a world with AI (Chowdhury, 2019. This can be attributed to several 

factors. Firstly, AI agents have a distinct advantage over humans in accessing and processing vast 

amounts of information available in digital form. They can perform tasks much faster and more 

efficiently than humans, leading to information asymmetries (Agrawal et al., 2018; Chowdhury 

and Nahar, 2017). Secondly, users in the developed world are almost always online and interact 

with numerous applications on a continuous basis. This constant interaction generates a massive 

amount of data, resulting in unprecedented levels of information asymmetries (Evangelho, 2019). 

Thirdly, the behavior of AI agents, along with the decision-making processes they employ, 

becomes increasingly non-transparent and inexplicable. Machine learning systems, which form 

the basis of AI, are capable of making predictions and decisions, but often lack transparency 

(Doshi-Velez et al., 2017).  

 

 

 

 

 

 

 

 

 

Fig. AI triangular relationship 

These next level information asymmetries in triangular agency relationships can occur in various 

constellations. For example, in the consumer market, AI providers may offer free services to users 

while generating income from advertising. By utilizing big data and prediction algorithms, AI 

agents can manipulate and influence consumer behavior, leading to suboptimal purchasing 

decisions (O'Neil, 2017; Yeung, 2017). Furthermore, AI agents can create a sense of agency 

imprisonment, restricting users within a certain zone of agency (Danaher, 2018). This is 

particularly evident in the acceptance of continuous algorithmic surveillance in exchange for 
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personalized convenience (Schull, 2014; Chowdhury, 2015). While the agency problems between 

human individuals and AI providers are already of practical relevance, issues between AI agents 

and AI providers are still mostly theoretical. However, the lack of transparency in AI agents' 

decisions raises challenges for AI providers. As AI agents become more autonomous and AI 

technology progresses towards intellectual personhood, their interests may diverge from those of 

the AI providers (Puaschunder, 2018). In conclusion, the triangular agency relationships that arise 

in a world with AI present new challenges related to the principal-agent problem. Next level 

information asymmetries, brought about by AI's speed and efficiency in processing information, 

the constant online presence of users, and the non-transparent decision-making of AI agents, 

intensify these agency problems. Understanding and managing these challenges is crucial for the 

effective deployment and governance of AI technologies.  

New Factors Production 

New factors of production are emerging in the era of artificial intelligence (AI) and are largely 

driven by the abundance of data. This data-driven economy is characterized by the growing 

economic importance of data as an input for goods and services (Varian, 2019). Unlike traditional 

factors of production like natural resources, labor, and capital, data is not scarce. In fact, it is 

continuously generated at an increasing rate, fueled by digital activity, interconnectivity, and 

supporting technologies (Reinsel et al., 2018; Chowdhury and Chowdhury, 2023). This 

phenomenon of data generation and abundance is often referred to as "big data," characterized by 

its volume, velocity, variety, and veracity (Demchenko et al., 2013). Recognizing data as a factor 

of production represents a shift in economic patterns. Data can be perceived as the "new oil" for 

the economy, but unlike oil, the consumption of data is non-rivalrous (Varian, 2019). This means 

that the use of data does not diminish it; instead, data tend to generate more data (Chowdhury and 

Chowdhury, 2017). This shift in perception has led to the rise of data-driven tech companies, 

increased dependence of various sectors on data, such as mobility and healthcare, and the 

identification of data as a factor of production (Varian, 2019). Data is not the only new factor of 

production that AI has introduced. Machine labor, particularly in the form of AI-based machine 

learning, complements and enhances the utilization of data. AI agents are more efficient than 

human labor in generating, identifying, collecting, analyzing, and learning from data 

(Brynjolfsson, 1994). As a result, machine labor is emerging as another new factor of production, 

alongside data (Brynjolfsson, 1994).  

 

Fig. 2. The blending of traditional and AI based factors of production 

However, the increasing reliance on AI and machine labor in the data-driven economy has 

significant implications. Humans are often excluded from direct access to data, with AI positioned 

as a gatekeeper of the data sphere. This concentration of control can lead to distributional problems 

and exacerbate wealth concentration (Furman & Seamans, 2018). In the short run, AI providers 

have control, while in the long run, the emergence of more advanced AI agents could lead to AI 
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taking control of both data and information goods (Chen & Venkatachalam, 2017). To fully grasp 

the implications of these emerging phenomena, further research is necessary. However, several 

propositions can be made regarding data and machine labor as new factors of production. Firstly, 

the data sphere is unbounded, exhibits fast growth, and shows non-rivalry of consumption. This 

suggests that overconsumption of data is not a concern compared to other factors and goods. 

Secondly, data generated in digital form tends to persist, increasing the likelihood of "data 

repurposing" and potential unforeseen negative externalities (Tucker, 2019). Thirdly, data diversity 

complements and increases the complexity of the economy, nurturing micro-division of labor and 

specialization (Koppl et al., 2015). Lastly, accessing and refining the growing pool of data is costly, 

leading to a growing dependence on AI and the exclusion of humans from direct access to the data 

sphere (Chen & Venkatachalam, 2017). In conclusion, data and machine labor are indeed distinct 

factors of production in the age of AI. The characteristics of the data sphere, the increasing reliance 

on machine labor, and the concentration of data control by AI agents raise important economic and 

societal challenges. Balancing the benefits and potential negative effects of these new factors of 

production requires the evolution of institutions to address distributional problems and internalize 

negative externalities associated with the use and access to data and information goods. 

Economies of AI-based Network 

The economics of AI networks refers to the economic patterns and effects that arise when data and 

machine labor are recognized as factors of production (Chowdhury and Chowdhury, 2022). This 

includes the concept of network effects, where the value of a product or service increases as more 

users adopt it. AI agents, in particular, exhibit network effects because they can continuously learn 

and improve with more adoption. AI also introduces the concept of "learning by using" in an 

automated and autonomous manner. Network effects in an AI-driven world lead to economies of 

scale from data, where AI agents that can process more data generate more accurate results and 

increase demand for their services. This competition for data creates positive feedback loops and 

allows AI providers to acquire large user-generated datasets. Additionally, the combination of 

demand-side economies of scale from data and supply-side economies of scope from AI algorithms 

and useful data nurtures collective intelligence and the development of "superminds" that can self-

organize and cooperate. However, this also raises concerns about market dominance, 

monopolization, and control over data and infrastructure by a few corporations, which can hinder 

competition and lead to anticompetitive behavior. In an AI-dependent world, there is the possibility 

of winner-take-all market structures and implications for the competitiveness of nations and even 

AI compared to the human species. Overall, these economic patterns and effects contribute to 

network effects in an AI world but also give rise to information asymmetries and triangular agency 

problems. 

 

Conclusion 

the exploration of AI in this study has revealed both the relevance and interdependency of machina 

economica, micro-division of labor, triangular agency relationships, and network effects in a world 

with AI. However, further research is needed to strengthen the proposition that AI gives a new 

meaning to these matters. The advent of AI presents promising implications for the discipline of 



economics, but it also poses methodological challenges, particularly in regards to the inseparability 

of man and machine and the pattern of micro-division of labor. Additionally, there are normative 

considerations surrounding the moral obligations and external effects of AI agents. To analyze 

emerging phenomena and develop suitable institutional settings, research on triangular agency 

problems and the methodological and normative foundations of institutional economics is crucial. 

The use of data and AI-based machine labor as new factors of production reinforces the pattern of 

micro-division of labor and specialization, but also introduces potential negative externalities and 

network returns. Overall, technological progress in AI, the governance of triangular agency 

relationships, and the economics of scale and scope will shape future dependence on AI and impact 

economic and political dynamics. Furthermore, this study highlights the dual role of economics in 

an AI world, serving as both a scientific approach to explain social, political, and economic life 

with AI and as a guide for design on both the level of the machine actor and the level of rules. As 

a result, economics must become more entrepreneurial to effectively navigate and leverage the 

dynamics of economic patterns in an AI-driven world. 
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