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INTRODUCTION 

 

This Online Supplementary Appendix accompanies History’s Most Revolutionary Innovation 

and provides expanded treatments of several arguments and empirical exercises that are 

necessarily compressed in the main text. The book’s core thesis is institutional and political-

economic: the Artificial Intelligence (AI) Revolution is best understood as a general-purpose-

technology (GPT) shock whose diffusion, productivity effects, and distributional consequences 

depend on a prior scaffolding of standards, complementary investments, and governance. 

 

The appendix deepens that account in four areas—history and mechanism, empirical 

corroboration, technical foundations, and geopolitical fragmentation—while keeping the book 

itself readable and tightly paced. 

 

Section 1 places the AI Revolution in historical context by tracing the First, Second, and Third 

Industrial Revolutions through the lens of GPT diffusion. 

 

Section 2 provides a deeper empirical and conceptual treatment of the innovation commons of 

the late Third Industrial Revolution, using patent citations and network analysis. 

 

Section 3 offers a technical primer and historical narrative of modern AI, including deep 

learning, transformer architectures, and scaling dynamics. 

 

Section 4 situates AI within a broader geopolitical and institutional environment, comparing 

U.S., Chinese, and European approaches to industrial policy and governance. 
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ONLINE SUPPLEMENTARY APPENDIX TO HISTORY’S MOST REVOLUTIONARY 

INNOVATION, SECTION 1 

 

To write college-level essays, populate spreadsheets organized around complex mathematical 

formulas, put together professional-caliber slideshows, and craft original, emotionally poignant 

poetry, generative AI exploits natural language processing (NLP), a field of AI dedicated to 

enabling computers to understand, interpret, and generate text and speech in a meaningful, 

context-aware way. The core technique that powers modern NLP is language modeling: a 

predictive task like autocomplete on your phone where an AI model learns from vast amounts of 

text to calculate what word will come next in any given sequence. By becoming exceptionally 

good at this single task, the model develops an emergent understanding of the complex rules of 

language—from grammar and syntax to meaning and context—allowing it to grasp the statistical 

relationship between words with great accuracy (see Jurafsky and Martin 2021). 

 

But the deep neural networks and attention mechanisms that drive these linguistic feats are not 

limited to text (Vaswani et al. 2017). Variations of these same deep learning architectures power 

perception (computer vision), pattern recognition in complex data, and increasingly planning and 

control systems that help machines select sequences of actions to achieve goals (see Russell and 

Norvig 2009). In other words: AI is not one invention—it is a bundle of complementary 

capabilities that can be embedded across products, processes, and business models. 

 

Previous industrial revolutions witnessed the confluence of several overlapping technologies too. 

The First Industrial Revolution relied on the synergy between the steam engine, advanced 

metallurgy, and mechanized textile production. The Second was built on the interplay of 

electricity, the internal combustion engine, and synthetic chemicals. The Third was driven by the 

convergence of semiconductors, computing architecture, and telecommunications networks.  

 

But industrial revolutions are not just about discrete inventions—or even inventions that overlap 

and influence one another—but the commercialization of invention. It is the process of 

translating technical possibility into economic viability, turning a scientific breakthrough into a 

standardized, affordable product that generates mass demand. Often, this requires reimagining 

the product entirely, shifting the value proposition from the hardware itself to the services and 

experiences it enables. The Fourth Industrial Revolution should be no different. 

 

For example, nowhere is the convergence of AI capabilities—vision, planning, and processing—

more visible than in the driverless car. As automobiles continue to shed their traditional controls 

and embrace autonomy, they may no longer be sold primarily as standalone vehicles. Instead, 

they become mobility services—platforms that compete not only on the underlying autonomy 

stack but on the experience layer: safety, routing, entertainment, productivity, and integration 

with the rest of a customer’s digital life (Berk 2025).  

 

Similarly, the economic disruption and reorganization related to AI extends far beyond its ability 

to master the vagaries of language. As Chapter 11 will formalize, the labor-market impact of this 

transition involves far more than simple labor displacement. Staying with driverless cars for the 

moment: it may include new complementary work: fleet operations and dynamic-pricing 

analysts, predictive maintenance for sensor‑heavy vehicles, and even hospitality-driven user-
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experience design (ibid). Consistent with what happened during previous industrial revolutions, 

these roles—along with the regulatory and privacy officers needed to steward the data—should 

emerge once the technology is deployed widely. 

 

What this Section of the Appendix Aims to Do 

 

This section of the appendix places the AI revolution in historical context by tracing the three 

earlier industrial revolutions and extracting the mechanisms they share.1 The First Industrial 

Revolution revolved around steam power and textile automation. The second was about 

electricity, the internal combustion engine, and chemicals. The Third Industrial Revolution was 

centered on computers, semiconductors, and the internet. The boundary between the third and 

fourth revolutions is straddled by the mobile phone and the pre-generative AI digital, 

geolocational tailored economy that evolved around digital platforms; this is a transitional period 

I cover in several of the book’s chapters.  

 

This section’s overarching message is that industrial revolutions are not inevitable. Even a 

superior technology can stall when switching costs are high, complementary components are 

missing, or firms and workers have already invested in the skills and routines of the old system. 

It is often rational for organizations to keep upgrading incumbent technologies—marginal 

improvements can offer higher short‑term returns than rebuilding around a new, unreliable 

platform. Workers behave similarly: if most employers still run the old system, it can be rational 

to train for yesterday’s tools rather than tomorrow’s (Chari and Hopenhayn 1991). 

 

History is full of such “stickiness.” As Nuvolari (2009) documents, older technologies often fight 

back. Windmills and wooden sailing ships saw significant advancements in design that kept them 

competitive long after the arrival of steam. Waterpower remained a dominant energy source for 

decades in regions with abundant rivers. Most telling for our purposes, factories clung to the 

“group drive system”—complex networks of shafts and rubber belts powered by a central steam 

engine—long after more efficient electric motors became available. They did so because the new 

technology required a complete and costly architectural redesign of the shop floor (David 1990). 

 

Older technologies also endure because new ones are often bedeviled by a chaotic array of 

incompatible designs. For example, the early days of railroads were marked by a lack of 

standardization in track gauges, leading to significant inefficiencies in transportation (Puffert 

2002). Investors and speculators laid tracks with arbitrary gauges according to their individual 

preferences, necessitating the construction of railway carriages specifically designed for each 

unique track configuration (ibid). These carriages could only operate on their designated tracks 

and connect with their own carriage type, creating isolated segments of improved transportation 

(ibid). While these railways offered speeds and convenience far superior to horse-drawn 

 
1 While this section of the appendix mines the historical record for qualitative patterns, Chapter 

11 of the book formalizes them into a quantitative model. It translates the historical lag described 

here—the "Standardization Phase"—into a variable I call "Friction." By modeling the gap 

between a technology’s "Potential Yield" and its "Realized Yield," Chapter 11 demonstrates how 

market structure and policy choices determine whether we achieve a "High-Diffusion" 

equilibrium or get stuck in a "High-Friction" trap. 
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transport within their limited domains, this advantage evaporated when passengers needed to 

transfer between different rail lines (ibid). The fragmentation was so severe that, after accounting 

for connection delays between incompatible systems, journeys from New York to Washington 

remained nearly as time-consuming as before (ibid).  

 

Therefore, industrial revolutions only happen when General Purpose Technologies (GPTs) such 

as steam engines and railroads become standardized and widely diffused. It is only then that 

these technologies will exhibit broad applicability, live up to their potential to undergo 

continuous improvements, and register transformative impacts (Bresnahan and Trajtenberg 

1995). In turn, once a dominant design emerges and investment concentrates, performance often 

improves very quickly as scale economies, learning-by-doing, and cumulative R&D reinforce 

one another (ibid). Only then do follow-on innovations and commercial applications explode. 

 

Because they are centered on GPTs, industrial revolutions are about the commercialization and 

maturation of a diverse group of technologies that contribute to the transformation of key 

industries and eventually the entire economy, leading to explosive productivity growth. They 

therefore require the creation and integration of new intermediate goods. Take railroads: an 

elaborate symphony of high-pressure steam engines, precision machine parts, and improved 

metallurgy for rail casting evolved simultaneously (Szostak 2014). To bring these components 

into profitable industrial relationships with each other, new supply chains had to blossom. 

Moreover, while groundbreaking inventions like the steam engine, electricity, and 

semiconductors represent obvious quantum leaps in technical achievement, the adoption of GPTs 

is rarely linear: it’s often characterized by slow initial uptake during a protracted gestation 

period. First, only the best‐resourced organizations harness the new technology’s potential. 

Second, it is only once new technologies become standardized that plug and play genericness, 

scale economies, and affordability help them spread across the economy—but only if firms, both 

big and small, also find ways to accommodate these technologies into their organizational DNA. 

This requires adjustments, both big and small, and even cultural changes. For example, for steel 

to become the bones and sinews of industrialized economies, mills had to first remake 

themselves around new metallurgical processes that required a cadre of trained chemists and 

mechanics to adapt new techniques to local conditions. 

 

As this section will demonstrate, the combination of standardization and firm level adaptation is 

what allows GPTs to usher in transformative economic changes. Standardized steel components 

enabled advancements in railway and bridge engineering. Electric power advanced from short 

experimental demonstrations to powering entire factories and cities. Microprocessors went from 

handling simple logic circuits to running personal computers, data centers, and global networks. 

But these processes were themselves riddled with potential dead ends and nonstarters; it took the 

helping hand of the state to address several problems standing in the way of modularity. 

 

Therefore, besides outlining the processes behind the disruptive innovation associated with 

industrial revolutions, this section also documents the pivotal role governments played during 

these transformations. It explores how patents fostered the invention and commercialization of 

key computer hardware technologies during the Third Industrial Revolution. Additionally, I will 

show how during each of the previous industrial revolutions, governments bankrolled and 
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coordinated basic research, promoted technological standardization, helped diffuse new GPTs, 

and furnished a host of public goods that built out supporting infrastructures and human capital.  

 

The remainder of this section unpacks these dynamics. I begin by defining the engine of these 

transformations—General Purpose Technology (GPT) governed by an “S-curve” logic that 

dictates its diffusion. Next, I survey the historical record of the First, Second, and Third 

Industrial Revolutions to illustrate how this logic played out in practice. Then, I discuss the 

macroeconomic consequences of these shifts, specifically the “Productivity Paradox” and the 

recurring debate over automation and employment. I move on to detailing the policy toolkit 

governments have historically deployed to resolve the market failures that threaten these 

transitions, distinguishing between their roles as funders of basic science, enforcers of property 

rights, and coordinators of standardization. Finally, I explore how governments tend to grapple 

with distributional issues during industrial revolutions while still facilitating standardization. 

 

OVERVIEW OF THREE PRECEDING INDUSTRIAL REVOLUTIONS 

 

As we walk through the first three industrial revolutions, keep three guiding questions in mind: 

 

1. Core Technology: What was the core GPT, and what complementary technologies had 

to coevolve around it? 

2. Standardization Friction: What specific elements—interfaces, components, protocols, 

or measurement systems—had to standardize before diffusion could accelerate? 

3. Complementary Investments: What investments in infrastructure, skills, organization, 

and law were required to turn the invention into broad, enduring productivity gains? 

 

As several chapters in the book show, technological co-evolution, interface standardization, and 

complementary investment are the same levers that will govern whether AI becomes a true GPT 

that transforms the economy and society, rather than a frontier demo that struggles to scale. 

 

First Industrial Revolution 

  

The First Industrial Revolution was about solving a series of seemingly mundane problems: how 

to drain mines, move goods cheaply, and reliably convert energy into mechanical work inside 

factories. Steam engines proved to be the versatile X factor that helped solve all three. Early 

engines pumped water out of mines; improved engines efficiently turned that steam power into 

rotary motion that could drive factory machinery and, later, locomotives. Importantly, this 

created a virtuous cycle: steam engines drained the mines, making coal cheaper; cheaper coal, in 

turn, made steam power affordable for every other industry (Allen 2009). By freeing production 

from the geography of waterwheels and animal power, steam became the era’s first truly 

general‑purpose source of industrial energy (Goldstone 2002). 

 

In many ways, however, the demand for deeper and more efficient mining was downstream from 

blast furnaces, another innovation that took commercial flight during the industrial revolution.2 

Powered by a form of purified, processed coal called coke, they served as the technological 

 
2 This discussion builds on Menaldo (2016) and Menaldo (2021). 
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backbone that enabled the mass production of iron. These towering structures represented a 

quantum leap in metallurgical capability, allowing for unprecedented scale and speed in iron 

production that dramatically reduced costs while increasing output, making iron affordable and 

abundant enough to support rapid industrialization, as it was an essential material for machinery, 

railroads, bridges, and buildings.  

 

However, producing iron called on first extracting both iron ore and coal through either open cast 

or underground mining methods. Once extracted, the ore underwent preprocessing—it was 

crushed, washed, and transported to blast furnaces for smelting. In the furnaces, the ore was 

combined with limestone and coke and subjected to powerful blasts of hot air that melted the ore. 

Their own exhaust gases were recirculated into the bottom of the furnace, heating the coke, 

limestone, and iron materials. When the iron reached its molten state, it was tapped from the 

furnace’s bottom and poured into molds called “pigs,” where it solidified into pig iron.  

 

Early coal and iron mines faced a persistent challenge, however: they flooded constantly. As 

miners dug deeper shafts in search of richer veins of coal and ore, water seeped in, often 

rendering mines unusable. The invention of the steam engine was a direct response to this 

problem. Thomas Newcomen’s atmospheric engine, introduced in the early 18th century, became 

the first practical machine for pumping water out of mines. Although it burned considerable fuel 

and operated relatively slowly, it offered an unprecedented solution: it freed mines from the 

constraints of shallow drilling and expanded coal extraction. Over time, James Watt refined 

Newcomen’s design, dramatically improving the engine’s efficiency.3  

 

The introduction of coal-powered steam engines enabled miners to bore significantly deeper 

shafts than previously possible. In turn, this unlocked access to vastly larger stocks of, not only 

coal, but also essential minerals like bauxite, copper, zinc, nickel, and iron—metals that served 

as key components in industrial plants, machinery, and finished products. As extraction 

capabilities improved, yields of coal and minerals increased dramatically across Europe, causing 

prices to plummet and further accelerating the pace of industrialization. Beyond its direct 

resource benefits, this mining revolution generated a deep stock of specialized knowledge around 

coal extraction and smelting processes.  

 

These skills, particularly those centered on precision boring and calibration techniques, produced 

valuable technological spillovers that advanced machine design and numerous industrial 

applications, creating a virtuous cycle of innovation that propelled industrial development across 

multiple sectors (Jacob 2014). 

 

The Boulton and Watt steam engine didn’t simply make deeper mining feasible; it also laid the 

groundwork for widespread applications of this power source to industrial processes. As the 

 
3 Watt significantly improved engine efficiency by ensuring the cylinder remained consistently 

hot while implementing a separate condenser chamber. After performing its work, the spent 

steam was drawn into this cooled vessel to condense, avoiding the need to repeatedly heat and 

cool the main cylinder with each stroke. As a result, his engines were far more efficient and 

consumed substantially less coal than their predecessors, making steam power more economical 

and practical for widespread industrial application (see Bottomley 2014). 
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textile industry boomed, mill owners increasingly turned to steam engines to replace waterpower. 

While waterwheels helped mechanize the textile industry and contributed significantly to the 

First Industrial Revolution by enabling the mass production of stronger cotton yarn that could 

withstand the tension required for warp threads—a critical advancement that previous spinning 

technologies had failed to achieve—they required fast-flowing rivers or streams.4 Conversely, 

steam engines enabled a stable, centrally powered factory system that ran spinning mules, power 

looms, and other mechanized equipment, as they could be installed in urban centers or areas 

without large waterways, granting manufacturers more freedom in choosing mill locations 

(Goldstone 2002). Consequently, the textile sector flourished, driving down the cost of cloth and 

fueling a surge in consumer demand—as well as stimulating further demand for coal, iron, and 

mechanical parts that fed back into the emerging industrial economy (Hills 1970). 

 

The next pressing challenge was finding a way to transfer large quantities of coal from remote 

mines to coastal piers for transport by ship or barge. Enter the railroad: initially a set of wooden 

or iron tracks over which animals or simple engines pulled carts of coal, it soon evolved into 

locomotive-powered lines (Wolmar 2009). Steam engines revolutionized freight transportation, 

drastically reducing the time and cost of hauling heavy resources. Just as with the steam’s other 

applications, railroads quickly found uses well beyond coal transportation: goods of all kinds 

could be shipped from city to city; letters and parcels moved more rapidly than ever before; and, 

crucially, people traveled in large numbers far beyond their hometowns. These rail links spurred 

the growth of new industrial centers, reshaped city life, and broadened personal horizons—entire 

families relocated for work opportunities that hadn’t existed a few decades earlier (see ibid). 

 

Beyond mines, mills, and railroads, steam technology also began to solve other significant 

challenges. Steam-powered ships, for instance, overcame the limitations of wind and current, 

dramatically shrinking travel time across oceans and along rivers. Likewise, early steam-driven 

machines appeared in agriculture, such as portable traction engines used to power threshing 

machines. Although these developments were gradual and scattered at first, they steadily laid the 

foundation for more profound economic and social transformations (Mokyr 1990). 

 

The industrial revolution eventually spread beyond England, into the European Continent, and 

the US, where several technologies were brought over from England or developed in parallel to 

English and sometimes French innovations (Haber et al. 2022: 37). Those included “[t]he 

invention of jigs and milling machines for cutting metal to precise tolerances, such that parts 

made from them would fit into any assembly of the same type” (ibid: 38).  

 

 
4 Richard Arkwright’s spinning machine—which became known as the water frame—

represented a significant advancement in textile manufacturing. His 1769 patent utilized rollers 

to produce strong cotton yarn suitable for warp (lengthwise threads), surpassing James 

Hargreaves’s spinning jenny, which typically created weaker thread appropriate only for weft, 

i.e., filling yarn (see Bottomley 2014). While early prototypes were small, mature industrial 

versions could process 96 spindles simultaneously, dramatically increasing production capacity. 

These machines were widely installed in mills throughout Derbyshire and Lancashire, where the 

use of waterwheels to drive them gave rise to the name “water frame” (Hills 1970). 
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Textile manufacturing, which primarily blossomed in New England, created the “Silicon 

Valleys” of early American industrialization. Centered on inventions like self-acting mules 

(mechanized cotton spinning) and power looms (weaving), it had several spillovers. Consider 

Lowell, Massachusetts, which was named after Francis Cabot Lowell in honor of his numerous 

contributions to improving power looms and his pioneering efforts to developing the so-called 

integrated factory system.5 During the early 1800s, it became a world-renowned hub for textile 

manufacturing. By the mid to late 19th Century, it had transitioned to producing machines such as 

steam engines and locomotives and machine tools such as lathes, planers, and milling machines 

(see Menaldo and Wittstock 2025).  

 

As recounted in Chapter 1 of the book, the consequences of the first industrial revolution were 

profound. 

 

Consider just one aspect here: as transportation and communication improved in the wake of the 

proliferation of railroads, steamships, and the telegraph, fragmented local markets were stitched 

together into integrated economies. While in the US a unified national market quickly emerged 

(Chandler 1977), eventually this happened globally too. As O’Rourke and Williamson (1999) 

document, prices between Europe and the Americas converged for both commodities—including 

wheat, cotton, and iron—and manufactured goods by around the middle of the 19th century. 

Financial markets became more interconnected as well, reducing price differences in securities 

and facilitating international investment flows. Finally, mass migration from European countries, 

China, and Japan to the Americas induced convergence in real wages (ibid).6 

 
5 Textile manufacturing also benefited from the invention of the cotton gin, which along with 

other innovations such as the steel plough, barbed wire, grain harvesters, refrigeration systems, 

and improved fertilizers, helped fuel an agricultural revolution during the 19th century. As 

railroads enabled dramatic improvements in transportation, they opened vast new territories 

across the United States for cultivation: farmers exploited these technologies to introduce new 

grains, fruits, vegetables, and livestock breeds better suited to different regions and market needs. 

The resulting mechanization significantly reduced labor requirements, allowing fewer farmers to 

manage larger operations more efficiently. These combined advancements generated massive 

increases in productivity per acre, fundamentally altering the agricultural landscape and creating 

food surpluses that supported growing urban populations while releasing labor for industrial 

production (Olmstead and Rhode 2008). The rise of Chicago, Illinois as a major commodity 

trading hub was enabled by these developments (Cronon 1991). 
6 However, the interconnectedness fostered by liberalized trade, global migration, and 

international finance faced a sharp reversal in the early 20th Century, culminating in a period of 

pronounced economic nationalism and escalating great-power conflict. This shift became 

pronounced during the interwar period (1919-1939), as the economic disruptions of World War I 

and the subsequent Great Depression fueled protectionist sentiments globally. America’s Smoot-

Hawley Tariff Act (1930) sharply raised tariffs on thousands of imported goods in a bid to protect 

domestic industries. This triggered retaliatory tariffs from other nations, contributing to a steep 

decline in international trade. Concurrently, the classic gold standard, which had facilitated stable 

exchange rates and international financial flows during the 19th Century, fractured and ultimately 

collapsed in the 1930s, hampering international commerce and investment. Deglobalization 
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The Second Industrial Revolution 

 

The Second Industrial Revolution—running from approximately 1870 to the 1930s—harnessed 

electric power and the internal combustion engine’s motor force. Transportation evolved from 

rail to automobiles, fabrics changed from cotton to synthetic materials like rayon and nylon, and 

relatively cheap consumer goods such as canned food, radios, telephones, household appliances, 

pharmaceuticals, and photographic film were mass produced for the first time (McCloskey 2016; 

Gordon 2016). To manufacture these new products, equally seminal manufacturing techniques 

harnessed rubber, glass, petrochemicals, standardized machinery for molding and shaping, 

electric motors and equipment, turbines, aluminum, and prestressed concrete (Smil 2005). 

 

The spread of relatively affordable energy underwrote the full electrification of factories with 

moving assembly lines and individuated (unit-driven) workspaces outfitted with machines 

plugged into electric sockets (David 1990). Between 1909 and 1929, the US experienced a 

sixfold increase in electricity use for manufacturing and residential power, along with a similar 

increase in horsepower per worker (Devine 1983). Cheap and reliable power enabled factories to 

abandon centralized line shafts with cumbersome pulleys and belts powered by centralized steam 

power. They transformed their layouts and workflows, making manufacturing more flexible and 

efficient while reducing capital outlays (David 1990). 

 

Factories also implemented sophisticated time, space, and motion innovations that fundamentally 

restructured work environments, including the standardization of work hours through clocking in 

and out, the spatial reorganization of workspaces that maximized efficiency while minimizing 

machines’ physical footprints, and the development of assembly lines that broke complex 

manufacturing into simple, repeatable tasks (Thompson 1967; Biggs 1996). These changes were 

complemented by significant improvements in layout and workflow design, with factory spaces 

specialized to accommodate each distinct step in the production process (Taylor 2011).  

 

This comprehensive restructuring of industrial space created unprecedented efficiencies in 

manufacturing operations, dramatically increasing productivity while standardizing output 

quality. This “Fordist” mass production of affordable manufactured goods fabricated with 

interchangeable parts on moving assembly lines leveraged cheap and reliable electricity to power 

individual machines and conveyor belts, enabling a continuous and highly efficient production 

process that surpassed the limitations of earlier line shaft-powered systems. Hyper specialized 

workers were able to better coordinate, allowing them to churn out large volumes of diverse 

consumer goods like appliances, electronics, furniture, and processed foods, as well as industrial 

equipment and even construction materials (Devine 1983; Hounshell 1984). 

 

But for this to happen, the Second Industrial Revolution also had to witness changes to the 

industrial organization of industrial firms. As Chandler (1990) famously explained, increased 

vertical integration under multi-divisional corporate structures allowed companies to better 

control various stages of innovation and production, from R&D and design to manufacturing. 

This helped them achieve not only economies of scale but also of scope.  

 

exacerbated the global economic downturn that contributed to the rise of fascism and other 

destabilizing events behind World War II (Kindleberger 1973). 
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For example, conglomerates like General Electric (GE) created an integrated ecosystem of more 

affordable products around electrical power.7 It manufactured everything from the dynamos that 

generated electricity to the transmission wires that distributed it to the lightbulbs that consumed 

it. GE also developed comprehensive transportation networks, connecting neighborhoods via 

streetcars and linking cities with locomotives. Finally, it fabricated ovens and toasters for 

kitchens, radios and televisions for living rooms, curling irons and toothbrushes for bathrooms, 

and washers and dryers for laundry rooms. Meanwhile, a corporate-wide R&D program emerged 

within GE to help it develop these innovations.  

 

Similarly, large companies beyond GE—including Eastman Kodak, B.F. Goodrich, Dow, 

DuPont, Westinghouse, RCA, US Steel, Unocal, and Goodyear—were able to embark on longer 

production runs by establishing a storage and distribution infrastructure that allowed them to 

hoard large inventories of raw materials and intermediate components. To sustain production 

speed, they developed systems to monitor the flow of these inputs and pioneered batch and 

continuous-process manufacturing. This allowed these companies to exploit standardized 

production techniques across disparate categories that included airplane engines, plastics, 

cannons, medical equipment, and oil-field drill bits (Chandler 1977). 

 

Vertically integrated multidivisional firms like these also took direct control of suppliers, R&D, 

critical inputs, and distribution channels, allowing them to reach national, if not global, markets 

(Chandler 1977). They exploited railroads, telegraphs, steamships, and improved postal services 

to coordinate the flow of goods over larger territories, connecting numerous producers to reach a 

bigger pool of consumers (ibid).  

 

This revolution in industrial organization extended to the retail sector as well. Mass retailers like 

A&P and Sears leveraged railroads and telegraphs to match wholesalers’ purchasing power. By 

establishing internal purchasing organizations, investing in bulk storage and distribution 

networks, and buying directly from manufacturers, they eliminated the “middleman” and 

generated higher sales volumes—at lower margins—with increased stock turnover (Tedlow 

1990; Chandler 1977). In turn, this strengthened their ability to negotiate lower prices with 

manufacturers, further reducing per-unit costs. They also exploited their distribution networks to 

reach consumers directly across the US, particularly outside the Eastern seaboard. And mass 

retailers’ demands for standard products in bulk influenced how manufacturers designed 

assembly lines, reinforcing mass production (Chandler 1977). 

 

As outlined in Chapter 1 of the book, the economic implications of these developments were as 

equally profound as those associated with the First Industrial Revolution. Overall, jobs required 

higher skills: a high school education prepared workers to master more sophisticated 

manufacturing techniques and college-educated workers became managers, engineers, chemists, 

and accountants (Goldin and Katz 2008). Indeed, the number of scientists and research engineers 

working in industrial labs also expanded dramatically (Lamoreaux and Sokoloff 1999). 

Unprecedented industrial growth coupled with a much more productive workforce culminated in 

an unprecedented explosion in living standards (McCloskey 2016; Gordon 2016).  

 
7 This paragraph closely draws on Gryta and Mann (2018). 



11 
 

 

The Third Industrial Revolution 

 

The Third Industrial Revolution key GPT was the centralized processing computer.8 Its 

development rested on key technological breakthroughs, including the transistor, integrated 

circuits, microprocessors, personal computers, and user-friendly software. While integrated 

circuits first allowed for the rapid storage and processing of vast amounts of information, as well 

as the significant miniaturization of increasingly affordable devices, this revolution really began 

in 1971, when Intel invented the microprocessor, essentially a programmable computer within a 

chip. Rapid improvements in processing power that proceeded exponentially (more on this 

below) allowed personal computers to become smaller, cheaper, more powerful, and more 

versatile. The internet, digital networks, and portable wireless devices emerged downstream of 

this invention, fundamentally reshaping communication, commerce, work, media, and politics.  

 

The transistor was the first key breakthrough. Made from semiconducting material, either 

Germanium or silicon, these miniature devices both switch and amplify electric currents.9 In 

computers, they function as rapid on/off switches that represent the binary code essential to 

programming and the logic circuits of computers (see Isaacson 2014: 141).10 

 

While Bell Labs invented the device, companies like Texas Instruments commercialized it—a 

topic I take up again in Chapter 5 of the book—crucially shifting from Germanium to silicon in 

1954 to meet the high-temperature requirements of military hardware (Misa 1985). The US 

military and NASA immediately became the primary buyers, purchasing transistors in bulk to 

guide nuclear warheads and power the Apollo program. While this “guaranteed demand” drove 

down costs (O’Mara 2019), it also exposed a critical bottleneck: the "Tyranny of Numbers" 

(Riordan and Hoddeson 1997). Complex systems like ballistic missiles required thousands of 

 
8 A computer is fundamentally “a machine that [can] perform any logical task on any set of 

symbols” (Isaacson 2014: 108). This involves several key features: the ability to translate 

symbolic mathematical language into computer code; read-write memory for both storing 

program instructions and changing them in real time; and the capacity to use data and switch 

between instructions through variable-address program language.  
9 Broadly, transistors fall into two main categories: bipolar junction transistors (BJTs) and field-

effect transistors (FETs). BJTs, such as the n-p-n junction transistor, regulate current by using a 

small base current to control a larger flow from an emitter to a collector. In contrast, Metal-

Oxide-Semiconductor FETs (MOSFETs) utilize a voltage applied to an insulated gate to create 

an electrical field that controls conductivity. While they differ in operation, both allow a low-

powered input to control a higher-powered output, enabling the amplification and switching 

functions foundational to modern computing (Horowitz and Hill 2015: 71–148; for the historical 

development of junction and field-effect transistors, see Riordan and Hoddeson 1997: 146–176). 
10 They operate as solid-state devices employing crystals to conduct current and feature at least 

three terminals, with a critical control terminal modulating current flow between the other two. 

When biased in a linear or active region—operating in a range where output is proportional to 

input—transistors amplify input signals, such as in radio receivers. Conversely, driving them 

between "cutoff" (fully off) and a low-resistance "on" state enables their function as binary 

switches (Horowitz and Hill 2015: 74–84; Sze and Ng 2007: 293–373). 



12 
 

transistors, each needing to be hand-wired to diodes, resistors, and capacitors. Workers, often 

women, assembled these tiny components using tweezers, where a single bad solder joint among 

thousands could render a missile useless. This precluded the emergence of economies of scale, 

rendering the devices unreliable and expensive (ibid). 

 

The time was therefore ripe for an innovation that could enable multiple transistors and other 

components to be manufactured on a single semiconductor substrate, drastically reducing size 

and cost while increasing reliability. As I will detail further below, the US military, particularly 

interested in making components smaller, lighter, and more reliable, led a miniaturization and 

simplification drive (see O’Mara 2019). The integrated circuit demonstrated to engineers the 

immense potential of semiconductor technology for creating complex and compact electronic 

systems, well beyond transistors that were hitherto soldered together with cumbersome wires 

(Reid 2001).11  

 

Monolithic integrated circuits revolutionized computing by simultaneously building and 

connecting transistors directly on silicon substrates (ibid). The reliable mass production of these 

devices was enabled by the groundbreaking planar manufacturing process, which was invented at 

Fairchild Semiconductor by Jean Hoerni and then refined by Jay Last (see Isaacson 2014: 184–

185; Riordan and Hoddeson 1997: 257–262). Instead of hand-wiring components one by one, 

manufacturers could now chemically “print” intricate circuit patterns onto silicon wafers, 

allowing thousands of transistors to be fabricated simultaneously in a single batch process.12 

 

The planar process’s ultimate triumph arrived in 1971 at the Intel Corporation, where the first 

commercially available single-chip microprocessor, the Intel 4004, was invented.13 This 

represented a programmable computer within a computer. Unlike previous integrated circuits 

designed for specific tasks, the microprocessor allowed engineers to program all logic operations 

on a single, generic, and reprogrammable chip. Functioning as a central processing unit (CPU), it 

integrated instruction processing, memory access, and control logic onto one piece of silicon. 

 
11 The concept of a "solid block" circuit was first proposed in 1952 by Geoffrey Dummer of 

Britain's Royal Radar Establishment, but it was realized independently in 1958–59 by Jack Kilby 

at Texas Instruments and Robert Noyce at Fairchild Semiconductor. Kilby’s initial "solid circuit" 

used germanium and required some external wire connections, while Noyce’s "monolithic" 

version utilized silicon with printed aluminum interconnections on an oxide surface—the method 

that enabled modern mass production (Riordan and Hoddeson 1997). 
12 The planar process employs photomasks—essentially film negatives—to chemically print 

intricate circuit patterns on silicon wafers. It involves repeatedly layering thin semiconductor 

materials using chemicals, gases, and light. Through a series of precise exposures, conductive 

regions (formed by introducing dopants) and insulators (often silicon oxide) are created on the 

substrate, allowing layers to be selectively etched away or added to form complete functional 

units (see Riordan and Hoddeson 1997). 
13 Following Robert Noyce’s departure from Fairchild Semiconductor, he and Gordon Moore co-

founded Intel in 1968; Andy Grove joined shortly thereafter. A team led by Federico Faggin—

including Marcian (Ted) Hoff, Stanley Mazor, and Masatoshi Shima—were behind the 

microprocessor’s development (see Isaacson 2014: 177–181; for the definitive first-person 

account, see Faggin et al. 1996). 
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This paved the way for the bulk manufacturing of standardized computational power, effectively 

democratizing access to digital logic across countless applications (Ceruzzi 2003). 

 

Initially, established firms undertook the commercialization of these technologies. Like the 

Second Industrial Revolution, the early digital era was dominated by large, vertically integrated 

companies, including AT&T, Texas Instruments, IBM, Xerox, and Hewlett Packard (Macher and 

Mowery 2004). These goliaths ran corporate research facilities—such as Bell Labs and Xerox 

PARC—that were generously financed with retained earnings; their labs focused on both 

practical engineering and basic science, introducing critical technologies like the Unix operating 

system, the C programming language, the computer mouse, and the laser printer (Gertner 2012; 

Hiltzik 1999). 

 

However, the Third Industrial Revolution soon birthed a new institutional model: the venture-

backed startup. The rise of Venture Capital allowed fledgling companies to capitalize on the 

appetite for digital technologies. This ecosystem was seeded by the "Fairchild Eight"—key 

personnel who departed Fairchild Semiconductor to establish new firms, including Intel, AMD, 

and venture firms (VC) like Sequoia Capital and Kleiner Perkins (O’Mara 2019). While each 

enterprise specialized in a particular segment, they remained interconnected through a shared 

pool of talent and professional networks (Saxenian 1994). Venture firms provided not just capital 

but "adult supervision," imposing managerial discipline and connecting startups to supply chains 

(see Mallaby 2022).14 

 

It was in this ecosystem that Apple Computer rose on the scene. Partially financed by venture 

capital, it was the first company to bring a fully assembled personal computer to the mass market 

as a consumer appliance—eliminating the technical barrier of previous "kit" computers (Ceruzzi 

2003).15 The Apple II, released in 1977, offered color graphics and a friendly user interface. 

Then, in 1979, the release of the first spreadsheet software, VisiCalc, transformed the device into 

a serious productivity tool. Priced at roughly $1,300— approximately $6,900 in 2025 dollars—

the Apple II moved computing from the hobbyist workbench to small businesses, households, 

and schools (O’Mara 2019). 

 

As I outline in Chapters 4-6 of the book, the computer industry’s structure eventually shifted 

from vertical silos to horizontal layers as the advent of the “Wintel” stack (Windows OS + Intel 

chips) standardized the interface between hardware and software. In the context of the constant 

exponential improvement in microprocessor performance known as Moore’s Law (more on this 

below), which meant ever-falling costs for ever-improving hardware, Microsoft pioneered a 

platform with high R&D costs but nearly zero marginal costs of production, generating powerful 

supply-side economies of scale that attracted developers and users alike (Shapiro and Varian 

 
14 American Research & Development Corporation (1946), founded by Georges Doriot, was the 

first modern VC firm. A generation later, firms like Sequoia Capital and Kleiner Perkins were 

formed by the "Fairchild" diaspora to professionalize this model (see O’Mara 2019). 
15 Mike Markkula provided the initial angel investment; Don Valentine of Sequoia Capital 

invested the following year (Mallaby 2022: 83–86). Venrock participated in a subsequent 1978 

funding round (Moritz 2009: 157–162). 
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1999).16 Importantly, a PC appeared on nearly every office desk as the proliferation of the 

Windows standard further reduced the cost of computing and increased the utility of business 

software, fundamentally altering the daily tasks of the average worker (Autor, et al. 2003; 

Gordon 2016: 445–460). In Chapter 6 of the book, I explore the political economy of the various 

technologies that fed into this phenomenon, focusing particular attention on semiconductors. 

 

Accordingly, just as the Second Industrial Revolution put a premium on a high school diploma, 

this new era biased the labor market in favor of college-educated workers who could operate 

complex digital tools (Goldin and Katz 2008). While computers boosted productivity, they also 

widened the wage gap between the highly skilled and the rest of the workforce (Acemoglu 2002; 

Goldin and Katz 2008); this militated against the wage compression of the mid-20th century, a 

topic I revisit in Chapter 11 of the book. 

 

By the 1990s, the digital foundation paved by computers culminated in the commercialization of 

the Internet and, eventually, the smartphone and digital platform revolutions. While the PC 

commoditized computing power, the World Wide Web commoditized information distribution. 

Dedicated internet browsers and search engines drastically reduced the costs of finding, moving, 

displaying, and processing information (Bakos 1997). In doing so, these technologies effectively 

shattered the transaction-cost barriers of the analog age—collapsing the search, distribution, and 

verification frictions that had long served as bottlenecks to market entry and innovation. 

 

By linking billions of discrete processors into a single, global network (see Greenstein 2015), the 

CDP architects moved human interaction into a digital environment where the marginal cost of 

data exchange approached zero. As observed by Bakos (1997) at the dawn of this shift, these 

diminishing search costs did more than just help buyers find sellers; they fundamentally 

reorganized the economy by enabling the "match" between diverse users that fuels multi-sided 

platforms. In Chapter 6, I document the industrial organization of the smartphone stack; in 

Chapter 8, I analyze the birth and consolidation of digital platforms, exploring how this 

wholesale disintermediation of content revolutionized the distribution of information and 

provided the high-volume training sets required for the AI revolution. 

 

INDUSTRIAL REVOLUTIONS ARE ABOUT GPTs 

 

At first glance, these three transformations appear strikingly dissimilar. The First Industrial 

Revolution was powered by coal and steam, centered in Britain, and gave rise to the factory 

system. The Second harnessed electricity and petroleum, diffused across the US and Western 

Europe, and produced the vertically integrated, multidivisional corporation. The Third ran on 

silicon and software, clustered in places like Silicon Valley, and favored venture-backed startups 

competing within horizontal, modular industry structures. Each revolution also reshuffled the 

labor market differently: the first drew workers from farms to factories; the second rewarded the 

high school diploma; the third biased demand toward college-educated workers fluent in digital 

 
16 Microsoft later entered the advertising market and developed a robust cloud infrastructure 

(Azure), but its initial dominance was built on the zero-marginal-cost economics of packaged 

software. 



15 
 

tools. Even the signature consumer products—cotton textiles, automobiles, personal 

computers—seem to belong to entirely separate technological universes. 

 

What ties these historic industrial revolutions together, however—and, as I explore later, what 

they share with the fourth one—is that they revolve around GPTs. Characterized by exponential 

technical progress and rapid product improvement cycles, as well as dizzying market expansion, 

GPTs are different than ordinary technologies like the zipper or the ballpoint pen. They 

eventually pervade the entire economy, spawn a myriad of complementary innovations and, 

eventually, after a pronounced delay, ratchet up productivity (see Bresnahan and Trajtenberg 

1995). Outside of their economic effects, they also have profound impacts on society and culture 

(Perez 2002).  

 

Realizing the commercial potential of GPTs requires significant upfront investments with long 

gestation periods, however (Perez 2002; Aghion and Howitt 1998). GPTs provide significant 

cost reductions and efficiency gains only over a considerable length of time, and after a relatively 

long period of protracted, non-linear diffusion. As Comin et al. (2006) have documented, 

adoption patterns for these technologies reveal characteristic S-curves: adoption accelerates 

sharply after crossing a critical infrastructure threshold, eventually tapering off as the technology 

approaches an upper plateau, a process I formalize in Chapter 11 of the book.17  

 

GPTs aren’t readily usable for several reasons identified in the literature.18 First, the introductory 

vintage must undergo quality improvements, which require sustained R&D. Second, 

infrastructure must be built out and capital investments in machinery and tools must occur, as 

well as in knowledge and the training of workers to use the technology. Third, the technology 

must become standardized so it can be both produced and deployed at larger scales. Fourth, the 

development of complementary intermediate goods and components must occur, as 

organizations tend to switch from incumbent systems only after a critical level of supporting 

technologies makes the investment economically worthwhile. Fifth, to fully leverage a GPTs’ 

potential, organizations must adapt their structures and processes—including hiring and training, 

and even their corporate culture. 

 

Industrial Revolutions Require a Standardization Phase 

 

 
17 In terms of a comparison of international adoption patterns, it is thus unsurprising that GPTs 

such as electricity, automobiles, and computers reached full penetration in their point of origin, 

the US, and that other countries that were also advanced adopters (e.g., Germany) show near-

parallel growth lines once they pass key inflection points, gradually narrowing the gap over time. 

Even countries that started far behind eventually exhibit substantial growth rates, reflecting 

cross-border technology transfer and rising living standards. Moreover, different technologies 

spread at different rates. Newer innovations like the internet and smart phones diffused more 

rapidly in countries that were late adopters than older technologies. This implies leapfrogging 

effects where countries that adopted a GPT later sometimes used the newest generation of 

hardware or organizational methods to accelerate adoption (see Comin et al. 2006). 
18 See generally David 1990; Bresnahan and Trajtenberg 1995; Perez 2002. 
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Technological standardization marks a transition from a more “fluid” stage of technological 

development to a more predictable one. While the fluid phase is about introducing sweeping, 

foundational changes, innovation in the standardized stage becomes incremental: focused on 

refining small aspects of the established design, not reimagining core concepts. This allows some 

approaches to design and functionality to achieve dominance over others and for performance 

criteria to become more clearly specified (Utterback and Abernathy 1975; Clark 1985).  

 

Only after new technologies become standardized and interoperability between versions 

increases that generic interfaces and best practices evolve, enabling far broader adoption that 

help transform the economy. Notable examples of technological standardization across each of 

the industrial revolutions embody this phenomenon. 

 

Let’s start with the first one. The self-acting mule transformed textile production when its 

standardized designs allowed smaller mills to adopt automated spinning without employing 

specialized mechanics for custom machinery (Allen 2009). Similarly, the Linotype machine 

revolutionized printing once its standardized keyboard layout and casting mechanisms allowed 

newspapers and print shops to adopt mechanized typesetting without extensive technical 

expertise (Huss 2005). Bottlemaking underwent a similar transformation—Owens’ 

semiautomatic machines evolved from complex, custom installations requiring specialist 

operators into standardized units that smaller glass manufacturers could readily implement 

(Miller and McNichol 2012).   

 

The Second Industrial Revolution is also instructive, especially when it comes to steelmaking. 

This era saw a surge in demand for steel, an iron alloy offering superior malleability and strength 

compared to cast iron.  

 

Standardization made a big difference. Steelmakers eventually refined their diagnostic and 

calibration techniques through systematic trial and error in ways that standardized the approach. 

They honed techniques that furnished them with precise control over temperatures, movements, 

and timing sequences throughout the process—whether in pouring the molten pig iron, 

manipulating the converter’s tilt, controlling the air flow, or shaping and cooling the steel. The 

Bessemer converters gradually matured as standardized furnace designs, consistent chemical 

practices, and improved refractory linings emerged (see Menaldo 2021).  

 

By the mid-20th century, international steel standards for chemical composition and tensile 

strength streamlined advanced techniques like basic oxygen steelmaking while ensuring 

consistent quality across applications—from railway construction to shipbuilding, machine 

manufacturing, and bridge building (Gilbert 2012; Nuvolari 2019). Plants clinging to older 

furnaces or partial improvements risked being outpaced in productivity and cost per ton. 

 

In construction, uniform profiles for structural components like I-beams and H-beams provided 

engineers with predictable material properties, simplifying both the design of buildings and 

bridges and their fabrication. Over time, these developments underwrote a massive expansion in 

infrastructure investment (see Ollivier et al. 2014). 
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A similar process governed the innovations associated with the energy sources that powered the 

first and second industrial revolutions. Once boiler and engine designs became standardized and 

reliable, shipping lines could retrofit existing vessels to use steam without maintaining 

specialized engineering teams at each port (Ville 2004). As they crossed previously 

unimaginable horsepower thresholds, this precipitated a rapid decline in transportation costs. 

More efficient steam engines allowed shippers to more cheaply move massive cargos across 

continents and oceans, which incentivized the development of refrigerated shipping. Together, 

these technologies gave rise to trade in perishable goods at a global scale and international food 

brokerage. Moreover, they also facilitated international passenger travel and tourism. Similar 

standardization efforts created a truly integrated railway network (Gross 2016). The gradual 

move toward standardized gauges allowed rolling stock to move across lines and reduced the 

costly breaks‑in‑gauge that had previously forced passengers and freight to transfer between 

incompatible systems (Puffert 2002; Gross 2016). 

 

Likewise, as I outlined in Chapter 1 of the book, electrification only achieved widespread 

adoption in manufacturing after standardized motors, uniform current specifications, and plug-

and-play power transmission systems eliminated the need for each factory to essentially operate 

as its own power plant with unique mechanical configurations (Devine 1983). This itself 

depended on the standardization of electrical power delivery when the AC standard usurped the 

DC standard (David and Bunn 1988). 

 

Computers and Standardization 

 

Perhaps the most instructive example of standardization processes that underpinned an industrial 

revolution is the evolution of computing and networking during the Third Industrial Revolution. 

Early computers were expensive, room-sized machines that operated in isolation, often requiring 

unique, proprietary code. For the digital revolution to scale, the industry had to converge on 

dominant architectures that allowed software and hardware to decouple. 

 

As I document in Chapter 5, dominant semiconductor firms like Intel and Texas Instruments 

eventually drove this convergence. By establishing industry standards—most notably the 𝑥86 

instruction set architecture for microprocessors—they fostered a collaborative ecosystem where 

software written for one machine would work on millions of others. This benefited both supply 

chain partners (suppliers of silicon wafers and specialized chemicals) and downstream 

competitors, creating a positive feedback loop that locked in the standard and lowered the cost of 

innovation for everyone else (see Gawer and Cusumano 2002). 

 

The emergence of the personal computer (PC) in the late 1970s and early 1980s accelerated this 

shift. Standardized hardware architectures, such as the IBM PC standard, and the development of 

user-friendly operating systems like MS-DOS and later Windows, transformed computers from 

arcane tools into accessible devices for individuals and small businesses. Standardization fueled 

a surge in software development and broadened the PC’s user base, creating a virtuous cycle of 

innovation and adoption. 

 

The PC revolution enabled by these developments laid the groundwork for the next major 

technology that defined the Third Industrial Revolution: the internet. Its transformation from an 
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inscrutable network used primarily by academics and researchers that required significant 

technical expertise to navigate to the widespread use of a user-friendly product depended on a 

standardized foundation for data transmission across disparate networks. Specifically, TCP/IP 

enabled computer communication, HTML created a common data language, HTTP provided a 

platform to share this language, URLs established addressing conventions, and the World Wide 

Web offered a browsing portal.  

 

Once these overlapping standards were in place, the technology’s widespread adoption ensued. 

The interoperability and ease of use created by these common protocols and languages lowered 

barriers for developers and users alike, allowing a diverse range of applications and services to 

flourish and attract a massive user base (Greenstein 2015). The introduction of user-friendly web 

browsers with similar features like Mosaic and Netscape Navigator further democratized access, 

spurring the growth of e-commerce and online services. 

 

The rise of the internet also created a rapidly increasing demand by organizations for a powerful 

and reliable server infrastructure to host websites, email services, databases, and other online 

applications (ibid). By extension, this catalyzed the development of on-site servers typically 

housed in dedicated server rooms or data centers within organizations that ran on operating 

systems like Unix, Linux, or Windows Server (West and Dedrick 2003).19 Greater compatibility 

and interoperability between different hardware vendors was made possible by standardized 

server architectures (Baldwin and Clark 2000). This, in turn, facilitated the development of 

standardized server management tools, software, and networking technologies essential for 

connecting servers to the internet and to each other, including faster Ethernet standards, 

improved routing protocols, and sophisticated network devices like switches and routers 

(Mohindroo 2023). 

 

The next stage of this evolution, and the twilight of the Third Industrial Revolution, saw the rise 

of cloud computing. Providers like Amazon Web Services (AWS), Microsoft Azure, and Google 

Cloud Platform (GCP) began to offer Infrastructure as a Service (IaaS), Platforms as a Service 

(PaaS), and Software as a Service (SaaS).20 Once again, standardization was critical: Cloud 

 
19 This development was itself contingent upon advancements in key hardware components: 

more powerful CPUs, increased RAM (Random Access Memory) capacity, larger and faster hard 

drives (later transitioning to solid-state drives or SSDs), and improved cooling systems to 

manage the increased heat generated by these high-performance components (Hennessy and 

Patterson 2019). 
20 IaaS gives users access to fundamental computing resources like virtual machines, storage, and 

networking, allowing them to manage the operating systems, middleware, and applications 

themselves. Examples of IaaS offerings include AWS EC2, Azure Virtual Machines, and Google 

Compute Engine. PaaS provides a platform for developing, deploying, and managing 

applications without the need to manage the underlying infrastructure, allowing users to focus 

primarily on coding and application development. AWS Elastic Beanstalk, Azure App Service, 

and Google App Engine are examples of PaaS. Finally, SaaS provides ready-to-use applications 

accessible over the internet through a web browser or other client application, completely 

abstracting away the need for users to manage any infrastructure or software. Examples of SaaS 



19 
 

computing relies heavily on virtualization technologies (like hypervisors) and established 

internet protocols (TCP/IP, HTTP, etc.) to deliver these services over the internet (Ledin 2020).21 

And, similar to the other stages of the Third Industrial Revolution outlined above, this shift 

further democratized access to powerful computing resources, allowing businesses and 

individuals to leverage scalable infrastructure—including virtual machines, storage, databases, 

and networking—without the need for large upfront investments in physical hardware, data 

center space, and ongoing maintenance (Armbrust et al. 2010). 

 

In Chapters 5 and 6 of the book, I explore the standardization of Third Industrial Revolution 

technologies in greater detail and focus particular attention on the smartphone and its 

telecommunications infrastructure. 

 

Having traced standardization's historical trajectory, we can now examine why it happens in the 

first place—or fails to. This matters greatly because the various examples I introduced above 

imply their obverse: a lack of process or product standardization can introduce a range of 

difficulties that slow the diffusion of GPTs. The absence of standards delays the development of 

complementary and compatible products. Alternatively, it may make it difficult to transfer 

knowledge and know-how about how to deploy and make best use of the new technology.  

  

Political Economy of Standardization 

  

Basic microeconomics and canonical insights from industrial organization help explain 

differences in the timing of technological adoption. Some organizations may be more precocious 

than others if their industry is more competitive, the capital costs of adoption are relatively low, 

and their corporate culture embraces risk taking (see Mansfield 1961). The lesson is that firm-

level characteristics can explain which organizations adopt first, but not whether a technology 

achieves widespread diffusion. 

 

However, technological standardization and adoption dynamics are best understood through the 

lens of strategic interaction and coordination games, specifically the “Stag Hunt.” When all 

parties share identical interests—say, choosing a common technical standard—the socially 

optimal outcome (everyone “hunts stag”) dominates. However, the very expectation of what 

everyone else will do can pin players into a suboptimal outcome. In a Stag Hunt, there are two 

pure-strategy Nash equilibria: hunting stag together (high payoff for everyone, but disastrous for 

the lone hunter), and hunting hare alone (lower payoff, but safe even if your partner defects). 

 

include Salesforce, Google Workspace, and Microsoft 365. On these general points see Mell and 

Grance (2011). 
21 Virtualization, enabled by hypervisors like Xen, KVM, and VMware vSphere, allows multiple 

virtual machines (VMs)—software emulations of physical computers—to run concurrently on a 

single physical server, maximizing hardware utilization and resource flexibility. The key internet 

protocols that make cloud computing possible are TCP/IP for reliable data transmission, 

HTTP/HTTPS for web-based services and APIs, and DNS for translating domain names into IP 

addresses, enabling clients to locate cloud servers (see Hwang et al. 2011). 
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Although the “hunt-stag” equilibrium is Pareto-superior, it carries risk: if you break ranks and go 

after stag while everyone else opts for hare, you get nothing.22  

 

This is where focal points help. These are a solution to a coordination dilemma that actors tend to 

choose by default because it seems natural, special, or relevant (Schelling 1960). In the case of 

the Stag Hunt game, a focal point—such as a government-endorsed standard, a dominant firm's 

public commitment, or an industry consortium's declaration—can shift expectations so that all 

players anticipate others will "hunt stag," thereby making it individually rational to coordinate on 

the Pareto-superior equilibrium.  
 

However, it may also be the case that as path dependence deepens a collective expectation, the 

Pareto-inferior equilibrium may become locked in—once “hare” (a fragmented or inferior 

standard) is entrenched, coordinating a switch feels prohibitively risky. This explains why 

markets often stay stuck in inferior norms until an external focal pivot—such as a government 

mandate or a credible institutional commitment—reshuffles expectations toward the Pareto-

superior outcome. 

 

Similarly, in the context of early-stage technology diffusion, the market often faces a 

coordination game characterized by multiple potential equilibria—for example, the industry 

could standardize on 𝐷𝑒𝑠𝑖𝑔𝑛 𝐴 or 𝐷𝑒𝑠𝑖𝑔𝑛 𝐵, but it remains trapped in a suboptimal state of 

fragmentation where neither alternative gains enough traction. In the absence of a dominant 

design, rational firms often delay investment to avoid the risk of adopting a “stranded” 

technology—a classic deadlock where the market splits between incompatible standards or 

stagnates entirely (Farrell and Saloner 1986). Consider once again the “fragmentation” of early 

19th century rail gauges discussed earlier: without a coordinating body, regional lines remained 

trapped in a “hare” equilibrium of incompatible tracks, slowing down the railroad’s diffusion.  

 

While I will explore the role of the state in breaking these kinds of technological impasses later 

in the section of this appendix, after that I will also discuss the logic of coordination games with 

distributional conflicts of interest (operationalized as a “Battle of the Sexes”) and how fights 

between interested parties over the spoils of getting on the same page to create common 

standards impact technological interoperability and continued innovation.  

 

Standardization: Necessary, but Not Sufficient 

 

Besides standardization, new GPTs also require complementary investments to reach their full 

potential—everything from updated management structures to upgraded supply chains (David 

1990; Bresnahan and Trajtenberg 1995). While competitive pressures drive firms to continuously 

refine and expand technology applications (Cohen et al. 2019), to integrate standardized 

technologies into their workflows and cultures effectively they must also rewire their 

 
22 In economics, an outcome is “Pareto superior” to another if at least one party is better off and 

no one is worse off. In the Stag Hunt scenario, the “Stag” equilibrium is Pareto superior to the 

“Hare” equilibrium because all participants earn a higher payoff by coordinating than they would 

by acting safely alone. 
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infrastructure and train their human capital. These investments can take years to implement 

effectively (Brynjolfsson and Hitt 2000). I now explore several examples of this phenomenon. 

 

Steel 

 

The evolution of the modern steel industry provides a compelling example of the synergy 

between standardization and organizational adaptation.23 Large-scale steel production came to 

rely on heavy machinery and assembly-line techniques to transform iron ore into finished 

products. However, revolutionizing the industry required more than just machinery; it called 

upon mills to train skilled smelters, codify workflows, and invest in massive new infrastructures. 

 

As I outlined above, while early steelmaking involved byzantine purification processes, the 

Bessemer process perfected in the 1860s allowed for mass production by blowing compressed air 

through molten pig iron to burn off impurities.24 While groundbreaking, this process was 

notoriously difficult to control, however. Early adopters struggled with inconsistent steel quality 

due to difficulties controlling oxygen content and impurities. Mastering the technique required 

significant expertise in temperature control, timing, and mechanical precision, leading many 

traditional producers to stick to older, slower methods like puddling or crucible techniques.  

 

Diffusion required organizational learning. Steelmakers eventually refined their diagnostic 

techniques through trial and error, moving from ad-hoc experimentation to standardized furnace 

designs and chemical practices. Foundries shifted to complex two-stage melting processes—

pouring molten iron directly into preheated converters—which required a total reorganization of 

the plant floor. Importantly, this "learning by doing" was often assisted by roaming technicians 

and consultants deployed by Henry Bessemer himself. Beyond teaching the core metallurgy, 

these experts helped clients install hydraulic systems, calibrate machinery, and modify coke-

making ovens. Plants invested not only in physical infrastructure but in extensive employee 

training and cultural shifts to accommodate the relentless pace of the new batch processing. 

 

Computers 

 

Computers are another quintessential example of how standardization requires organizational 

adaptation for a technology to consolidate and spread. Consider that the memory chips and 

silicon microprocessors that power personal computers were introduced in 1971. Yet, 20 years 

later, computer equipment still accounted for a negligible share of the nation’s capital stock. 

Different sectors adopted computers at different times and for different reasons. When firms did 

pull the trigger, however, they shared one thing in common: they had invested in complementary 

changes to make the best use of these machines (David 1990).  

 

Take retail as an example. In 1991, Walmart embedded a new software system—Retail Link—

into its logistical operations, granting suppliers real-time access to sales and inventory data 

 
23 This narrative about the steel industry draws heavily on Menaldo (2021). 
24 Henry Bessemer’s basic steelmaking patent was granted in 1856 to his firm Henry Bessemer 

and Company. Over the years, he also patented numerous improvements upon his original 

process. In the United States, William Kelley obtained a patent for a similar technique in 1857. 
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(Stalk, Evans, and Shulman 1992; Fishman 2006). This investment fundamentally transformed 

the superstore chain's supply chain from a more reactive, order-based system to a proactive, data-

driven network where information flowed freely between the retailer and its suppliers, leading to 

significant improvements in efficiency, cost reduction, and responsiveness to customer demand. 

For it to work, however, Walmart had to make complementary changes to its hiring and training 

protocols, business processes, physical infrastructure, and software (Brynjolfsson and Hitt 2000). 

 

Other large retailers soon followed suit, onboarding similar data-sharing platforms—but only 

after undergoing complementary changes of the sort Walmart undertook. This meant hiring 

specialists in demand forecasting and supply chain analytics to optimize inventory levels, 

alongside network engineers to maintain the technical backbone (Bresnahan et al. 2002). It also 

required investing in physical capital, such as robust data warehouses and automated reordering 

systems. Crucially, firms had to shift to frequent-delivery inventory management enabled by bar 

code scanning, a process that required not just new software, but a fundamental retraining of 

store managers and buyers to collaborate directly with suppliers on production planning (Holmes 

2001; Abernathy et al. 1999). 

 

GPTs Experience Exponential Improvements 

 

During previous industrial revolutions, once standardization took hold, the GPTs associated with 

these events experienced exponential—or at least quite rapid—gains across key performance 

metrics. These improvements were coupled with precipitous falls in quality-adjusted prices. 

Increased affordability further democratized access to these technologies, stimulating novel 

applications and catalyzing entirely new industries (Jovanovic and Rousseau 2005). 

 

The Paradigmatic Example: Microprocessors 

 

Famously, the Third Industrial Revolution was powered by Moore’s Law, the observation—first 

articulated by Gordon Moore, Intel’s cofounder—that the number of components (and later, 

transistors) on leading-edge integrated circuits rises at an approximately exponential pace, 

historically on the order of a doubling every year or two (Moore 1965; Burg and Ausubel 2021). 

In turn, this phenomenon drove remarkable improvements in the miniaturization, efficiency, and 

affordability of the computers these chips powered.25 In 1971, Intel released the 4004, the first 

commercially available microprocessor, with just 2,300 transistors on a single chip. Although 

initially designed for calculators, the concept of a “computer on a chip” soon expanded to word 

processing, basic communications, and other general-purpose functions (Faggin et al. 1996). By 

1978, Intel’s 8086 processor had climbed to 29,000 transistors, laying the foundation for the 

IBM PC era. Exponential improvements continued during each of the subsequent decades. Table 

S.1 summarizes the major commercial accomplishments that occurred between 1971 and 2020. 

 

Table S.1 Key Milestones in Processor Advancement 

 
25 Market analysts track this progress in several ways, including: (1) transistors per 

microprocessor, (2) cost per transistor, (3) processor performance—often expressed in MIPS or 

FLOPS, (4) power consumption per transistor, (5) process node (nm) and die size, (6) memory 

capacity, (7) clock speed (GHz), and (8) economic output per transistor. 
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Year Processor 
Transistor 
Count 

Significance 

1971 Intel 4004 2,300 
The world’s first commercially available 
microprocessor 

1974 Intel 8080 4,500 
An 8-bit microprocessor that became the 
basis for many early computers 

1978 Intel 8086 29,000 
The first 16-bit microprocessor; established 
the x86 architecture 

1982 Intel 80286 134,000 
Introduced protected mode; used in the IBM 
PC/AT 

1985 Intel 80386 275,000 
The first 32-bit microprocessor; enabled 
multitasking 

1989 Intel 80486 1,200,000 
The first x86 chip to break the 1 million 
transistor barrier 

1993 Intel Pentium 3,100,000 Introduced superscalar architecture 

1997 Intel Pentium II 7,500,000 Improved multimedia performance (MMX) 

1999 Intel Pentium III 9,500,000 Added SSE instructions for Internet/media 

2000 Intel Pentium 4 42,000,000 
NetBurst microarchitecture aimed at high 
clock speeds 

2006 Intel Core 2 Duo 291,000,000 Shift to multi-core processing for efficiency 

2008 Intel Core i7 731,000,000 
Nehalem architecture; integrated memory 
controller 

2011 
Intel Core i7 
(Sandy Bridge) 

1,160,000,000 Integration of graphics on the same die 

2017 AMD EPYC 7000 19,200,000,000 
High-performance server chip utilizing multi-
chip module design 

2020 Apple M1 16,000,000,000 
System-on-Chip (SoC) demonstrating the 
shift to high-efficiency ARM architecture 
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Notes: Data for Intel processors (1971–2011) are official company figures. Data for 2017 and 

2020 represent confirmed counts for AMD and Apple processors, reflecting the industry shift 

where Intel stopped publishing official counts for consumer desktop chips.  

Sources: Intel Corp. (2011); Rupp (2018); Apple (2020); AMD (2017). 

 

Meanwhile, Figure S1.1 charts processor performance per inflation‐adjusted dollar, revealing 

Moore’s Law. On the vertical axis, performance (measured in MIPS) is plotted on a logarithmic 

scale, while the horizontal axis spans 50 years of semiconductor progress. The data reveals a 

steep upward trajectory from the early 1970s to 2020. This means that every inflation‐adjusted 

dollar spent on a microprocessor at any of the points in time depicted in this graph bought orders 

of magnitude more computing power and a relentless decline in computing costs. 

While the conventional wisdom is that Moore’s Law proceeded inexorably, what actually 

powered transistor counts’ steep upward trajectory were deliberate and sustained efforts to 

improve both chip design and manufacturing methods (Burg and Ausubel 2021).26  

 

Semiconductor firms determined to keep shrinking die sizes and pushing the limits of circuit 

design to increase transistor density deployed generous R&D money and engaged in constant 

experimentation (Galetovic 2021). Intel was the undisputed industry leader behind these 

efforts—a topic I elucidate in Chapter 5 of the book.  

 

Figure S1.1 Charting Moore’s Law Over Time 

 

 
26 Engineers were able to devise creative solutions to the formidable technical challenges posed 

by heat dissipation and electron leakage at ever-smaller scales, ensuring the viability of 

continuous transistor miniaturization. Firms poured resources into R&D to invent or refine new 

process technologies—examples include strained silicon, where it is physically stretched at the 

atomic level to let electrons move more freely; high-κ dielectrics, which reduce power loss and 

permit thinner insulating layers; and FinFET transistor architectures, three-dimensional designs 

featuring thin “fins” for better control over electron flow. Working together, these breakthroughs 

steadily improved efficiency and speed while preventing the chip from hitting physical limits 

(see generally Hennessy and Patterson 2019). 
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Notes: MIPS (Million Instructions Per Second) is a measure of the execution speed of a 

computer processor. It indicates how many millions of instructions a processor can execute in 

one second. The data is for key processor models released between 1971 and 2020, selected 

based on their significance and availability of performance data. In cases where data for specific 

years was not available, values were interpolated based on trends and known data points. 

Processor list prices and performance figures are compiled by the author from manufacturer 

documentation and contemporaneous trade-press reporting. The costs were adjusted for inflation 

using the Consumer Price Index (CPI) values. The MIPS per inflation-adjusted dollar was 

calculated by dividing the processor performance (MIPS) by the adjusted cost in 2020 USD. The 

values were then transformed into their natural logarithms.   

Sources: Intel Corp. (2011); Roser and Ritchie (2013); Moore (1965); Burg and Ausubel (2021); 

BLS (2025a); and author calculations. 

 

As computing and communications capabilities spread in the wake of the plummeting price for 

ever-improving chips, consumers and businesses benefited greatly. In the second half of the 

1990s, semiconductor-driven advances and improved processor technology drove sharp declines 

in constant-quality price indexes for information technology—a mechanism identified by 

Jorgenson (2001) as central to the late‑1990s growth resurgence. Practically speaking, fully 

configured early personal computers such as the 1981 IBM PC cost roughly $10,000 in 2025 

dollars, yet delivered only modest computing resources (see IBM 2025). By the late 1990s, 

however, much more powerful and accessible PCs were available at about 1/10th the 

quality‑adjusted price (McCarthy 2001). 

 

During the early 21st century, progress continued apace. Continuous gains in transistor density 

allowed processors like the Intel Core series to pack billions of transistors, delivering massive 

increases in computational power and energy efficiency within ever-smaller chassis. This 

phenomenon enabled the development of lightweight, portable machines that retailed for $300 to 

$500 (in 2025 dollars) and accelerated the diffusion of interconnected personal computers into 
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businesses and households (Martin 2021), setting the stage for near-universal market penetration. 

By 2021, 95% of US households reported owning a computer (Mejía 2024). The world would 

never be the same. 

 

Just as the steady cadence of Moore’s Law governed the Third Industrial Revolution, the Fourth 

is governed by its own set of “scaling laws.” As I demonstrate in several of the book’s chapters, 

during the early 2020s Artificial Intelligence models mirror this distinctive pattern of exponential 

performance gains coupled with plummeting costs. Specifically, I show that AI models were 

growing like gangbusters across key metrics, including training compute and parameter counts. 

 

INDUSTRIAL REVOLUTIONS’ MACROEFFECTS 
 

The long run economic consequences of industrial revolutions are profound, as they are 

characterized by compounding growth in both the productive capacity of the economy and 

improvements in average living standards (McCloskey 2016). This is almost entirely due to 

increases made on the intensive, rather than extensive, margin (McCloskey 2016; Mokyr 2016). 

For example, consider that US Total Factor Productivity (TFP) grew at an unprecedented 1.89% 

annually between 1920 and 1970, which Gordon (2016) attributes to the widespread diffusion of 

GPTs such as electricity.27 Consumers benefited twice over, enjoying new products and 

plummeting prices (Chandler 1990; Gordon 2016). 

 

To visualize the power of this compound growth, we can hold quality constant and look at the 

cost of production. If annual TFP growth clocks in at roughly 1.9% over a 50-year period, the 

efficiency of the economy improves by a factor of 2.5. This implies that by the end of the period, 

a factory could produce the exact same widget using less than 40% of the inputs—labor, energy, 

and capital—required at the start. A famous precedent for this is the Ford Model T: between 1909 

and 1924, the car itself barely changed, yet Ford’s relentless process innovations slashed the 

nominal price from $950 to $290. In real terms, the input intensity required to put a Model T on 

the road fell almost 70%, attesting to the "free lunch" of productivity growth (Hounshell 1984). 

 

Yet, many economists have noted that the GPTs associated with industrial revolutions suffer 

from a “productivity paradox”: upon introduction, productivity growth lags the outsized 

expectations about their transformative impact; it may even fall pronouncedly (Solow 1988; 

Brynjolfsson et al. 2021). In the language I develop in Chapter 11, there is a persistent gap 

between a technology's "Potential Yield" (its theoretical capacity to transform production) and its 

"Realized Yield" (the actual output gains observed in the economy).  

 

I outlined some of the reasons for this phenomenon above. In the early stages, firms must 

undergo substantial reorganization before realizing the full benefits of innovation; as they learn, 

 
27 It’s little wonder then that the Second Industrial Revolution witnessed the ascendance of 

American economic supremacy. Indeed, as early as the 1890s, the U.S. had become the world’s 

largest economy and one of its most prosperous nations, surpassing the United Kingdom in 

technological prowess, industrial intensity, and overall prosperity (Nelson and Wright 1992). 

Consider that, by 1929, the American share of global motor vehicle exports exceeded 70%, 

signaling the country’s unparalleled industrial might (ibid: 1945). 
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train, and retool to adopt new GPTs, firms divert resources and time away from their everyday 

activities. While resources are redeployed to get the technology up and running and widely 

disseminated, learning by doing means inefficiencies pile up during the short term. As a result, 

measured labor productivity across an economy can stagnate or even dip while companies figure 

out how best to integrate new technologies. However, once the necessary adjustments and 

complementary innovations take hold and new technologies are widely deployed, productivity 

begins to climb—often sharply. During the transition process, productivity growth moves from 

the new technologies themselves to their use in society. 
 

For example, during the 1950s, productivity growth moved from being dominated by 

manufacturing to being dominated by distribution (Field 2003). While the spread of new 

infrastructure, such as the interstate highway system, accounted for part of this, the biggest factor 

was containerization, which allowed the older infrastructure (ships and railways) to utilize the 

newer technologies and infrastructure (trucks and highways) in a way that made them both far 

more productive (Brooks et al. 2021).  

 

The same was true during the Third Industrial Revolution. Central processing units 

(programmable microprocessors) were widely adopted throughout the US economy in novel 

ways. As I reviewed above, companies like Walmart pioneered innovations in supply chain 

management and warehousing—including the widespread implementation of barcodes, computer 

networks, and data storage—which subsequently spread to competitors like Target. These 

technological advances enabled retailers to forecast sales accurately, reduce inventories, 

minimize waste, cut costs, adopt standardized product labeling, and create interoperable 

production and sales information systems that could automatically share standardized data 

throughout global supply chains and between retail locations (see Bonacich and Hardie 2006: 

108). The economy wide knock-on effect was faster productivity growth (Gordon 2016). 

 

This dynamic partly explains why US labor productivity followed a J-curve trajectory.28 It 

averaged only about 1.4% from 1970 to 1994, despite the emergence of computers and early 

internet services (Gordon 2016). During this period, firms were investing in IT hardware and 

software, but the organizational changes needed to leverage these technologies across the 

economy took another decade or more to unfold. However, once these organizational changes 

and complementary investments began to take effect, and businesses learned how to effectively 

leverage these technologies, US labor productivity experienced a significant upswing. It grew 

about 2.3% per year from 1994–2004 (Gordon 2016), demonstrating the delayed, powerful 

impact of the IT revolution.  

 

In Chapter 11 of the book, I formalize these recurring historical patterns—slow diffusion, the 

friction of standardization, and the gap between potential and realized yield—into a unified 

economic framework. That model will demonstrate mathematically why the “Productivity 

Paradox” is not a bug, but a feature of the transition to a new GPT and foretells a similar 

trajectory for AI. 

 

Automation and Jobs 

 
 

28 The productivity numbers can be found in Jorgenson et al. 2008 and Gordon 2016. 
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In terms of employment, GPT waves have caused short-term disruptions requiring worker 

reskilling, but have ultimately created more jobs than they destroyed. When automation reduces 

production costs, the resulting scale economies and quality improvements can boost final-

product demand, expanding both industry size and labor demand—though often accompanied by 

transformed job requirements and wage structures. Thus, automation has typically led to higher 

employment, albeit with significant changes in workers’ required skills and productivity 

expectations (see Autor 2015). 

 

Consider the textile industry’s transformation during the Industrial Revolution. Before 

automation, textile production was highly labor-intensive, with spinners and weavers working 

from homes or small workshops using hand-operated equipment. When innovations like the 

Spinning Jenny (1760s), Water Frame (1770s), and Power Loom (1780s-1790s) arrived, they 

dramatically increased production efficiency. While weavers initially revolted, fearing job losses, 

the reality proved more complex. As cloth production costs plummeted, demand for textiles—

especially cotton fabrics—soared. British textile mills expanded capacity and ended up hiring 

more workers overall, though for different tasks: preparing machines, handling raw materials, 

finishing and packing cloth, and maintaining equipment (Bessen 2015).  

 

Indeed, while fewer workers performed basic weaving, more took on supervisory or technical 

roles managing multiple looms or conducting repairs that called on higher levels of human 

capital. As Bessen (2015) argues in the case of New England’s “Rhode Island System,” the 

process of developing expertise in textile production involved several distinct types of 

knowledge acquisition and skill development. Workers acquired specific procedural knowledge, 

such as learning the precise techniques for tying knots essential to the weaving process. They 

simultaneously developed physical proficiency through practicing manual operations to discover 

the most efficient movements, such as quickly replacing an empty shuttle without disrupting the 

weaving rhythm.  

 

Perhaps most importantly, workers gained technical knowledge through continuous 

experimentation, learning critical adjustments like how to properly regulate tension on the warp 

threads to minimize breakage and mastering the complex coordination required to operate 

multiple looms simultaneously. This multilayered learning process combined explicit instruction, 

physical practice, and experiential problem-solving to create the comprehensive expertise needed 

for efficient textile production. Those who could operate and maintain machinery in this manner 

earned higher wages than simple laborers. The automotive industry offers another compelling 

example across two waves of automation.  

 

In the first wave, Ford’s introduction of the assembly line in 1913 standardized production tasks 

and slashed costs, making cars affordable to a mass market. As demand exploded, automakers 

hired more workers to run assembly lines, operate stamping presses, and staff paint shops. The 

automaker’s famous $5 daily wage—more than double the prevailing rate—was neither charity 

nor a mere recruitment tactic. It was a rational economic strategy grounded in the massive 

productivity surplus the assembly line created. Because the new continuous-flow process was 

intense and fragile, annual worker turnover had skyrocketed to nearly 370%. By sharing a 

portion of the technology-driven windfall with workers, Ford slashed these turnover costs, 

combated absenteeism, and secured the strict discipline required for mass production (Raff and 
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Summers 1987). While traditional mechanics were replaced by specialized line workers, new 

roles emerged for technicians, foremen, and industrial engineers who organized production, 

maintained equipment, and improved processes (Hounshell 1984). 

 

Later, when robotic arms arrived in auto plants in the 1980s for welding, painting, and lifting, 

predictions of massive job losses again proved premature. As output and quality standards rose, 

carmakers needed more design engineers, robotics technicians, quality managers, and supply-

chain coordinators. While robots took over repetitive tasks, humans shifted to roles requiring 

dexterity, judgment, or problem-solving. Workers programming robots or maintaining automated 

systems often earned above-average manufacturing wages (Graetz and Michaels 2018). 

 

Famously, it is a widely repeated fact that while bank tellers faced automation pressure as ATMs 

substituted for some routine transactions, more bank teller jobs were ultimately created than 

destroyed: yes, the number of tellers per branch fell but banks expanded branches and shifted 

teller duties toward customer-facing service tasks rather than simply eliminating the occupation 

(Bessen 2015; Autor 2015; Klein 2019).29 ATMs made it economical for banks to operate more 

branches and expand services like business advising and mortgage consulting. While each branch 

needed fewer traditional tellers, the growing branch network and broader service offerings 

created new roles in relationship banking, financial product sales, IT, security, and compliance. 

Many of these positions commanded higher wages given their enhanced skill requirements. 

And even though from the 2000s onward optical character recognition and robotic process 

automation decimated data-entry roles, rendering the manual keying of information obsolete 

(Ramirez 2024), this destruction paved the way for creation: as data-entry positions withered, 

demand surged for the data analysts and engineers needed to govern these complex information 

systems (Jaiswal 2025). 

Similarly, while desktop publishing software in the 1980s and 90s decimated the ranks of 

traditional typesetters and paste-up artists, it birthed the entirely new (and far larger) professions 

of graphic design and web development, demonstrating that automation often lowers the barrier 

to entry for creative work rather than eliminating it entirely (Bessen 2015). 

 

These cases demonstrate how automation can trigger virtuous cycles: lower production costs 

expand markets, creating demand for new types of skilled labor that complement the technology. 

Job content evolves—often toward more technical and service-oriented roles—and overall 

employment can grow as industries scale up. While certain tasks may be automated away, 

expanding markets and evolving job roles can maintain or increase labor demand, particularly for 

workers who develop the knowledge and flexibility to work alongside new technologies. In 

Chapter 11 of the book I formalize this insight. 

 

However, these virtuous cycles were neither automatic nor guaranteed. While the long-run view 

shows equilibrium and growth, the short-run reality of these industrial revolutions was often 

 
29 Pace the discipline’s penchant for trotting out this old horse of an example (of an old 

occupation thriving after creative destruction), BLS (2025o) projects a 13% decline in teller 

employment over 2024–2034 as digital banking increasingly substitutes for physical branches. 
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characterized by chaotic friction. As the next section details, the transition to a new GPT is 

frequently beset by severe market failures—from coordination problems to underinvestment in 

basic science—that private actors cannot solve on their own. It is here that the state enters the 

stage, not merely as a regulator, but as an indispensable midwife to the new economy. 

 

MARKET FAILURES MUST BE SOLVED FOR GPTs TO REACH THEIR POTENTIAL 

 

While industrial revolutions motored by the emergence and diffusion of GPTs represent 

transformative periods in economic history that dramatically reshape production processes, 

business models, and social structures, they do not materialize automatically through market 

forces alone. Significant market failures at various stages of innovation mean that GPTs are 

underprovided or fail to diffuse. This necessitates strategic government intervention to help 

ignite and sustain industrial revolutions.  

 

To help understand why, consider Romer’s (1986) endogenous growth model, which is 

predicated on the notion that non-rival ideas generate increasing returns at the aggregate level. 

Unlike standard economic thinking, where diminishing returns typically curb long-term growth 

(e.g., Solow 1956), knowledge spillovers enable the productivity benefits of R&D to multiply 

across the entire economy. 

 

Empirical studies lend support to this perspective. Researchers have found that the social return 

to R&D often exceeds the private return (Griliches 1992; Hall 1996). In other words, when a 

firm invests in creating new ideas or technologies, much of the benefit accrues not just to that 

firm, but to other firms and individuals as well. Indeed, Nordhaus (2004) estimates that 

innovators can capture only about 2.2% of the total surplus from innovation, with the remaining 

benefits accruing to society at large. Faced with such a meager slice of the pie, rational private 

actors will consistently underinvest in the basic research required to launch a GPT, leaving 

trillion-dollar bills on the sidewalk simply because they cannot privatize the pickup. 

 

Figure S1.2 The Underprovision of Ideas as a Market Failure and the Government’s Role 
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Notes: Supply curves are drawn as linear and parallel for expositional clarity; the qualitative 

results hold under more general functional forms. 𝑄₁ = market equilibrium; 𝑄₂ = socially 

optimal equilibrium. The framework follows the standard Pigouvian treatment of positive 

externalities (Pigou 1920). 

 

Following Pigou (1920), Figure S1.2 explicates the logic of how this divergence between private 

and social returns leads to underinvestment in innovation—and how government intervention 

solves this market failure. The solid downward-sloping line represents the aggregate Demand for 

Ideas, which reflects the value consumers and society place on each additional innovation. 

 

The graph displays two different supply curves. The higher, dashed line represents Private 

Marginal Cost—the full, unsubsidized cost that private firms must bear to generate new ideas. 

The lower, dash-dot line represents the Social Marginal Cost. This lower curve reflects the 

"effective" cost to society when the positive externalities of innovation are accounted for. The 

vertical distance between these two curves represents the per-unit positive externality—the 

spillover benefit that each innovation generates for the broader economy but that private firms 

cannot capture. Left to its own devices, the market settles at 𝑄₁, where firms produce fewer ideas 

at a higher price (𝑃₁). 
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The hatched triangle represents deadweight welfare loss—the economic inefficiency that occurs 

when the market produces fewer ideas than socially optimal. It captures the lost value of the 

trades that didn't happen: at the high price (𝑃₁), downstream users are priced out of the market, 

and facing high private costs, innovators are unwilling to supply the good.  

 

Two features of the graph determine the size of the deadweight loss.30 First, holding the 

externality wedge constant, the elasticity of demand governs how much quantity responds to the 

price distortion. If demand for ideas is highly elastic—meaning downstream users are price-

sensitive—then the quantity shortfall (𝑄₂ − 𝑄₁) is large, and the welfare loss from 

underinvestment is correspondingly substantial. If demand is inelastic, the quantity response is 

muted, and less social value is foregone. Second, holding demand elasticity constant, a larger 

vertical gap between Private and Social Marginal Cost amplifies the deadweight loss more than 

proportionally.31  

 

The empirical literature suggests that both conditions hold for innovation.  

 

On the externality side, estimates consistently find that the social return to R&D far exceeds the 

private return. Jones and Williams (1998) calculate that the social rate of return is at least 30 

percent—implying that optimal R&D investment is two to four times actual investment. Jones 

and Summers (2020) estimate gross social returns to total U.S. R&D of approximately 67 

percent, while Bloom et al. (2013) find social returns to private R&D of roughly 55 percent. 

These estimates imply a substantial wedge between what firms can capture privately and what 

their innovations generate for the broader economy. 

 

Returning to demand elasticity, the demonstrated responsiveness of R&D activity to tax credits 

and subsidies suggests that innovation investment is indeed price-sensitive (Hall and Van Reenen 

2000), reinforcing the case that the foregone welfare from underinvestment is substantial. This 

suggests that with the right government interventions—the details of which I will explain 

below—the market moves toward the socially optimal equilibrium at 𝑄₂. By subsidizing R&D, 

the state effectively shifts the supply curve down to the Social Marginal Cost line. This allows 

more ideas to be produced (𝑄₂) at a lower effective price (𝑃₂), thereby eliminating the 

deadweight loss and capturing the full value of the innovation for society. 

 

 
30 A deadweight loss is the loss in economic efficiency that occurs when mutually beneficial 

trades that would otherwise occur fail to take place. It represents potential value lost to both 

seller and buyers and thus society at large. For example, imagine you are willing to sell a concert 

ticket for any price above $50, and a friend is willing to pay up to $100 for it. A trade at any price 

between $50 and $100 would make you both better off, increasing economic efficiency in the 

process and make society better off too. However, if the only way to make the transaction is 

through a broker who charges a $60 fee, no trade will occur. The potential value that both of you 

would have gained is the deadweight loss—in this case due transaction costs. 
31 This is because a wider externality wedge not only increases the height of the triangle but also 

expands its base: larger spillovers imply that the socially optimal quantity (𝑄₂) lies further from 

the market equilibrium (𝑄₁). The welfare loss thus scales roughly with the square of the 

externality wedge. 
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Fortunately, there are four critical areas where government action can overcome the market 

failures detailed above. These are: 1) undertaking or subsidizing the basic science research that 

inspires new inventions; 2) establishing intellectual property rights (IPRs) to incentivize the 

development of those ideas; 3) supporting the commercialization of the resulting technologies; 

and 4) accelerating mass adoption by investing in standardization, education, and infrastructure. 

 

Subsidizing Basic Science Research 

 

If, as Nordhaus (2004) estimates, innovators capture only a meager slice of the value from 

applied R&D, the problem is exponentially worse for basic science. As Nelson (1959) argues, 

“basic research” is essentially the production of pure information. Since this information 

possesses the characteristics of a public good—it is non-rival (one person’s use doesn’t diminish 

another’s) and non-excludable (it is difficult to prevent others from utilizing it) —it defies 

standard market mechanics even more than commercial innovation does. As Arrow (1962) 

famously demonstrated, private entities systematically underinvest here because they cannot 

fully appropriate the benefits. Consequently, the marginal social benefit of basic research 

exceeds the marginal private benefit to the firm undertaking it (see also Stiglitz 1999). 

 

To understand why this is the case, Figure S1.3 compares the different types of goods, including 

the key distinctions between private and public ones. This 2𝑥2 matrix categorizes economic 

goods based on two fundamental characteristics: excludability and rivalry.  

 

Let’s start at the top. In the top-left cell, where both excludability and rivalry exist, we find 

private goods such as food, clothing, cars, and personal electronics. These function well in 

markets with private property rights since owners can prevent others from using them and one 

person’s consumption prevents simultaneous use by others. The top-right cell contains common-

pool resources like fishing grounds, irrigation water, and forest resources, which are rivalrous, 

but difficult to exclude people from using. This makes them susceptible to overuse and suffer the 

“tragedy of the commons”—collective resource degradation.  

 

Now I proceed to the bottom. The bottom-left cell represents club goods such as private parks, 

swimming pools, and toll roads, which can be controlled through access restrictions while 

remaining non-rivalrous up to a point of congestion. This allows for their efficient provision 

through membership fees or other access mechanisms. The bottom-right cell encompasses public 

goods, the primary focus of this discussion. Besides basic scientific research, this cell also 

includes national defense, street lighting, and clean air, all of which are neither excludable nor 

rivalrous—once provided, anyone can benefit without reducing availability for others.  

 

A free-rider problem therefore bedevils public goods such as basic scientific research, and thus 

the marketplace underprovides it. This under-provision reflects a classic Prisoner's Dilemma: 

even if all firms would be better off collectively funding basic research, the dominant strategy for 

any individual firm is to defect. If others contribute, one benefits most by free riding on their 

efforts; if others don't, there's no reason to waste one's own resources. Rational self-interest thus 

drives everyone toward defection, even though universal cooperation would yield better 

outcomes for all. Therefore, without a binding mechanism to enforce cooperation, the group ends 

up at a suboptimal equilibrium where the research is never funded.  
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Figure S1.3 Different Types of Goods 

 
Notes: Excludability refers to the ability to prevent others from consuming a good. Rivalry refers 

to whether one person's consumption diminishes the quantity available for others. Private goods 

exhibit both properties; public goods exhibit neither. Knowledge and ideas—the outputs of basic 

research—are classic public goods: once produced, they can be consumed by additional users at 

zero marginal cost (non-rivalrous), and it is difficult to prevent others from accessing them (non-

excludable). This combination creates the appropriability problem central to the economics of 

innovation (Nelson 1959; Arrow 1962). 

 

As I discuss in Chapters 5, 6 and 10 of the book, a “hold-up” problem with similar DNA occurs 

in the domain of technological commercialization: an investor refuses to make a relationship-

specific investment if she fears that, once the investment is sunk, her counterparty can 
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renegotiate or expropriate the surplus (Klein et al. 1978; Williamson 1985). In both cases, 

cooperation unravels not because actors lack goodwill, but because the underlying payoff 

structure makes “defection” the safe, self-interested choice.  

 

Because they can use coercion and inducements to incentivize cooperation, such as compelling 

citizens to pay taxes, governments play crucial roles in funding public research institutions and 

subsidizing universities that engage in it. Moreover, basic research suffers from highly uncertain 

returns—most of it cannot be commercialized (see Mazzucato 2013)—and requires relatively 

long investor time horizons, further strengthening the case for state intervention. This is more 

than a theoretical abstraction. Mokyr (2002) demonstrates how government support for 

institutions of scientific knowledge creation and diffusion has been vital to sustaining 

technological progress across modern history. 

 

How These Lessons Apply to Industrial Revolutions 

 

The British government played a foundational role in fostering the Industrial Enlightenment, an 

era that valorized science and technical advances in the run up to the First Industrial Revolution 

(Mokyr 2002). It established and supported organizations that facilitated the free exchange of 

scientific knowledge and ideas. A prime example was the Royal Society, founded with a royal 

charter in 1660, which created an institutional framework for scientific inquiry that could inform 

practical problem-solving (Mokyr 2009). Similarly, Count Rumford and Joseph Banks co-

founded the Royal Institution in 1799 to produce and disseminate scientific knowledge (Mokyr 

2002; 2009). 

 

This pattern of state support was scaled up dramatically in the 20th Century. The US Federal 

Government helped fund much of the basic research that underwrote the Third Industrial 

Revolution. Starting in World War II, the US military recognized computers’ immense potential 

to assist in codebreaking efforts and calculate ballistic missile trajectories (O’Mara 2019). To 

achieve these goals, and others like it, the government directed substantial public funding to 

several leading universities and research labs, including the University of Pennsylvania when it 

was developing the Electronic Numerical Integrator and Computer (ENIAC), one of the first 

computers capable of general-purpose electronic computing.32 

 

During the Cold War, Washington, D.C., financed basic and applied scientific research in a 

multifaceted manner. The Defense Advanced Research Projects Agency (DARPA), housed in the 

Pentagon, primarily funded mission-driven research at universities and corporate research parks. 

The National Science Foundation (NSF) was created in 1950 to directly support more basic 

research at U.S. academic institutions that did not fall directly under the more mission-driven 

R&D conducted by other federal agencies (see Kleinman and Solovey 1995). The NSF issued 

generous grants to scientists working in major research universities. The Atomic Energy 

Commission, which later became the Department of Energy (DoE), financed and coordinated 

 
32 While the computational power of the ENIAC would later prove valuable for complex 

calculations related to nuclear weapons development, including the hydrogen bomb pioneered by 

Edward Teller in the post-war era at Los Alamos National Laboratory, its initial design and 

funding were specifically tied to wartime needs like improving artillery accuracy (O’Mara 2019). 
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R&D around nuclear power. The Office of Naval Research, as well as other arms of the 

Department of Defense (DoD), assumed a major role in funding and supporting academic 

research in the physical sciences. The National Institutes of Health (NIH) oversaw most health-

related research, including biomedical research conducted in universities (Hurt 2015). 

 

The federal government also mobilized substantial funds to build scientific installations for 

government-funded research. Prominent examples of publicly subsidized organizations that 

engaged in basic and applied scientific research were the Stanford Research Institute, the Lincoln 

Laboratory, a military funded research center affiliated with MIT, and the Rand Corporation in 

Santa Monica, California (see O’Mara 2019). These efforts significantly accelerated the 

development of key technologies that powered the Third Industrial Revolution, including 

semiconductors, the Global Positioning System (GPS), and the internet (see Mazzucato 2013).  

 

Take semiconductors first. The transistor was enabled by significant basic research into how to 

manipulate the electrical conductivity of semiconductors rooted in solid-state physics and 

materials science that was strongly supported by the federal government. This included the 

creation of new knowledge around the band theory of solids, a fundamental concept in quantum 

mechanics that describes the allowed energy levels of electrons in solid materials (Riordan and 

Hoddeson 1997). 

 

Fundamental research also seeded advances in integrated circuits and microprocessors; the 

continuous miniaturization of transistors and chip performance improvements hinged on 

breakthroughs in materials science, including the development of high-purity silicon, and the 

discovery of new semiconductor materials. The Office of Naval Research, and later the NSF, 

supported extensive investigations into the electronic properties of semiconductors like 

Germanium and silicon and advanced the science of growing pure single crystals of these 

materials with controlled impurities (doping) (Lécuyer 2006). Electrical engineering 

breakthroughs funded by the NSF and DARPA led to innovations in circuit design, allowing for 

more efficient and powerful processors (NRC 1999). 

 

Advancements in photolithography, the process used to etch intricate patterns onto silicon wafers 

crucial for reducing transistor sizes and increasing chip density, were also funded by these 

agencies (Lécuyer 2006). 

 

To help these myriad advances along, the Semiconductor Research Corporation (SRC), a non-

profit consortium of leading semiconductor companies, government agencies, and academic 

institutions, was established in 1982.33 It advanced cutting-edge, mid- to long-term research that 

advanced extreme ultraviolet (EUV) lithography, critical for manufacturing the most advanced 

microchips with nanoscale features (see Chapter 6 of the book). SRC also catalyzed 

breakthroughs in novel semiconductor materials beyond traditional silicon, such as silicon 

Germanium and gallium nitride, which offered improved performance for specific applications 

like high-speed transistors and power electronics. Furthermore, it contributed to advancements in 

both interconnect technologies—the microscopic wiring that links billions of transistors together 

 
33 For a detailed history of the SRC’s research initiatives and cooperative structure, see Rea et al. 

(1997). 
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to form a functioning circuit—that improved the speed and efficiency of data transfer within 

complex chips and sophisticated modeling and simulation tools used to design and optimize 

these chips (Cavin et al. 2012). 

 

The US government also heavily supported the development of GPS, which relies on a network 

of satellites and ground stations to identify both stationary and moving objects’ locations. A host 

of federal agencies supported fundamental research in satellite technology, signal processing, and 

advanced mathematics, all of which enabled the technology to triangulate between multiple 

satellites to detect an object’s position (Parkinson and Spilker 1996).34 

  

Meanwhile, the US government bankrolled foundational work in computer science and network 

protocols that were crucial for the internet’s development. The internet’s precursor, ARPANET, 

was directly funded by DARPA; it financed groundbreaking research in packet switching 

theory—how to break down data into smaller packets, route them independently, and reassemble 

them at the destination—which paved the way for the efficient transmission of data across 

networks (Abbate 1999).  

 

IPRs also Play a Critical Role in Fostering Industrial Revolutions 

 

Beyond undertaking or subsidizing pure research pursued for the sake of knowledge, a 

government may also assign and enforce IPRs to address the systematic under-provision of 

practical new ideas and inventions I outlined above. Figure S1.3 clarifies the logic behind how 

this solves the market failure by mapping different types of goods onto the excludability/rivalry 

framework. 

 

The top row establishes the baseline for physical goods. In the top-left cell, where both 

excludability and rivalry exist, we find Private Goods such as Homes. These function well in 

markets because owners can prevent others from using them, and one person’s occupancy 

physically prevents simultaneous use by others. The top-right cell represents Common-Pool 

Resources like Common Grazing Areas, which are rival (one person’s animals consume grass 

others cannot use) but difficult to exclude others from accessing. As noted earlier, this often leads 

to resource depletion or the “tragedy of the commons.” 

 

The bottom row reveals the unique dynamics of the knowledge economy. The bottom-right cell 

represents Public Goods, specifically Laws of Science. These are neither excludable (difficult to 

prevent access once published) nor rival (one person’s use doesn’t diminish another’s ability to 

use it). Because markets underprovide these goods, government funding is required. 

 

The bottom-left cell is where IPRs enter the picture. It contains patents, copyrights, trademarks, 

and trade secrets. By legal design, these are akin to Club Goods: they are excludable through 

legal mechanisms (the patent right), but remain inherently non-rival (multiple people could use 

the invention simultaneously without diminishing it).  

 
34 DARPA funded early research in satellite technology and signal processing; NASA contributed 

to satellite technology research; and the NSF supported fundamental research into mathematics 

underpinning the system’s logistics (Mazzucato 2013). 
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Figure S1.3. How IPRs Make Ideas into Quasi-Private Goods 

 
 

Notes: Rivalry refers to whether a good is "used up" by consumption; Excludability refers to 

whether access can be restricted. Markets function naturally in the Top-Left (Private Goods). 

Market failures occur in the Top-Right (overuse/depletion) and Bottom-Right 

(underproduction/free-riding). Intellectual Property Rights (Bottom-Left) are a government 

intervention designed to correct the Bottom-Right failure by creating a proprietary asset out of 

non-rival knowledge. 

 

By artificially shifting an invention from the “Public Good” quadrant to the “Club Good” 

quadrant, the government creates a proprietary asset that incentivizes private investment. By 
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endowing ideas with excludability in a ring-fencing approach that establishes clear boundaries 

around a unique combination of technical claims that potentially bring to life new products and 

services, patents in particular incentivize innovation. Akin to ownership over physical assets 

established by a deed to a house or business or piece of equipment, they allow capital holders to 

secure a return on investments in time and resources that carry opportunity costs.35 

 

Most importantly, well-assigned and enforced IPRs underwrite the commercialization of 

innovation. Like any property right, IPRs represent a bundle of privileges that not only spell out 

how access to an asset is restricted, but also outline rights to use, divide, and transform it, as well 

as the right to earn income from the asset and contract with others to license control of it or sell 

it. In turn, these privileges can underpin “a market for ideas” where divisible and tradeable rights 

can be exchanged, leased, or transformed through arms-length contracting (Haber 2016). 

 

In this vein, Spulber (2015) argues that patents enhance market efficiency through exclusion, 

transferability, disclosure, certification, standardization, and divisibility. These attributes reduce 

transaction costs and promote competition in the invention marketplace. Patents create a “market 

for innovative control,” where IP owners have rights to determine how their inventions are 

developed and used, helping allocate inventions to their highest-value applications. Patents also 

facilitate financial separation between inventions and inventors, enabling inventors to secure 

funding through various channels. They function as intangible real assets that appear on 

corporate balance sheets, affecting firm value both through direct earnings from licensing or 

implementation and through growth opportunities. Inventors can even post patents as collateral 

to raise money to commercialize their ideas.  

 

Patents foster specialization and help new supply chains materialize. Both their ability to exclude 

and their public disclosure incentivizes different parties—investors, entrepreneurs, assemblers, 

distributors, retailers, and marketers—to seek out original inventors to help bring new products 

to market (Kieff 2006). The bottom line is that an inventor can specialize in their comparative 

advantage, coming up with new ideas, and other market players can specialize in what they do 

cheapest—with the fewest opportunity costs to their time and resources—whether that’s 

assembling or marketing or distributing the ideas’ applications (Spulber 2015). Moreover, patent 

agents, bankers, lawyers, and patent assertion entities help reduce the transaction costs of 

contracting incurred by these parties when they help create the supply chains that commercialize 

new innovations (Kieff 2006; Spulber 2015).  

 

Patents also make it easier for the different parties that embody an innovation’s supply chain to 

gain access to essential knowhow that inventors acquired by “learning by doing” and “trial and 

error.”36 To put the invention into practice, they cannot rely solely on information available in the 

patent itself, nor can they exclusively lean on their knowledge of basic science, exposure to 

technical literature and exhibitions, and previous work experience. However, patent licensing 

 
35 To be sure, a robust system of IPRs does not operate in a vacuum. It relies on a broader 

institutional framework that includes impartial courts, the rule of law, and deep, liquid capital 

markets—the “background conditions” that allow corporations to form, raise capital, and enforce 

contracts (see Haber 2016). 
36 This and the subsequent two paragraphs draw strongly on Menaldo (2021). 
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contracts outline how the tacit knowledge critical to translating ideas into goods and services will 

be conveyed from licensors to licensees, including how a licensee will gain access to plans, 

drawings, blueprints, machinery, services, and onsite tutorials and training. 

 

These contracts can also help licensees adapt processes and products to accommodate differences 

in raw materials and other inputs; and help them address logistical challenges. The latter includes 

initial implementation efforts, ongoing maintenance issues, and continued technological 

enhancements. Moreover, as licensees themselves develop improvements to the technology upon 

adopting and adjusting it, the knowledge transfer process can become bidirectional: licensees 

may patent these enhancements and they themselves lease these to the original inventors. 

 

Patents are not Monopolies 

 

Finally, I hasten to emphasize that patents’ role commercializing ideas stands in contrast to a 

simpler understanding of how they promote innovation. That is, that they are government-

imposed barriers to entry that allow firms to recover their fixed, sunk costs by setting prices 

above their marginal costs for a delimited period, usually between 15 and 20 years (Posner 

2005). In this view, while patents help solve the free rider problem inherent to the production and 

exchange of ideas because they punish the type of copying and duplication that allows rivals to 

avoid incurring fixed R&D and learning by doing costs, they create deadweight loss because 

they allow inventors to ration supply and thus increase prices.  

 

However, this assumes market power that rarely exists in practice. If the cross-elasticity of 

demand between a patented product and its potential substitutes is high, the firm cannot maintain 

significant Lerner markups (Tirole 1988; Haber 2016).37 With the notable exception of 

pharmaceuticals—where precise chemical recipes lack functional substitutes (Levin et al. 

1987)—there is scant evidence that patents confer genuine monopoly power. Moreover, because 

the patent system mandates immediate disclosure, it enables rivals to build new supply chains 

and “invent around” the core claims (Cohen et al. 2000; Furman et al. 2021). Thus, theoretical 

“static efficiency” losses are bounded by competition, while the “dynamic efficiency” gained by 

incentivizing commercialization remains the primary engine of growth (Nordhaus 1969). 

 

Some Evidence for these Ideas 

 

 
37 I provide the formal derivation of the Lerner monopoly condition in Chapter 11 of the book, 

but the intuition is essential here. The Lerner Index, defined as 𝐿 = (𝑃 − 𝑀𝐶)/𝑃, measures a 

firm's market power—its ability to set prices (𝑃) above marginal cost (𝑀𝐶). Standard price 

theory dictates that this index is inversely proportional to the price elasticity of demand faced by 

the firm (𝐿 = 1/𝜀). Thus, if a patent exists but rivals can "invent around" it to create substitutes, 

the elasticity of demand (𝜀) rises. As 𝜀 → ∞, the firm's market power (𝐿) approaches zero, and 

the optimal markup (𝜇 ∗) collapses toward the competitive price, regardless of the legal patent 

right. 
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While the British patent system underwent important reforms in 1852 that considerably 

strengthened it, its earlier incarnation played a critical role in fostering innovation.38 Exploiting 

archival evidence to challenge the view that patents were either ineffective or peripheral to the 

First Industrial Revolution, Bottomley (2014) convincingly shows that they incentivized the 

invention and commercialization of signal technologies such as Boulton and Watt’s separate 

condenser steam engine. Bottomley documents how, by the 1780s, a more “modern” 

understanding of patents emerged—rather than a royal privilege that conferred economic rents, 

they evolved into a social contract between inventors and the public, whereby the former could 

exclude others (securing profits and licensing options) in exchange for the full disclosure of their 

discoveries, thus promoting learning and follow-on invention.39  

 

The US Patent Act of 1793 improved upon the modern British patent system by simplifying 

patent filing and IP enforcement and reducing patenting costs by 95% (Khan 2005). This ushered 

in the era of “the great inventor” during America’s early industrialization. As the transaction 

costs of purchasing or leasing patents plummeted, US firms eschewed in-house R&D and instead 

“outsourced innovation” to serial independent inventors.40 In turn, this created vibrant, albeit 

geographically segmented, technology markets in which patent agents served as crucial 

intermediaries linking firms in search of new ideas to commercialize and original inventors 

(Lamoreaux and Sokoloff 1999). Similarly, IPRs were also important during the second and third 

industrial revolutions.  

 

Indeed, they played a pivotal role in fostering the commercialization of the ENIAC. In 1947, J. 

Presper Eckert and John Mauchly, the ENIAC’s developers, filed what became the ENIAC 

patent, ultimately granted by the USPTO as US Patent Number 3,120,606 (Eckert and Mauchly 

1964)”. While the legal strength of this specific patent would later be contested, due in part to 

how broad it was, as it covered everything from electronic memory to arithmetic units, the very 

 
38 The Patent Law Amendment Act of 1852 reformed the British patent system by simplifying 

the application process, reducing fees, and making it easier for inventors to protect their 

inventions. 
39 To be sure, during this era technological innovations were frequently shared and diffused 

between inventors, entrepreneurs, producers, and distributors through the vibrant exchange of 

knowledge and knowhow and industrial fairs (Allen 1983; Nuvolari 2004). This “culture of 

collaboration” complemented a decentralized production system marked by significant 

outsourcing and reliance on cottage industries. In the book’s later chapters, I explore how a 

culture of collaboration emerged during the Third Industrial Revolution on the back of strong 

IPRs. 
40 Prominent examples include Thomas Edison, who held over 1,000 patents across telegraphy, 

electric lighting, and sound recording; Alexander Graham Bell (telephone); Eli Whitney (cotton 

gin); Samuel Morse (telegraph); and Cyrus McCormick (mechanical reaper). However, as 

Lamoreaux and Sokoloff (1999) emphasize, the system also supported hundreds of lesser-known 

serial inventors who made their livelihoods by developing and selling patented technologies to 

manufacturing firms. 
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act of filing it marked the definitive transition of the computer from a wartime government 

project to a private commercial asset.41 

 

This move to secure proprietary rights was the fulcrum upon which the computer industry 

turned. As Stern (1981) documents, Eckert and Mauchly’s ability to attract early capital from the 

American Totalisator Company and secure contracts with the Census Bureau hinged entirely on 

their claim to exclusive ownership of the technology. The patent application effectively 

"assetized" their tacit engineering knowledge, transforming it into a transferable property right 

that could be valued on a balance sheet and sold to investors. Without the shield of potential 

patent protection, the high-risk capital required to scale production from a university lab to a 

commercial factory would likely never have materialized (Norberg 2005). 

Importantly, Eckert and Mauchly left the University of Pennsylvania’s Moore School of 

Electrical Engineering after a dispute over patent rights. The university’s IP policy would have 

required them to assign all their inventions to the institution, which conflicted with their 

commercial ambitions (Lukoff 1979). Armed with the patents they had amassed during their 

work on the ENIAC, in December 1947 the duo essentially established the first startup of the 

computer era, the Eckert-Mauchly Computer Corporation (see Ceruzzi 2003).42  

The company’s formidable portfolio included concrete technical components alongside their 

broader system claims. In 1947, Eckert and Mauchly had also applied for a patent on their 

mercury acoustic delay-line electronic memory system, later granted as US Patent Number 

2,629,827 (Eckert and Mauchly 1953). Basically, by introducing a "regenerative recirculation 

loop" that kept data pulses alive by constantly cycling them through the mercury and refreshing 

them electronically, the patent asserted rights to the machine's version of random-access memory 

(RAM). And unlike the contested ENIAC patent, this invention provided a stable IP foundation 

and served as the technical backbone for the company's first major commercial device: the 

groundbreaking UNIVAC, their Universal Automatic Computer (Weik 1961). In turn, it became 

the first device to gain widespread acceptance as a reliable computer memory system—a 

fundamental building block of modern computing that was widely adopted in early commercial 

architectures (Williams 1997).  

IPRs continued to play an essential role during the evolution of semiconductors. While in 1947 

the transistor was invented by John Bardeen and Walter Brattain at AT&T’s Bell Laboratories, it 

was in securing US Patent Number 2,524,035 for the technology in 1950 (see Bardeen and 

Brattain 1950) that this scientific breakthrough became a defining economic asset. The patent 

established a sweeping legal claim over the very concept of solid-state amplification. By 

securing exclusive rights to the fundamental principle of using semiconductor materials to 

control electric current, this document effectively served as the “birth certificate” of the modern 

 
41 In 1973, a U.S. District Court declared the patent invalid after it found that prior work—

particularly that of John Vincent Atanasoff—had anticipated key ENIAC patent claims (see 

Mollenhoff 1988).  
42 The Eckert-Mauchly Computer Corporation sold itself to Remington Rand in 1950. Through a 

series of corporate mergers and acquisitions, the rights to the ENIAC patents eventually passed 

to Sperry Rand (formed by the merger of Sperry Corporation and Remington Rand in 1955). 
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electronics industry, creating a singular choke point through which all subsequent semiconductor 

development had to pass. 

 

Rather than maintaining exclusive control over this technology, however, AT&T shared it widely 

through a strategic licensing program launched in 1952. As Jack Morton, a leading Bell Labs 

engineer, explained: “We realized that if this thing was as big as we thought, we couldn’t keep it 

to ourselves and we couldn’t make all the technical contributions. It was in our interest to spread 

it around. If you cast your bread on the water, sometimes it comes back angel food cake” (Tilton 

1971: 75-6). Moreover, internal memos revealed that Bell Labs engineers understood that “by 

involving engineers around the world in the evolution of the device—making it better, cheaper, 

more reliable—the hope was that everyone would profit from the advances, especially the Bell 

System” (Nagler et al. 2022: 839). 

 

In that spirit, AT&T’s approach to licensing went beyond merely leasing their patent. The 

company actively facilitated technology transfer by organizing educational symposia.  

The first event, held in 1951, specifically targeted military users and applications and attracted 

nearly 300 guests for a five-day summit (Bell Laboratories 1951; Nagler et al. 2022). The 

symposium’s proceedings were published as The Transistor—a volume that came to be widely 

known as “Ma Bell’s Cookbook” or “the semiconductor bible” because it codified the tacit 

knowledge required to build the devices (Nagler et al. 2022). 

In 1952, Bell Labs organized a more extensive nine-day Transistor Technology event for over 

100 representatives from 40 companies that had paid the $25,000 fee to license its transistor 

patent (ibid). The symposium included not just theoretical presentations, but hands-on training 

and even a visit to Western Electric’s transistor manufacturing plant in Allentown, Pennsylvania. 

AT&T’s willingness to share their manufacturing know-how, which complemented their 

inclusive patent licensing strategy, precipitated the rapid diffusion of transistor technology (ibid). 

Meanwhile, Texas Instruments exemplifies how licensing enabled new market entrants to 

become industry leaders in the semiconductor space. While the company emerged in 1951 from 

Geophysical Service Incorporated, a firm that manufactured equipment used in seismic 

exploration and defense electronics, merely a year later it was among the first companies to 

acquire a patent license to produce Germanium transistors from Western Electric, the 

manufacturing arm of AT&T (Texas Instruments 2021).  

 

Texas Instruments later spearheaded the mass production of affordable memory chips and 

licensed its technology widely, including to Japanese companies during the early 1980s, when 

such chips were integral components of consumer electronic products like the Sony Walkman. 

Starting in the mid‑1980s, Japanese (and one Korean) semiconductor firms began paying Texas 

Instruments substantial licensing fees after the company asserted key Dynamic Random Access 

Memory (DRAM) related semiconductor memory patents in U.S. litigation and settlements 

(Kinukawa 2006).43  

 
43 Incidentally, US Patent Number 3,138,743, the Kilby patent, formally titled “Miniaturized 

Electronic Circuits,” was filed with the USPTO in 1959 and awarded to Texas Instruments in 
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Patenting and patent licensing were also critical to Silicon Valley’s most storied semiconductor 

firm, Intel. Even before the microprocessor era, the company had accumulated several patents 

over core memory technologies, including DRAM, and integrated circuit designs. During the 

1970s, Intel forged cross-licensing agreements with AMD, IBM, National, Texas Instruments, 

Mostek, Siemens, NEC, and several other semiconductor firms covering memory chip designs 

and manufacturing processes. 

 

Moreover, cross-licensing became an industry-wide pattern (Grindley and Teece 1997; Hall and 

Ziedonis 2001). For example, when MOS Technology developed the 6501 and 6502 

microprocessors to compete with Motorola’s 6800, the latter sued the former. The dispute was 

settled with MOS withdrawing the 6501 and the parties agreeing to a cross‑license of 

microprocessor patents (Electronics 1976). This pact helped ensure that multiple firms could 

produce compatible parts for large customers (Griffin 1988). 

 

Patent licensing arrangements helped standardize and diffuse key microprocessor technologies. 

When IBM was developing the original PC, released in 1981, it insisted on having at least two 

suppliers for its microprocessor to ensure supply chain stability. This requirement effectively 

compelled Intel to license its technology to AMD as a "second-source" guarantee, enabling AMD 

to legally produce and sell chips that were x86 pin-compatible. This had far-reaching 

consequences; it helped cement the x86 architecture as the dominant industry standard for PCs 

spanning into the 1990s and early 21st century across several generations of chips—the Intel 

8086, 8088, 80286, 80386, and 80486 (Grindley and Teece 1997). 

 

The consequences of this development were far reaching—and among them was a fundamental 

transformation of the computer industry’s industrial organization. By transforming proprietary 

inventions into industry-wide standards, firms like Texas Instruments and Intel effectively 

positioned themselves at the center of a vast, invisible web of technological interdependence. As 

I show in Chapter 5 of the book, these “superstar” firms evolved into the central hubs of an 

innovation commons, dictating the pace and direction of the Third Industrial Revolution. And I 

show in Chapters 3 and 6, IP, in the form of Standard Essential Patents, were pivotal to the 

creation and consolidation of the smartphone supply chain that helped bring about the Fourth 

Industrial Revolution, as they made interoperability and sustained digital innovations possible. 

 

However, as Branscomb and Auerswald (2002) document, even when IPRs are well-defined and 

enforced, private capital markets frequently fail to fund the early-stage, high-risk technologies 

that underpin industrial revolutions. I now turn to explaining why this is the case and how the 

government can help address this problem. 

 

 

1964 (see Kilby 1964). While this invention was not officially granted by the Japanese patent 

office until 1989, Japanese companies that licensed it began paying Texas Instruments royalties 

decades before that. Robert Noyce also filed a patent for his version of the integrated circuit in 

1959 for Fairchild Semiconductor; it was granted by the USPTO in 1961 as US Patent Number 

2,981,877 (see Noyce 1961). After a legal battle over “priority,” the two firms recognized each 

other as co-inventors and cross-licensed the technology in 1966 (see Isaacson 2014: 173–180). 
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Governments Must Also Solve Other Market Failures 

 

Of course, the relative scarcity of new ideas given an outsized demand for them is nested within 

a larger problem—the chronic under-provision of public goods. Because private actors cannot 

easily exclude others from using basic infrastructure or the general pool of skilled labor, they 

tend to underinvest in both (see the discussion of Figure S1.2). Historically, the U.S. government 

has stepped in to fill this gap, providing the physical and human capital foundations upon which 

private innovation can build upon. 

For example, its efforts have extended into providing supportive infrastructure. As David and 

Wright (1997) document, the federal government bolstered the mining sector by subsidizing the 

training of geologists and commissioning USGS maps that identified mineral deposits. 

Furthermore, during the 19th Century, the federal government allocated 5% of its spending to 

capital investments in harbors, roads, and canals. Following a wave of state bankruptcies in the 

1830s, states began issuing bonds to finance infrastructure, catalyzing a precipitous decline in 

transportation costs (see Taylor 1962). As a result, industrialization took off precipitously at a 

massive scale (ibid; Chandler 1977). And perhaps the quintessential modern example is 

Eisenhower’s interstate highway system, where a similar phenomenon was unleashed.44 

Yet another classic example of the state solving a coordination failure to “crowd in” private 

investment is the Tennessee Valley Authority (TVA). In the early 1930s, private utilities viewed 

rural electrification as financially irrational due to high fixed costs and low immediate returns. 

By underwriting the initial capital outlay for hydroelectric dams and transmission lines, the 

federal government didn't just light up farms; it lowered the input costs for heavy industry. As 

Kline and Moretti (2014) document, this public investment ignited a sustained boom in private 

employment that outlasted the subsidies themselves. Rather than crowding out private capital, 

the provision of this public good created the necessary conditions for it to flourish. 

In the modern era, the US government was instrumental in bankrolling the infrastructure that 

underpins the digital economy (Mazzucato 2013). ARPANET (Advanced Research Projects 

Agency Network), created in the late 1960s, was the first operational packet-switching network 

(O’Mara 2019). Building on its success, the NSF established NSFNET in the mid-1980s to link 

supercomputing centers, accelerating scientific collaboration (ibid). To further buttress this, the 

federal government supported the expansion of the internet backbone through initiatives like the 

High-Performance Computing and Communication Act (US Congress 1991) and various rural 

broadband programs.45 In Chapter 8 of the book I discuss other initiatives like these. 

 
44 Fernald (1999) demonstrates that the construction of the system was a unique, unrepeatable 

shock that significantly raised the productivity of vehicle-intensive industries, effectively 

explaining the robust productivity growth of the 1950s and 60s. 
45 Under the American Recovery and Reinvestment Act of 2009, the Broadband Technology 

Opportunities Program provided approximately $4.7 billion in grants to expand broadband 

access and adoption in unserved and underserved areas (US Congress 2009). This program 

supported the deployment of infrastructure, enhancement of public computer centers, and 

promotion of sustainable broadband adoption projects. The Broadband Initiatives Program, 
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Public investments in education have been comparable in scale and impact.46 The Morrill Land-

Grant Acts established technical universities that helped train the skilled land surveyors, miners, 

and engineers who unearthed and refined the minerals and energy that powered American 

industrialization (David and Wright 1997).47 Later, the G.I. Bill expanded higher education after 

World War II, providing the skilled human capital that helped make the Third Industrial 

Revolution possible. And, in 1965, President Lyndon B. Johnson significantly expanded access 

to higher education by signing the Higher Education Act, which established federal aid programs 

for colleges and universities (US Congress 1965). Following this legislative milestone, states 

across the country invested in building new community college campuses and, between 1970 and 

2016, enrollment in American higher education institutions more than doubled, growing from 

about 9 million to about 20 million students (Goldin and Katz 2008). 

This allowed universities to become talent incubators; Stanford University’s industrial park, for 

instance, nurtured hundreds of companies, from Varian to Facebook (Isaacson 2014: 156; see 

also O’Mara 2019). In general, the Third Industrial Revolution matured across innovation 

clusters—from Silicon Valley to Route 128—anchored by well-funded research universities 

(Menaldo and Wittstock 2025). The upshot was that both basic and applied research flourished; 

as Chapter 9 of the book documents, this helped nourish the AI revolution too.  

The Government’s Role in Financing Innovation 

Hall and Lerner (2010) identify why there is often a relatively large wedge between the rate of 

return required by an entrepreneur investing her own funds and the one sought by external 

investors. First, a quite extreme level of uncertainty often pervades R&D investments, especially 

those with relatively long maturities. Second, asymmetric information and adverse selection 

distort the market: while inventors possess more accurate knowledge about their projects’ 

viability and value than potential investors, those who actively seek outside funding may 

perversely possess the least marketable ideas.48 Consequently, investors may demand a higher 

 

another component of the 2009 stimulus package, allocated about $2.5 billion in grants and loans 

specifically for rural broadband infrastructure projects (see ibid). Separately, the FCC’s Connect 

America Fund provided financial support to service providers to expand broadband services to 

rural and high-cost areas where the market alone may not make those investments worthwhile 

(FCC 2011). 
46 As Goldin and Katz (2008) argue, America’s educational system evolved in numerous, small, 

and fiscally independent school districts that competed for students. It was built on several key 

principles: public funding that provided free education for all; non-sectarian public schools that 

maintained separation between Church and State in both financing and control; gender neutrality 

in access; and an open and forgiving system designed for mass education. 
47 This built on a vibrant universal public primary and secondary education system; by 1850, 

over 56% of school-age children (ages 5-19) were enrolled in educational institutions, and 

approximately 90% of white adults had achieved literacy (Goldin and Katz 2008).  
48 Moreover, Arrow’s “Information Paradox” exacerbates this friction. Because ideas are easily 

stolen once shared, “[f]irms are reluctant to reveal their innovative ideas to the marketplace and 

the fact that there could be a substantial cost to revealing information to their competitors 
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risk premium for R&D investments compared to conventional assets, as distinguishing promising 

R&D projects from unpromising ones presents greater challenges than evaluating short-term or 

lower-risk opportunities (ibid: 614).  

 

Finally, moral hazard concerns associated with the divergence between the interests of 

shareholders and managers can depress investment in R&D. While managers may divert scarce 

resources toward activities that provide them with personal benefits (such as corporate empire-

building or workplace amenities), they may also exercise excessive caution and avoid investing 

in risky, yet valuable R&D projects to avoid incurring blame if these were to go awry (ibid: 615). 

Governments have historically addressed the credit market imperfections associated with these 

dilemmas through various mechanisms and, in the process, underpinned important GPTs. This 

includes early-stage funding for commercialization efforts when private markets go missing.49 

Various historical examples are particularly interesting.  

 

Take the Board of Longitude, established by the British Parliament in 1714. It offered substantial 

financial incentives—up to £20,000 (equivalent to millions today)—for solving the critical 

navigation problem of determining longitude at sea (MacLeod 1988). This approach effectively 

financed John Harrison’s groundbreaking chronometer development in the face of private 

investor skepticism about its viability; over the course of decades, Harrison received over 

£23,000 in government payments that sustained his work, ultimately setting the stage for safe, 

scalable ocean navigation during the First Industrial Revolution (Sobel 1995). 

 

Similarly, during the mid-to-late 18th century, the Society of Arts (later Royal Society of Arts) 

used government-supported prize competitions to stimulate innovations in agriculture, 

manufacturing, and chemistry when traditional financing was unavailable (Mokyr 2009). The 

result was the rapid diffusion of "useful knowledge" and practical micro-inventions—such as 

improvements in textile machinery, new agricultural tools like the scythe, and safer industrial 

chemical processes—that fueled the productivity gains of the First Industrial Revolution. 

 

In terms of a more recent example, in targeting the notorious “valley of death” between initial 

concept and commercial viability, the US Small Business Innovation Research (SBIR) program 

helped finance several startups that went on to play a pivotal role in the digital revolution. Those 

include Qualcomm, which received SBIR funding in the 1980s to develop its digital wireless 

technology before going public, and Symantec, which utilized early government grants to 

advance software capabilities that proved integral to natural language processing (Lerner 

1999)—an AI capability I examine in detail in Chapter 9. 

 

The Government’s Role in Promoting Standardization 

 

reduces the quality of the signal they can make about a potential project” (Hall and Lerner 2010: 

615; see Arrow 1962). 
49 Other mechanisms I will not elaborate upon here include several fiscal instruments such as 

R&D tax credits, accelerated depreciation allowances—which incentivize firms to upgrade their 

capital stock by allowing them to deduct the cost of new assets from their taxable income more 

quickly than those assets actually wear out—and relatively low capital gains tax rates (see Hall 

and Lerner 2010; O’Mara 2019). 
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Similarly, market mechanisms alone also often fail to achieve optimal technological 

standardization due to the coordination problems I outlined earlier and competing private 

interests (Farrell and Saloner 1985). Governments can play critical roles in overcoming these 

standardization related market failures. 

 

First, they can act as a coordinator or regulator, explicitly mandating a unified standard or 

convening standard-setting bodies to harmonize conflicting technical specifications. Consider the 

government-led standardization of railroad gauges in the 19th Century and electric power systems 

in the early 20th Century (Shapiro and Varian 1999).  

 

Or take the internet’s underlying architecture. In the 1980s, the world faced a "protocol war" 

between the US-developed Transmission Control Protocol/Internet Protocol (TCP/IP) and the 

international OSI standard. The US federal government resolved this coordination failure by 

mandating the adoption of TCP/IP across its military and research networks, effectively 

establishing a dominant design that the private sector subsequently adopted (Abbate 1999). 

Later, its role in establishing organizations like ICANN ensured the stable and unified 

management of critical internet resources (O'Mara 2019).50 

 

Second, by providing massive, guaranteed demand for a specific specification as a “customer of 

first resort,” the government can make a specific design the salient choice, coordinating private 

expectations and tipping the market toward a single, dominant equilibrium. To secure these 

contracts, rivals are compelled to converge on the government’s specifications, forcing the 

interoperability and reliability that the private market was too fragmented to produce on its own 

(see Mazzucato 2013).  
 

Consider that the US military and NASA were the primary buyers of early transistors, purchasing 

them in bulk—and often at premium prices that commercial buyers balked at (Misa 1985). For 

example, Texas Instruments secured major defense work for its first generation of integrated 

circuits; this included winning the bid for the Minuteman II missile guidance system, the first 

major commercial deployment of its chips (Texas Instruments 2021). Earnings from these 

government contracts were then reinvested in R&D to commercialize digital devices such as 

pocket calculators (Reid 2001). 

 

Finally, there is the idea of the government as a nudger. Government agencies like the US’s 

National Institute of Standards and Technology (NIST) facilitate standardization processes that 

enable compatibility, interoperability, and widespread adoption of new technologies. Rather than 

impose these standards coercively on private parties, they serve as a neutral arbiter, convening 

industry stakeholders to develop voluntary consensus standards. This approach solves the 

 
50 TCP/IP (Transmission Control Protocol/Internet Protocol) is the fundamental suite of 

communications protocols used to interconnect network devices on the internet, defining how 

data is packetized, addressed, transmitted, and routed. ICANN (Internet Corporation for 

Assigned Names and Numbers) is the non-profit organization responsible for coordinating the 

internet’s naming system (DNS) and IP address allocation, ensuring that every domain name 

maps to the correct unique address. 



49 
 

coordination problem I outlined above by establishing a clear technical “focal point” that firms 

can adopt with confidence, knowing their competitors are likely to do the same (Tassey 2000). 

 

The rise of voluntary Standards-Setting Organizations (SSOs) perhaps embodies this role best. 

Over the 21st century, many governments moved from being direct architects to strategic arbiters, 

working behind the scenes to support a system where private firms collaborate to define 

technical standards (like 3G, 4G, and Wi-Fi) while relying on specific property rights rules—

such as Fair, Reasonable, and Non-Discriminatory (FRAND) licensing terms—to balance 

incentives for innovation with the need for universal access. In Chapter 3 of the book, I show 

how the US federal government’s involvement in helping private actors develop wireless 

telecommunications standards in this way helped underpin the digital revolution. 

 

Market Failures around Technological Commercialization 

 

Even after technological standardization occurs, significant barriers to the widespread adoption 

of GPTs often remain. These include adjustment costs, organizational inertia, and skill 

mismatches. Exacerbating these problems is the fact that firms tend to earn lower revenues and 

enjoy slimmer profit margins when making the initial investments associated with technological 

acquisition and installation (Brynjolfsson et al. 2021). Moreover, hiring specialists to facilitate 

this process is expensive. Indeed, consider that 50% or more of R&D spending consists of the 

wages and salaries of highly educated scientists and engineers, whose “efforts create an 

intangible asset, the firm’s knowledge base, from which profits in future years will be generated” 

(Hall and Lerner 2010: 612).  

 

Yet, this is far from a unilateral dilemma, as the logic of coordination failure extends beyond 

technical protocols to these complementary investments as well. Firms often suffer from 

collective inaction, waiting indefinitely for other organizations to make the first move when it 

comes to training workers or building infrastructure (see Hoff 1999). For instance, a firm might 

hesitate to invest in specialized training if it fears that newly skilled employees will be poached 

by competitors who didn't incur those training costs—a classic free-rider problem. Conversely, 

workers may hesitate to specialize in a new technology if they aren't sure there will be enough 

employers to hire them. This mutual hesitation creates a trap where the necessary ecosystem of 

skills never materializes. 

 

What’s more, the economic stakes associated with all these transaction costs are significant. As 

Brynjolfsson and Hitt (2000) demonstrate, for an organization to realize efficiency gains from 

new technologies, they must make complementary investments in organizational capital, 

business processes, and especially human capital. The longer it takes to install a new technology, 

the greater the short-run economic pain: productivity often temporarily declines as resources are 

diverted from production to learning and reorganization (Brynjolfsson et al. 2021). 

Consequently, workers may have to accept lower initial wages while acquiring necessary skills 

before they can fully translate the new technology into higher output. This is a phenomenon I 

revisit in Chapter 11 of the book. 
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The US federal government historically undertook several activities to break this deadlock. 

 

During early American industrialization, it stimulated the diffusion of the telegraph by providing 

land grants that incentivized the expansion of lines across the country (Du Boff 1983). It also 

used the agricultural extension service to promote inventions such as the mechanical reaper by 

demonstrating the technology to farmers and facilitating the sharing of best practices (Huffman 

and Evenson 1993). 

 

In the modern era, the government encouraged federal laboratories to actively collaborate with 

industry through CRADAs (the Technology Transfer Act and Cooperative Research and 

Development Agreements). These legal frameworks helped diffuse sophisticated innovations 

such as lasers; while early R&D occurred in federal labs, these policies made it easier for private 

companies to license foundational patents, leading to widespread applications in medicine and 

telecommunications (Bozeman 2000). Finally, the Manufacturing Extension Partnership (MEP) 

provided technical assistance to local manufacturers to expedite the transition from manual 

drafting to digital workflows using Computer-Aided Design (CAD) and Computer-Aided 

Manufacturing (CAM) software (Shapira 2001). 

 

Another example of Washington’s ability to spread advanced technology during the Third 

Industrial Revolution, and in doing so mitigate the coordination problem outlined above, is 

SEMATECH (Semiconductor Manufacturing Technology), a non-profit consortium established 

in 1987 by the federal government and 14 leading U.S. semiconductor firms—including Intel, 

IBM, Texas Instruments, and Motorola. These otherwise rivals pooled resources and expertise to 

jointly invest in more advanced manufacturing processes for both logic and memory chips. By 

facilitating collaboration to standardize and improve products while reducing effort duplication, 

SEMATECH helped diffuse several innovations such as advanced lithography techniques, 

improvements in chip materials, and enhanced semiconductor manufacturing processes. This 

intervention helped the U.S. industry enhance yields and reliability, effectively reversing the 

market share losses to Japan that had characterized the previous decade (Irwin and Klenow 

1996).51 

 

INDUSTRIAL REVOLUTIONS AND DISTRIBUTION 

 

While this section of the appendix has primarily focused on how markets fail due to simple 

coordination or commitment problems, when promoting industrial revolutions or grappling with 

their consequences, governments must also address distributional conflict. In game theory, this 

can be conceptualized as a coordination game involving how to divide the social surplus created 

when social actors coordinate: when everyone benefits from working together but disagrees over 

 
51 This is not to say that the SEMATECH strategy was without its critics. As Rodgers (2025) 

notes, the consortium delayed next‐generation equipment sales to nonmembers for a year to 

“slow Japanese competition,” a tactic that potentially stifled innovation among smaller US chip 

firms while offering questionable benefits to the larger incumbents. 
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how to divide the gains. Specifically, each side prefers a different focal outcome, and without a 

neutral arbiter, the stronger side can impose its favored rules, leaving the weaker either 

acquiescing or bargaining endlessly. This creates a risk that mutually beneficial cooperation will 

collapse entirely.  

 

The classic example, the Battle of the Sexes, involves a couple who both want to spend the 

evening together but have different preferences: one prefers the opera, the other prefers a boxing 

match. While they both receive the highest payoff from coordinating on the same location (rather 

than going alone to their preferred event), they disagree on which location that should be. In 

political economy, this analogy describes industries that must coordinate on a single standard to 

unlock a market (the surplus) but fight over the specific rules that determine who captures the 

lion's share of that surplus. 

 

Unlike the pure coordination problems outlined earlier in this section of the appendix, Battle-of-

the-Sexes games yield equilibria favoring one side. Internalizing this logic, Social Conflict 

Theory emphasizes how power asymmetries shape institutions: actors who are relatively more 

powerful choose the rules that deliver policies that they benefit from the most. When actors’ 

interests diverge, those with greater resources impose rules guaranteeing them a larger slice of 

the surplus, even at the expense of overall efficiency, because “they are in a position to accept 

more risk, because they have more withholding power, and because other people are less willing 

to sanction them if they violate a norm” (Acheson and Knight 2000: 213). These rules are 

designed to give them an advantage and reflect unbalanced political power, not the mutually 

perceived attractiveness of the most efficient solution to a collective action problem (Acemoglu 

et al. 2005).  

 

When grappling with distributional conflicts, governments can play three crucial roles. First, by 

establishing binding revenue-sharing or pricing formulas—whether through regulated 

interconnection rates in telecommunications or catch-share schemes in fisheries—public 

authorities guarantee that each participant receives a transparent, predetermined portion of the 

surplus, so that even the weaker party has confidence in cooperation. Second, by convening 

jointly governed standards bodies or licensing pools, they create credible forums where all 

stakeholders have a seat at the table and decisions must meet supermajority or consensus 

thresholds, preventing any one actor from unilaterally rewriting the rules. Third, by embedding 

lock-in mechanisms—such as statutory veto points, fixed-term appointments on regulatory 

boards, or mandatory review periods—governments protect cooperative arrangements from ex 

post capture by better-resourced interests.  

 

Under this approach, the state does not “pick winners” but rather designs processes and default 

outcomes that align divergent incentives, transform zero-sum struggles into positive-sum 

agreements, and allow innovation‐driven coordination to flourish without perpetual renegotiation 

or outright domination by the politically powerful. 

 

The Third Industrial Revolution as an Example 
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In several of the chapters of the book I discuss how, by establishing binding rules that guaranteed 

each participant a predictable portion of a growing surplus, the US government repeatedly found 

ways to realign incentives, ensuring cooperation across several regulatory domains. 

 

For example, in Chapters 5 and 6, I explore a sharp distributional conflict rending the 

smartphone supply chain that pitted upstream patent owners seeking to maximize royalties 

versus downstream implementers aiming to minimize licensing costs. This dynamic embodies a 

Battle of the Sexes style coordination dilemma, where all parties benefit from a uniform set of 

interoperability standards, but differ on what set of standards to adopt and how to share the 

producer surplus associated with a bigger and more lucrative market for products that can 

communicate with each other. To help address the conflict, the federal government stepped in 

and used a variety of tools to coax industry rivals to cooperate under the aegis of voluntary 

standard-setting bodies governed by supermajority formulas. In essence, it compelled industry 

adversaries to abide by transparent FRAND (Fair, Reasonable, and Non-Discriminatory) IP 

licensing rules that prescribed predetermined royalty formulas and gave its blessing to 

transparent dispute-resolution forums, both of which locked in a particular division of the 

producer surplus. 

 

However, as we shall see ahead, the specific distribution of benefits in these Battle-of-the-Sexes 

arrangements was inherently unstable: during the CDP era, the federal government intervened to 

tilt the scales toward one faction, only to subsequently reverse course as the balance of political 

power shifted. 

 

CONCLUSION 

 

The first three industrial revolutions share a common through line: groundbreaking GPTs such as 

steam-powered engines, electricity, and microprocessors gradually evolved from niche, highly 

criticized inventions into mature technologies with multiple applications. They reshaped 

production, commerce, and daily life. Once they permeated downstream industries, they also 

ushered in impressive booms in economic productivity that improved living standards and 

unlocked significant expansions of leisure time. 

 

But, as this section of the appendix illustrates, industrial revolutions do not unfold automatically: 

even a compelling new technology can languish when faced with high switching costs, 

competing standards, entrenched skill sets, or meager private investment in R&D.  

 

Industrial revolutions therefore hinge on (1) standardization, which ensures interoperability and 

economies of scale; (2) organizational adaptation, through which firms retool operations and 

retrain workforces; and (3) government support that solves multiple market failures across 

several domains. That includes providing strong patent protections for ideas and financing for 

early-stage innovation. It also includes basic research funding, infrastructure buildup, education 

and training, and help with technological standardization and diffusion efforts. 

 



53 
 

In many ways, the lessons from the past three industrial revolutions I outlined in this section of 

the appendix set the stage for the rest of the book. Capturing AI’s full potential will demand not 

only scientific progress and entrepreneurial ingenuity, but also the slow, unglamorous work of 

standardizing tools and interfaces, financing complementary investments, and rebuilding 

organizations so that frontier capability becomes routine in day‑to‑day production. These are 

topics I take up in Chapters 11 and 12 of the book. 

 

Each industrial revolution also encountered a “productivity paradox”: measured output often 

sputters before a new technology’s benefits can be fully realized. Companies initially pour 

resources into learning, reorganizing, and complementary investments—which can dampen 

productivity metrics—yet eventually, once the reorganizations are complete, technologies diffuse 

broadly, bringing exponential cost reductions and long‐delayed but dramatic gains in 

performance and affordability. Whether steam, electricity, or the microprocessor, once the core 

GPT is standardized and widely adopted, subsequent improvements tend to follow rapid or 

exponential curves, fueling fresh applications, surging demand, and new industries. 

 

In Chapter 11 of the book, I will explore this phenomenon alongside other macroeconomic and 

socio-economic shifts, including wages, jobs, profits, and distribution. There, I formalize the key 

historical mechanism from this section of the appendix: the gap between what a frontier GPT can 

do and what the economy can realize before standards, complements, and organizations catch up. 

I will inform these modeling exercises with the historical evidence reviewed here: that, while 

automation can displace specific tasks, growing markets and new skill demands often increase 

overall employment. Thus, workers who adapt to the new technology and cultivate relevant skills 

frequently see improved wages and job opportunities as income inequality eventually narrows. 

 

However, before we get there, several chapters of the book move from the general historical 

patterns of the past to the specific origins of the Artificial Intelligence revolution. 

 

Chapter 3 begins this investigation by exploring the unique policy environment that birthed 

Silicon Valley. I explore how, between the late 1970s and 2000s, a broad “populist-statist” 

consensus was supplanted by a new paradigm. Earning strong bipartisan support, this new 

approach prioritized evidence-based regulation, established novel property rights over data and 

software, and aggressively reduced transaction costs. This specific institutional mix solved the 

market failures described above in a new way, eventually laying the legal and financial 

groundwork for the AI boom. 
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ONLINE SUPPLEMENTARY APPENDIX TO HISTORY’S MOST REVOLUTIONARY 

INNOVATION, SECTION 2 

 

In the popular imagination, the dominant firm is often cast as a hoarder—a dragon guarding a 

fortress of intellectual property designed to starve competitors and stifle the market. Yet, the 

history of the Third Industrial Revolution reveals a reality that defies this caricature. The era that 

birthed the personal computer and the mobile internet was not defined by walled gardens, but by 

a vibrant, invisible architecture of shared knowledge. Far from the stagnant “dual economy” that 

plagued Japan during the same period (see Katz 1998; McKinsey Global Institute 2000), the U.S. 

high-tech sector thrived on a peculiar form of “selfish benevolence”: a system where 

technological superpowers cemented their dominance not by hiding their inventions, but by 

broadcasting them, turning their proprietary breakthroughs into the industry’s common language. 

To understand how superstar firms in high-tech sectors became their industries’ innovation 

leaders during the Third Industrial Revolution (1976-2006), it is helpful to first consider a 

parallel example from biotechnology. The Cohen-Boyer patent for recombinant DNA, the 

foundational technology of the entire biotechnology industry, was filed in 1974 by Stanford and 

the University of California, covering the fundamental technique for gene splicing—the ability to 

cut and paste DNA. The universities' strategy of offering broad, non-exclusive licenses spurred 

massive horizontal technology transfer, as hundreds of startups and established pharmaceutical 

firms licensed the patent to build the entire modern biotechnology industry. Rivals were 

compelled to license not by a standard, but by the sheer necessity of using this foundational 

technique to compete. This phenomenon, in turn, drove vertical technology transfer, creating a 

new market for specialized suppliers of enzymes, lab equipment, and other tools needed to 

perform the gene-splicing methods outlined in the patent.  

This section of the appendix will show that innovation in high-tech industries during this era, 

with semiconductors leading the way, took on a similar networked character. However, unlike in 

biotechnology, where universities often took center stage, in this innovation commons firms 

collaborated and competed to create the foundational technologies of the digital world. Their 

collective efforts produced crucial precursors to the modern smartphone, from the first personal 

computers that connected to the internet to the later generation of wireless devices like mobile 

phones and personal digital assistants. 

However, the term “collective” should not be confused with either “centralized” or “egalitarian.” 

On the one hand, there was no hierarchical, formal system that orchestrated technological 

creation and transfer from the top down. To be sure, while Chapter 6 of the book documents 

efforts of that ilk in terms of establishing telecommunications standards around cellular phones, 

the decentralized approach to innovation I explore here was about technologies that were much 

more foundational. On the other hand, only a few firms were clear technological standard-

bearers; for example, companies such as Intel were responsible for introducing and standardizing 

technologies like the CPUs that power laptop computers, notwithstanding the fact that a critical 

mass of “follower” firms implemented them and sometimes helped “incrementally” improve 

them. 
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Strikingly, as I will show ahead, the pronounced inegalitarianism characterizing technological 

initiative and influence that marked the computer and internet age reflected a “win-win 

dynamic,” benefiting both leaders and followers. Both types of firms together sought to create 

new markets, which required shifting out the demand curves for embryonic digital electronic 

devices in a context where perhaps the biggest challenge they faced was to persuade consumers 

to acquire and learn how to use operating systems and myriad applications. In other words, the 

challenge for the industry as a whole was: to fundamentally increase a consumer's willingness to 

buy a device by making it dramatically more useful and desirable than its potential substitutes or 

earlier vintages, rather than just making the existing version “nominally” cheaper.52 The 

challenge was to convince people that these new gadgets were worth both the money and the 

effort to learn. 

Consider the evolution of the personal computer in the mid-1990s. Early PCs were complex and 

required technical knowledge, limiting their appeal. However, a new generation of machines 

powered by faster processors came bundled with game-changing software like the “Windows 

95” operating system and a “web browser.”  This combination transformed the PC from a 

difficult-to-use office machine into an easy-to-use gateway to the new world of the internet, e-

mail, and multimedia. This massive surge in value is what shifted the entire demand curve, 

convincing millions of households that a computer was no longer a niche hobbyist's toy but an 

essential appliance.  

Ultimately, in fast moving and novel technology spaces, technology leaders could not do this on 

their own. It was only when supply chain partners, such as suppliers and assemblers, and even 

bitter rivals, worked together that they could hope to create an interoperable—and eventually 

interconnected—ecosystem of devices, applications, and complementary markets. Returning to 

the example of PCs, the industry’s success hinged on a coordinated, positive-sum, effort across 

the different layers of its technology stack. It was often Intel's relentless push for more powerful 

and affordable microprocessors, famously marketed through its “Intel Inside” campaign, that set 

the pace. Each new generation of its chips enabled more demanding software, creating the 

 
52 However, this is not to say that “quality adjusted” prices won’t be lower. To understand how 

this may be the case, first consider Arrow’s (1962) explanation of how a drastic process 

innovation that displaces a previous product vintage and significantly reduces the costs of the 

new product below the price of the old product; even if the new product is sold at the monopoly 

price (half of the quantity is produced vis-à-vis a competitive market), this price lies below the 

competitively determined price of the old product. Now, take drastic product innovation, which 

we can extrapolate this logic to: while the nominal price for an item may be higher after a new 

product that boasts new bells and whistles that consumers greatly value comes to market and 

displaces the older vintage, consumers may still derive greater consumer surplus than they did 

before its introduction—and even if they pay the monopoly price (and thus deadweight losses 

obtain) and even if the previous product vintage was offered in a context of competitive, 

marginal cost pricing. Specifically, the new monopoly price is less than the increase in the value 

of the product after the innovation: the difference in consumers’ highest willingness to pay for 

new product and consumers’ highest willingness to pay for old product (see Galetovic and Haber 

2017). 
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necessary foundation for Microsoft's revolutionary Windows 95 operating system and the first 

web browsers.53 In turn, PC manufacturers like Compaq and Dell competed to bundle these 

powerful hardware and software into increasingly affordable machines for the mass market, 

creating a much larger pie for the entire industry. 

Indeed, this tenet will be even clearer in the Chapter 6 of the book, when I explain how designers 

and implementers complemented the decentralized approach I outline here with joint efforts to 

set and implement technology standards promoting interoperability through their membership in 

SSOs.  

Using Patent Data to Lend Empirical Corroboration 

While the prolific cross-licensing of Intel's foundational x86 architecture—a practice I discuss in 

Chapter 2 of the book—was initially driven by IBM's demand for a "second source" 

manufacturer to ensure a stable supply of microprocessors for its first PC, it helped create a 

powerful "innovation commons" that accelerated the development of this revolutionary device 

far beyond what a single firm could have achieved. This requirement compelled Intel to license 

its designs to competitors, most notably AMD, which had the long-term effect of cementing the 

x86 architecture as the dominant industry standard, enabling an entire ecosystem of PC 

manufacturers—including Compaq, Dell, and Gateway—to build compatible machines around a 

common architectural foundation. These firms could reliably source chips and design systems 

knowing the underlying instruction set was standardized and would be supported by a robust 

supplier base. 

This ecosystem was defined by substantial but complementary roles for its leaders and followers. 

Leaders like Intel defrayed the costs of industrywide public goods beyond merely disclosing 

their ideas in patents—they sponsored conferences and trade shows, contributed to the scientific 

literature, invested in developer tools, and maintained backward compatibility across chip 

generations. They did this not out of altruism but because they were uniquely positioned to 

monetize these activities and capture returns from the expanding PC market. Followers benefited 

as well, but their role was different: they helped leaders create new markets for standardized 

components and products, and they exploited the fact that these technologies were already 

proven and could be widely adopted at lower cost and risk. 

While the initial licenses allowed rivals like AMD to produce compatible chips, and while Intel 

remained the overwhelming innovation leader in this industry, this did not lead to a static, one-

 
53 Windows 95 was revolutionary because it replaced the intimidating, text-based “MS-DOS” 

command line with a user-friendly “graphical user interface” (GUI) that was accessible to the 

average consumer.  It introduced now-standard elements like the “Start Menu” for launching 

programs and a “taskbar” for easily switching between open windows, which made multitasking 

intuitive. Technically, its most significant breakthrough was "Plug and Play," a new standard that 

allowed the operating system to automatically detect and configure new hardware (like printers 

or modems), eliminating a major source of frustration for users of earlier systems. It also had 

built-in support for networking, which greatly simplified the process of connecting to the early 

internet.  



57 
 

way flow of technology. The most famous example of this occurred in the early 2000s, when 

AMD introduced a crucial innovation of its own: a 64-bit extension to Intel's 32-bit architecture. 

This new x86-64 standard was so successful that Intel was compelled to license the improved 

standard back from AMD to incorporate into its own processors, despite being the architecture’s 

original source. Scenarios like these where the licensee's innovation is adopted by the original 

licensor are a prime example of how patent cross-licensing can create a competitive ecosystem 

where a shared technology platform is advanced by multiple players, benefiting the entire 

industry (see Menaldo 2021). 

To grasp how I can systematically use patent data to put flesh on these technology creation and 

diffusion stories, we now move beyond licensing to the citations that link patents together. When 

a new patent application cites the "prior art" it builds upon, these references are called backward 

citations—like an academic paper's bibliography. The more telling metric for our purposes, 

however, is a patent's forward citations. Just as a paper's true impact is measured by how many 

future scholars cite it, a patent's influence is measured by the number of subsequent inventions 

that reference it. This makes tracking forward citations instrumental in identifying technological 

leaders and mapping the flow of ideas (Henderson et al. 1998; Brantle and Fallah 2007). 

This makes forward citations instrumental in both identifying technological leaders and mapping 

the flow of ideas (Hall et al. 2001). A patent with thousands of forward citations represents a 

“foundational” piece of technology that served as a critical building block for a new field of 

innovation (ibid: 14-15). This is true whether a succeeding patent is making an incremental 

improvement on an antecedent patent’s technology or attempting to "invent around" it (Brantle 

and Fallah 2007). 

Importantly, there is a sincere, rather than simply strategic, reason why inventors cite previous 

patents in their patent applications and granted patent documents. Not only does an applicant 

face a legal duty to disclose its knowledge of the “prior art,” but a professional patent examiner, 

an expert in the relevant technology area, holds the patent seeker accountable by conducting a 

thorough search for any existing technology that might be like the claimed invention and actively 

helping the applicant identify the most relevant patents to cite. For these reasons, forward 

citations should be reliable indicators of an invention’s importance and impact.   

By extension, the process around discovering and acknowledging prior art and the subsequent 

citations linking patents together represents a powerful proxy for the actual technological links 

between inventions. This should therefore help capture the spillover of ideas and technology 

from one firm to another (Jaffe et al. 1993; Caballero and Jaffe 1993; Jaffe et al. 2000). 

Returning to the example of recombinant DNA that I outlined above, a patent network analysis 

of the biotechnology industry during this era would show the Cohen-Boyer patent as a singular, 

massive hub. Forward citations would radiate out to an expanding universe of firms in both the 

pharmaceutical industry and its supply chain, demonstrating how one groundbreaking invention 

can seed an entire “innovation commons.” 

Preparing the Necessary Data 
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To understand the dataset that follows and the multiple variables I construct from it and analyze, 

a brief primer on the US patent system during the relevant time frame, 1976-2006, is helpful.  

First, note that the key features of patents are their statutory lengths of protection; how broadly 

one interprets the exclusive right over the idea; what is disclosed in the patent and when this 

occurs (immediately vs. delay); the size of inventive step required to earn protection (drastic vs. 

incremental); and what constitutes patentable subject matter (Scotchmer 2004). On these 

dimensions, the US system can be categorized as favoring broad scope and incremental 

innovation during this period (see ibid). Along these lines, it was—and continues to be—defined 

by three fundamental statutory requirements. Inventions must be novel (“new”), prohibiting 

patents on anything “known or used by others” or “described in a printed publication” before the 

effective filing date. They must also be non-obvious, barring patents on inventions that would 

have been obvious at the time to a person having “ordinary skill in the art.” Finally, they must be 

useful: awarded for processes, products, machines, combinations of materials, and improvements 

upon previous patents (US Congress 1952).54 

In terms of what is patentable, the primary instrument is the “utility patent,” which protects the 

functional aspects of an invention. Patents are also granted to inventors for plants and 

modifications of plants, which are classified by the USPTO differently (see USPTO 2001). 

Finally, this also includes, as discussed in Chapter 3 of the book, software patents without 

affiliated hardware. 

The nuts and bolts are straightforward. In the US, a patent application must describe the 

invention in detail and, in doing so, outline a series of explicit claims that comprise the 

invention. It must also include visual diagrams that explain the claims. A professional examiner 

must then screen, evaluate, and approve the application and decide whether it should be granted 

or rejected. If granted, utility patents last for 20 years. Design patents are granted for ornamental 

features of products and last 14 years (USPTO 2001).55 

To map these types of patent citation networks for the technologies that were instrumental in 

driving the Third Industrial Revolution, I leverage a remarkable patent database published by the 

National Bureau of Economic Research (NBER) called the “Utility Patent and Patent Citation 

Data File” (see Hall et al. 2001). This dataset identifies and observes patents and patents’ features 

granted by the USPTO between 1976 and 2006. The variables in the dataset include granted 

patents; the number of claims made by each patent; patents’ backward and forward citations; and 

the cited patents’ and citing patents’ degree of “generality.” Critically, the 2006 end date 

coincided with the eve of Apple’s introduction of the iPhone, a fact I will capitalize on ahead. 

 
54 The patent application process offers multiple pathways, including provisional patents that 

provide preliminary protection before full review, and non-provisional applications that undergo 

comprehensive examination. For time-sensitive innovations, expedited review options exist to 

accelerate the approval process. This tiered approach balances the need for thorough evaluation 

with the practical demands of rapidly evolving industries (USPTO 2001). 
55 I am citing the 2001 edition of the MPEP (i.e., USPTO 2001) because it was the USPTOs 

governing manual during the bulk of my dataset's timeframe. 
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Out of the 3,279,509 patents in the NBER database, almost 93 percent are utility patents granted 

by the USPTO to inventions deemed genuine, novel, useful, and not obvious. Plant patents are 

less than 1% of all patents. Design patents are 6.5% of total patents. The analyses that follow 

focus exclusively on utility patents, which protect how an invention works or is used, as opposed 

to design patents, which protect an item's ornamental appearance. 

While the individual “patent” is the NBER dataset’s original unit of analysis, individual 

inventors almost always assign their patents to a particular company when they obtain patents at 

the USPTO—allowing me to aggregate each of these by publicly listed/traded firms.56 To do so, I 

leverage the COMPUSTAT database published by Standard and Poor’s.57 While it covers 

thousands of publicly traded companies worldwide, with information dating as far back as 1950, 

I relegate attention to all publicly traded firms that existed between 2000 and 2006—a period 

representing the mature phase of the dot-com era immediately preceding the launch of the iPhone 

in 2007—and match all utility patents awarded between 1976 and 2006 to those firms.58 There 

are 63,266 patents with multiple assignees in the NBER dataset; about 2% of them. To address 

this issue, I matched these patents to each of the firms assigned to them as documented by the 

USPTO.59  

All told, these efforts yielded a cross-sectional dataset of 25,480 firms holding 3,023,482 patents. 

In total, these patents received 28,292,441 forward citations, representing over 28 million unique 

links (citing-cited patent pairs) between inventions. 

It is important to note that older, incumbent technological fields tend to cite more and are cited 

relatively less, while emerging fields at the technological frontier are cited more, but cite less 

outside of their area (Hall et al. 2001: 16). Indeed, consider that 50% of citations are made to 

patents at least 10 years older than the citing patent, 25% to patents 20 years older or more, and 

5% of citations refer to patents that are at least 50 years older than the citing one (Hall et al. 

2001: 17). Therefore, I weight the patent data by the amount of time the firm has been around, 

establishing a “floor” on the number of years a firm has been in existence by starting the count in 

 
56 Not all patents are assigned to public firms; some are assigned to individuals, universities, or 

private firms. I do not include any of these in the dataset. 
57 Throughout the rest of this chapter, I classify firms into their respective industries (e.g., 

"semiconductor," "telecommunications," "computer manufacturing") based on their North 

American Industry Classification System (NAICS) code. For this analysis, each firm was 

assigned to its primary industry using its 6-digit NAICS code as reported in the COMPUSTAT 

database. This system provides the most specific, standardized definition for a firm's business 

activities (e.g., '334413' for Semiconductor and Related Device Manufacturing). 
58 This means they were born before or after 2000, but not after 2006.  
59 I address the transfer of patents from one firm to another resulting from corporate mergers, 

acquisitions, and spinoffs. For example, consider the case of Lucent: it is observed as “owning” 

patents initially assigned to AG Communication Systems Corp., VMX Inc., Octel 

Communication Corp., Lucent Tech Remote Access Business Unit, Lucent Tech, Excel 

Switching Comp., Yurie Systems Inc., Ortel Inc., and International Network Services.   
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1950 for all firms older than 1950 that helps control for the fact that older firms have simply had 

more time to accumulate patents.  

 

Preliminary Corroboration of Superstar Economics 

 

After normalizing the data in that manner, the mean number of (weighted) patents is 4.5, the 

median is .17, and the standard deviation is 28.10 patents.60 These descriptive statistics about 

patenting are a preliminary signal that there is a reason to believe that a small handful of 

superstar firms may also represent technology leaders that set the pace of innovation. The vast 

gap between the average number of patents per firm and the median number is telling: a handful 

of patent-rich "superstar" firms pull the average sky-high, while the typical firm holds only a tiny 

number of patents. This extreme inequality potentially points to a "winner-take-most" dynamic 

where a few “innovation leaders” are responsible for a vastly disproportionate share of 

technological assets. 

 

This "winner-take-most" pattern is even more pronounced when it comes to patents’ forward 

citations. The vast 150-fold gap between the average (1,139.5) and the median (7) immediately 

signals an immense "innovation inequality."61 This is confirmed by the distribution's huge 

standard deviation (11,147.59 forward citations per firm), its extreme positive skewness (28.47), 

and a kurtosis of over 1,100, which points to the predictable presence of massive outliers, or "fat 

tails." The most striking illustration of this dynamic is the fact that the top 20% of firms account 

for a staggering 98% of all forward citations.62 In short, the data reveals that a few firms 

completely dominate in terms of technological influence, while most have very few citations to 

their patents or none whatsoever. 

This is all well and good, but a larger question about this strategy for identifying superstar firms 

remains: does a firm's status as an innovation hub, as measured by patent citations, help predict 

its real-world economic performance? To explore this issue, I now turn to looking at whether 

there is a systematic relationship between Total Factor Productivity (TFP) and firms’ patent 

forward citations.    

Constructed by Bahar (2018), TFP is calculated as the residual from a Cobb-Douglass production 

function.63 He estimates it using firm-level data on operating revenue, tangible fixed assets, 

 
60 In terms of the unweighted version, the average number of patents per firm is 124.4, the 

median is 3, and the standard deviation is 1,108.2.  
61 In terms of backward citations, the average firm cites 1,294.69 patents across its patent 

portfolio, with a median of 21 citations. 
62 Focusing attention on the average forward citations per patent, per firm (instead of total 

citations per firm across all its patents), does not really change the story. The mean is 5.39 

citations per patent, and the median is 2. The standard deviation, however, remains rather high at 

9.9, with a skewness statistic of 6.39, and a kurtosis statistic of 80.41. 
63 TFP is the residual from a Cobb-Douglass production function with constant returns to scale 

(𝑌 = 𝐴 · 𝐾ᵅ · 𝐿ᵝ · 𝑀ᵞ), which is estimated via OLS. After calculating the elasticities, the TFP 
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employees, and cost of materials.64 The TFP data is measured as the firm-level average between 

2007 and 2015 for all firms in the COMPUSTAT dataset; any independent variable is measured 

between 1976 and 2006.  

Before conducting this analysis in particular, I made some important adjustments to the dataset. 

Firms that exited it between 2001 and 2007 do not contribute to any of the regressions that 

follow.65 Excluding them reduces the number of observations from 5,926 to 5,060.66 I also drop 

economic sectors with only one firm since we are interested in focusing on data about sectoral 

citation leaders and followers throughout the analysis that follows and, by definition, a firm 

cannot either lead itself or follow itself. This therefore rules out including sectors characterized 

by singletons. This restriction accounts for losing an additional 1,356 observations. 

The descriptive statistics alone are suggestive that we are on the right track. They reveal a 

distribution that is not normal, but is instead highly skewed, consistent with a Pareto-like "fat 

tail." While the median firm produces .21 outputs per unit of input, the mean is dragged to .36. 

This massive skew is driven by a handful of hyper-productive outliers, confirmed by a maximum 

value of 186.64 and a staggering standard deviation of 274. In short, this "fat tail" is the superstar 

effect in numerical form, providing a clear picture of the productivity divide that defines this era. 

Moreover, it appears that "superstar" firms are, in fact, the very "technological leaders" that 

revealed themselves in the preceding analysis. First, consider that patent forward citation leaders’ 

median TFP is .32 (outputs per unit of input), far exceeding the .20 level of the "citation 

followers": the firms that cite them. Second, the results of a bivariate OLS regression, estimated 

with standard errors clustered by economic sector, are even more stark: a firm's status as a patent 

forward citation leader is associated with a 100 percent higher level of TFP than its followers (p 

 

residuals are estimated in the following manner: ln(𝑇𝐹𝑃) = ln(𝑌) − 𝛼̂ ln(𝐾) − 𝛽̂ ln(𝐿) −
𝛾̂ ln(𝑀). 
64 Following Gal (2013), missing values for material costs are imputed by computing the 

difference between operating revenue and value added. The firm-level data is then weighted 

using the OECD's Structural and Demographic Business Statistics (SBDS) database to correct 

for sampling bias in firm size and industry employment. Furthermore, all monetary variables are 

converted to constant 2010 U.S. dollars using industry-specific deflators, including the PPI for 

revenues and investment goods, a specialized input-output weighted PPI for materials, and the 

ECI for employee costs.  
65 I do this because I want to neutralize the potential that speculative financial bubbles are 

driving our results. Consider the NASDAQ stock exchange, where the lion’s share of the biggest 

and most influential American high-tech public firms’ shares traded during our observation 

window: many of those corporations witnessed an epic boom and implosion between 1998 and 

2000 known as the .com bubble and bust. Many of the firms that gained notoriety during this 

period are infamous: their meteoric rise was followed by spectacular bankruptcies. They had 

untenable business models and turned out to be flashes in the pan rather than technologically 

innovative firms. 
66 This does not mean that the obverse is true, however: any firm that enters the dataset between 

2000 and 2015, and has TFP data between 2006 and 2015, makes it into the regressions. 
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< .001), suggesting that technological influence and economic productivity are two sides of the 

same coin.67 

This powerful bivariate correlation, however, could be spurious: A firm's status as a citation 

leader might simply be a byproduct of other sector-wide characteristics—such as a high density 

of patents, a proliferation of general-purpose technologies, or high levels of R&D spillovers—

that independently boost the productivity of all firms in that industry. To isolate the true effect of 

technological leadership, I therefore introduce a battery of control variables to account for these 

potential confounders.68 Even in a fully specified multivariate model, a firm's status as a citation 

leader remains a powerful predictor, correlating with a 67% higher level of total factor 

productivity (p < .001). More decisively, introducing sector fixed-effects—which expunges all 

sector-level omitted variables and focuses exclusively on variation within each industry—yields 

a materially identical result.  

The above analysis provides powerful economy-wide evidence that innovation leaders are also 

productivity superstars. The link between patent citation dominance and superior TFP appears 

quite robust. 

Yet, a central argument of this section of the appendix is that, in the run up to the Fourth 

Industrial Revolution, innovation was not necessarily uniformly distributed across the economy 

but was instead driven by and concentrated in the high-tech sector. These firms were purportedly 

characterized by a pronounced "rich-get-richer" phenomenon: a small number of pacesetters 

became massively influential hubs, while the vast majority remained on the periphery with very 

few connections. Was it really the case that a few firms at the cutting edge of the era’s frontier 

technology industries assumed the role of innovation hegemons and took a lead role in diffusing 

technology across their industries? The next logical step is to formally test the contention that a 

winner takes most dynamic characterized high-tech firms’ innovation commons in an exceptional 

manner.   

Cross-sectional Power Law Assessment 

 
67 Standard errors are clustered by specific high-tech sectors (e.g., Semiconductors, Software 

Publishing, Computer Manufacturing) rather than a standard industrial classification. This 

clustering strategy is empirically justified by a Multiple Regression Quadratic Assignment 

Procedure (QAP) analysis, which confirms that the dyadic distance in TFP levels between any 

two firms is significantly and negatively correlated with co-membership in each of these high-

tech categories (p < .05 for all tested sectors). This finding suggests that firms within these 

purpose-built clusters share a distinct productivity profile, justifying their use for standard error 

correction. The main results are also robust to clustering at the 3-digit NAICS level, however. 
68 To isolate the effect of citation leadership from other industry-wide characteristics, the 

multivariate model controls for the following sector-level variables, measured for the 1976 to 

2005 period: (1) the average number of patents; (2) the median number of claims per patent; (3) 

the median number of forward citations per patent; (4) the median number of backward citations 

per patent; (5) the generality of the citation leader’s forward citations; (6) the generality of the 

citation leader’s backward citations; (7) the generality of the citation followers’ forward 

citations; and (8) the sectoral forward citation Gini coefficient. 
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As a first step in identifying and mapping this phenomenon, I expect the patent distribution for 

high-tech firms to be highly unequal.69 Rather than clustering around a typical value, I anticipate 

a pattern best described by a Power Law distribution. Most simply, this describes a "rich-get-

richer" phenomenon. Its most famous statistical feature is a characteristic "fat tail," which means 

that massive outliers are not just possible, but are an expected and predictable feature of the 

distribution. This results in a dynamic where a handful of technological leaders completely 

dominate the “innovation landscape.” 

Technically-speaking, I need to evaluate whether the distribution of total patents weighted by 

firm age for high tech firms follows a Power Law in terms of a constant multiplied by a power of 

the variable in question, which implies that firms with relatively higher shares of patents tend to 

have orders of magnitude greater patents than firms with fewer ones.70 In other words, a relative 

change in one quantity should map onto a proportional relative change in the other quantity. In 

folk language, such a distribution subsumes the idea that the top 20 percent of the firms in the 

patent data distribution account for 80 percent (or more) of the total patents. The simplest case is 

a 
1

𝑓
 function: if the values are sorted from most common to least common, the second most 

common frequency occurs half as often as the first; the third most common frequency occurs 

1/3 as often as the first; and the 𝑛𝑡ℎ  most common frequency occurs 1/𝑛 as often as the first. I 

focus particular attention on ascertaining whether the right tail of the data’s distribution obeys 

such a pattern, speculating that this is more likely than a power law corresponding to the 

variable’s entire range of values. 

More formally, a quantity 𝑥 is governed by a power law if it is drawn from a probability 

distribution 𝑝(𝑥) ∝ 𝑥−𝛼, with ∝ denoting proportionality. This can also be written as 𝑝(𝑥) =

 𝐶𝑥−𝛼, where 𝛼 > 0 is a constant, shape parameter, 𝐶 is a constant, scale parameter, and 𝑥 ≥

𝐶 > 0 is a random variable. The right tail of the distribution is heavier as 𝛼 gets smaller. This 

distribution therefore has cumulative distribution function (c.d.f.) equal to 𝐹(𝑥) = 1 − (
𝐶

𝑥
)

−α
; its 

probability density function (𝑝. 𝑑. 𝑓.) is 𝑓(𝑥) = α(C)𝛼/𝑥𝛼+1.  

Several things follow from these facts that I can exploit to diagnose and describe a power law. If 

we take logs of both the data’s rank order (quantiles) and its frequency, we obtain 𝑙𝑛 𝑝(𝑥) =

 −𝛼 𝑙𝑛 𝑥 +  𝐶. This means I should observe a straight line on a doubly logarithmic plot, with −𝛼 

as the slope of that line. Moreover, I can calculate a gini coefficient to gauge the level of 

 
69 To qualify as “high-tech,” a firm must be classified by the NAICS as either operating in 

wireless telecommunications, semiconductors, computer manufacturing, software publishing, 

data processing and hosting, computer system design services (Network Systems Integration 

Design Services), other computer services, and custom computer design services (Computer 

Program or Software Development). 
70 This is often referred to a Pareto 1 distribution or a Zipf distribution. For a review of how 

pervasive power law distributions are across several processes studied by economists, 

demographers, biologist, physicists, engineers, and other researchers, as well as how to identify 

them statistically, see Clauset et al. (2009). 



64 
 

inequality implied by calculating the following equation, 1 (2𝛼 − 1), which is derived from 

the Lorenz curve ordinates at each 𝑠 = 𝐹(𝑥𝑠) given by 𝐿𝑠 = 1 − (1 − 𝑠)1−1/𝛼, with 0 denoting a 

uniform distribution and 1 denoting that one firm has all of the patents. However, what is more 

likely is that the power law applies to values greater than some minimum, 𝑥𝑚𝑖𝑛 , so that it is 

most likely the tail of the distribution that obeys a power law. By extension, only a portion of the 

slope of the line above a designated 𝐶 thatF is greater than zero (after taking logs) will be 

straight. 

I therefore proceed in a few steps. First, I graph a double log rank frequency plot of the data and 

visually inspect it to establish whether it depicts a straight line or not. Second, I assume that the 

entire data’s distribution obeys a power law and estimate the 𝛼 parameter via maximum 

likelihood, as well as the Gini coefficient. Third, I search for the distribution’s 𝑥𝑚𝑖𝑛 by varying 𝐶 

while calculating a goodness of fit statistic between the data that lies above the stated threshold 

and the power law distribution to formally assess the null hypothesis that the data does not 

follow a power law. I thus try to narrow down where in the distribution the data obeys a power 

law.    

As a first step, to evaluate whether the patent data for high tech sectors follows a power law, I 

graph the log of the number of patents weighted by firm age and the log of the rank of firms (the 

firm that patents the most is assigned the highest rank). As outlined above, I expect a linear 

relationship. Figure S2.1, which depicts said graph, largely fits the expected pattern; it also 

appears that the line is straighter as it gets closer to the right tail of the distribution, which I 

expect given that the power law probably kicks in at relatively higher data values. 

As a second step, I follow Jenkins and Van Kerm (2007) and derive the likelihood function for a 

sample of observations on patents for high tech firms specified as the product of the densities for 

each observation. This yields an 𝛼 coefficient of 1.04 (p-value < .001), which implies, as 

expected, a very steep power law relationship. I also calculate the Gini coefficient using this 

approach, which is .93.71 Moreover, I note that the top twenty percent of high-tech firms have 

95.4 percent of the total patents held by firms in these sectors. 

Based on Figure S2.1, I surmise that power law dynamics seem to really kick in at relatively 

higher values of the number of patents. Therefore, we exploit the technique pioneered by Urzúa 

(2020) to both test the goodness of fit of the power law to the data and locate the appropriate 

value for 𝑥𝑚𝑖𝑛. I test for different thresholds of 𝐶 at the patent data’s 5th, 25th, 50th, 75th, 90th, 

95th, and 99th percentiles and fail to reject the hypothesis that the data follows a power law once 

we reach the median of the data’s distribution, which is 1.5 patents (p-value = .73). I note that 

the results are robust to measuring patents as a firm’s total patents instead of a firm’s patents 

 
71 The Gini coefficient measures statistical dispersion, with 0 representing perfect equality and 1 

representing maximal inequality. The Gini coefficient for a Pareto (Power Law) distribution can 

be calculated directly from the scaling parameter alpha (𝛼). The formula is 1 / (2𝛼 −  1). Given 

the estimated 𝛼 of 1.04, the calculation is: 1/(2 × 1.04 − 1) = 1/(2.08 − 1) = 1 /1.08 ≈
 0.926, which rounds to the 0.93 reported.  
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weighted by its age. The only meaningful difference is that for the former the value of 𝑥𝑚𝑖𝑛 now 

lies at the data’s 75th percentile, 31 (p-value = .87). 

As expected, things are different if I focus attention on the non-high-tech sample. Returning to 

the number of patents weighted by firm age, I find that at no values of 𝐶, including the variable’s 

lowest observed value, do that data seem to follow a power law. Specifically, I reject the 

hypothesis that the data follows a power law for the following values of the data’s distribution: 

the minimum, 1 (p-value < .001); the median, 1.15 (p-value <  .001); the 75th percentile, 

2.21 (p-value =  .01); the 90th percentile, 6.09 (p-value < .001); the 95th percentile, 13.4 (p-

value < .001); and the 99th percentile, 60.07 (p-value < .001).    

Figure S2.1: Power law fitted to patent count data (Rank-Size Plot) 

 

Notes: both the y and x axes are logged. I add 1 to the number of patents weighted by firms 

because several firms are observed as having zero patents. On the y-axis, I label the lowest value 

(0 + 1), median, 75th percentile, 90th percentile, 95th percentile, 99th percentile, and highest 

value. On the x-axis, I label the lowest value, 25th percentile, median, and highest value. 

Taken together, these formal tests provide rigorous, statistical validation for the claim that during 

the Third Industrial Revolution the patent distribution for high-tech firms follows a Power Law, 

revealing a "winner-take-most" dynamic where a handful of innovation hegemons possessed 
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orders of magnitude more IP than their peers. Crucially, this is not a universal feature of the 

American economy during this period. The patent distribution for non-high-tech firms fails to 

conform to a power law at any threshold, indicating a fundamentally different and more equitable 

structure of innovation. This stark divergence provides the empirical justification for this section 

of the appendix’s deep dive into some of the specific mechanisms of the high-tech innovation 

commons, to which we now turn. 

The Patent Citation Gap in High-tech Sectors 

The same winner-take-most dynamic should be even more pronounced when examining patent 

forward citations. Among high-tech firms, I expect to find a vast citation gap between the 

handful of technological leaders and the broader periphery of followers. Because followers are 

more likely to adopt and build upon the leaders’ standardized technologies, they will 

disproportionately cite the patents of the most influential firms. This dynamic implies that, unlike 

their non-high-tech counterparts, high-tech sectors will exhibit a highly unequal distribution of 

forward citations, a pattern again best described by a Power Law: Instead of citations clustering 

around a typical value, I expect to find a right-skewed distribution with a characteristic “fat tail,” 

indicating a massive ratio between the most-cited firms and the least-cited. 

I therefore apply the same rigorous protocol used in the previous section to see whether I can 

identify a Power Law in the forward citation data. First, I graph a log-log plot of the forward 

citation data to visually check for the characteristic straight-line pattern. Next, I estimate the 

overall inequality by calculating the Gini coefficient via maximum likelihood. Finally, I formally 

test the Power Law hypothesis by searching for the optimal 𝑥ₘᵢₙ threshold where the tail of the 

distribution best fits the theoretical model. 

The results from these tests are decisive. The log-log plot in Figure S2.2 provides the initial 

visual evidence, revealing the expected linear relationship, particularly in the right tail of the 

distribution for firms with higher citation counts. The overall inequality is staggering: a 

maximum likelihood estimation yields a Gini coefficient of .96, a figure consistent with the 

finding that the top 20% of high-tech firms command 98.8% of all forward citations. Formal 

testing confirms that this extreme concentration is driven by a Power Law dynamic. The data 

conforms to a Pareto distribution above the 75th percentile (a threshold of 218 citations), where I 

fail to reject the null hypothesis (p-value = . 40). This finding is robust to measurement: when I 

use average citations per patent, the results are identical. 

As expected, a starkly different pattern emerges for the non-high-tech sample. The Power Law 

hypothesis is overwhelmingly rejected across the distribution; instead, the data for these firms 

appears to follow a log-normal distribution, a fact highlighted by a hangroot plot that I do not 

report here to conserve space. To quantify the magnitude of this structural difference, I next 

compare the level of inequality on a sector-wide basis using the Gini coefficient for forward 

citations.72 A simple bivariate regression across 669 industries reveals a dramatic gap. The 

average Gini coefficient for high-tech sectors is .725, nearly double the .377 average for non-

 
72 That is, each firm in each sector is a data point that contributes to the calculation of this sector 

wide measure of inequality: economic sectors are the unit of analysis. 
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high-tech sectors (a difference of means with p < .001). This finding provides powerful, cross-

sectional evidence that the "winner-take-most" innovation dynamic is a unique and defining 

feature of the high-tech ecosystem. 

The results from these tests are unequivocal, strongly corroborating the idea that, between 1976 

and 2006, the innovation economy embodied by the high-tech sector obeyed Superstar Firm 

dynamics. Its patent citation patterns conform to a Power Law, creating a "winner-take-most" 

dynamic where a few influential firms attract orders of magnitude more citations than their peers. 

Crucially, this is not a universal feature of that economy, but a unique characteristic of the high-

tech ecosystem. This empirical confirmation provides the justification for the next phase of our 

analysis: a deep dive into the specific network mechanisms that drove this exceptional 

concentration of technological influence. 

Figure S2.2: Power law fitted to patent forward citation data (Rank-Size Plot), High Tech 

 

Notes: both the y and x axes are logged. I add 1 to the number of patent citations weighted by 

firms because several firms are observed as having zero patents. On the y-axis, I list the lowest 

value (0+1), 25th percentile, median, 75th percentile, 90th percentile, 95th percentile, 99th 

percentile, and highest value. On the x-axis, I list the 25th percentile, median, and highest value. 
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Patent Citation Network Datasets 

I now seek to more clearly identify the distinct “innovation leaders” that cut their teeth 

developing and diffusing inventions central to the transmission of technology vital to their 

industry across high tech sectors. Broadly, I am looking to establish several patterns that satisfy 

the idea that distinct network leaders are the wellspring of their industry’s foundational 

technologies and act as the “hubs” in a technological exchange in which peripheral firms serve as 

“spokes” by acquiring, honing, and helping spread the formers’ critical innovations. To address 

these claims systematically, I constructed two network datasets that observe citation ties between 

high tech firms existing between 2000 and 2006.73 

The first network dataset I built allows me to evaluate the transfer of information and technology 

between firms in the semiconductor industry during the Third Industrial Revolution, again 

spanning from 1976 and 2006. I call this the “horizontal network.” The first half is dedicated to 

mining the horizontal connections between semiconductor firms. This allows me to both 

operationalize and test hypotheses about the transfer of information and technology between 

firms in roughly the same segment of the supply chain; indeed, some inventions may spread 

between rivals competing for the same market share. 

The second dataset is a “vertical network” designed to map the supply chain connections 

between the upstream semiconductor firms and the downstream companies that used their chips 

in the pre-2007 era. Unlike the first network, this one excludes horizontal ties between rivals and 

focuses exclusively on the flow of technology up and down the digital device “stack.” The 

downstream firms include the hardware manufacturers (producing PCs and early mobile devices 

like the Palm Pilot), wireless telecommunications companies, and software publishers that 

together created the pre-2007 digital ecosystem.  

Network Analysis Basics 

At its core, a network consists of two simple things: “nodes” and “edges”. The nodes (or 

vertices) are the individual items being studied. In a professional social network like LinkedIn, 

for example, the nodes are the individual user profiles. The edges (or ties) are the connections 

that link these nodes together. On LinkedIn, this could be a "1st-degree connection," the act of 

following an influencer, or membership in the same industry group. 

To analyze these connections, researchers represent the network as a dataset, most commonly in 

the form of an “adjacency matrix”. You can think of this as a large spreadsheet where every 

 
73 I am not the first researcher to convert patent data into network datasets to explore 

technological leadership and technological diffusion. Jaffe and Trajtenberg (2002) use patent 

citation data to track the flow of knowledge between universities, corporations, and different 

countries, famously showing that these “knowledge spillovers” are often geographically 

concentrated. Brantle and Fallah (2007) seek to show that highly connected nodes, or hubs, are 

the most cited firms across all industries, not just semiconductors or the larger electronic device 

industry supply chain. Meanwhile, Kim and Song (2012) use patent lawsuit information to 

identify technological leaders in the smartphone industry, which differs from the citation-based 

approach I undertake here.  
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node—every person on LinkedIn—is listed as both a row and a column. A cell in the spreadsheet 

receives a "1" if a tie exists from the row person to the column person and a "0" if it does not. 

This simple grid of 0s and 1s provides a complete map of the network, which can then be used to 

perform statistical analysis at two levels.  

Keeping with our running example, a “node-level” analysis could focus on a single influential 

person on LinkedIn to measure their importance. On the one hand, we could calculate their 

“degree centrality” by simply counting their connections. On the other hand, we could identify 

their “betweenness centrality” to see if they act as a crucial “bridge” connecting different 

professional groups.  

A “network-wide” analysis, on the other hand, looks at the structure of the entire group. For 

example, it might show that senior biotech researchers in Boston form a “high-density”, tight-

knit community where most individuals are already connected to one another. In contrast, the 

same analysis might show that retail store managers across the U.S. form a “low-density”, 

fragmented network where most managers are strangers with few professional connections 

between them.  

Translating this into more formal language, a network with n nodes is represented by an 𝑛 ×  𝑛 

adjacency matrix, 𝑌, where 𝑌ᵢⱼ ≠ 0 if a relationship exists between nodes 𝑖 and 𝑗. The nature of 

the relationship determines the matrix's properties. In an undirected network, where a 

relationship is always mutual, the matrix is symmetric (𝑌ᵢⱼ = 𝑌ⱼᵢ). Conversely, in a directed 

network, where a relationship can be one-way, the matrix is asymmetric, as a tie from node 𝑖 to 

node 𝑗 does not imply a tie from 𝑗 back to 𝑖.74 The fundamental unit of analysis in these networks 

is the dyad, or a pair of actors (𝑖, 𝑗), whose complete relationship is described by the 

configuration of its tie variables (𝑦ᵢⱼ, 𝑦ⱼᵢ).75 

The relationship within each dyad can express one of three states: it can be mutual, where a tie 

flows in both directions between the two nodes; asymmetric, where a tie flows in only one 

direction; or null, where no tie exists at all. 

The next level of social structure is the triad, which is a set of three nodes and the ties among 

them. A triad is the smallest unit in which we can analyze more complex social dynamics like 

balance, hierarchy, and transitivity (the principle that "a friend of my friend is also my friend"). 

The relationships within even this small group can be surprisingly complex; in a directed 

network there are 16 possible configurations of ties that can exist within a triad. 

Expectations about our Particular Networks  

 
74 An example is a social network like X (formerly Twitter), where you can "follow" an 

influencer (a tie from you to them), but they do not automatically have to follow you back. 
75 In terms of graph theory and notation, a network can be described as the graph 𝐺 =  (𝑉, 𝐸), 

where 𝑉 =  {1, 2, 3, … 𝑛}  is a set of vertices (nodes) and 𝐸 ⊆ {⟨𝑖, 𝑗⟩ |𝑖, 𝑗∈ 𝑉} is a set of edges 

(ties). Edges are pairs of vertices; for example, {⟨1, 5⟩, ⟨2, 5⟩} . 
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Applying this framework to the patent citation networks, we should expect to observe a scale-

free structure with clear network leaders where technology is widely distributed. This means 

uncovering a relatively large patent citation gap between technological leaders, which should be 

cited extensively, and peripheral firms, which should be cited minimally or not at all. The 

structural characteristics of such a network should manifest in several specific ways.  

First, we expect relatively short average path lengths between nodes—that is, the mean number 

of steps along the shortest citation paths connecting all possible pairs of firms should be small. In 

practical terms, this means that knowledge can flow from one firm to another through only a few 

intermediate patent citations, enabling rapid technology diffusion across the industry. This 

efficiency in knowledge transmission is a hallmark of scale-free networks, where hub firms 

create shortcuts that dramatically reduce the degrees of separation between otherwise distant 

peripheral firms. 

Second, the network should exhibit high clustering coefficients combined with low transitivity, a 

seemingly paradoxical but revealing combination. The clustering coefficient measures the 

probability that two firms citing the same third firm also cite each other, with values ranging 

from 0 to 1. High clustering indicates dense local neighborhoods where firms tend to cite 

common sources. However, transitivity—the overall probability that if firm 𝐴 cites firm 𝐵, and 𝐵 

cites 𝐶, then 𝐴 also cites 𝐶—should remain relatively low. This pattern suggests that while firms 

may cluster around common technological sources (creating high local clustering), they don't 

necessarily form closed triangles of mutual citation. Instead, knowledge flows through central 

hubs rather than circulating within tightly knit subgroups, preventing technological 

balkanization. 

Third, the node degree distribution should exhibit extreme inequality, potentially following a 

power law dynamic. In a citation network, a node's in-degree is the number of times it is cited by 

other firms, while out-degree is the number of other firms it cites. What this means in our case is 

that most nodes should exhibit few connections and a small number of "hub" nodes should have 

many connections. This is because a network’s degree distribution describes the probability 

distribution of node degrees (number of connections) across the entire network.  

Indeed, I can search for the same Power Law distribution identified in the cross-sectional data 

here: When applied to a network, the probability 𝑃(𝑘) that a randomly selected node has 𝑘 

connections obeys the relationship 𝑃(𝑘) ∝ 𝑘^(−𝛽), where 𝛽 represents the scaling exponent. 

Unlike a normal distribution where connections would cluster around an average, this 

polynomial relationship dictates that a few 'hub' firms receive vastly more connections than 

others. This structure creates the characteristic "fat tail" we observed earlier, where a handful of 

technological leaders dominate the citation landscape while most firms occupy the periphery 

with minimal connections. 

Fourth, network leaders should exhibit high centrality across multiple dimensions. Centrality 

encompasses several complementary measures of a node's importance: degree centrality counts 

direct connections, betweenness centrality measures how frequently a node lies on the shortest 

paths between other nodes, eigenvector centrality weights connections by the importance of 
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connected nodes, and closeness centrality calculates average distance to all other nodes. 

Technological leaders should score highly across these measures, confirming they not only 

maintain numerous direct connections to peripheral firms but also serve as critical intermediaries 

mediating knowledge flows between otherwise disconnected parts of the network. These firms 

function simultaneously as knowledge sources, transmission hubs, and bridges connecting 

diverse technological communities. 

Fifth, the network should exhibit a relative absence of cliques—subsets of nodes where every 

member cites every other member, forming fully connected subgraphs. Rather than fragmenting 

into smaller, isolated neighborhoods or subnetworks, we should observe a single, dense, tightly 

connected village. In short, the horizontal network reveals strong interconnectedness that is 

uniform—tending towards universality—and an absence of cliques, which would indicate that 

technological knowledge doesn't get trapped in isolated communities but instead flows through 

the broader network via hub firms. This structure ensures that innovations can diffuse widely 

rather than remaining confined to technological silos. 

Finally, firms that acquire technology from network leaders should seek access to foundational 

types of technology from them. Therefore, when peripheral firms’ patents cite the latter’s patents 

they should be citing relatively more “general” technology than what they possess in their own 

portfolios: a high level of generality for backward citations means that a patent cites other 

patents that have an impact across a wide range of fields. Conversely when firms cite peripheral 

firms’ patents, they should not necessarily be seeking to acquire “general” technology from them 

but, rather, bespoke technological applications.  

Horizontal Network: Semiconductor Firms  

The first dataset is a “horizontal network” that observes patent citations among 127 

semiconductor firms.76 It is a directed network, meaning a tie from Firm 𝐴 to Firm 𝐵 does not 

imply a tie from 𝐵 to 𝐴. For this analysis, a tie is recorded as a binary relationship: a link exists if 

one firm cites any of the other firm's patents at least once, irrespective of the total number of 

citations. This allows for several possible relationships between any two firms, including a null 

tie (no citations in either direction), an asymmetric tie (one cites the other, but not vice versa), or 

a reciprocal tie (both cite each other), as well as self-citations.  

Visual Topology and Basic Network Features 

Figure S2.3, a global visualization of the horizontal network, reveals that the 127 semiconductor 

companies in the dataset are connected through 2,347 citation linkages in a complex manner. 

The network’s most striking feature is its heterogeneous connectivity pattern, a core-periphery 

structure with three types of nodes. At the center there are dominant hubs: large, more lightly 

 
76 I excluded some “edge” cases from this dataset for principled reasons. First, I omitted 

subsidiaries of larger foreign corporations (e.g., Samsung Semiconductor Inc.). Second, I 

excluded firms with complex acquisition histories that predate the analysis period (e.g., NXP 

Semiconductors N.V., formerly VLSI). Finally, I omitted firms for which I could not find patent 

records in the NBER patent dataset (e.g., Aeroflex Holding Corp.). 
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shaded circles that represent highly cited firms including Texas Instruments, cited by 99 firms, 

and Intel, cited by 89. The middle tier shows up as medium-sized, moderately shaded nodes 

forming bridges between the core and periphery, which include firms such as Cirrus Logic (cited 

by 57 firms and ranked 10th) and Maxim Integrated Products (cited by 61 firms and ranked 8th). 

Finally, small, dark-colored nodes scatter along the edges—25 firms receive no citations at all, 

while 47 receive five or fewer citations. These minimally cited firms appear as the smallest 

nodes on the periphery, often connected to the network through only one or two edges leading to 

major hubs. 

The network's visual structure—with its clear core-periphery organization, dominant hubs, and 

absence of isolated clusters—suggests specific patterns of knowledge diffusion. The thick edges 

converging on Texas Instruments, Intel, and Qualcomm indicate these firms generate 

foundational technologies that others build upon. The peripheral firms' thin, often singular 

connections to these hubs suggest they are technology adopters rather than generators, accessing 

standardized or general-purpose technologies through their citations. In short, the network 

structure implies that innovation flows from a concentrated core of technological leaders to a 

broader periphery of specialized firms, with middle-tier companies serving as bridges that help 

diffuse knowledge throughout the ecosystem.  

Figure S2.3 Visualizing the Semiconductor Network 
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Notes: This network visualization displays the citation relationships among 127 semiconductor 

firms through 2,347 directed ties (links) based on patent citations from 1976 to 2006. Node size 

is proportional to the number of times a firm is cited by other semiconductor firms in the network 

(in-degree centrality). The largest nodes represent the most influential technology hubs: Texas 

Instruments (cited by 99 firms), Intel (cited by 89 firms), and Qualcomm (cited by 39 firms). The 

network exhibits a core-periphery structure with a density of 14.7%, meaning that only about 

15% of all possible citation ties exist. Twenty-five firms receive no citations, while 47 firms 

receive five or fewer citations, appearing as the smallest nodes on the periphery. A tie is 

recorded as a binary relationship: a link exists if one firm cites any of another firm's patents at 

least once during the analysis period, irrespective of the total number of citations. 

Sources: NBER Utility Patent and Patent Citation Data File (Hall et al. 2001); S&P Global 

Market Intelligence COMPUSTAT database (2025). 



74 
 

The network’s basic features complement this visual assessment. With only 2,347 existing ties 

out of 13,655 potential connections, the network's low density of 14.7% suggests a pattern of 

strategic, rather than random, knowledge acquisition. The visualization also reveals a key 

structural feature: while firms tend to form dense clusters by citing the same major hubs, creating 

"interconnected neighborhoods," these clusters do not appear to be isolated. The general absence 

of separate, tightly bound subgroups, or “cliques,” suggests that knowledge flows relatively 

freely across the entire network via the central hubs, rather than being balkanized into 

technological silos. 

Indeed, the semiconductor firms in the network both draw from and contribute to a broad 

technological base. The average number of forward citations for semiconductor firms' patents 

(from all citing firms, both inside and outside this network) is 5,341, with an average generality 

score of 0.47. Backward citations average 7,511, with an average generality score of 0.51. 

Notably, 93 firms cite themselves, indicating internal knowledge building and patent portfolio 

development. These self-citations appear as reflexive loops in the network structure, though they 

are less visually prominent than the inter-firm connections that shape the overall topology. 

The firms in this network are deeply embedded in the broader technological ecosystem, both 

consuming and producing a vast amount of knowledge. On average, each firm's patent portfolio 

receives over 5,000 forward citations from later inventions across all industries, signaling its 

outward influence. At the same time, each firm makes over 7,000 backward citations to prior art, 

demonstrating its reliance on the existing stock of knowledge. Furthermore, the fact that 93 of 

the 127 firms cite their own prior patents indicates a significant level of internal, cumulative 

innovation. 

Network Leaders 

While further below I formally defend the claim that Texas Instruments, Intel, and Qualcomm 

are the semiconductor network’s clear leaders, here I familiarize readers with each of them in a 

stylized manner, paying particular focus to their core technologies and flagship inventions. In 

their own way, these firms played instrumental roles across different semiconductor segments 

during the analysis period. Texas Instruments did so for analog/embedded processing; Intel for 

microprocessors; and Qualcomm for wireless technologies and mobile communications. Putting 

aside these different specializations, they shared a similar playbook: aggressive risk-taking, 

massive R&D investments, and pioneering new models of industrial organization, from Intel’s 

integrated manufacturing to Qualcomm’s “fabless” design-focused approach.  

Texas Instruments 

Texas Instruments designs, manufactures, tests, and sells analog and embedded, specialized 

semiconductors across several applications.77 During the timeframe subsumed by the analysis, 

they included industrial production, automotive transportation, personal electronics, 

 
77 Texas Instruments acquired National Semiconductor in 2011, which added about 12,000 

analog chip patents to its portfolio. The network datasets only have coverage on patents and their 

citations and other traits until 2006, however; therefore, I omit these. 
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communications equipment—including mobile phones—and enterprise systems. The company 

pioneered Digital Signal Processors (DSPs), specialized chips that became the engine of the 

digital media and communications revolution. A key patent embodying this breakthrough is US 

Patent Number 4,577,282, granted by the USPTO in 1986 for the architecture of its landmark 

TMS320 family of processors (Caudel and Magar 1986). This invention was essentially a 

specialized computer on a single chip, optimized for a single, crucial task: processing real-world 

analog signals. 

The DSP was groundbreaking because it acted as a high-speed translator between the analog 

world (like sound waves or radio signals) and the digital world of computers. This innovation 

made it economically feasible to build the first generation of mass-market digital devices. DSP 

therefore became the heart of early digital cell phones, high-speed modems, and the complex 

controllers inside computer hard disk drives. 

For other technology firms, Texas Instruments' DSP architecture, particularly the TMS320 series, 

established a key benchmark for high-performance signal processing in applications like audio, 

telecommunications, and embedded systems. Companies across the electronics industry sought 

to license this technology or design products that aligned with it. For example, Nokia relied on 

Texas Instruments’ DSP cores in its digital mobile phones throughout the 1990s, using them to 

convert voice signals into digital form and to manage the modulation schemes required for 2G 

networks.78 The technology’s outsize influence is reflected in the frequent citations of patents 

related to the TMS320 architecture, which served as foundational prior art for subsequent 

innovations in digital devices and helped solidify Texas Instruments' prominent position in the 

embedded processing market for many years. US Patent 4,577,282 was cited 65 times between 

1976 and 2006. Compared to the mean of 9.4 and median of 5 citations across the 2.5 + million 

patents in the dataset, this puts the TMS320 patent comfortably in the top few percent of all 

patents (well above the 95th percentile).79 

Intel 

In Chapter 2 of the book, I discussed Intel’s role in spearheading the PC revolution by sustaining 

“Moore’s Law” and relentlessly pushing CPU performance. In that vein, Intel secured a series of 

landmark patents, including one from 1996 that was crucial for the performance of its Pentium 

processors. While it did not introduce superscalar execution itself, US Patent Number 5,584,001 

on branch prediction in superscalar, out‑of‑order cores, describes a branch‑target buffer that 

 
78 A modulation scheme is the set of rules for encoding digital information (bits of 1s and 0s) 

onto a radio carrier wave for wireless transmission. Think of a radio station's broadcast 

frequency as a pure, constant tone (the carrier wave). To transmit a song, the station must vary, or 

"modulate," that tone in sync with the music. For 2G digital networks, the primary method was a 

type of frequency modulation called Gaussian Minimum-Shift Keying (GMSK), which 

represented a digital "1" by slightly increasing the carrier wave's frequency and a "0" by slightly 

decreasing it. The DSP was the specialized hardware that performed the complex, real-time 

calculations required for this encoding and decoding process. 
79 The descriptive statistics about patents in this section are from the original NBER patent level 

source dataset, rather than the patent data aggregated by company I outlined above. 
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maintains speculative as well as actual branch histories and computes a one‑cycle prediction, 

with mechanisms (including a return‑stack buffer) to recover on mispredictions (see Hoyt et al. 

1996).  

To understand this patent's significance, it helps to define these architectural concepts. A 

“superscalar, out-of-order” processor is an advanced design that can execute multiple 

instructions in a single clock cycle and can even reorder them to keep its various components 

busy. The primary challenge for these complex designs is a “branch”—an "if-then" decision in a 

program that creates uncertainty about which instructions to execute next. Waiting for the correct 

path to be determined creates a “pipeline stall”, a costly delay where the processor's power is 

wasted. To solve this, processors use “branch prediction” to make an educated guess about the 

branch's outcome and proactively start executing instructions down that path, a technique known 

as “speculative execution”. The innovation in this patent was a more sophisticated method for 

making these guesses, using a “branch-target buffer”—a small memory cache on the chip—to 

keep a detailed history of both actual past outcomes and the success of its own speculative 

predictions, allowing it to learn and improve its accuracy over time. 

To better grasp its contribution, think of a modern processor as a factory with multiple, parallel 

assembly lines, known as a “superscalar” design. The factory's goal is to keep these lines 

constantly moving at top speed. However, a computer program is full of "if-then" decisions, or 

branches, which create a problem: the factory manager must guess which path the product will 

take down the assembly line before the decision is final. A wrong guess forces the entire line to 

shut down and restart, wasting precious time. This is a “pipeline stall.” 

The Intel patent described a revolutionary new system for “branch prediction” to solve this very 

problem. It was like giving the factory manager a supercomputer that kept a detailed history of 

all previous orders and used that data to predict the outcome of the next "if-then" decision with 

incredible accuracy. This system was so advanced that it even remembered its own past 

predictions to improve its future guesses. When it did guess wrong, it had an ultra-fast recovery 

mechanism to clear the line and switch to the correct path with minimal disruption. By 

drastically reducing these pipeline stalls, this innovation produced the dramatic leap in real-

world speed that was essential for running the demanding, graphics-heavy software of the era, 

most importantly the “Windows 95” user interface. 

For other semiconductor firms, the branch prediction patent's influence was immense—it set a 

new, non-negotiable standard for high-performance chip design: not just another step along the 

semiconductor path, but the definitive prior art that shaped the trajectory of microprocessor 

design for a decade. Rivals like AMD could not compete without developing their own, equally 

sophisticated branch prediction systems. They were forced to either license Intel's technology, or 

invest heavily in designing around the patent, but were heavily inspired by its pioneering 

approach.  

Consider that, between 1976 and 2006, this patent received 48 forward citations. That places it 

well above the mean of 9.4 and the median of 5 for all patents in the dataset, putting it in the 98th 

percentile of forward citations. In other words, while most patents languished with only a 
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handful of references, Intel’s branch prediction design became part of the relatively small club of 

patents that subsequent inventors routinely had to cite. 

Qualcomm 

Finally, we come to Qualcomm—one of the first so-called fabless firms, along with others such 

as Britain’s ARM, to focus purely on designing chips that are fabricated in foundries located in 

Taiwan and South Korea—was one of the most important semiconductor firms of the 

smartphone era. While, as I explain in the Chapter 6 of the book, it is most famous for 

contributing to the SEPs that helped run almost all those mobile digital devices by 2025, in the 

pre-2007 era, the timeframe of this analysis, it designed critical modem chips that allowed 

mobile phones to communicate with base stations and the wireless cellular infrastructure of the 

2G and 3G era: Countless patents embody Qualcomm’s contributions to the semiconductors that 

powered that period’s modems, antennae, batteries, and other essential components inside mobile 

phones. 

Consider the company’s most cited patent during that period, US patent number 5,103,459, 

which the USPTO awarded to Qualcomm in 1992 for its so-called Code Division Multiple 

Access (CDMA) technology (see Fischer and Smith 1992). While I will elaborate on later 

advances to this invention in Chapter 6 of the book, for now readers should note that this 

invention is a revolutionary method for allowing multiple mobile phones to share the same radio 

spectrum simultaneously without interfering with one another. Unlike older methods that divided 

the airwaves by frequency or time slots, CDMA gives each user a unique digital code. This is 

like being in a crowded room with many conversations happening at once, but each is in a 

different language; a listener who knows a specific language (the code) can pick out their desired 

conversation from the background noise. Moreover, this “spread spectrum” technique was more 

secure and offered greater capacity than previous standards, making it a foundational technology 

for the 2G and 3G mobile networks that brought wireless communication to the masses. 

The CDMA patent amassed 917 citations before 2007, earning it a spot in the 99.99th percentile, 

far above the mean of 9.4 and the median of 5 citations—essentially among the very top handful 

of patents in the entire U.S. system during that thirty-year period. This extraordinary citation 

record underscores how Qualcomm’s CDMA invention did more than solve a technical 

bottleneck: it set the terms of competition for an entire generation of wireless communication. 

Whereas most patents are cited only sparingly and quickly fade into obscurity, Qualcomm’s 

CDMA patent became the canonical reference point across sectors, from handset makers to 

infrastructure providers.  

Formal Network Analysis of the Semiconductor Network 

While Figure S2.3 reveals that the horizontal network possesses a hierarchical structure, 

exhibiting the type of extreme inequality in citation patterns that characterizes scale-free 

networks, I now turn to a more formal analysis. It will help me evaluate several important 

features besides whether it is scale free, such as how well technology seems to flow through it 

and what type of technology is acquired by more peripheral firms from the network’s hubs.  
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Preliminary Tests for Evaluating the Network’s Structure 

Let's begin with the network’s average path length, which is the statistical equivalent of the 

famous "six degrees of separation" concept.80 It measures, on average, how many citation "hops" 

it takes to get from any firm to any other. A small number indicates a "small world”—where the 

average path between any two individuals in a large network is much shorter than one would 

intuitively expect—and information and technology can diffuse very quickly. The analysis 

reveals that the average shortest path between any two connected firms in the semiconductor 

network is just 1.79. This incredibly low number suggests a highly efficient and tightly 

interconnected ecosystem where any given firm is, on average, less than two steps away from 

any other.  

With the average path length established, we can now test if the network exhibits the "small-

world" property characteristic of a scale-free network. A common test compares the network's 

diameter—the longest shortest path between any two nodes—to the theoretical prediction for a 

scale-free network, which scales with the logarithm of the number of nodes, or 𝑙 ~ 𝑙𝑜𝑔(𝑁). In 

this network of 127 firms, the observed diameter is 5. The theoretical prediction is log(127), 

which is approximately 4.84. The close match between the observed reality (5) and the 

theoretical prediction (4.84) provides strong evidence that the semiconductor network does 

indeed have the "small-world" structure of a scale-free network.81 

Next, we can measure the network's clustering, which is essentially a measure of its 

"cliquishness." In a social network, it answers the question: "Are my friends also friends with 

each other?" In our patent network, it asks: "Are the firms that cite the same technology leader 

also likely to cite each other?" A high clustering coefficient means the network is full of tight-

knit, collaborative neighborhoods, while a low coefficient suggests a more open structure where 

information flows through central hubs rather than within cliques. 

More formally, the network’s various clustering coefficients measure the dependence between 

edges in different, overlapping ways. There are three clustering coefficients of interest. First, the 

local clustering coefficient of a node 𝑛 is the probability that two randomly chosen neighbors of 

𝑛 are themselves adjacent: the fraction of pairs of neighbors of a node that are also each other’s 

neighbors. Second, the overall clustering coefficient is the ratio of existing links connecting a 

node's neighbors to each other to the maximum possible number of such links. More specifically, 

it is the fraction of length-2 paths that are closed with a triangle, which is calculated as the 

number of observed transitive relations divided by the number of possible transitive relations in 

the network. Third, the average clustering coefficient is the overall clustering coefficient at the 

 
80 The "six degrees of separation" is the theory that any two people on Earth are connected by a 

surprisingly short chain of social acquaintances. The idea originates from a famous 1960s 

experiment by psychologist Stanley Milgram, who found that, on average, a letter could be 

passed between any two random strangers in the U.S. through a chain of only about six 

intermediaries.   
81 While there are 4,906 paths between nodes that measure 2 (61.32 percent of the total), there 

are 164 paths that measure 3 (2.05 percent of the total).  
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node level (the local clustering coefficients) averaged across all the nodes. Each of these 

measures range from 0 to 1. 

How do these coefficients help ascertain whether the semiconductor network is scale free versus 

random? First, a random network has independent edges, which implies both overall and average 

clustering coefficient close to 0. For the semiconductor network, however, the average clustering 

coefficient is .61, and the global clustering coefficient is .49. What this suggests is that citation 

patterns are not idiosyncratic but follow a generic, structured behavior where firms cluster 

around the same central sources of innovation, a hallmark of a scale-free network. 

The clustering coefficients provide our first strong evidence that the network is not random. A 

random network would have a clustering coefficient close to 0, but for our semiconductor 

network, the average clustering coefficient is a high 0.61. This indicates a significant amount of 

local structure, in that firms are forming clusters by citing the same central sources of innovation. 

Specifically, many of the semiconductor firms in this network cite the same semiconductor firms, 

but the citing firms do not necessarily cite each other, and the cited firms do not necessarily cite 

the citing firms. In social network terms, this is less like a group of friends who are all friends 

with each other (a closed clique), and more like a group of students who all seek to befriend a 

network influencer. The low local clustering scores for the main hubs like Texas Instruments 

(0.30) and Intel (0.26) reinforce this, suggesting they are open hubs broadcasting to a wide 

audience, not the center of a closed community. 

This brings us to the network’s node degree distribution. Recall that a node’s degree is the total 

number of its connections. If a node boasts a greater number of “degrees” it is, ceteris paribus, 

more influential; the average degree over all nodes is the average degree of the network. For a 

scale free network, what we expect is a few nodes with high degree and most of the nodes with 

very low degree. Specifically, we can seek to ascertain a network’s node degree distribution by 

evaluating whether the semiconductor network is a scale free network that follows a power law 

(Barabasi and Albert 1999). More specifically, that the probability that a node has 𝑘 links is 

proportional to 𝑘−𝛽, such that 𝑃(𝑘) ∼ 𝑘−𝛽. 

Before I evaluate this question in a systematic manner, first consider some facts. In this network, 

most firms are not cited all that much by each other. There are several firms that are not cited at 

all. Specifically, 25 firms. There are also 47 semiconductor firms that are cited by five or fewer 

semiconductor firms. Therefore, the indegree centralization, the number of incoming links, is 

only .64 (the outdegree centralization, or out-going links, is .55). Yet, there are a lot of forward 

citations overall, even if they are unevenly distributed.  

Testing Whether the Distribution of Citations Obeys a Power Law 

Now that these preliminaries are out of the way, I can formally assess whether the horizontal 

network abides by the same Power Law dynamics identified in the cross-sectional data. As 

established in the previous section, the key test involves examining the log-log plot for a linear 

relationship and formally testing the goodness-of-fit for the distribution's tail. I therefore proceed 

with that analysis. 
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I therefore proceed in a few steps. First, the log-log plot of the probability degree distribution in 

Figure S2.4 provides strong visual evidence for the hypothesis. The predicted line becomes 

increasingly linear in the right tail of the distribution, suggesting that the power law kicks in at 

higher values. This visual intuition is supported by a high R-squared of .85 for the relationship. 

While highly suggestive, this is not dispositive proof. Therefore, to formally test the goodness-

of-fit and locate the precise threshold, I employ the Urzúa (2020) technique as I did previously 

when addressing this same issue for the cross-sectional dataset. The formal analysis corroborates 

the visual intuition perfectly. After testing various percentiles, I fail to reject the hypothesis that 

the data follows a power law at the 75th percentile of the distribution (equal to 29.1 ties), with a 

p-value of .11. This confirms that the tail of the distribution is indeed governed by a power law, 

allowing us to now move on to formally identifying the network's leaders. 

Figure S2.4 Power law fitted to Probability Degree Distribution 

 

Notes: The predicted line for log(number of ties + 1) is estimated using a running  

line smoother. I estimate each smooth by employing a backfitting algorithm and a  

running-line smoother for the log(probability of the observed number of ties  

occurring). The smoother is a linear function for each observation of that variable  

and 95 percent confidence intervals are calculated from standard errors for each  

smooth. 

 

Formal Identification of Horizontal Network Leaders 
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Several statistics corroborate the idea that Texas Instruments is the central player in this network. 

It ranks first in influence, with 99 other semiconductor firms—a staggering 78% of the entire 

network—citing one or more of its patents. In total, during the analysis period, over 2,800 

different Texas Instruments patents were cited more than 40,000 times by its semiconductor 

peers alone.82  

Beyond raw citation counts, several network centrality measures confirm Texas Instruments’ 

pivotal role as the network’s primary intermediary. The first of these is betweenness centrality, 

which identifies the critical "bridges" in a network. Specifically, the betweenness centrality of a 

node is the number of shortest paths among all other nodes that pass through this node, 

normalized by the maximum number of paths that a given node could lie on between pairs of 

other nodes.83 Think of it like a major hub airport: a node has high betweenness if a greater 

number of the shortest paths between other nodes must pass through it. The data reveals that 

Texas Instruments is the main hub of this network, with a massive betweenness score of over 

1,800. This is even more striking when compared to the median score for a typical firm, which is 

just 1.5, and the 59 firms that have a betweenness centralization score of 1 or less (46.5 percent 

of all semiconductor firms). This shows that Texas Instruments is not just a source of innovation; 

it is the chief conduit through which technology is transferred between other firms in the 

industry. 

Texas Instruments’ status is also corroborated by its network-leading eigenvector centrality score 

of 0.20. This metric measures influence based on the principle that it's not just how many 

connections you have, but who you are connected to. In other words, a node’s centrality is 

weighted by both its number of neighbors and those neighbors’ own network importance. The 

most famous example of this is Google's original PageRank algorithm: a link to your website 

from an authoritative source like a major university is worth far more than a link from an 

unknown blog. Similarly, a patent citation from an influential firm contributes more to a 

company's score than a citation from a small, peripheral firm. Texas Instrument’s top score 

therefore indicates that it is not just widely cited, but that it is cited by other important and 

central players in the industry.84 

Moreover, we can look at closeness centrality. This metric identifies which nodes are in the best 

position to spread information quickly to the entire network. Specifically, it is the inverse of the 

average shortest distance between a node and all other nodes in the network.85 Think of it like 

finding the optimal location for a national distribution center; you want the spot that has the 

shortest average travel time to all other cities. In this network, Texas Instruments again has the 

 
82 Its total forward citations across all its patents, irrespective of what type of firm cites it, are 

151,373. 
83 When there are multiple shortest paths between two nodes, I weight each shortest path as a 

function of the inverse of the number of shortest paths between them. 
84 I calculate this score after excluding the isolates because the score depends on the number of 

connections between nodes.  
85 The formula is 1/(average distance to all other nodes). I define the distance between 

unconnected nodes as the maximum distance found in the network+1. 
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highest closeness centrality score (0.728). This indicates that its central position allows a new 

technology or piece of information originating from Texas Instruments to diffuse through the 

entire semiconductor industry faster than it could from any other point.  

Beyond its central position, we can now test the kind of technology flowing from a network hub 

like Texas Instruments. As Hall et al. (2001) argue, firms whose patents receive highly general 

forward citations are most likely introducing GPTs, while firms that cite those patents are 

assimilating them. Patent generality scores range from 0 to 1, with values approaching 1 

indicating the patent is cited broadly across many different technological domains (suggesting 

general-purpose technology characteristics), while values approaching 0 indicate citations are 

primarily from within the same narrow technological field (suggesting specialized applications). 

For example, a patent cited equally by 10 different technology classes would earn a Generality 

Score of 0.90, while a patent cited only within its own technology class would score 0. A high 

generality score awarded to a patent’s forward citations means it makes a broader impact across 

several applications: it influenced follow up innovations across a variety of fields.86 Thus, within 

a single industry, this measure can map the flow of technology from sectoral leaders to peripheral 

firms. 

To validate the generality score as a reliable proxy for a patent's technological breadth, I 

conducted a regression analysis linking it to the number of a patent's inventive claims—a 

measure of its scope.87 The results confirm the score's validity. The relationship is positive and 

highly significant: a one standard deviation increase in claims corresponds to a 63% of a 

standard deviation increase in forward citation generality (p < .001), with an impressive R-square 

of .40.  

With this validated measure of patent generality at hand, I can directly assess how knowledge 

flows. The core question is whether citation patterns exhibit homophily (firms citing others with 

similar, specialized technology) or heterophily (firms seeking out different, foundational 

technology). I expect the latter because, as already outlined, if peripheral firms are indeed 

seeking out foundational GPTs, then firms with specialized, low-generality patents should be 

more likely to cite innovation hubs like Texas Instruments, which possess foundational, high-

generality patents. If this "opposites attract" dynamic exists, then it should show up as a strong 

 
86 To better understand why that is the case, consider how the patent generality index is 

constructed. It is based on the idea of Herfindahl concentration and capturing the percentage of 

citations received by a patent belonging to different patent classes out of the total universe of 

patent classes (Hall et al. 2001). Specifically, patent generality is calculated as: Generality = 1 −
 𝛴ᵢ(𝑠ᵢ)², where 𝑠ᵢ represents the share of citations received from patent class 𝑖.  
87 A patent’s claims are the detailed specifications of the invention’s building blocks. The number 

of claims may indicate a patent’s “scope” or “width” (Hall, et al. 2001: 23). The mean number of 

claims in each patent is 13.6 and the median is 13.8. Very few firms have many claims on their 

patents. The standard deviation is 13.5 claims per patent. The company whose patent portfolio 

has the greatest number of claims is Scanner Technologies Corp., which manufactures 

semiconductor machinery, specifically, 2D and 3D coplanarity inspection technology for 

electrical circuit boards, with 126 claims (on average) per patent.  
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dyad level correlation between network ties and the absolute difference in the generality scores 

of the citing and cited firms using a QAP approach.88  

The results of the correlation test confirm the hypothesis exactly as expected. For Texas 

Instruments, there is a statistically significant negative correlation (-0.20, p < 0.001) between a 

firm's similarity to Texas Instruments in patent generality and its likelihood of citing the latter. In 

simple terms, this means that "opposites attract": firms with specialized, low-generality patents 

were the most likely to cite the foundational, high-generality patents of Texas Instruments. 

Conversely, when looking at ties between firms other than Texas Instruments, there was no 

statistically significant relationship. This provides strong evidence that the flow of knowledge in 

the network is not random; peripheral "spoke" firms are specifically seeking out the "hub" for its 

general-purpose technology. 

In short, Texas Instruments is not only the semiconductor network’s citation leader but the 

network’s key intermediary. Aside from generating major innovations that are cited by other 

semiconductor firms, Texas Instruments seems to be a chief conduit of information transfer 

between other nodes in the network. And the information that is being transferred appears to be 

GPTs flowing from Texas Instruments to peripheral firms.  

Exploring Other Leaders in the Semiconductor Network: Intel and Qualcomm  

Starting with Intel, I now explore the leadership roles of that storied semiconductor firm in the 

horizontal network and will then also do the same for Qualcomm. The data confirms its role as 

the network's second most influential hub, trailing only Texas Instruments across nearly every 

key metric. In terms of raw influence, it is the second most cited firm within the semiconductor 

network, with 89 other firms citing its patents. Its broader impact is demonstrated by its 102,436 

total forward citations, ranking it third in the entire dataset. 

Intel's importance as a key intermediary is confirmed by its betweenness centrality score of 

1555.86, the second highest in the network. This massive number, which dwarfs the network's 

median score of just 1.5, proves that Intel, like Texas Instruments, acts as a critical bridge for 

technology transfer, with over 1,500 of the network's shortest communication paths flowing 

through it. 

Its leadership status is further cemented by its other centrality scores. Intel boasts the second-

highest eigenvector centrality (0.19), indicating it is highly connected to other influential firms, 

and the second-highest closeness centrality (0.728), confirming it is in a prime position to spread 

innovation efficiently throughout the network.  

 
88 I obtain these correlation coefficients by first creating a new dataset where the unit of analysis 

is each dyadic pair and then estimating a QAP regression with 50 permutations of the rows and 

columns (simulations). These permutations allow us to preserve any dependence among elements 

of the same row or column while also eliminating any relationship between the dependent 

variable and the independent variable, with the null hypothesis that, for each dyad pair, there is 

no systematic correlation between a directed tie and the absolute distance in the generality of 

patents’ forward citations. 
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Just as in the analysis of Texas Instruments, I next examine whether Intel occupies a similar 

position as a transmitter of general technologies within the semiconductor network. Applying the 

same dyad-level correlation test between network ties and an artificially generated network based 

on the generality of firms’ forward citations (using the QAP approach), I find a comparable 

pattern. A node is more likely to send a tie to Intel when it differs from Intel in terms of patent 

generality: the correlation coefficient is –0.20 (p < .001). By contrast, a node is neither more nor 

less likely to form a tie with firms other than Intel based on differences in generality (correlation 

= –0.04, p = 0.30). This mirrors the results obtained for Texas Instruments and supports the 

interpretation that Intel, like Texas Instruments, acts as a conduit for general-purpose 

technological knowledge, diffusing broad, cross-domain innovations from the network’s core to 

its periphery. 

Finally, we reach Qualcomm, the last of the “Big Three” semiconductor firms in the network. At 

first glance, its leadership position is less obvious than that of Texas Instruments or Intel. With 

only 39 semiconductor firms citing it, Qualcomm ranks just 19th in direct network ties. 

Moreover, the 22,120 total forward citations to its patents by both semiconductor and non-

semiconductor firms make it the 6th most cited semiconductor firm. However, a deeper at the 

quality of its patents and the nature of its connections reveals its unique and critical role. 

Take the fact that Qualcomm exhibits the highest average patent generality score, 0.65, among 

the top 20 cited firms, substantially exceeding the non-Big-Three average of 0.55. This 

exceptional generality score suggests its technologies enjoy broad applicability across several 

domains. And the QAP-style correlation analysis I undertook for both Texas Instruments and 

Intel strengthens this conclusion: Qualcomm displays the strongest negative correlation (-0.24, 

p<0.001) among the Big Three for citation patterns based on patent generality, surpassing both 

Texas Instruments (-0.20) and Intel (-0.20). This means firms citing Qualcomm are the most 

dissimilar to it in patent generality, confirming that specialized firms seek out Qualcomm 

specifically for access to foundational, broadly applicable wireless technologies. 

Qualcomm's strategic network position further validates its leadership status through several 

complementary metrics. It places in the top tier for critical centrality measures: 22nd in 

betweenness centrality (70.39, top 17% of all firms), 19th in Eigenvector centrality (0.14), and 

20th in closeness centrality (0.565). These scores indicate Qualcomm serves as an important 

intermediary for knowledge flows and maintains connections to other influential nodes.  

Perhaps most revealing is Qualcomm's unique relationship with other network leaders: every 

single firm citing Qualcomm also cites Texas Instruments (correlation of 0.50), while its 

correlations with Intel (0.44) and Texas Instruments (0.50) are notably lower than the Texas 

Instruments-Intel correlation (0.65). This pattern suggests Qualcomm doesn't duplicate but rather 

complements other leaders' technologies—firms need both Texas Instruments' broad 

semiconductor capabilities and Qualcomm's specialized wireless innovations.  

The gap between Qualcomm's within-network citations and its 22,120 total forward citations (6th 

overall) further indicates its influence extends well beyond traditional semiconductor boundaries 

into telecommunications, consumer electronics, and software sectors. This bridging function, 
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combined with its foundational CDMA patents that revolutionized wireless communication, 

positions Qualcomm as an essential network leader whose influence transcends simple citation 

metrics to shape entire technological trajectories. This is a topic we now explore further ahead. 

Indirect Connections between the Big Three 

It is also important to understand how these three leaders relate to each other. We can do this by 

measuring how similar their "audiences" are. In a social network, we would consider two 

influencers to be similar if they are followed by the same group of people. In our patent citation 

network, we do the same thing: we measure the similarity between two leaders (like Intel and 

Texas Instruments) by calculating the correlation between the lists of firms that cite them. This 

tells us if they are influential in the same technological neighborhood.  

In network parlance, to find out if two nodes are connected to the same “alters” we calculate how 

correlated the tie vectors of two nodes are with each other. Specifically, we calculate the 

correlation between the vector of incoming ties of node 𝑖 and the vector of incoming ties of node 

𝑗.89 The correlation between Texas Instruments and Intel’s alters is .65. In fact, firms that cite 

Intel but don’t cite Texas Instruments only include four firms.90 And Firms that cite Texas 

Instruments but do not cite Intel include 15 firms.91 Meanwhile, the correlation between Texas 

Instruments and Qualcomm is .50 in terms of the firms that cite both firms. There are no firms 

that cite Qualcomm but do not cite Texas Instruments. There are 60 firms that do not cite 

Qualcomm but do cite Texas Instruments. Finally, the correlation between Qualcomm and Intel is 

.44 in terms of the firms that cite both firms.  

Technology Flow through the Horizontal Network 

We can now move onto the related topic of the flow of technology through the network. A 

relative lack of cliques is beneficial for technology exchange, as it represents fewer speed bumps 

in the way of information flowing between network nodes. To investigate how “cliquish” the 

network is, we can look at its transitivity, which can be thought of as the "friend of a friend is 

also my friend" principle applied to patent citations. A network with high transitivity would be 

full of closed, triangular relationships and self-contained cliques.  

 
89 It is also the case that these three firms are tightly linked to each other: Intel and Qualcomm 

both cite Texas Instruments, and Texas Instruments cites these two firms’ patents as well. Intel 

patents cite 2,597 Texas Instruments patents. Qualcomm patents cite 101 Texas Instruments 

patents. Texas Instruments patents cite 1,592 Intel patents and Qualcomm patents cite Intel 

patents 71 times. Finally, Texas instruments patents cite 283 Qualcomm patents and Intel patents 

cite Qualcomm patents 61 times. 
90 They are Color Kinetics Inc., Integrated Circuit Systems, Mosys Inc., Netsilicon Inc., and 

Photronics Inc. 
91 Advanced Analogic Tech, Aviza Technology Inc., Energy Conversion Dev., Evergreen Solar 

Inc., Hittite Microwave Corp., Logic Devices Inc., Microtune Inc., Monolithic Power Systems 

Inc., Stratos International Inc., Techwell Inc., Tessera Technologies Inc., Trident Microsystems 

Inc., Triquint Semiconductor Inc., Universal Display Corp., and White Electronic Designs Corp. 
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More formally, the network's transitivity is the overall probability of adjacent nodes being 

interconnected. is not abnormally high. Figure S2.5 positions our network's transitivity score 

within the distribution generated by simulating 50 random networks that share the same 

structural parameters (127 nodes and 2,347 ties), revealing that our observed transitivity aligns 

with what chance alone would produce—a transitivity score of 0.37 for a network with a density 

of 0.15. Moreover, local clustering coefficients reveal that there are only 12 firms exhibiting 

“citation clique” behavior operationalized as a clustering coefficient equal to 1.92 The conclusion 

is that the semiconductor network is not abnormally cliquish. While a few small, perfect cliques 

exist, the overall structure is open, suggesting that knowledge flows through the central hubs 

rather than getting trapped in isolated, self-referential subgroups. 

Figure S2.5 Semiconductor’s Network Transitivity Score 

 

Notes: the figure plots where the network’s transitivity score versus the distribution  

of transitivity scores for 50 (simulated) random networks with the same network  

structure: the same number of nodes and ties as the semiconductor firm network. 

 

This structural openness is not merely a technical detail; it is the economic safeguard against 

economywide stagnation. When this diffusion mechanism is broken—when “Superstars” become 

isolated islands rather than central hubs—the result is a “Dual Economy” of the type that plagued 

 
92 These firms are Diodes Inc., DPAC Technologies Corp., Hei Inc., Hi/Fn Inc., Insilicon Corp., 

Logic Devices Inc., Microtune Inc., Mosys Inc., NVE Corp., Photronics Inc., PLX Technology 

Inc., and Sigma Designs Inc.  
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Japan for decades after its economic meltdown in 1989 (Katz 1998; McKinsey Global Institute 

2020; Katz 2025). While Japanese giants like Toyota and Sony achieved “Global Frontier” status 

through fierce efficiency, their innovations failed to diffuse to the domestic service sector, which 

was shielded from the competitive pressures that drive adoption. Because the network remained 

bifurcated rather than open, Japan suffered a “High-Technology/Low-Productivity Trap” where 

the benefits of innovation remained locked inside a few corporate giants. The open, clique-free 

structure of the U.S. semiconductor network revealed above suggests that American high-tech 

industries avoided this fate during the Third Industrial Revolution precisely because their 

“Superstars” remained highly connected conduits for broad-based diffusion. 

DIGITAL DEVICES SUPPLY CHAIN NETWORK 

I now transition to analyzing the second network database, which maps the electronic digital 

device supply chain before 2007—before the smartphone revolution launched by Apple with the 

release of the iPhone. It is a “vertical” network that observes connections between upstream 

semiconductor firms, which composed our first network, and firms operating downstream. Those 

include hardware manufacturers specializing in fabricating personal computers and mobile 

phones such as Motorola. 93 Other downstream firms circa this period also included firms 

involved in wireless telecommunications, such as AT&T, and software publishers, such as 

Microsoft.  

This network captures a supply chain in rapid evolution, a story I touched on in Chapter 2 of the 

book. The era begins in 1976, with early minicomputers and personal computers—clunky, often 

user-assembled devices with lackluster performance but capable of basic word processing and 

calculations.94 It ends in 2006, on the eve of the iPhone, with the industry firmly oriented 

towards a new generation of mobile and interconnected devices: laptops, early mobile phones, 

and personal digital assistants with wireless capabilities. 

This evolution was driven by rapid advances across the technology stack. Improvements in 

integrated circuits and battery technology made smaller, more powerful devices possible, while 

the integration of modems connected laptops and mobile phones to the nascent internet. These 

hardware enhancements were facilitated by a constant flow of technology from upstream 

semiconductor firms to downstream device makers and were complemented by parallel advances 

in telecommunications and software. 

 
93 Motorola, which I treat as a downstream hardware manufacturer to capture the era of rising 

cellular communication between circa 1980 and 2006 in the runup to the introduction of 

smartphones, also contributed semiconductor innovations during this period (see Suntech 

Display Technology 2019). I note that in 2012 Google bought Motorola’s hardware division 

(Motorola Mobility) and its almost 25,000 strong patent portfolio and then sold Motorola to 

Lenovo in 2014 after keeping most of the acquired patents. 
94 These machines were smaller and more affordable than mainframes. They were outfitted with 

input-output devices (e.g., teleprinters), basic memory, and could run programs using Fortran or 

BASIC.  
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To capture this dynamic, I constructed a bipartite network that maps only the vertical ties 

between the upstream semiconductor firms and the downstream hardware, software, and 

telecommunications firms. This structure explicitly excludes the horizontal, within-industry ties 

from the previous analysis to focus exclusively on the flow of technology up and down the 

supply chain. A link is therefore only recorded when, for example, a computer manufacturer cites 

a semiconductor firm, or a semiconductor firm cites a software publisher.  

Moreover, I have omitted two high tech economic sectors from this network database. The first is 

Data Processing and Hosting. There are 61 firms in this sector, and these firms include prominent 

merchant payment companies, such as Paypal Holdings Inc., and First Data Corporation.95 The 

second is Computer Systems Services. This category includes Custom Computer Programming 

Services, Computer Systems Design Services, Computer Facilities Management Services, and 

Other Computer Related Services. There are 206 firms in this sector. The most prominent ones 

are IBM, Unisys Corp., Novell Inc., and Lucent. Other noteworthy firms are Perot Systems and 

TeraData Corp.96  

The reason for excluding these two industries is that these sectors are only indirectly involved in 

the supply chain I care about here: the pre-smartphone and pre-Fourth Industrial Revolution 

electronic digital devices that could connect to the internet and, to a certain extent, used wireless 

networks, including cellular ones, to do so. For the most part, firms in the excluded industries 

manufactured peripheral equipment and/or provided business to business services during that era 

that were not critical to the functionality of desktops, laptops, proto-smartphones, such as the 

Blackberry—produced by Research in Motion Inc., it was first launched in 1999—and other pre-

2007 personal assistants and precursors to tablet computers such as Palm Pilots.  

This focus is also a reflection of the technological era. The pre-2007 digital world was defined by 

“on premises” computing, where companies stored, processed, and transmitted data on their own 

internal servers and private intranets. 97 While the seeds of the modern cloud were planted in 

 
95 Compared to other high-tech sectors, it is not clear that patents play a major role in the Data 

Processing and Hosting sector. If I exclude Xerox Corporation, which has 13,649 patents and 

145,616 forward citations, as well as Harris Corporation, which is a defense contractor that 

produces wireless equipment, radios and antennas for the US military, the firms in this industry 

have very few patents between them, with only 189 total and an average of 3.2 each. 
96 Compared to Data Processing and Hosting, it does appear that patents are central to firms 

operating in Computer Systems Services. Between them they boast a huge number of patents, 

with a total of 681,417; IBM holds a staggering 77 percent of the total. Moreover, IBM was very 

important to the personal computer revolution. While these facts seem to suggest that I should 

have included this sector in the dataset, it is very hard to disentangle IBM’s role in the computer 

supply chain from its role providing business services as, over time, IBM shed the hardware 

aspects of its business. In the runup to 2007 it had begun to commit to AI, cloud computing, data 

management and facilitating merchant payment services. And it sold its personal computing 

division to Lenovo, a Chinese firm, in 2005. Most important, including this sector in the dataset 

makes no material difference to the overall patterns I discuss below.  
97 Both before and after 2006, some of these omitted firms help big companies run internal 

servers, sustain local area networks (LAN), and manage their data. 
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2006 with the launch of Amazon Web Services (AWS), the business analytics and cloud-based 

services that are critical to the Fourth Industrial Revolution were not yet central to the digital 

device supply chain of the period this analysis covers, which was centered on. 

The Vertical Network’s Basic Characteristics 

The basic features of this supply chain network reveal a structure that is both sparse and efficient. 

The network is not dense: 289 firms are connected by only 2,186 ties, only about 3% of all 

possible connections. The low reciprocity score of 0.29 further indicates that knowledge flows 

are often one-way, "unrequited" transfers from one layer of the supply chain to another. Despite 

this sparseness, the network is highly efficient. With an average path length of just 2.14 and a 

diameter of only 5, it exhibits the classic "small world" property, meaning that technology and 

information can travel from any one firm to any other in just a few short steps.98 

To gauge a firm's importance in this supply chain network, we can measure the degree to which 

it intermediates relationships between other firms. As discussed previously, this can be measured 

in three ways: Betweenness, Closeness, and Eigenvector Centrality. Unlike the clear hierarchy of 

the semiconductor network, the leadership picture in this vertical network is much murkier, 

suggesting a more complex web of technology transfer up and down the supply chain.  

The firms with the highest betweenness centrality numbers are all hardware manufacturers. The 

top five are, respectively, Concurrent Computer Corp. (14,698.98), Steelcloud Inc. (13,203.08), 

Compaq Computer Corp. (11,473.91), Palm Inc. (7,735.457), and Motorola Inc. (2,5642.012). 

Other notable firms include Apple Inc. (211.778), ranked 25th, Texas Instruments Inc. (111.823), 

ranked 49th, Intel Corp. (0.104), ranked 196th, and Qualcomm Inc. (0), ranked 221st. To keep 

things in perspective, the network’s mean level of betweenness is 263.568, and the median is 

4.458.     

The betweenness centrality scores reveal a surprising pattern. Unlike in the horizontal network, 

the key intermediaries here are not the major semiconductor firms but a group of specialized 

hardware manufacturers. Firms like Concurrent Computer Corp., Compaq, Palm, and Motorola 

dominate the top of the rankings, with scores in the thousands. This is a striking contrast to the 

major semiconductor hubs: Texas Instruments ranks just 49th, while Intel and Qualcomm have 

scores near zero.99 This finding suggests that in the vertical supply chain, it was the downstream 

 
98 It is also important to note that a significant number of firms exist outside the main network of 

knowledge flows. In total, 68 firms are not cited by any other firm in the supply chain and, of 

these, 13 are semiconductor firms that are complete isolates, neither citing nor being cited by any 

other company in the dataset. 
99 The top five firms by betweenness centrality are all hardware manufacturers: Concurrent 

Computer Corp. (14,698.98), Steelcloud Inc. (13,203.08), Compaq Computer Corp. (11,473.91), 

Palm Inc. (7,735.46), and Motorola Inc. (2,542.01). For comparison, other notable firms ranked 

much lower: Apple Inc. was 25th (211.78), Texas Instruments Inc. was 49th (111.82), Intel Corp. 

was 196th (0.10), and Qualcomm Inc. was 221st (0). The network’s mean betweenness centrality 

was 263.57, while the median was just 4.46, highlighting the extreme influence of the top 

hardware firms. 
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device makers who acted as the critical bridges, connecting the innovations from the upstream 

chip designers to the broader market.                  

The closeness centrality scores reinforce the "murkier" leadership picture in this vertical 

network. Unlike the previous metric, which was dominated by hardware firms, this measure of 

who can spread information most quickly is distributed across all sectors. The top of the rankings 

includes a mix of software publishers like Verity Inc., semiconductor firms like Advanced 

Analogic Tech, and hardware manufacturers like Compaq.100 This finding suggests that while 

hardware makers may have acted as the primary structural bridges, firms from all parts of the 

supply chain were effectively positioned to be efficient broadcasters of technological 

information. 

Finally, eigenvector centrality reveals the network's prestige hierarchy. This metric measures 

influence based on the principle that "it's not just who you know, but who you know knows"; a 

citation from an influential firm like Intel is worth more than one from a small, peripheral 

company. When we apply this "prestige-weighted" measure, the top of the rankings is dominated 

by the most famous and influential technology titans of the era, including giants like AT&T, Sun 

Microsystems, Motorola, Apple, Intel, and Microsoft.101 This confirms that, while specialized 

firms acted as important bridges and broadcasters, the overall technological gravity of the supply 

chain still centered on these established industry leaders. 

Core downstream firms in the network 

There are several ways to identify and measure the core downstream firms in the pre-2007 

electronic digital device network. In this section, I seek to do so; as well as evaluate how these 

firms stack up against, and operate in relation to, the so-called Big Three (upstream) 

semiconductor firms. To do so, I consider firms’ total citations, their sheer logistical influence, 

and the degree to which firms play an intermediary role in the network. Like when I was 

describing and analyzing the semiconductor network, I again lean on contextual knowledge of 

the industry to focus on three downstream firms in particular: AT&T, Apple, and Motorola.102 As 

I outline directly below, AT&T’s dominance across several key statistics makes it a natural 

candidate as a network leader.  And while Motorola ranks fourth in terms of ties with other firms 

 
100 The top ten firms by closeness centrality are: Verity Inc. (0.653), Advanced Analogic Tech 

(0.641), Midway Games Inc. (0.622), Maxim Integrated Products (0.599), Microtune Inc. 

(0.560), Optical Communication Products (0.523), I2 Technologies Inc. (0.509), Microchip 

Technology Inc. (0.507), Zilog Inc. (0.492), and Compaq Computer Corporation (0.488). The 

network’s mean closeness centrality is 0.43 and the median is 0.44. 
101 The top ten firms by eigenvector centrality are: AT&T Inc. (0.296), Sun Microsystems Inc. 

(0.280), Compaq Computer Corp. (0.269), Motorola Inc. (0.257), Apple Inc. (0.219), Intel Corp. 

(0.167), Texas Instruments Inc. (0.155), Microsoft Corp. (0.149), Gateway Inc. (0.131), and 

Advanced Micro Devices (0.128). The mean eigenvector centrality for the network is 0.043 and 

the median is 0.035. 
102 There are other important nodes in the network I will not focus on here; these include 

Microsoft, which ranks ninth with 43 ties; Gateway Computers, which ranks fifteenth with 28 

ties; Oracle, which ranks 22nd with 20 ties; and Palm, which ranks 28th with 16 ties. 
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in the network with 126, and Apple ranks fifth with 103 ties, both companies created a bridge 

from the Third to the Fourth Industrial Revolutions by contributing innovations that culminated 

in the smartphone, the digital app revolution, and the widespread use of AI based on mining huge 

datasets. 

AT&T 

Beginning with AT&T, the data immediately reveals its dominant position as the most connected 

firm in the vertical network. It has ties to 166 other companies in the supply chain, and crucially, 

this includes 60 different semiconductor firms that cite its patents, demonstrating its deep 

integration with the upstream innovation engine.103 Moreover, its own patent portfolio cites all 

the major upstream players, including Intel, Texas Instruments, and Qualcomm. 

AT&T’s overall patenting record is equally impressive. During our 1976-2006 analysis period, 

alone, it amassed nearly 12,000 patents cited over 200,000 times. And this represents only a 

fraction of its historical innovative output, which includes a staggering 30,000 patents since its 

inception in 1885. 

The reason for AT&T's exceptional position is simple: Bell Labs. Although officially a 

telecommunications company, AT&T inherited the legendary in-house research and development 

laboratory after its 1980s breakup.104 This meant that in addition to its long-distance business, it 

retained control over the patents for some of the 20th century's most foundational electronic 

inventions, including the transistor, giving it a unique and powerful position that bridged the 

worlds of telecommunications and semiconductors.105 

AT&T was also critical in creating and launching the physical cellular network that would power 

the mobile revolution. Beginning in the 1970s, its engineers at Bell Labs designed the Advanced 

Mobile Phone System (AMPS), which enveloped the United States in a grid of hexagonal 

"cells," each anchored by a base station that could send and receive messages over radio 

frequencies. These base stations acted as the crucial bridge, connecting the wireless signals from 

the new mobile phones to the existing national telephone system.106  

A single patent, U.S. Patent 4,672,658, illustrates the kind of foundational technology AT&T was 

producing (see Gilhousen et al. 1987). This groundbreaking patent, which boasts a sky-high 

 
103 These include Intel Corp., Texas Instruments Inc., Advanced Micro Devices, LSI Corp., 

National Semiconductor Corp., Micron Technology Inc., Altera Corp., and Qualcomm Inc. 
104 After several Baby Bells were spun off in the 1980s, it also retained its long-distance service 

and the Western Electric Co., its manufacturing subsidiary. 
105 Bell Labs contributed several milestone technological developments during the 20th Century 

besides the transistor: the laser, solar cells, fiber optics, and satellite communications. Six Nobel 

prizes, including for the invention of the transistor, were awarded to Bell Labs researchers. 

AT&T also made contributions to computer software, systems engineering, audio recording, and 

digital imaging.  
106 Interference was ruled out because two adjacent cells operated at different frequencies; 

mobile phones were able to seamlessly switch between frequencies as they moved from one cell 

to another. 
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generality score of 0.84 and was cited over 240 times, describes a novel wireless local network—

a direct precursor to modern Wi-Fi. It outlined a system where multiple users in a local area 

could connect wirelessly to each other and to an external network using a new kind of routing 

device. This innovation required a combination of new semiconductor, hardware, and software 

designs, making it a foundational piece of prior art for the interconnected world to come. And 

while AT&T had other key patents that drove innovation and technology transfer in the pre-2007 

era, I now turn to investigating Motorola’s role as one of the most important downstream firms in 

the electronic digital device supply chain during this period. 

Motorola 

Motorola, a storied communications company, spearheaded the commercialization of mobile 

phones before the digital era was in full swing. In 1984 it developed the first commercial mobile 

phone, the DynaTAC, which used AT&T’s AMPS cellular system. Nicknamed the "Brick," this 

iconic phone, which retailed for the equivalent of over $30,000 today, became a ubiquitous status 

symbol and ushered in the 1G analog standard. This commercial breakthrough was not just a 

marketing feat; it represented Motorola's unique position as a systems integrator, combining its 

own radio engineering expertise with foundational network technology from AT&T and crucial 

semiconductor components from upstream suppliers.107 

Motorola also played a pivotal role during the 2G era, which began in 1987 and was marked by 

the advent of the Global System for Mobile Communication (GSM) common standard.108 The 

GSM standard allowed for interoperability across national borders, transmitted communication 

digitally, and allowed users to send texts. Moreover, it introduced so-called SIM cards, which 

allowed consumers to switch phones while retaining their phone numbers and data. Motorola 

was a key contributor to this standard, contributing several of the 1,300 essential patents that 

allowed mobile phones to use the network in an interoperable manner. It also manufactured 

several iconic 2G phones. For example, in 1992 it introduced its 5.9-ounce MicroTAC Ultra Lite 

phone, which was the world's lightest mobile phone at the time. 

Apple Computer 

For its part, while Apple is today best known for pioneering the modern smartphone with the 

introduction of the iPhone in 2007, for the purposes of this analysis I will focus on Apple's role 

as a key downstream firm within the personal computer supply chain. To be sure, I will explore 

 
107 As a first-generation analog device, the DynaTAC's internal electronics were a dense 

collection of custom chips. At its heart was a microprocessor (from Motorola's own 6800 series) 

that managed the phone's logic. It contained ROM chips to store the operating software and a 

small amount of RAM for storing a few dozen phone numbers. Instead of a single digital 

"modem chip," its radio functions were handled by a complex suite of analog and mixed-signal 

semiconductors responsible for modulating and demodulating the analog voice signals for the 

AMPS cellular network. 
108 This was not the only standard used in the United States. The other was Code Division 

Multiple Access (CDMA), which was used by Sprint and Verizon, and was not compatible with 

GSM.  
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that story and its role in the Fourth Industrial Revolution in the book’s later chapters—from its 

creation of the App Store and the app economy it fostered, to its development of custom mobile 

processors and its unique, privacy-centric approach to on-device AI. However, for the pre-2007 

era covered by this analysis, the company's most significant contributions were to the Third 

Industrial Revolution: It was Apple Computer that played a critical role in introducing personal 

computing to the masses with its launch of the “Apple II” in 1977, just one year after our dataset 

begins. Several of the patents associated with that machine and its successors were crucial in 

helping disseminate cheap computing capable of performing commercially valuable functions 

like spreadsheets, word processing, and graphic design.  

Moreover, in the run up to the introduction of the iPhone in 2007, Apple also built up a patent 

portfolio that would prove critical to that device. And many of those patents were inspired, or at 

least had to acknowledge, technologies that were developed by key players in the PC supply 

chain and pre smartphone cellular device era. As we shall see ahead, these include several 

inventions ushered in by the Big Three chip firms as well as other firms that specialize in both 

hardware and software. Specifically, these technologies encompass foundational wireless modem 

technologies from Qualcomm, digital signal processors for audio from Texas Instruments, the 

low-power processor architecture licensed from ARM, and crucial power management 

techniques pioneered by firms like Intel.  

The question, therefore, is how much of Apple's innovation relied on technology that trickled 

down from its upstream suppliers. While that is a central theme of Chapter 6 of the book, I can 

preview the answer by first outlining Apple’s connections to its key chipmakers before turning to 

a similar analysis of Motorola.  

Paths Between Important Downstream Firms and Central Upstream Semiconductor Firms 

The most important feature of this network is the diffusion of technology from upstream 

semiconductor firms to downstream firms, including device makers and software publishers. The 

following analysis visualizes these connections, mapping the direct ties from the "Big Three"—

Texas Instruments, Intel, and Qualcomm—to the rest of the supply chain.  

Figure S2.6 Vertical Network and the Role of Texas Instruments 
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Notes: This network visualization highlights Texas Instruments' connections within the vertical 

supply chain network of 289 firms, showing only the ties between the upstream semiconductor 

sector and downstream firms (hardware manufacturers, software publishers, and wireless 

telecommunications companies). The figure displays the 72 downstream firms whose patents cite 

Texas Instruments' patents between 1976 and 2006, demonstrating its role as a foundational 

technology provider across the digital device ecosystem. This vertical network explicitly excludes 

horizontal ties between firms within the same industry sector to focus exclusively on the flow of 

technology up and down the supply chain. Node size is proportional to the total number of 

connections each firm has within the broader vertical network. 

Sources: NBER Utility Patent and Patent Citation Data File (Hall et al. 2001); S&P Global 

Market Intelligence COMPUSTAT database (2025). 

 

Figure S2.6 reveals that Texas Instruments served as a foundational technology source for the 

entire downstream ecosystem. A total of 72 downstream firms cite its patents, a group that 

includes virtually every major technology titan of the era. The list of citing companies spans all 
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key sectors, from telecommunications giants like AT&T and hardware pioneers like Apple and 

Motorola to the dominant software firms of the day, including Microsoft, Oracle, and Adobe.109 

Figure S2.7 Vertical Network and the Role of Intel 

 

Notes: This network visualization highlights Intel's connections within the vertical supply chain 

network of 289 firms, showing only the ties between the upstream semiconductor sector and 

downstream firms (hardware manufacturers, software publishers, and wireless 

telecommunications companies). The figure displays the 80 downstream firms whose patents cite 

Intel's patents between 1976 and 2006, confirming its central role as a foundational technology 

provider. This represents the largest downstream citation base among the "Big Three" 

semiconductor leaders. This vertical network explicitly excludes horizontal ties between firms 

within the same industry sector to focus exclusively on the flow of technology up and down the 

supply chain. Node size is proportional to the total number of connections each firm has within 

the broader vertical network. 

Sources: NBER Utility Patent and Patent Citation Data File (Hall et al. 2001); S&P Global 

Market Intelligence COMPUSTAT database (2025). 

 
109 The 72 citing firms are composed of 61 software publishers, 8 hardware manufacturers, and 3 

wireless telecommunications firms. Other notable citing firms include hardware makers Compaq 

Computer Corp., Gateway Inc., and Palm Inc., and software firm Sun Microsystems Inc. 
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Figure S2.7 reveals that Intel was cited by an even larger group of 80 downstream firms, 

confirming its own central role as a foundational technology provider. The list of citing 

companies shows a high degree of overlap with those citing Texas Instruments, including nearly 

all the same industry titans as AT&T, Apple, Motorola, and Microsoft.110 This demonstrates that 

most major downstream players relied on innovations from both top semiconductor hubs. 

Finally, Figure S2.8 reveals Qualcomm's more specialized but still critical role in the supply 

chain. It was cited by a much smaller and more focused group of only 19 downstream firms. 

However, this select group included the same core industry titans that cited Texas Instruments 

and Intel, demonstrating that even with fewer connections, Qualcomm's foundational wireless 

technologies were essential to all the major players in the digital device ecosystem. 

Figure S2.8 Vertical Network and the Role of Qualcomm 

 

Notes: This network visualization highlights Qualcomm's connections within the vertical supply 

chain network of 289 firms, showing only the ties between the upstream semiconductor sector 

and downstream firms (hardware manufacturers, software publishers, and wireless 

 
110 Other notable firms that cited both Intel and Texas Instruments include Compaq Computer 

Corp., Gateway Inc., Palm Inc., Sun Microsystems Inc., Oracle Corp., Symantec Corp., and 

Adobe Systems Inc. The data also reveals firms with specific dependencies: 25 firms cited Intel 

but not Texas Instruments, while 17 firms cited Texas Instruments but not Intel. 
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telecommunications companies). The figure displays the 19 downstream firms whose patents cite 

Qualcomm's patents between 1976 and 2006, revealing its more specialized but still critical role 

in the supply chain. While Qualcomm's downstream citation base is smaller and more focused 

than Texas Instruments' or Intel's, this select group includes the same core industry titans, 

demonstrating that its foundational wireless technologies were essential to all major players in 

the digital device ecosystem. This vertical network explicitly excludes horizontal ties between 

firms within the same industry sector. Node size is proportional to the total number of 

connections each firm has within the broader vertical network. 

Sources: NBER Utility Patent and Patent Citation Data File (Hall et al. 2001); S&P Global 

Market Intelligence COMPUSTAT database (2025). 

 

Diffusion between the Big Three Semiconductors and Apple and Motorola 

Now I turn attention to evaluating the links between the Big Three semiconductor firms and our 

two key downstream firms, Apple and Motorola. First, I look at patent citation patterns in which 

Apple cites patents held by either Texas Instruments, Intel, or Qualcomm. Second, I focus on 

Motorola’s ties to either of these three semiconductor firms’ patents. Third, I focus on ties that 

run in the opposite direction: ties directed to Apple and Motorola from the semiconductor 

firms.111 This detailed, firm-level analysis will move beyond abstract network metrics to map the 

tangible pathways of knowledge transfer, revealing the specific dependencies and technological 

conversations between the most important firms at the heart of the Third Industrial Revolution. 

Apple citing Texas Instruments, Intel, Qualcomm 

Beginning with the downstream flow, the data shows that Apple's patents cite a total of 235 

different Texas Instruments patents, demonstrating a broad reliance on its foundational 

technology.112 The most cited of these, a highly general patent for a communication and 

information processing system, describes what is essentially a blueprint for a modern smart 

device.113 This indicates that Apple was building upon some of Texas Instruments’ most 

fundamental and broadly applicable innovations. 

 
111 I should also add that Apple and Motorola direct ties to each other. Apple patents cite 

Motorola patents 269 times. These patents have 38.7 average citations and an average generality 

score of .54. Motorola patents cite Apple patents 230 times. These patents have 44.8 average 

citations and an average generality score of .53. In terms of indirect ties, there are 60 pathways 

by which Motorola indirectly cites Apple and included within those 60 are Texas Instruments, 

Intel, and Qualcomm. Similarly, there are 48 pathways by which Apple indirectly cites Motorola; 

also included within those 48 are the Big Three semiconductor firms. 
112 Some Texas Instruments patents were cited by multiple Apple patents; for example, U.S. 

Patent 4,562,535 and U.S. Patent 4,688,195 were each cited by five different Apple patents. The 

most cited patent, U.S. Patent 5,465,401, received 174 total citations and has a generality score 

of 0.80. 
113 US Patent Number 5,465,401, issued by the USPTO in 1995, describes a “Communication 

system and methods for enhanced information transfer… This invention relates to 

communication and information storage and processing systems and more particularly to 
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The data shows an even deeper reliance on Intel, with Apple citing 467 different Intel patents. 

The most frequently cited of these was a landmark 1996 patent for a sophisticated power 

management system.114 This technology was critical for the rise of portable, battery-operated 

computers. It acted as an intelligent coordinator that could automatically put different parts of a 

laptop into low power "sleep" states, dramatically extending battery life. This innovation was a 

foundational building block for the entire mobile computing revolution that would follow. 

Apple's connection to Qualcomm, while smaller in scale, was highly strategic, focusing on the 

core wireless technologies that would define the mobile era. In total, Apple cited just seven 

Qualcomm patents.115 However, the most important of which was a landmark 1999 patent for a 

novel, miniaturized antenna, a critical physical breakthrough that enabled the creation of the 

small, sleek handheld devices with reliable connections that were essential for the mobile 

revolution.116 This shows that even with fewer direct citations, Apple was building upon 

Qualcomm's foundational innovations in wireless communication. 

Motorola Citing Texas Instruments, Intel, Qualcomm 

Turning to Motorola, the data reveals an even deeper and broader reliance on Texas Instruments' 

technology. In total, Motorola's patents cite a staggering 2,495 different Texas Instruments 

patents.117 The most frequently cited of these, a highly general patent from 1994, describes a 

communication system with a touch-sensitive visual display—a clear precursor to the modern 

smartphone.118 This demonstrates that Motorola, the leading handset maker of the era, was 

building its most advanced products directly on top of Texas Instrument’s foundational 

innovations in processing and communications. 

The data reveals a similarly deep connection to Intel, with Motorola's patents citing over one 

thousand different Intel patents.119 This broad citation pattern shows that Motorola, in building 

its own portfolio of mobile communication technologies, consistently drew upon Intel's 

foundational innovations in microprocessor design and architecture. 

Finally, in a striking illustration of this vertical knowledge flow, Motorola cites a staggering 

1,241 Qualcomm patents, which possess a high average generality score of .68. The most cited of 

these is Qualcomm's foundational patent for CDMA technology (US Patent No. 5,103,459), 

 

communication devices with processors, expanded memory capability, and visual displays for 

enhanced communication and information storage and processing” (Earle 1995). 
114 This is US Patent No. 5,560,022 (Dunstan et al. 1996). 
115 The seven Qualcomm patents cited by Apple have an average generality score of 0.65. The 

most cited, U.S. Patent 6,008,762, received 73 total citations and was cited by three different 

Apple patents. 
116 This is U.S. Patent No. 6,008,762 (see Nghiem 1999).  
117 The most cited Texas Instruments patent by Motorola, U.S. Patent 5,335,276, received 292 

total citations and has an extremely high generality score of 0.89. 
118 This is U.S. Patent No. 5,335,276 (Earle and Birdwell 1994).  
119 In total, Motorola cites 1,094 Intel patents. These patents had an average of 46.5 citations 

each, with the most-cited patent having been referenced 241 times. 
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which I’ve already discussed above, underscoring the deep reliance of downstream device 

manufacturers on the core innovations of their upstream semiconductor partners. 

Evaluating Trickle Up Technological Diffusion 

It’s important to emphasize that the flow of innovation was not a simple one-way street from 

chipmakers to device manufacturers. Leading semiconductor firms were not just passively 

receiving information, but actively integrating distinct, best-in-class solutions from downstream 

innovators to improve their own products. Prominent examples I outlined below include power 

efficiency enhancing technologies from Apple and hardware-level security from Motorola. Along 

these lines, Qualcomm was laser-focused on absorbing foundational technologies for secure 

mobile communications, an area where Motorola, not Apple, was the undisputed pioneer 

As illustrated by Texas Instruments’ citation patterns, the story of "trickle-up" technological 

diffusion is quite complex. While the company cites only a single Apple patent, it references 

Motorola's portfolio an astonishing 3,137 times. The most cited of these Motorola patents is a 

highly influential invention for an unforgeable personal identification system, US Patent No. 

4,993,068 (Piosenka and Chandos 1991). This particular focus suggests that upstream 

semiconductor firms were actively integrating security and authentication technologies pioneered 

by downstream hardware specialists, incorporating them directly into their own product 

roadmaps. 

Intel’s citation patterns reveal an even more nuanced story of trickle-up innovation, showing how 

it strategically absorbed key technologies from different downstream partners. The company 

highly referenced Apple's portfolio, citing its patents 924 times, with a particular focus on power 

management. Most tellingly, Intel repeatedly cited Apple’s groundbreaking patent for conserving 

battery life in laptops, US Patent No. 5,167,024 (Smith et al. 1992)—a critical technology for 

developing the energy-efficient microprocessors needed for the mobile computing revolution. 

Simultaneously, Intel cited Motorola even more copiously—3,906 times—again focusing on the 

same foundational patent for an unforgeable personal identification system (US Patent No. 

4,993,068) outlined in the previous paragraph.  

Qualcomm’s citation behavior, the last of the Big Three, sharply reflects its specialized focus on 

wireless communication. It shows minimal interest in Apple's portfolio, citing its patents only 19 

times, with most references pointing again to the patent on laptop power management (US Patent 

No. 5,167,024)—a technology less central to Qualcomm's mobile-first mission. In stark contrast, 

Qualcomm cited Motorola’s patents 2,277 times, delving deep into its mobile communication 

innovations. The most referenced of these, which was cited by 16 different Qualcomm patents, 

was a critical patent for a cellular privacy device, US Patent No. 4,785,463 (Janc and Jasper 

1988), boasts a relatively high generality score of .78.120  

Semiconductors to Device Manufacturers as Mediators 

 
120 This patent, which describes a “digital global positioning system receiver,” is a blockbuster 

invention that introduced a radio receiver adapted for use with the Global Positioning System 

(GPS) navigation system using digital circuitry. 
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The data also reveals that both upstream semiconductor firms and downstream device 

manufacturers served as essential intermediaries in the pre-Fourth Industrial Revolution high-

tech supply chain. This shared role in promoting technological diffusion is evident in their 

strikingly similar network profiles: both groups were cited by a common audience of innovators 

from across the digital ecosystem, which drew on a body of bedrock patents. Such significant 

overlap indicates that a set of foundational technologies permeated the industry, regardless of 

where they originated.  

I can assess this structural overlap using the same formal network analysis I applied earlier to the 

semiconductor leaders. Just as I measured the similarity of the "Big Three" by comparing their 

shared audiences, I can do again so here by identifying the correlation between the firms citing 

device makers versus those citing chipmakers. More formally, to find out if two nodes are 

connected to the same alters, I calculate how correlated the tie vectors of two nodes are with each 

other. Specifically, I identify the correlation of the vector of incoming ties of node 𝑖 and the 

vector of incoming ties of node 𝑗.  

This analysis reveals a dense web of indirect connections and a shared audience for key players, 

confirming that they were central to the same broad technological conversation. The dialogue 

was strongest between Intel and Apple, which shared an audience correlation of .32—four times 

the network average of .08. This relationship was clearly reciprocal; in the reverse direction, Intel 

cited 22 companies that also cited Apple. The other semiconductor leaders followed this pattern, 

with Texas Instruments sharing a notable audience with Apple (r = .13) while citing 10 of its 

partners, and Qualcomm (r = .09) citing six. That this shared audience included titans like 

Microsoft, Oracle, and Adobe confirms that the industry's most important players were closely 

watching innovations from both the downstream device makers and the upstream chip designers, 

cementing their joint status at the heart of the digital supply chain. 

The same pattern of dense, reciprocal connections is equally evident with Motorola, confirming 

this was an ecosystem-wide structure. Dozens of indirect pathways linked Motorola to the Big 

Three, and crucially, the common intermediaries were the very same cohort of software and 

platform giants: Microsoft, Oracle, and Symantec. This consistent presence of a core group of 

software firms acting as a bridge for both Apple and Motorola demonstrates their unique and 

essential role in this “innovation commons.” The reciprocal dialogue also held true, with firms 

like Intel citing 26 companies that were simultaneously partners with Motorola. Ultimately, the 

fact that the same powerful players orbited both leading device manufacturers proves that this 

was a single, tightly integrated network, not a series of disconnected supply chains. 

A More Complex Dynamic: Industry Leaders as Curators 

Another question is whether industry leaders act not just as creators of their own technologies, 

but as curators and conduits for innovations originating outside their own sector. In such a 

scenario, a pacesetting firm might supercharge diffusion by importing a cutting-edge process 

from another industry and then distributing it to its own followers. To address this issue, I return 

to the cross-sectional patent dataset and again compare firms operating in high-tech industries 

versus firms outside of those sectors. 
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Although one might expect high-tech leaders to be particularly open to external GPTs, the patent 

data reveals a surprising and more nuanced reality—the "curator" role is far more common in 

non-high-tech sectors. While the average generality of backward citations for technological 

followers is similar across sectors (.35 for high-tech vs. .38 for non-high tech), the difference for 

leaders is stark. The average for high-tech leaders is only .39, while for non-high-tech leaders it 

is .56. Moreover, non-high-tech sectors with leaders scoring above .85 include Asphalt Shingle 

Manufacturing, Synthetic Dye Manufacturing, and Light Truck Manufacturing, indicating a high 

degree of openness to external technologies: leaders in industries like chemical and vehicle 

manufacturing are significantly more open to citing patents from outside their own fields. 

Therefore, while the high-tech innovation commons proved incredibly powerful at generating 

and diffusing its own autochthonous technologies, its leaders were surprisingly insular compared 

to those in more traditional industries, who had to look further afield for their next breakthrough. 

This seemingly surprising finding offers a crucial insight into the very nature of superstar 

economics. The relative insularity of high-tech leaders isn't a weakness; it's a defining 

characteristic of their dominance during the latter part of the Third Industrial Revolution. These 

firms weren't just participating in the economy; they were creating a new one. Rather than 

importing best practices from other sectors, they were the best practice.  

CONCLUSION 

Chapter 5 of the book charted a profound economic transformation, tracing the arc from the 

postwar era of renewed globalization to the rise of a U.S. economy built not on factory floors but 

on intangible capital. The international economic architecture championed by the United 

States—defined by the dollar’s hegemony, open capital flows, and expanding trade networks—

reshaped global commerce. It catalyzed the vertical disintegration of supply chains, allowing 

American firms to specialize in high-value, IP-intensive activities like design, R&D, and 

software development. This structural shift, in turn, paved the way for the quintessentially 

American phenomenon of the “superstar firm,” which leveraged scalable intangible assets and 

superior technology to bolster productivity and capture outsized market shares and profits. 

The statistical evidence presented in this section of the appendix revealed that this transformation 

was neither incremental nor evenly distributed. Firm-level analyses demonstrated that 

technological influence and productivity became increasingly concentrated among a small cohort 

of “innovation leaders.” High-tech sectors, in particular, exhibited a Pareto-like “winner-take-

most” pattern: the top 20 percent of firms accounted for roughly 98 percent of all forward patent 

citations, and firms at the technological frontier displayed total factor productivity levels about 

70 percent higher than their sectoral peers. Patent distributions followed a Power Law dynamic, 

with Gini coefficients exceeding 0.9 in high-tech industries—nearly double those observed in 

non-high-tech sectors—underscoring the extreme concentration of inventive capacity. Network 

analysis further confirmed that semiconductor giants such as Texas Instruments, Intel, and 

Qualcomm emerged as the central hubs through which general-purpose technologies diffused 

both vertically across supply chains and horizontally to rival firms. 

Yet this asymmetry did not signal technological stagnation or monopolization. The networks 

revealed a dense but open “innovation commons,” where a handful of pacesetting firms 
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generated foundational technologies that others refined, implemented, and built upon. 

Knowledge flowed efficiently through short paths linking hub firms to the periphery, allowing 

followers to adopt and adapt the leaders’ general-purpose technologies.  

At the same time, the final empirical section showed that these high-tech leaders, while 

extraordinarily effective at propagating their own innovations, were relatively insular in adopting 

ideas from outside their sectors—unlike non-high-tech firms, which remained far more open to 

external technological borrowing. This insularity was not a weakness but a defining feature of 

their dominance: rather than importing best practices from elsewhere, they became the best 

practice, setting the technological standards and codifying the processes that underpinned the 

transition to a digital, intangible economy. 

Ultimately, the macroeconomic and network-level evidence tell a unified story. While the global 

liberal order provided the fertile soil for superstar firms to grow, the patent citation networks 

reveal the root system through which those firms exchanged and diffused technological 

knowledge. Within this ecosystem, a technology trendsetter could effectively standardize and 

transmit general-purpose technologies to its peers, creating a decentralized yet highly productive 

innovation commons. As I show in Chapter 7 of the book, preserving this technological bedrock 

required a decisive break from the “populist-statist” past (see Chapter 3 of the book), as the legal 

system evolved to tolerate the market power of these central hubs in exchange for the massive 

efficiencies and knowledge transfers they generated. 

Yet, as powerful as this decentralized mechanism proved, it had its limits. While it was 

remarkably effective at propagating foundational technologies within industries, it could not, on 

its own, provide the explicit, guaranteed, global interoperability required for the next great leap: 

the truly mobile internet. That challenge demanded a different model of collaboration—one 

based not just on the gravitational pull of market leaders but on formalized cooperation. Chapter 

6 of the book explores precisely this evolution through the case of Qualcomm and the 

development of 4G mobile technology, where the creation of Standards-Setting Organizations 

(SSOs) and the licensing of essential patents on FRAND terms became indispensable tools for 

building the globally interconnected world that would give rise to the smartphone—and with it, 

the data-rich foundation of the Fourth Industrial Revolution. 
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ONLINE SUPPLEMENTARY APPENDIX TO HISTORY’S MOST REVOLUTIONARY 

INNOVATION, SECTION 3 

During the early 2020s, several algorithms at the practical edge of AI innovation could process, 

interpret, and act upon the vast datasets made possible by the digital platforms I investigated in 

Chapter 8 of the book, exercising bounded autonomy in decision-making systems ranging from 

content moderation to logistics and finance. Companies such as OpenAI and Google developed 

and deployed machine learning to enable computers to act intelligently without explicit 

programming. Instead of following predetermined, hardcoded rules, machine learning systems 

learned statistical patterns from data and adapted their outputs as they were trained and fine-

tuned, marking a significant shift from traditional rule-based programming (see Russell and 

Norvig 2021). This nimbleness and flexibility explain why machine learning underpinned many 

of AI’s advancements during this era (see OpenAI 2023; Google 2023).  

It also explains why computer scientists and engineers were treated like superstar athletes—

pursued by competing AI labs in an unprecedented bidding war. By mid-2025, multiple outlets 

reported nine-figure, multi-year packages for a very small number of frontier researchers.121 

Meta’s push to build a “superintelligence” lab coincided with aggressive, multi-year offers and 

strategic dealmaking; notably, the company agreed to acquire a 49% stake in Scale AI for about 

$14.3 billion, a move widely read as a bid to secure data-labeling capacity and talent (Weinberg 

2025). 

The competition for talent quickly escalated beyond just hiring individuals. In 2025, Google 

licensed the agentic-coding startup Windsurf while bringing over CEO Varun Mohan and staff in 

a deal reported at $2.4 billion (Cai et al. 2025). Amazon had executed a similar maneuver a year 

earlier—hiring Adept’s co-founders and dozens of researchers while licensing Adept’s 

technology into its internal foundation-model group (Wiggers 2024a). Microsoft, for its part, 

circulated an internal “shopping list” of target Meta researchers and approved multimillion-dollar 

packages to poach them (Eriksson 2025). Apple simultaneously recruited LLM specialists from 

rivals—especially Google—as part of its systemwide AI push (Acton 2024). On the defensive 

side of the market, OpenAI rolled out retention bonuses worth several million dollars apiece and 

refreshed employee equity to reduce attrition risk following high-profile departures (Tong and 

Cai 2025). 

The bottom line is that as these systems crossed key performance thresholds, the constraint 

shifted from ideas to execution—data, compute, and the people who could turn both into 

working models. 

But this fevered competition for human capital also reflects a deeper truth about AI's economic 

significance. The willingness of corporations to pay effectively unlimited sums for scarce 

expertise signals that something more consequential than ordinary technological improvement 

was underway.  

 
121 To be sure, these offers were typically dominated by equity grants rather than cash sign on 

bonuses; viral claims of $100 million “signing bonuses” overstated the cash component of offers 

(Bort and Temkin 2025). 
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The AI Talent Wars Underscore AI’s Revolutionary Appeal 

As I argued in Section 1 of this appendix, industrial revolutions occur when new general-purpose 

technologies (GPTs) herald a dramatic discontinuity rather than the seamless continuation of 

technological progress engendered by their broad applicability across sectors, uninterrupted 

technical improvement over extended periods, and strong complementarities with co-inventions 

that amplify their impact. In this manner they fundamentally transform both the industrial 

organization of production across multiple sectors simultaneously and the economy and society 

in general (see Bresnahan and Trajtenberg 1995). 

By 2025, AI was driving a Fourth Industrial Revolution. In healthcare, AI-driven precision 

medicine was revolutionizing patient care by tailoring treatments based on individual genetic 

profiles. In manufacturing, the integration of AI with industrial automation was underwriting 

more efficient and flexible production lines. In finance, advanced algorithmic trading techniques 

were optimizing strategies and improving market liquidity. In education, AI-powered adaptive 

learning systems provided personalized experiences tailored to individual students’ needs. 

This transformation rose out of the innovations in hardware, software, and business processes 

outlined in the book—themselves byproducts of what I termed in Chapter 3 of the book the 

“Creative Destruction Paradigm,” an institutional and policymaking framework that prioritized 

first-principles economic reasoning and cost-benefit analysis over other goals, such as protecting 

incumbents or redistributing to politically sensitive constituencies.  

The Fourth Industrial Revolution was being powered by an unprecedented capital explosion, 

which I explore in the book, powered by an audacious moonshot that transcended traditional 

business metrics: the pursuit of Artificial General Intelligence (AGI)—AI systems capable of 

matching or exceeding human cognitive abilities across the full range of intellectual tasks, rather 

than excelling only in narrow, pre-specified domains. Company executives increasingly invoked 

AGI as the ultimate justification for infrastructure spending that defied conventional return-on-

investment calculations, arguing that the transformative potential of human-level artificial 

intelligence warranted essentially unlimited capital deployment (Bobrowsky 2025). This AGI-

centric rationale marked a departure from previous technology investment cycles, which 

typically anchored spending to specific product roadmaps and revenue projections.  

 

This section of the appendix tells the story of why modern AI systems were able to evolve into a 

unique supply chain to begin with. I recount the historical process by which advances in both AI 

theorizing and practical computer science enabled foundation models trained on massive corpora 

to scale and undergo refinements in kind. This scaffolding supports my examination of AI as a 

maturing, capital-intensive stack in Chapter 9 of the book: where I explore how the distribution 

of power and value turn on who controls the scarce complements needed to deploy it at scale—

rather than who conjures up a standalone model out of whole cloth. 

 

This section of the appendix proceeds in five steps. I begin with a brief technical primer on 

modern AI—machine learning, neural networks, and the mechanics of deep learning—before 

turning to large language models and explaining how transformers convert text into probabilistic 

next-word predictions, and what that does (and does not) imply about “understanding.” I then 
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place these systems in historical perspective, tracing the breakthroughs that culminated in 

foundation models and the post-2022 LLM wave. Next, I show how these advances translated 

into an explosion of training compute and capital intensity, shifting the frontier from academia to 

a small number of well-capitalized labs. With that context in place, I explain the 2024–25 pivot 

toward reasoning-oriented systems—post-training, test-time compute, and tool-augmented 

architectures—and why they improved performance on multi-step tasks while still exhibiting 

sharp limits under distribution shift and adversarial conditions. I close by outlining the emerging 

technical and institutional paths forward, including efficiency-focused architectures, verification, 

and brain- and hardware-inspired research agendas. 

 

THE TECHNICAL NUTS AND BOLTS OF AI 

There are three primary approaches to machine learning, each defined by how it processes data. 

Supervised learning relies on data labeled by researchers (Goodfellow et al. 2016). Unsupervised 

learning discovers patterns in unlabeled data by itself (LeCun et al. 2015). Reinforcement 

learning allows researchers to train models through rewards and penalties (Sutton and Barto 

2018). While all three approaches matter for modern AI, supervised learning provides the 

clearest entry point for understanding neural networks, which I turn to next. I return to 

reinforcement learning later in this section of the appendix when discussing RLHF and reasoning 

models. 

In supervised learning algorithms, each input is paired with a known correct output—the “ground 

truth” against which the algorithm checks its predictions. This pairing enables the algorithm to 

learn patterns and make accurate predictions or classifications on new, unseen data. By 

iteratively adjusting their internal parameters to minimize errors, supervised learning models 

become highly effective at tasks like speech recognition, sentiment analysis, and predictive 

maintenance in manufacturing (Jurafsky and Martin 2023). 

In this way, machine learning leverages structured data to address specific real-world problems. 

This includes fraud detection in banking, where algorithms identify unusual patterns in 

transaction data (Ngai et al. 2011), and medical diagnosis, where systems analyze patient records 

to flag potential health risks (Esteva et al. 2019). Building upon the principles of supervised 

learning, neural networks introduce a layered architecture that enables the modeling of far more 

complex patterns (LeCun et al. 2015). 

Neural Networks 

Neural networks represent machine learning’s most transformative development. Consisting of 

interconnected artificial “neurons” arranged in layers that simulate the human brain’s 

architecture, these networks are trained on massive datasets, allowing computers to classify and 

cluster data with remarkable accuracy (see ibid). They learn to recognize patterns by adjusting 

the connections between neurons based on experience, enabling them to tackle complex tasks 

ranging from image recognition to generating human-like text (Goodfellow et al. 2016). 

Despite their extraordinary capabilities, neural networks remain fragile. Consider that researchers 

demonstrated how small modifications to pixels in an image—invisible to the human eye—can 

mislead neural networks into misidentifying objects entirely (Szegedy et al. 2013; Goodfellow et 
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al. 2014). For example, a stop sign with carefully crafted perturbations might be classified as a 

speed limit sign, with obvious implications for autonomous vehicle safety (see Eykholt et al. 

2018). 

 

Said brittleness reveals a core limitation, which I will investigate further ahead in this section of 

the appendix: these systems rely on statistical correlations rather than true conceptual 

understanding (Marcus and Davis 2019). That same limitation helps explain why generative AI 

is sometimes unreliable, prone to “hallucinating” facts—generating plausible-sounding but 

fabricated information—or exhibiting misalignment between a user's goals and the machine's 

responses. To understand why these limitations persist despite massive investments in AI 

development, we must first examine how these systems actually function. 

 

How Neural Networks Work 

 

Data moves through a neural network in a process called forward propagation across three types 

of layers.  

 

The input layer serves as the network's entry point. Each neuron in this layer represents one 

feature or characteristic of the data; for example, if analyzing houses, neurons might represent 

square footage, number of bedrooms, or location. This layer performs no calculations, simply 

receiving and passing along raw data. 

 

The hidden layers are the "thinking" engines where the actual processing occurs. They are called 

"hidden" because their operations are not directly visible to the user. Each neuron here receives 

inputs from the previous layer, multiplies each by a weight (representing the connection's 

importance), and sums them. Crucially, it then applies an activation function to introduce non-

linearity before passing the result to the next layer.122 

 

To put the importance of non-linearity in perspective, think of trying to map temperature zones 

across a landscape using only flat planes. With linear functions, you would have to approximate 

mountain ranges and valleys with crude diagonal slices, missing many local variations. But with 

non-linear functions, you can model the actual contours of the terrain, capturing how temperature 

truly varies with elevation and geography. In the same way, activation functions allow neural 

networks to fit the complex, “contoured” reality of real-world data, rather than forcing it into 

rigid, linear boxes. 

 

Neural networks often employ multiple hidden layers to detect increasingly abstract patterns. A 

subsequent hidden layer combines the outputs of a preceding one, enabling the network to learn 

sophisticated features (LeCun et al. 1998). In image recognition, for instance, the first layer 

 
122 An activation function is a simple mathematical rule applied to the output of each neuron to 

decide whether it should "fire." A key breakthrough in deep learning was the widespread 

adoption of the Rectified Linear Unit (ReLU). The ReLU function is a tiny "if-then" rule: if the 

input is negative, it outputs 0; if positive, it outputs the number itself. This simple "kink" at zero 

provides the non-linear element that, when repeated across millions of neurons, allows the 

network to model complex, "contoured" patterns (Nair and Hinton 2010). 
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might detect simple edges, while the second identifies shapes or objects (Krizhevsky et al. 2012). 

Each node is connected to every node in the previous layer, with each connection carrying a 

specific “weight” that determines the signal's strength (see Rumelhart et al. 1986).123  

 

The output layer produces the final predictions or classifications (Goodfellow et al. 2016). The 

number of neurons here depends on the task: classification tasks (like identifying objects) use 

one neuron per possible category, while regression tasks (like predicting prices) might use just 

one neuron outputting a continuous value. The values of these nodes represent the network's 

confidence, calculated by converting raw output scores—called 'logits'—into probabilities using 

a normalization function.124  

Before I explain how these networks allow “learning” to occur, it is helpful to visualize their 

basic structure. Figure S3.1 illustrates a generic feedforward neural network, the most common 

architecture. The network is organized into distinct layers of processing units called "neurons" or 

nodes. Data enters through the input layer, which receives raw features—such as pixel values 

from an image or numerical data from a spreadsheet—and passes them to the next stage without 

computation. The core processing happens in one or more hidden layers. Each neuron in a 

hidden layer receives signals from the previous layer, performs a calculation, and transmits a 

new signal forward. Finally, the output layer produces the network's final prediction or 

classification, such as identifying an object or forecasting a value. The arrows connecting the 

layers represent the flow of data, and each connection carries a "weight", a numerical value 

adjusted during training that determines the strength and influence of that connection; more on 

that below. 

Figure S3.1 A Generic Feedforward Neural Network Architecture 

 
123 These weights correspond to billions—or even trillions—of internal connections and are 

stored as matrices (grids of numbers). During training, the system must constantly multiply these 

matrices together. This is where the Multiply-Accumulate (MAC) operation becomes critical. A 

MAC operation calculates the "dot product" of a row and a column: it multiplies corresponding 

pairs of numbers and then adds them all up to get a single value. In mathematical terms, for a 

single neuron, this is expressed as: 𝑦 = 𝛴(𝑤ᵢ · 𝑥ᵢ), where 𝑤 is the weight and 𝑥 is the input. 

Because neural networks contain matrices with thousands of rows and columns, this simple 

multiplication-and-addition step must be performed quadrillions of times, making the efficiency 

of the underlying MAC hardware the primary bottleneck for AI speed. This is a topic I will 

explore in the next chapter.  
124 Normalization is achieved by applying the “softmax function”—a mathematical formula that 

converts a vector of raw scores, or logits, into a probability distribution. The formal equation is: 

softmax(𝑧ᵢ) = 𝑒ᶻⁱ/𝛴𝑒ᶻʲ for all classes 𝑗 (see Bridle 1990). 
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Notes: This diagram shows the flow of information from left to right across three types of layers. 

The input layer (represented by 𝑥) receives raw data. The hidden layer (represented by ℎ⁽¹⁾) 
performs intermediate calculations, extracting features from the input. The output layer 

(represented by 𝑦) generates the final prediction. The vertical dots (⋮) indicate that the number of 

neurons in each layer can vary depending on the specific application (𝑛, 𝑚, and 𝑘 represent 

these variable counts). 

How Neural Networks Learn 

Neural networks learn much like humans refine a skill: through practice, error, and feedback.  

Consider how a child learns not to touch a hot stove. Through the painful feedback of a burn, the 

brain’s biological neurons adjust their connections, strengthening the pathways that associate the 

glowing red coil with danger. This process of inductive learning—generalizing rules from 

specific examples of trial and error—is rooted in the biological principle that synaptic 

connections strengthen when activated together. As psychologist Donald Hebb (1949) 

summarized it: neurons that “fire together, wire together.” Artificial neural networks replicate 

this "strengthening" process mathematically. 

 

The process begins with a forward pass, where input data is fed through the network to produce 

an initial prediction. This prediction is compared against the true answer to calculate the error. 

Armed with this error calculation, the network performs a backward pass, or backpropagation. 

This algorithm sends corrective feedback in reverse through the layers. The non-linear functions 

are vital here, as they enable the computation of necessary adjustments (gradients) to the 



109 
 

network's internal weights. Each weight is adjusted slightly—with larger errors prompting bigger 

tweaks—to minimize future prediction errors (see Rumelhart et al. 1986).125 It is like tuning 

thousands of knobs simultaneously until the system produces accurate results. 

 

This entire cycle—forward pass, error calculation, backpropagation, and weight updates—

repeats millions of times. Gradually, as the network "tunes" these thousands of internal knobs, it 

learns to recognize underlying patterns in the data, enabling it to make accurate predictions on 

new, unseen inputs. 

 

Figure S3.2 visualizes the complete flow of information through a neural network, using a 

simplified model based on the landmark LeNet-5 architecture (LeCun et al. 1998). This system 

was built to recognize digits from the MNIST database, a collection of handwritten digits 

formatted as 28×28-pixel images. The input layer consists of 784 neurons, corresponding to the 

total pixel count of a single image. Each pixel maps to one input neuron, holding a value from 0 

(white) to 1 (black); together, these 784 values represent the complete digital image. 

 

The network’s first hidden layer focuses on edge detection, learning to identify basic structural 

features like lines, curves, and corners (see Zeiler and Fergus 2014). Some neurons might 

activate strongly when they detect a vertical line, while others respond to curves. For instance, a 

written "7" would activate neurons that detect a horizontal line at the top and a diagonal line 

going down. 

 

The second hidden layer combines these simple features into more complex patterns. It learns to 

recognize geometric combinations: a horizontal line connected to a diagonal line (characteristic 

of a 7), a closed loop (the circular form found in 0, 6, 8, and 9), or a vertical line with serifs 

(characteristic of a 1). These neurons are essentially detecting digit-specific conceptual shapes. 

 

Finally, the output layer contains 10 neurons, each representing one possible digit from 0 through 

9. Each neuron produces a score; a softmax function converts these scores into a probability 

distribution that sums to 1. 

 

Figure S3.2 traces the process in action when a user writes the number "7." First, the 28×28 pixel 

image is converted into 784 numerical values and fed into the input layer. During feature 

 
125 Technically, backpropagation uses the chain rule from calculus to compute the gradient for 

every weight—a vector indicating the slope of the error curve with respect to that specific 

weight. This feeds into the optimization algorithm, which is the mathematical rule set 

determining how to update the network's parameters. The most common strategy is gradient 

descent. Conceptually, imagine a hiker blindfolded on a rugged mountain (the "loss landscape") 

trying to reach the lowest valley. The loss represents the hiker’s current altitude (the magnitude 

of error). The gradient tells the hiker the steepness and direction of the slope directly under their 

feet. The optimization algorithm directs the hiker to take a step in the opposite direction of the 

incline—moving "downhill" to progressively minimize loss (reduce the discrepancy between the 

model's prediction and the correct answer). For a comprehensive overview of these dynamics, 

see Ruder (2016); for the seminal introduction of backpropagation, see Rumelhart et al. (1986). 
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extraction, Hidden Layer 1 detects the horizontal line at the top and the diagonal line, while 

Hidden Layer 2 recognizes this specific combination as characteristic of a "7."  

 

The output layer then converts its scores into probabilities; for illustration, Digit 0 might receive 

about 2% (unlikely due to the lack of closed loops), Digit 1 about 1%, and Digit 2 about 3%. 

Digit 7, however, might receive roughly 89% probability—a strong match with the detected 

features—while Digit 8 might get about 4%. Consequently, in this example, the network selects 

“7” as its final prediction. 

 

Figure S3.2 A Neural Network for Handwriting Recognition 

 

 
 

Notes: The network processes the input image through multiple layers, extracting increasingly 

complex features. The output layer contains 10 neurons, each representing a digit from 0 to 9. 

Each neuron outputs a confidence score (probability) that the input image is that particular 

digit. The network predicts the digit with the highest probability—in this case, it is 89% 

confident the handwritten input is a "7." 

Source: LeCun et al. 1998. 

Explaining Deep Learning and its Practical Applications 

The architecture of stacked layers and nonlinear activation functions shown in Figure S3.1 is the 

foundation for deep learning, an advanced subset of neural networks that employs numerous 

hidden layers to capture complex and abstract features from raw data. Deep learning processes 

vast amounts of data and identifies patterns with extraordinary speed and precision, enabling 

breakthroughs in fields like natural language processing and computer vision. 
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Building on the basic architecture illustrated in Figure S3.1, a deep learning model contains a 

significantly larger number of hidden layers, allowing the network to extract increasingly 

abstract representations of data and perform complex tasks with unparalleled accuracy. Each of 

these hidden layers is designed to process and refine information hierarchically (Goodfellow et 

al. 2016). For instance, in image recognition, the early layers might identify simple patterns like 

edges or corners, while deeper layers detect more abstract concepts such as textures, shapes, and 

eventually entire objects (LeCun et al. 2015). 

Additionally, deep learning architectures often incorporate specialized layer types tailored to the 

specific problem domain. For example, Convolutional Neural Networks (CNNs) handle spatial 

data like images by using convolutional layers to extract local features (Krizhevsky et al. 2012). 

Similarly, Recurrent Neural Networks (RNNs) process sequential data such as time series or text 

using feedback loops to capture dependencies over time (Graves 2012). 

While the foundational principles of weight adjustments and error minimization remain 

consistent (Rumelhart et al. 1986), deep learning’s expanded depth and complexity allow it to 

solve a range of real-world problems that were impossible for simpler networks. This powers 

many of the "smart" features now taken for granted, such as Amazon’s Alexa, which recognizes 

voices and responds intelligently (Goodfellow et al. 2016). While Google’s search engine 

historically relied on advanced statistical models, more recent developments—such as the 

RankBrain and BERT systems—employ neural networks to better understand context, semantics, 

and user intent (Vaswani et al. 2017; Devlin et al. 2018). 

Google also employs neural networks to detect faces in photos—a feature embedded in its photo 

organization tools (Goodfellow et al. 2016). Autofill capabilities in text messaging and email 

rely on similar algorithms to predict user input (ibid). In hardware innovation, Google’s Tensor 

chip integrates deep learning directly into smartphones, enabling devices like the Pixel to adapt 

dynamically to user preferences (Google 2023). 

The LLM in Action: A Deeper Look 

OpenAI’s ChatGPT represents perhaps the most quintessential example of modern AI 

capabilities. Large Language Models (LLMs) like GPT function by using deep learning 

techniques to analyze patterns in massive text datasets, discerning statistical relationships 

between words and phrases (Vaswani et al. 2017). Through a process called “attention,” these 

models weigh the relative importance of different words in context. When processing the 

sentence “The animal didn't cross the street because it was too tired,” the attention mechanism 

helps the model recognize that “it” refers to “animal” rather than “street”—a classic test of 

ambiguity resolution (Winograd 1972). This enables the generation of coherent and contextually 

appropriate responses. 

To understand how a generative AI model like ChatGPT works, we can walk through the 

process, which is also illustrated in Figure S3.3. The entire system is an elegant, multi-stage 

pipeline that converts human language into mathematics and back into human language. 
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The Embedding Layer: Converting Words to Meaning  

The process begins with the embedding layer, which acts as a sophisticated translator that 

converts words into a language the neural network can understand—numbers. But it is far more 

than a simple dictionary. It takes a single word (or "token") and converts it into a large vector—a 

list of hundreds or even thousands of numbers. The magic of this layer is that these vectors 

represent the word's meaning and context. In this high-dimensional space, words with similar 

meanings end up with similar vectors. For example, the vectors for "cat" and "dog" will be close 

together, while the vectors for "cat" and "democracy" will be very far apart. This 

"understanding" is not pre-programmed; it is learned during training, as the network discovers 

that words used in similar contexts (e.g., "you can pet a ___") should have similar vectors. 

Transformer Layers: The Context Engine  

Once the text is converted into these meaningful vectors, it is fed into the transformer layers. 

This is where the real "intelligence" of the model resides. Each transformer layer performs self-

attention, the mechanism I introduced above. Unlike earlier models that read text strictly from 

left to right and often “forgot” early words—more on that below—this process allows the model 

to look at every word in a sentence and weigh its relationship to every other word 

simultaneously. For instance, when processing the sentence "The bank by the river was steep," 

the self-attention mechanism analyzes the word "bank" and sees its strong connection to "river" 

and "steep," allowing it to conclude that it means a riverbank, not a financial institution.126 

These transformer layers are stacked, often dozens or even hundreds deep. This depth is crucial, 

as each layer builds a more sophisticated level of comprehension. Early layers might detect basic 

grammar, middle layers understand phrases, and deep layers grasp abstract reasoning. This 

hierarchy allows the model to resolve linguistic ambiguities—correctly identifying that in the 

sentence "The cat... living in Boston... it is sleeping," the word "it" refers to "the cat" many 

words prior. 

The Final Output: Generating a Response  

As Figure S3.3 illustrates, the input flows through all these layers until it reaches the output 

layer. At this point, the model has built a rich, contextual understanding of the prompt. It 

produces a probability score for all ~50,000 possible tokens in its vocabulary. For the prompt 

"The weather is," it might assign a 35% probability to "nice," 25% to "beautiful," and 15% to 

"cold." The model selects a word based on these probabilities, adds that new word to the input, 

 
126 The distinction between a "river bank" and a "financial bank" is the canonical example of 

polysemy (lexical ambiguity) in computational linguistics. It has served for decades as the 

standard illustration of how context determines meaning, appearing in everything from 

introductory textbooks to seminal research papers (see, e.g., Peters et al. 2018 on ELMo 

embeddings, which are among the first models to dynamically assign different mathematical 

representations to the same word based on its specific context within a sentence). 
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and runs the entire process again. This iterative, word-by-word process is what allows the AI to 

maintain a coherent train of thought. 

Figure S3.3 Explaining LLMs: Generative AI 

 

Notes: Generative AI predicts one word at a time by analyzing patterns learned from vast 

amounts of text. Each word is converted into a numerical vector (embedding) that captures its 

meaning—similar words have similar vectors. The transformer layers then process these 

embeddings using "self-attention," allowing every word to consider its relationship with every 

other word in the context. Through 12-96+ layers of processing, the model builds increasingly 

sophisticated understanding: early layers grasp grammar, middle layers understand phrases, 

and deep layers comprehend abstract concepts and reasoning. The output layer produces 

probabilities for all ~50,000 possible next words. The model selects one (often sampling from top 

candidates for variety), adds it to the input, and repeats the process—generating coherent text 

word by word. Unlike simple classification networks that make one decision, generative AI 

makes thousands of sequential decisions, with each new word depending on everything that came 

before. 

Deep Learning that Goes Beyond Generative AI 

Self-driving cars illustrate how deep learning extends beyond language. These systems use 

'sensor fusion'—combining cameras, radar, and LIDAR—to construct a unified model of their 

environment (Bojarski 2016).127 The classic approach to this problem relied on a combination of 

 
127 Sensor fusion is the process of combining data from multiple different sensors—such as 

cameras (visual light), radar (radio waves), and LiDAR (laser light)—to create a single, unified 

model of the environment (see Hall and Llinas 1997). This is critical because each sensor has 

different strengths; cameras read signs, while radar functions in fog. The AI fuses these streams 

into one cohesive 3D 'world model'—an internal representation of the vehicle's surroundings that 
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two specialized network types. First, CNNs analyze visual data from cameras, using a 

hierarchical process—learning edges, then shapes, then objects—to recognize pedestrians and 

road signs (LeCun et al. 2015). Second, RNNs add a layer of sophistication by using their 

internal memory to analyze time-series data, allowing them to predict the likely future trajectory 

of a moving car (Graves 2012). These models are continuously refined using backpropagation on 

massive datasets of real-world driving scenarios (Goodfellow et al. 2016). 

Leading up to 2025, companies like Waymo, Nuro, and Wayve experimented with “Visual 

Language Models” (VLMs) to enhance their vehicles’ ability to handle unexpected scenarios 

(Vaswani et al. 2017).128 This marked a shift from traditional approaches that relied on pre-

programmed rules. For instance, Waymo demonstrated that using Google’s Gemini AI model 

helped vehicles identify and respond appropriately to novel objects they weren’t specifically 

trained to recognize, such as an unexpected dog crossing the street (Google 2023). 

Having established how modern AI systems work, I now turn to the historical trajectory that 

produced them—a path marked by long periods of stagnation punctuated by rapid breakthroughs. 

BRIEF HISTORY OF AI UNTIL 2025 

The technical capabilities I have described did not emerge overnight. Understanding why AI 

reached its 2025 inflection point—and why it developed in one direction rather than others—

requires tracing the field's historical trajectory. This history reveals a pattern of uneven progress: 

long periods of incremental advance interrupted by breakthrough innovations that reshaped the 

field's possibilities. It also reveals the growing role of compute and capital in determining who 

could participate at the frontier. 

The history of AI development, particularly for neural networks, mirrors the pattern that 

paleontologists Eldredge and Gould (1972) termed “punctuated equilibrium”: long periods of 

relative stasis interrupted by brief bursts of rapid transformation. For AI, the stasis periods—

sometimes called “AI winters”—saw incremental refinement of existing techniques. The 

punctuations came when breakthrough innovations, like the backpropagation algorithm in the 

1980s, or the Transformer architecture in 2017, suddenly unlocked new capabilities and triggered 

cascades of follow-on innovation. 

A Promising Start, Followed by False Starts 

The AI field was formally established in the mid-20th century, particularly following the 

legendary Dartmouth AI Conference in 1956, where researchers such as John McCarthy, Marvin 

Minsky, Nathaniel Rochester, and Claude Shannon coined the term “artificial intelligence” 

 

tracks objects, predicts their motion, and supports navigation decisions—that is more robust than 

any single sensor (see Yurtsever et al. 2020). 
128 VLMs are a type of AI trained on massive datasets of images paired with text. This allows the 

model to find statistical relationships between visual data (pixels) and linguistic concepts. In 

practice, it moves the self-driving car's AI beyond simple object detection (e.g., "pedestrian") to a 

deeper contextual understanding (e.g., "a pedestrian who is looking at their phone and appears 

distracted"), which is essential for handling novel scenarios (see Radford et al. 2021). 
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(McCarthy et al. 1956). While this concept traces its roots to the 19th century—with Charles 

Babbage’s design of the Analytical Engine and Ada Lovelace’s insight that machines could 

manipulate symbols to produce meaningful content—Alan Turing’s work in computation and 

machine intelligence from the 1930s to 1950s demonstrated how machines could mimic human 

thought and solve complex problems (Turing 1950). 

Turing made three profound reinforcing contributions. First, he conceptualized the “Turing 

Machine,” a theoretical framework that represents the heart of digital computing as a simple, 

rule-based device that could execute any algorithmic process (Turing 1936). Second, during 

World War II, Turing’s decryption of the Enigma code showcased computational machines’ 

ability to tackle complex problems (Hodges 1983). Finally, he introduced the “Turing Test” to 

determine if a machine’s behavior is indistinguishable from a human’s, establishing an enduring 

criterion for identifying artificial intelligence (Turing 1950).129  

However, early optimism soon hit a wall. In 1958, Frank Rosenblatt’s “Perceptron” offered a 

promising early neural network, but it was limited. When Minsky and Papert (1969) 

mathematically proved that single-layer Perceptrons could not solve basic logical problems, 

funding dried up. This triggered the first "AI Winter," a period of stagnation that lasted until the 

breakthroughs of the 1980s. 

The Deep Learning Revolution 

The advent of machine learning changed AI research and practice forever. This becomes clear 

when examining the foundational academic research behind AI during the post-World War II era 

(see Table 11.1). The trajectory of neural network development spans over seven decades, with 

each advance building upon previous discoveries to transform theoretical concepts into today’s 

powerful language and vision models. 

As Table 11.1 suggests, the University of Toronto emerged as a crucial hub for deep learning, 

embodied by the work of Geoffrey Hinton and his students. Hinton and his collaborators 

fundamentally transformed how neural networks function, most notably by popularizing the 

backpropagation algorithm in 1986. The field experienced another leap forward in 2006 when 

Hinton introduced deep belief networks, which reignited interest in deep learning after years of 

skepticism. Perhaps most dramatically, 2012 marked a watershed moment when Hinton and his 

students developed AlexNet, a deep convolutional neural network that achieved unprecedented 

accuracy in the ImageNet Large Scale Visual Recognition Challenge—reducing the error rate by 

nearly half compared to the previous year's winner and demonstrating decisively that deep 

learning could outperform hand-engineered approaches (Krizhevsky et al. 2012).130  

 
129 While Turing’s operationalization of “intelligence” as behavioral indistinguishability remains 

influential, modern AI systems have complicated its interpretation: today's chatbots can fool 

casual interlocutors while failing at tasks any human could perform—a topic I’ll revisit further 

below. 
130 The ImageNet project, started by Fei-Fei Li in 2006, provided researchers with a huge 

database of images for object recognition research. As of 2010, it contained more than 14 million 

hand-annotated images categorized across approximately 22,000 categories. By training neural 
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The success of AlexNet catalyzed the widespread adoption of deep learning approaches across 

multiple domains, from image and speech recognition to natural language processing—but it was 

a winding road to get there. While AlexNet quickly revolutionized computer vision, progress in 

language and speech initially relied on a different architecture: Long Short-Term Memory 

(LSTM) networks. Introduced by Hochreiter and Schmidhuber (1997), LSTMs solved the 

problem of neural networks "forgetting" earlier inputs, making them the standard for large-scale 

neural machine translation systems, including Google Translate, for nearly a decade (Wu et al. 

2016). However, LSTMs were difficult to train at scale due to their sequential nature.  

The paradigm shifted decisively in 2017 when Google researchers introduced the Transformer 

architecture (Vaswani et al. 2017). By leveraging the "self-attention" mechanism described 

earlier to process vast amounts of data in parallel, the Transformer finally overcame these 

bottlenecks, uncorking the bottle and leading to the explosion of frontier models that populated 

the imagination during the AI revolution of the early 2020s (Brown et al. 2020). 

Reinforcement Learning and RLHF 

Yet another major watershed on the road to the AI revolution was the advent of Reinforcement 

Learning (RL), a broad field of machine learning where an AI agent learns to make decisions by 

taking actions in an environment to maximize a cumulative reward signal (Sutton and Barto 

2018). Q-learning is a classic method where an AI learns by building a table of values that rates 

the quality of a given action in a given situation, while policy gradient methods directly train a 

neural network to learn a “policy” (a set of rules for making decisions). Deep Reinforcement 

Learning (DRL) combines RL with deep neural networks. For example, “TD-Gammon” 

achieved superhuman performance at backgammon, demonstrating the potential for machines to 

learn complex strategies through self-play (Tesauro 1995). This technique was later used by 

Google’s AlphaGo in 2016 to master Go—defeating human champions and showcasing the 

power of combining deep learning with reinforcement learning and search (Silver et al. 2016). 

Research into RL eventually culminated in what were among the most cutting-edge AI models 

by the end of 2025, those that used Reinforcement Learning with Human Feedback (RLHF), a 

technique I will elaborate on shortly ahead (Christiano et al. 2017; Ouyang et al. 2022). Rather 

than relying on a simple, pre-programmed reward rule, RLHF uses a separate “reward model” 

trained on human preference data—reviewers rank or compare different model outputs based on 

helpfulness, safety, or accuracy. The main model then optimizes its behavior against this learned 

reward signal, iteratively improving by taking actions that score well under the reward model 

(Christiano et al. 2017; Ouyang et al. 2022).  

Table 11.1 Selected Groundbreaking Research Behind Modern AI 

 

networks on these image-label pairs, researchers enabled the models to classify objects with 

superhuman accuracy (see Deng et al. 2009). 
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Year Milestone/Event Contributors Significance 

1943 
McCulloch-Pitts 
Neuron Model 

Warren 
McCulloch, 
Walter Pitts 

The first mathematical model of a 
neuron, laying the foundation for 
neural networks. 

1958 Perceptron Frank Rosenblatt 
Introduction of the perceptron, an 
early neural network model 
capable of binary classification. 

1980 Neocognitron 
Kunihiko 
Fukushima 

Early convolutional neural 
network for pattern recognition. 

1986 
Backpropagation 
Algorithm 

Hinton, 
Rumelhart, 
Williams 

Made training deep neural 
networks efficient, revolutionizing 
the field. 

1986 
Parallel Distributed 
Processing 

Rumelhart, 
McClelland 

Introduced the concept of 
distributed representations and 
multi-layer networks. 

1989 TD-Gammon Gerald Tesauro 

Used neural networks to achieve 
superhuman performance in 
backgammon via reinforcement 
learning. 

1995 
Support Vector 
Machines 

Vapnik, Cortes 
Introduced a powerful method for 
classification that competed with 
neural networks for decades. 

1997 
LSTMs (Long Short-
Term Memory) 

Hochreiter, 
Schmidhuber 

Solved the "vanishing gradient" 
problem for time-series data, 
powering early speech and text 
AI. 

2006 Deep Belief Networks 
Hinton, Osindero, 
The 

Demonstrated unsupervised pre-
training, reigniting interest in 
deep learning. 

2006 
Restricted Boltzmann 
Machines 

Geoffrey Hinton 
Developed as a key building 
block for training Deep Belief 
Networks. 

2012 AlexNet 
Hinton, 
Krizhevsky, 
Sutskever 

Achieved a breakthrough in 
image recognition and 
popularized CNNs. 
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Year Milestone/Event Contributors Significance 

2014 GANs Ian Goodfellow 
Introduced a new framework for 
training neural networks to 
generate realistic data. 

2015 
ResNet (Residual 
Networks) 

He, Zhang, Ren, 
Sun 

Allowed networks to scale from 
dozens to hundreds of layers, 
crucial for modern computer 
vision. 

2016 AlphaGo DeepMind 

Defeated a world champion Go 
player using deep neural 
networks and reinforcement 
learning. 

2017 Transformers Vaswani et al. 
Introduced the attention 
mechanism, the architecture 
behind all modern LLMs. 

2018 BERT Google AI 
Set new benchmarks in NLP by 
using bidirectional training of 
Transformers. 

2020 GPT-3 OpenAI 

Demonstrated that scaling up 
language models unlocks 
massive few-shot learning 
capabilities. 

2020 Diffusion Models Ho, Jain, Abbeel 

Introduced the noise-removal 
process that powers modern AI 
art generators (like 
Midjourney/DALL-E). 

 

Sources: Barto and Sutton (2018); Bishop (2006); Brown et al. (2020); Goodfellow et al. (2014); 

Goodfellow et al. (2016); He et al. (2016); Ho et al. (2020); Hochreiter and Schmidhuber (1997); 

Huh et al. (2016); Jordan and Mitchell (2015); Karras et al. (2019); Krizhevsky et al. (2012); 

Konečný et al. (2016); LeCun et al. (2015); McMahan et al. (2017); Minsky and Papert (1969); 

Nilsson (2009); Pan and Yang (2010); Radford et al. (2015); Raghu et al. (2019); Russell and 

Norvig (2021); Silver et al. (2016); Tesauro (1989); Vapnik and Cortes (1995); Vaswani et al. 

(2017); Yang et al. (2019). 

 

More Recent Innovations 

 

Into the 2010s, the field continued to innovate with a series of breakthroughs that expanded AI’s 

capabilities. Generative adversarial networks (GANs), for example, introduced a framework 

where two neural networks compete against each other to create highly realistic synthetic images 
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(Goodfellow et al. 2014). By 2020, however, the frontier shifted toward diffusion models (Ho et 

al. 2020). Unlike GANs, diffusion models generate images by iteratively denoising random 

noise—a training and generation paradigm that is often more stable in practice and that underlies 

major image generators such as OpenAI’s DALL·E 2 (Ramesh et al. 2022). 

This progress was also made possible by improvements in how models were built and adapted—

especially the ability to harness larger context windows (Tay et al. 2022) and to benefit from 

domain-specific fine-tuning (Howard and Ruder 2018; Raffel et al. 2020). Therefore, by the time 

generative chatbots entered the mainstream, they could rapidly absorb industry-specific 

knowledge, adapt to novel conversational contexts, and—when paired with appropriate 

prompting and system scaffolding—sometimes course-correct in response to feedback, setting 

the stage for dramatic improvements in real-world performance. 

Alongside these technical advancements, an emerging ecosystem of safety measures, 

explainability frameworks, and governance protocols helped ensure these advances operated 

ethically and built public trust. For example, RLHF and prompt-engineering practices improved 

instruction-following behavior and helped align outputs with human values and organizational 

policies (Ouyang et al. 2022).131 Coupled with explainable AI (XAI) techniques that illuminate 

how models arrive at their decisions, these advances supported expert oversight as subject-matter 

specialists refined model outputs (Simonyan et al. 2014; Lundberg and Lee 2017). 

Interdisciplinary teams that included domain experts, data scientists, and operations managers 

further ensured that deployed AI systems were informed by human judgment and operational 

constraints (Brynjolfsson and McAfee 2017; Christiano et al. 2017; Ziegler et al. 2019). 

Meanwhile, advances in multimodal AI systems during the early 2020s demonstrated the field’s 

growing sophistication in integrating diverse types of data—text, images, audio, and even 

video—into more unified modeling frameworks (Baltrusaitis et al. 2019; Lu et al. 2019). Such 

systems enable more nuanced understanding and more natural human–AI interaction. OpenAI’s 

GPT-4, for example, helped mainstream the idea of chat systems that can accept both images and 

text as inputs (OpenAI 2023), ushering in a trend toward increasingly comprehensive AI 

approaches that span multiple domains and modalities. 

Alongside these capability advances, the field developed new methods for responsible 

deployment. Major tech firms championed new privacy-preserving methods. Apple is a 

paradigmatic example: it promoted differential privacy and related approaches intended to 

reduce privacy risk while learning from user data (Apple 2017). This approach traded some 

model performance for user trust—a strategic choice that reflected Apple's hardware-centric 

business model, in contrast to the data-hungry approaches of advertising-driven competitors. 

Finally, transfer learning revolutionized development by allowing a model pre-trained on a vast 

dataset to be fine-tuned for new, related tasks—dramatically reducing the labeled data and 

compute needed to build sophisticated applications (Pan and Yang 2010). But even as these 

techniques improved sample-efficiency and adaptability, frontier performance increasingly 

 
131 On the broader landscape of AI ethics and governance frameworks during this period, see 

Hagendorff (2020), Mittelstadt et al. (2016), and Cath et al. (2018). 
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depended on sheer scale—so the practical bottleneck shifted toward the compute required to 

train and iterate on ever-larger models. 

Progress in AI Research Translated into Increased Compute to Train Models 

While early breakthroughs in machine learning focused largely on language-only or single-

modality tasks, as the field advanced toward frontier systems capable of combining text, images, 

and complex reasoning, the computational cost of progress skyrocketed. As model architectures 

became more complex—particularly during the deep learning era and the subsequent LLM 

wave—the compute required for a single frontier training run surged by orders of magnitude. In 

fact, since 2012, the amount of compute used in the largest AI training runs has doubled 

approximately every 3.4 months—a rate vastly outpacing Moore’s Law (Amodei and Hernandez 

2018). Engineers at leading AI labs responded by allocating ever-increasing resources to their 

training exercises, turning compute from a utility into a strategic asset. 

Figure S3.4 visualizes this exponential escalation by plotting the growth in floating-point 

operations (FLOPs) used to train prominent AI systems between 1950 and 2024.132 The 

logarithmic y-axis highlights the exponential nature of this escalation: the roughly straight 

upward trend—represented by the linear OLS prediction line—underscores that each successive 

generation of leading models typically required orders of magnitude more compute than its 

predecessors. The pattern is stark. What began as trivial compute in early Perceptron-era 

experiments (see Minsky and Papert 1969) grew to 4.7×10¹⁷ FLOPs for AlexNet in 2012 

(Krizhevsky et al. 2012), 3×10²³ FLOPs for ChatGPT-3, and then to tens of septillions for 

subsequent LLM models (see Epoch AI 2024).133 

 

This shift changed the industry's political economy. When state-of-the-art systems required 

modest compute, academic and nonprofit labs could compete at the frontier. Once competitive 

training runs required hundreds of millions of dollars in hardware and energy, the center of 

gravity inevitably shifted toward well-capitalized industry labs (Ahmed and Wahed 2020).134 

 
132 A FLOP refers to a single mathematical calculation involving numbers with decimal points 

(e.g., 3.14×2.5=7.85). Unlike “integer operations” that use whole numbers, floating-point 

operations handle a wide range of values by allowing the decimal point to “float.” The ability to 

handle decimal-point calculations is crucial for scientific computing, graphics, and especially AI, 

where models perform trillions of such calculations during training and inference. 
133 The figures for ChatGPT-3 were derived from architectural analysis rather than official 

disclosures (see Patel and Ahmad 2023). 
134 This shift occurred despite significant attempts by the public sector to maintain an alternative, 

open research ecosystem. During the early 2020s, research consortiums and industry 

collaborations helped spearhead AI development; these included the Partnership on AI, a 

collaborative effort by major tech companies and the Allen Institute for AI (Brynjolfsson and 

McAfee 2022). Meanwhile, the National AI Research Institutes program received a substantial 

investment from the NSF to advance AI research, and the EU and Japan invested billions in 

sovereign AI initiatives (EU Commission 2023; METI 2024). Ultimately, however, these public 

investments were outpaced by the orders-of-magnitude larger capital expenditures of the private 

hyperscalers. 
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The talent wars described at this section of the appendix’s opening reflect this dynamic: the nine-

figure compensation packages exist precisely because only a handful of organizations can afford 

frontier-scale compute—therefore, the researchers who know how to use it are extraordinarily 

valuable. By the same token, as Chapter 9 of the book explores, the exponential scaling of 

compute revealed in Figure S3.4 helps explain the industry's consolidation, structure, and its 

potential future trajectory into the late 2020s. 

 

Figure S3.4 Training Compute (FLOP) of Significant ML Systems (1950–2025) 

 

 

 
 

Notes: The figure plots the training compute required for each model in the dataset against its 

publication date, with the y-axis shown on a base-10 logarithmic scale. “Training compute” 

refers to the approximate total floating-point operations used to train the base model (not 

inference compute—the resources consumed when a trained model generates responses to user 

queries—and not fine-tuning unless the dataset explicitly records it as the main training run). 

The fitted line is an OLS regression of log₁₀(training compute) on time. 

Sources: Epoch AI (2024). 

 

Consequently, the technical improvement trajectory of AI technologies also showed dramatically 

accelerating growth: The compute explosion documented in Figure S3.4 translated directly into 

model scale; Figure S3.5 visualizes the “scale trajectory” of frontier AI by plotting prominent 

models’ release dates against their parameter counts on a base-10 logarithmic axis. To make that 

trend interpretable, like Figure S3.4, the latter overlays an OLS fit through the log-transformed 

parameter counts. The trend mirrors the growth in compute: model size grows exponentially, 

moving from millions of parameters to billions, and then to trillions, within a single decade.  

This acceleration matters because parameter count is a useful (though imperfect) proxy for a 

model’s representational capacity. Parameters are the learned weights of a neural network—the 
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internal degrees of freedom that allow the model to store statistical regularities and compress 

information from its training data. As parameter counts rose, models became better able to 

capture complex patterns and long-range relationships, which translated into major gains in 

language understanding, text generation, multimodal reasoning, and instruction following (see 

Kaplan et al. 2020).  

To be sure, parameter count alone does not determine performance. While Kaplan et al. (2020) 

established the initial scaling laws linking model size to capability, researchers at DeepMind 

subsequently demonstrated that many frontier models were “undertrained”—they had more 

parameters than their training data could effectively utilize. These findings, derived from their 

model “Chinchilla,” established the so-called Chinchilla scaling laws that shifted the field toward 

more balanced training regimes (Hoffmann et al. 2022). 

Notwithstanding this critical insight, the figure also implicitly shows the core economic tradeoff 

of the AI revolution: scaling parameters dramatically increases the compute, memory, and energy 

required to train and deploy systems, which helps explain why progress at the frontier became 

inseparable from the massive capital investment in data centers and specialized accelerators that 

I discuss in Chapter 9 of the book. 

The dramatic gains in scale had real-world implications far beyond benchmarks. As training 

pipelines streamlined, teams could prototype new architectures and curate fresh datasets in 

weeks rather than months. This created a virtuous feedback loop: more capable models produced 

richer outputs, which could be used to generate higher-quality training data for the next 

generation (Wang et al. 2023). Throughout 2024–2025, this loop intensified with "agentic" fine-

tuning methods that taught models to plan and self-correct. To fuel this process, developers 

turned to increasingly specialized corpora—from millions of lines of code to vast libraries of 

user-interface logs (see Wei et al. 2022)—transforming data curation from a janitorial task into a 

high-leverage engineering discipline. 

This shift had significant implications for market structure: firms with access to proprietary data 

streams, particularly the platform companies discussed in Chapter 8 of the book, held advantages 

that pure-play AI labs could not easily replicate. I will take this topic up again in Chapter 9 of the 

book. 

Figure S3.5 Number of Parameters of Large Language & Multimodal Models 
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Notes: Data includes widely reported AI models with publicly disclosed (or credibly estimated) 

parameter counts and publication dates through 2025. Parameter counts refer to total trainable 

parameters for the base model (not fine-tuned variants), and mixture-of-experts models use the 

reported total parameter count (rather than “active” parameters) where both are available. The 

fitted line is an OLS regression of log₁₀(parameter count) on time (publication date).  

Source: Epoch AI (2024). 

Ultimately, however, this 'scaling era' encountered a qualitative ceiling. While adding parameters 

and FLOPs produced models with encyclopedic knowledge and native fluency, mere size did not 

automatically yield the reliable, multi-step logic required for high-stakes problem-solving. As the 

marginal returns on raw parameter counts began to plateau, the industry's focus pivoted toward 

architectures and post-training methods that prioritized depth of thought over breadth of data—

and toward inference-time techniques that could trade additional 'thinking' compute for 

reliability. 

The Chinese laboratory DeepSeek offered a striking demonstration that architectural efficiency 

could substitute for brute-force scale with its release of the DeepSeek-V3 and DeepSeek-R1 

models. Its innovation was twofold. First, it optimized the base model using a Mixture-of-

Experts design (activating only a fraction of parameters per token) and Multi-Head Latent 

Attention to compress memory overhead (Guo et al. 2025). Second, to unlock reasoning 

capabilities, they pioneered Group Relative Policy Optimization (GRPO)—a reinforcement 

learning technique that incentivized the model to verify its own logic chains without the massive 

computational cost of traditional training methods. DeepSeek’s models matched or surpassed 

those from OpenAI, Meta, and Anthropic on several benchmark tasks while reportedly costing 

only a fraction of what American labs paid for models of similar scale (Xu 2025). 

 



124 
 

This achievement served as a powerful market validation of test-time compute—a scaling law 

first proposed by Snell et al. (2024). While the authors had demonstrated that allowing a model 

to allocate more computation after a prompt is received can produce substantial gains in theory, 

DeepSeek operationalized this insight in practice.  

The Rise and Consolidation of AI Reasoning Models 

DeepSeek-R1represented a broader paradigm shift: the consolidation of AI reasoning models. 

These systems, unlike earlier models that typically produced a direct answer in one pass, were 

designed to deliberate internally—generating and checking intermediate steps before 

responding—so they could solve harder problems more reliably. Developers soon converged on 

three families of techniques that made these systems both more capable and more dependable: 

alignment by feedback (e.g., RLHF), deliberation strategies (e.g., chain-of-thought prompting 

(CTP) plus sampling/search methods), and grounding and tool access (e.g., Retrieval-Augmented 

Generation (RAG) and structured tool use). 

 

First, RLHF—the technique I introduced in the historical section above—fine-tunes models 

using human preference data to better follow instructions and align outputs with human 

judgments (Christiano et al. 2017; Schulman et al. 2017; González Barman et al. 2025). The AI 

uses the feedback to create its own internal “reward system” and applies reinforcement learning 

(a method of learning through trial and error) to practice and improve until it consistently gives 

the answers the reviewers seek. A turning point was InstructGPT, which operationalized this 

pipeline at scale for instruction-following chat behavior (Ouyang et al. 2022). 

 

Second, CTP involves training models to break down complex tasks into a series of logical, step-

by-step explanations. This method leverages the model’s underlying Transformer architecture 

and attention mechanisms, a key feature of transformers that allows the model to focus on the 

most relevant parts of the input data as it processes it (Vaswani et al. 2017). In practice, many 

gains came not only from writing intermediate steps, but from decoding methods that sample 

multiple reasoning paths and select the most consistent answer (Wang et al. 2023). 

 

Third, RAG gives an AI model the ability to dynamically access external information, like a 

search engine or a company's internal database. A key enabling component in many modern 

RAG pipelines is dense neural retrieval—a method that represents both queries and documents 

as vectors in a shared semantic space, allowing the system to find relevant passages based on 

meaning rather than keyword matching (Karpukhin et al. 2020). This helps the AI stay current 

with information and produce answers that are both relevant to the user's request and grounded in 

verifiable facts (Wei et al. 2022; Yao et al. 2023; Guu et al. 2020; Lewis et al. 2020). 

The convergence of these three innovations matters historically because the “reasoning era” 

wasn’t one trick—it was an engineering synthesis of how models are trained, how they are 

prompted/decoded, and how they consult external resources. These advances were built on 

earlier breakthroughs that turned large neural language models into practical general-purpose 

systems: the Transformer architecture and attention (which enabled efficient scaling), empirical 

scaling laws linking performance to data/model/compute (Kaplan et al. 2020), and later work on 
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compute-optimal training that clarified how to allocate parameters vs. tokens (Hoffmann et al. 

2022; see also Vaswani et al. 2017 for the underlying architecture).135 

While these breakthrough techniques showed progress, they also highlighted a fundamental 

limitation: AI models in 2025 did not build causal maps—a deep understanding of cause-and-

effect relationships. Instead, they relied on memorized heuristics (mental shortcuts or rules of 

thumb) and pattern-matching, which made them prone to breaking or failing unexpectedly and 

poor at applying knowledge to new, unseen situations (Marcus and Davis 2019). Decades of 

cognitive-psychology work on human reasoning (Kahneman and Tversky 1974) and more recent 

mechanistic-interpretability probes (tools that attempt to reverse-engineer an AI model’s internal 

workings) of AI models (Mitchell 2025; Méloux et al. 2025) confirmed this distinction. 

Numerous studies revealed that, while humans use flexible, principle-based understanding, 

LLMs wire up thousands of tiny “circuits” that encode memorized rules of thumb. For example, 

a navigation model can achieve high accuracy by recalling per-origin-destination rules (Vafa et 

al. 2024), and models solve arithmetic problems using narrow-band “tricks” rather than a general 

algorithm (Nikankin et al. 2025). 

Researchers therefore went beyond RLHF, CTP, and RAG to address these shortfalls, exploring 

approaches that combined neural networks with more structured forms of reasoning. They 

experimented with neuro-symbolic hybrids: models that combine a deep-learning "perception" 

module, which labels objects, with a traditional symbolic logic engine, which applies "if-then" 

rules to make inferences (see Mao et al. 2019). They also developed program-aided models: 

systems that translate natural-language prompts into executable code, run that code to get a 

precise answer, and then convert the result back into a human-readable response (see Gao et al. 

2022). OpenAI famously operationalized these academic ideas along three lines when building 

its pioneering “o‑series” reasoning models.  

 

Commercializing Progress on the Reasoning Frontier  

 

First, the AI pioneer adopted process supervision—rewarding intermediate steps, not just final 

answers—to get models to reason before responding and to verify their own steps (Lightman 

et al. 2023).  

 

Second, it scaled test-time compute—the concept I introduced in the DeepSeek discussion above. 

By using large-scale reinforcement learning and search-like sampling to encourage longer 

internal deliberation, OpenAI demonstrated that spending more "thinking time" improves 

performance on complex tasks (OpenAI 2024a; OpenAI 2024b; OpenAI 2024c). This confirmed 

the economic shift described earlier: whereas the previous era focused on massive training 

compute, the reasoning era shifted the bottleneck to inference compute. A complementary 

 
135 While “parameters” refer to the learned weights that determine a model's representational 

capacity, “tokens” refer to the volume of text data consumed during training—roughly analogous 

to the number of words read. Readers may recall that in the previous chapter I defined “token” as 

the basic units of text, typically words or word fragments. For the significance of the parameter-

to-token ratio, see the discussion of Hoffmann et al. (2022) in the main text. 
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innovation was deliberative alignment—an approach in which models are given explicit safety 

specifications and trained to reason over them before generating a response (Guan et al. 2024). 

 

Third, it made these models agentic —capable of autonomously executing multi-step tasks, using 

tools, and taking actions in the world rather than merely generating text— and multimodal in 

production. Both o3 and o4‑mini were “trained to think longer before responding” and can 

choose and chain tools (e.g., web search, Python/code execution, retrieval) inside ChatGPT. 

They even “think with images” by manipulating visual inputs within their internal reasoning (Jin 

et al. 2025; OpenAI 2025c; OpenAI 2025d; OpenAI 2025e).136  

Why This Mattered 

This distinction birthed a new theoretical architecture known as "Orchestration" or "System 2 

Routing." Rather than forcing every user query through an expensive reasoning model, 2025-era 

systems began using lightweight "router" models to assess difficulty. Simple queries were 

handled by fast, cheap models (System 1), while complex puzzles triggered the 'thinking' models 

(System 2)—terminology borrowed from Kahneman's (2011) influential dual-process theory of 

human cognition (see Ong et al. 2024; Li et al. 2025). This successfully hybridized the raw scale 

of the LLM era with the structured deliberation of the reasoning era.  

To understand the significance of these advancements, consider the ARC Prize, a competition 

focused on achieving AGI. The prize uses the Abstraction and Reasoning Corpus (ARC), a series 

of unique visual puzzles the AI model has never seen before. Each puzzle requires it to figure out 

the underlying logical rule and apply it—much like a human would—a key skill for true 

problem-solving.  

As illustrated in Figure S3.6, an ARC task typically consists of a few "training" examples—pairs 

of input and output grids that demonstrate a specific transformation rule. The AI must infer this 

hidden logic (for example, "move all black blocks to the nearest corner" or "invert the shading 

pattern") and apply it to a final "test" input to generate the correct solution. Unlike standard 

image recognition, which relies on memorizing textures or shapes, this requires the model to 

perform abstract reasoning and generalization from very few examples. 

Figure S3.6 Stylized Representation of an Abstraction and Reasoning Corpus (ARC) Task 

 
136 This tool-using agent ability has clear roots in research that interleaves reasoning traces with 

actions (e.g., ReAct) and in approaches that train models to decide when to call external APIs 

(Yao 2023). 
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Notes: The figure depicts the structure of a standard ARC challenge. On the left, the 

"demonstration" pairs show a consistent logical transformation (in this case, an object 

movement, shading inversion, or pattern completion rule). The model must identify this rule and 

apply it to the "Test Input" on the right to produce the correct output grid.  

Source: Adapted from Chollet (2019). 

These puzzles are divided into different difficulty levels. On one of the harder test sections of the 

original ARC benchmark, called the Semi-Private Evaluation set, OpenAI’s o3-preview (a 

powerful, specialized version of its AI reasoning model) reached 75.7% under a compute cap and 

87.5% when compute limits were lifted (Chollet 2024).137 These results suggest that o3 possesses 

novel task adaptation abilities, which some researchers interpret as an important step toward AGI 

(see Kamradt 2025). However, as I discuss below, whether such benchmark performance reflects 

genuine generalizable reasoning—or a more sophisticated form of pattern-matching on a 

particular task distribution—remains contested. 

As the ARC competition evolved, AI companies introduced new reasoning models. In early 

2025, the original ARC benchmark was renamed ARC-AGI-1 after its creators introduced a 

significantly more difficult successor, ARC-AGI-2. In August 2025, OpenAI released a newer 

 
137 On the less challenging Public Evaluation set, the o3-preview model solved approximately 

83% of the puzzles with less computing power and about 92% when it used more. 
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reasoning model, GPT-5 Pro.138 While the newer model outperforms o3 while using 50-80% 

fewer “thinking” tokens and hallucinating less frequently (OpenAI 2025e), its performance on 

the ARC benchmarks revealed the limits of recent progress. On ARC-AGI-1—the original 

benchmark that o3-preview had largely conquered—GPT-5 scored only 65.7%, slightly behind 

xAI's Grok 4 (68%). The gap widened dramatically on ARC-AGI-2, designed specifically to 

resist the pattern-matching strategies that succeeded on the original: GPT-5 scored just 9.9%, 

compared to Grok 4's 16%. These results suggested that the field had not yet achieved genuine 

generalization. 

Part of the reason for this is that AI reasoning models excelled at tool use and code generation, 

were increasingly able to run Python or Bash commands, iteratively tested outputs, and corrected 

their own errors. They demonstrate enhanced logical reasoning with fewer instances of repeating 

failed actions or making simple logical mistakes. Additionally, newer systems evinced adaptive 

problem-solving abilities, recovering from mistakes instead of getting stuck. 

These models also demonstrated capacity to move beyond summarizing existing research toward 

brainstorming potentially novel ideas by drawing connections across fields such as physics, 

biology, and engineering (see OpenAI 2025f)—though whether such outputs genuinely match 

doctorate-level creativity or instead reflect sophisticated recombination remains debated (Bubeck 

et al. 2023; Knight 2023). Whatever the case, frontier models sometimes produced novel-

seeming experimental approaches—from fusion-experiment variants to pathogen-detection 

concepts—although such proposals generally required expert vetting for feasibility and 

originality (Bubeck et al. 2023).  

These emerging capabilities set the stage for the next phase of competition, in which the major 

AI labs raced to combine reasoning with autonomous action. 

The Winter 2025 Escalation: Agents and "Deep Think" 

The rivalry between AI foundation models reached a new fever pitch in late 2025 with the 

convergence of reasoning capabilities with autonomous agency. Following OpenAI’s summer 

dominance, competitors responded with systems that didn't just "chat" but actively navigated 

operating systems and cloud environments. 

In November 2025, Google released Gemini 3.0, a model that fundamentally integrated "Deep 

Think" capabilities directly into its multimodal architecture rather than treating reasoning as a 

separate mode. Unlike previous iterations, Gemini 3.0 demonstrated the ability to natively verify 

its own visual outputs—correcting errors in diagrams or code generation before showing them to 

the user—and introduced Project Antigravity, an agentic development platform that allowed 

 
138 GPT-5 introduced so-called adaptive inference: rather than using the same amount of effort 

for every query, the model can recognize a difficult task and decide to "think longer" by 

dedicating more computational power to it and thus automatically adjusting its reasoning depth, 

“saving its strength” for “hard” questions (OpenAI 2025e). 
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developers to build bots capable of autonomously managing cloud infrastructure (Google 

2025b). 

That same month, Anthropic countered with the release of Claude Opus 4.5. While exhibiting 

higher latency than Gemini on standard benchmarks, Opus 4.5 established itself—according to 

Anthropic—as optimized for 'long-horizon' tasks, capable of executing coding workflows 

spanning hours without human intervention (Anthropic 2025b). 

And right on cue, OpenAI responded in December 2025 with the release of GPT-5.2, an iterative 

but significant update to its flagship model. This version introduced "Adaptive Voice," which 

allowed the model's reasoning engine to operate in real-time speech without the latency lag of 

earlier voice modes. GPT-5.2 also deployed a new safety architecture specifically for “agentic 

sandboxing”—scenarios where an AI is only granted access to sensitive tools (like bank accounts 

or email) if its proposed plan is mathematically verified to remain within strict, pre-defined 

bounds (see OpenAI 2025f). 

THE FUTURE OF AGI 

The reasoning capabilities of LLMs nonetheless remained rooted in statistical associations within 

their training data, not abstraction (Chollet 2019). At their core, these models rely on heuristics 

and pattern completion that can fail under tricky or adversarial challenges—and even step-by-

step prompting via chain-of-thought (Wei et al. 2022) has been shown to be exploitable for 

strengthening attacks (Su 2024). Their generalization is often fragile—especially outside the 

distributions and task families they were trained and tuned for (Berglund et al. 2023).139 

In stark contrast, genuine intelligence hinges on efficient skill acquisition and transfer across 

tasks, not just pattern fitting (Chollet 2019). The Shojaee et al. 2025 systematic study of “Large 

Reasoning Models” underscores this difference: when a puzzle’s complexity is dialed up in a 

controlled way, a reasoning model’s performance eventually collapses.140 Moreover, these 

models often cannot reliably follow explicit algorithms, suggesting fragile procedural fidelity 

 
139 For example, if a model is trained on a statement such as “A is B,” it often cannot infer the 

reverse relationship “B is A.” This failure persists even when the reverse relationship is logically 

equivalent to the original and occurs across different model sizes, families, and training setups 

(see ibid). 
140 Consider how reasoning models perform in the Tower of Hanoi, a classic puzzle game 

consisting of a set of discs of different sizes and three pegs. The goal is to move the entire stack 

of discs from a starting peg to a destination peg, following two simple rules: only one disk may 

be moved at a time, and a larger disk may never be placed on top of a smaller one. The puzzle is 

a crucial test of systematic, procedural reasoning. In low-complexity scenarios with small 𝑁 

values, standard LLMs often outperformed specialized reasoning models. At medium 

complexity, reasoning models showed modest gains. However, at high complexity, both types of 

models collapsed to near-zero accuracy—with performance degrading sharply around seven 

disks and collapsing essentially to zero by eight disks—despite an ample token budget. Shojaee 

et al. (2025) further demonstrated that even when fed the exact solution algorithm as part of the 

prompt, models failed to reliably follow it, revealing they lack systematic procedural fidelity. 
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rather than robust algorithmic competence (Shojaee et al. 2025). To bridge this gap, researchers 

pursued different approaches circa 2025.  

First, they turned to a “verifiable-rewards” strategy (popularized by DeepSeek) used “rule-based 

grading” to push models toward longer-form, self-consistent solutions without heavy human 

supervision (DeepSeek-AI 2025; Zhou et al. 2025). This method relies on automated systems to 

score a model's output based on a predefined set of rules, which is especially useful for tasks 

with a clear right or wrong answer like math problems or code generation. For example, the 

system can automatically check if a final numerical answer is correct or if a generated piece of 

code compiles and runs without errors.  

Second, they experimented with “self-confidence/intuition” approaches (popularized by 

Berkeley’s Intuitor RLIF) that tried to coax better reasoning out of a model by training it to 

recognize when it is confident or uncertain and to identify and correct its own mistakes (Zhao et 

al. 2025). Researchers developed this strategy to combat reward hacking—a phenomenon where 

an AI exploits flaws in its scoring system to achieve high scores without actually solving 

problems as intended. A model might, for instance, generate a convincing but incorrect answer 

that satisfies a flawed grading rubric, demonstrating rhetorical skill rather than genuine 

understanding (Zhao et al. 2025). 

Perhaps more importantly, disappointing scaling results—where successive model generations 

showed diminishing returns on benchmarks despite exponentially increasing compute 

investments—helped catalyze the 2025 pivot from a “bigger” to “better” approach centered on 

greater efficiency and new architectures. Remember that, unlike prior technologies that required 

constant human ingenuity for iterative improvements, AI can design new algorithms and 

improve itself. Along these lines, by 2025 AI’s ability to optimize its own underlying 

architecture led to dramatic advancements in model efficiency. So-called automated 

hyperparameter tuning acted like an army of expert chefs perfecting a recipe; instead of human 

engineers manually adjusting the countless settings required for training a model, an AI could 

rapidly test millions of combinations to find the most effective training regimen (Bergstra and 

Bengio 2012).  

More profoundly, “neural architecture search” (NAS) allowed an AI to act as its own architect, 

designing the fundamental blueprint of a new, more effective AI model—discovering novel 

designs that might never have occurred to its human creators (Elsken et al. 2019). Together, 

these techniques reduced training times from weeks to hours and enabled the creation of more 

powerful models without a corresponding increase in computational cost (Real et al. 2020).141 

Beyond AI's ability to optimize existing models, this new era of innovation was also advancing 

through fundamental changes in software design. Early models were "dense," meaning they used 

 
141 Engineers also adopted compute-optimal training—more scientific "recipes" for balancing a 

model's size with the amount of training data to get the most performance from a fixed amount of 

computing power (see Hoffmann et al. 2022)—and embraced new architectures like long-context 

state-space models to process vast amounts of information, which are akin to reading a long book 

page-by-page with a running summary rather than trying to memorize it all at once. 
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their entire massive network for every single calculation (Fedus et al. 2021)—an incredibly 

inefficient process like turning on every light in a skyscraper just to read a book in one office. 

The new approach is sparsity, particularly through Mixture-of-Experts (MoE) architectures. 

Rather than activating the entire network for every query, MoE models function like a large 

organization with specialized departments: a lightweight routing mechanism assesses each input 

and directs it to only the small fraction of “expert” subnetworks best suited to the task, leaving 

the rest dormant (Shazeer et al. 2017). This allows for vastly larger total parameter counts—and 

thus greater capacity—while keeping inference costs manageable (Shazeer et al. 2017; Fedus et 

al. 2021). 

In addition to these efficiency gains, researchers were also creating entirely new architectural 

blueprints to overcome the inherent limitations of older designs. A leading alternative to the 

dominant Transformer architecture is the State Space Model, which is far more adept at handling 

very long sequences of information. Whereas standard Transformers must compute relationships 

between all pairs of tokens—a process whose cost grows quadratically with sequence length 

(Vaswani et al. 2017)—State Space Models maintain a compressed running state that updates 

incrementally (Gu, Goel, and Ré 2021; Gu and Dao 2023). The difference is like reading a novel 

while constantly cross-referencing every earlier page versus reading page by page while carrying 

forward a concise summary. This makes State Space Models particularly suited for very long 

sequences, such as entire books or genomic data (Gu, Goel, and Ré 2021; Gu and Dao 2023).  

At the same time, progress was accelerating by improving how models learn and what they can 

do. Rather than relying on a bigger pool of data, researchers shifted focus to higher-quality data 

and smarter training methods like curriculum learning, which teaches a model simple concepts 

before moving to complex ones—much as a student learns arithmetic before calculus—

improving both training efficiency and final performance (Bengio et al. 2009; Xie et al. 2023; 

Penedo et al. 2024). Yet for all this progress, fundamental limitations persisted. 

Skepticism was Still Warranted 

New approaches to improving AI were not without problems. Researchers challenged the 

Berkeley team’s self-confidence gains on the grounds that models might “game the system” 

instead of engaging in genuine reasoning (Zhou et al. 2025a). While Verifiable Rewards works 

well in domains with clear right/wrong answers, it doesn’t directly generalize to open-ended 

tasks (DeepSeek-AI 2025; Zhou et al. 2025a). Indeed, “complementary system-level methods” 

remained essential for reliability outside of closed-form math and code. They include RAG, 

which as explained above grounds an AI's answers in external sources, and tool use, which 

offloads computations that require precision or access to up-to-date data to external programs 

like a Python interpreter or a calculator (see Guu et al. 2020; Lewis et al. 2020). They also failed 

to reliably perform under distribution shift—situations where the data a model encounters during 

deployment differs systematically from its training data, as when a model trained on formal 

written English encounters informal speech or regional dialects (Hendrycks et al. 2021; Ovadia 

et al. 2019). Moreover, 2025-vintage LLMs continued to stumble when confronting tasks 

requiring coherent planning over many steps and “adversarial conditions”: inputs intentionally 

designed to trick the model (Valmeekam et al. 2023; Zou et al. 2023; Perez et al. 2022).  
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The upshot was that, by late 2025, the newer approaches to AI outlined above did not achieve the 

ability to apply cause-and-effect understanding to new situations and, to boot, they were rapidly 

hitting scaling limits due to rising computational costs and diminishing returns (You 2025; 

Kaplan et al. 2020; Hoffmann et al. 2022). 

Therefore, by mid-2025, grand proclamations from OpenAI, Google, Anthropic, and others that 

AI agents would soon perform like PhD-level assistants—handling shopping, travel bookings, 

calendar management, and financial tracking—seemed overwrought.142 This included 

committing “compounded” mistakes—errors in early steps that propagated through subsequent 

actions, creating cascading failures—that at times ended in failure rates as high as 70 percent 

(Spice 2025). Hallucinations also persisted, with agents fabricating dates, mismanaging data, and 

even corrupting databases when shortcuts proved “easier” than following correct procedures 

(ibid). Security analyses revealed that even hardened agentic systems—those designed with 

explicit safety constraints—succumbed to adversarial attacks between 50% and 90% of the time 

(Zhang et al. 2025a). When AI agents have access to sensitive tools like email, financial 

accounts, or code execution environments, such vulnerability rates represent serious deployment 

risks. 

Finally, and most importantly, Zhao et al (2025b) suggested that the step-by-step problem-

solving undertaken by reasoning models were closer to sophisticated pattern matching learned 

from training examples—not authentic problem-solving capabilities or comprehension. In other 

words, when confronted with problems sufficiently different from their training experiences, 

these models were extremely fragile (ibid).  

For Marcus (2025a; 2025b), these failures aren't surprising: current LLM-based agents merely 

mimic surface patterns rather than truly understand tasks, so each additional step multiplies risk. 

He suggests that while LLMs remain valuable for coding assistance, brainstorming, and writing, 

they are no substitute for well-specified algorithms or symbolic systems when reliability matters.  

This critique has significant implications for AI's status as a general-purpose technology: if 

LLMs cannot reliably perform multi-step tasks outside their training distribution, their 

applicability across sectors may be narrower than optimists project. In contrast, although well-

specified algorithms consistently give the same, correct answer every time, they lack the 

flexibility to handle unseen challenges. Marcus (2025a; 2025b) therefore argues that future 

progress on AI, and potentially AGI, should hinge on hybrid approaches that marry deep learning 

with explicit symbolic mechanisms that can engage in human-like causal reasoning. 

Avenues for Future Progress 

By 2025, evolutionary computation, inspired by natural selection, looked like a promising 

avenue for future AI approaches. It uses genetic algorithms to iteratively optimize solutions by 

simulating genetic processes, including selection, mutation, and crossover (Mitchell 1998; Back 

et al. 2018). During the early 2020s, researchers explored and, in some cases, applied 

evolutionary methods to complex challenges in engineering and robotics by “mutating” 

 
142 This paragraph draws on Marcus (2025a). 
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candidate solutions and selecting the most effective ones to “maximize fitness” (Such et al. 

2017). Going forward, this same approach may help design AI systems themselves: evolutionary 

search can discover neural network architectures automatically—sometimes at very large scale—

without relying on handcrafted designs (Real et al. 2017). 

An even more fundamental shift was happening at the hardware level with neuromorphic 

computing. This approach abandons traditional chip design in favor of creating processors that 

mimic the architecture of the human brain. Unlike a traditional computer that shuttles data 

between separate memory and processing units in an energy-intensive process, neuromorphic 

systems aim to co-locate memory and computation to reduce data-movement costs and improve 

energy efficiency—potentially enabling capable AI inference on constrained, battery-powered 

devices (Merolla et al. 2014). 

Similar breakthroughs were on the horizon during the early 2020s in quantum machine learning. 

It combines quantum computing principles with AI to potentially accelerate certain classes of 

optimization, sampling, and linear-algebra subroutines under specific assumptions (Biamonte et 

al. 2017).143 In late 2024, Google and others reported progress toward practical quantum error 

correction—reducing error rates and improving fault-tolerance in experimental systems—

marking a meaningful step toward more reliable quantum computation.144 By 2025, quantum 

neural networks, leveraging phenomena like superposition and entanglement, could process 

multiple states simultaneously (Rebentrost et al. 2014; Schuld et al. 2015), offering advances in 

optimization and pattern recognition tasks that were challenging classical AI systems. 

Taken together, these innovations signal a potential end to the era where brute-force scaling was 

the only driver of progress. Yet, capitalizing on these disparate advances—combining the 

efficiency of neuromorphic chips, the adaptability of evolutionary search, and the optimization 

power of quantum mechanics—requires more than just new components; it demands a unifying 

architectural logic. As I will explore in the last section of this appendix, the most promising 

template for integrating these technologies may lie in treating neuroscience findings as literal 

 
143 Recall the "blindfolded hiker" analogy used earlier to describe classical training (see footnote 

[X]). While a classical computer is like that hiker—painstakingly feeling its way down the 

mountain one step at a time and risking getting stuck in a small valley (a "local minimum")—a 

quantum computer behaves differently. Leveraging superposition, it acts more like a flood of 

water that fills the entire landscape at once, or a hiker capable of "tunneling" through the 

mountain itself. This allows it to locate the true lowest point (the global minimum) across 

massive, high-dimensional datasets exponentially faster than classical methods (see Harrow et al. 

2009). 
144 Quantum bits (qubits) are notoriously fragile; even slight temperature changes or stray 

electromagnetic waves can cause them to lose their data (a process called "decoherence"). The 

breakthrough involved grouping many unstable "physical" qubits together to form a single, 

robust "logical" qubit. Historically, adding more physical qubits introduced more noise than it 

solved. Google’s achievement was demonstrating that for the first time, increasing the size of the 

error-correcting code actually reduced the error rate, crossing a critical threshold known as the 

"break-even point" for fault tolerance (see Neven 2024). 
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design specifications—a “Phase Two” of AI development that could fundamentally alter the 

industry's trajectory. 

But before speculating on that distant horizon, we must confront the immediate reality. 

Understanding AI requires more than grasping its technical trappings; it demands that we 

comprehend its industrial organization, its political-economic consequences, and the regulatory 

paths available to govern it. The latter chapters of the book do just that. 

CONCLUSION 

Over the last decade, the architectural and training advances outlined in this section of the 

appendix were increasingly purchased with compute. As models grew more capable, the 

resources required to train frontier systems rose sharply, shifting the locus of advantage toward 

actors who could marshal capital at scale. This created a stark industrial bifurcation: a small 

number of well-resourced labs produced “foundation models,” while the rest of the economy 

merely adapted them for specific purposes. 

The economics of this divide became the central axis of industry stratification. Companies bet 

that whoever first achieved AGI would capture value that dwarfed any conceivable infrastructure 

investment, just as the first nuclear power commanded decisive strategic advantage. This 

"winner-take-all" framing justified expenditures that no conventional discounted cash flow 

analysis could support. It also fueled a frantic race toward vertical integration and a web of 

circular deals that sharply departs from the organizational structure of the late Third Industrial 

Revolution. 

Chapter 9 of the book examines how these technical realities—massive compute requirements, 

talent scarcity, and capital intensity—translated into the AI industry’s evolving market structure. 

It details who controls AI's scarce complements and how that control shapes the distribution of 

wealth and power in the emerging AI economy. 
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ONLINE SUPPLEMENTARY APPENDIX TO HISTORY’S MOST REVOLUTIONARY 

INNOVATION, SECTION 4 

In 2025, both the US and China viewed leadership in AI as a strategic imperative. Both nations 

recognized that the true prize—AGI—required massive, coordinated efforts across academia, 

industry, and government labs. Each wove AI into a broader industrial-policy framework 

designed to secure self-sufficiency, lock in competitive advantages on the path to general AI, and 

control military applications. China's state-directed "national AI teams" and open data mandates 

accelerated model development, while U.S. alliances with European and Japanese foundries (the 

"trusted-foundry" network) sought to build a geopolitically secure supply chain for the next 

generation of nodes (3 nm and below). On the defense front, both sides were busy embedding AI 

in command-and-control, logistics, surveillance, and cyber-operations. 

This escalating rivalry was increasingly compared to the U.S.-Soviet space race, with the 2022 

release of ChatGPT widely seen as a "Sputnik moment" that jolted Beijing into action (Chin and 

Huang 2025). The resulting "AI Cold War" fast became a central driver of national policy in both 

countries. In Washington, it fueled fears of "authoritarian AI," while Beijing was driven by the 

conviction that failing to keep pace will allow the U.S. to permanently cap its resurgence as a 

global power (ibid.).  

But perhaps the more salient fear driving the AI Race was America’s fear that it was in decline 

and could fall behind a nimbler, rising power, harkening back to previous episodes in history. 

Consider that the British were once worried about the rise of the Netherlands in the 17th Century 

due to financial innovations such as liquid securities markets, which birthed the Dutch East India 

Company and the growth of a global trading Empire that encroached upon the British sphere of 

geopolitical influence, including in North America (Israel 1989). The crown responded by 

adopting mercantilist policies such as the “Navigation Acts,” which were aimed at bolstering 

British traders at the expense of their Dutch counterparts (Zahedieh 2010). Similarly, the U.S. 

was worried about the rise of Japan in the 1980s, and this motivated the Reagan administration to 

enact tariffs on Japanese exports and devalue the U.S. dollar.145  

This sense of rivalry was not just economic but deeply military. The Pentagon, increasingly 

worried about China and Russia's own AI advancements in their command-and-control systems, 

was racing to integrate AI into its core defenses (Hirsh 2025). This included new generations of 

drone ships under the "Replicator" program and a contract with Scale AI for its "Thunderforge" 

initiative, designed to use AI for theater-level planning. This urgent push to "go faster" and "take 

risks" formed the direct backdrop for a new national AI strategy (ibid.). 

Along these lines, the Trump Administration’s “AI Action Plan,” released in July 2025, set out 

an ambitious four-pillar roadmap to cement U.S. leadership in AI through deregulation, 

 
145 These worries faded after Tokyo’s 1990 stock market crash, its subsequent economic collapse, 

and Japan’s inability to return to its former economic glory after thirty years of stagnation 

(Frieden, 2006). 
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infrastructure spending, and export promotion, alongside developing guardrails around fairness 

and security (see Trump 2025a).146  

The first pillar focuses on unleashing innovation through deregulation and investment, directing 

agencies to identify and roll back unnecessary regulatory burdens that slow AI development, 

from streamlining environmental reviews for new data-center sites to fast-tracking permitting for 

edge-computing facilities. It also proposes boosting federal R&D budgets, including domestic 

manufacturing incentives, and expanding AI-focused training programs, apprenticeships, and 

immigration pathways for top talent. 

The second pillar aims to accelerate the building of AI infrastructure and supply chains, 

recognizing that inference workloads now outstrip training in energy demand. The plan calls for 

federal-local partnerships to expand grid capacity, modernize transmission lines, and incentivize 

data-center construction by exploiting abundant sources of hydrocarbons, nuclear energy, and 

renewables. It also recommits the US to onshore chip manufacturing, defends against supply-

chain disruptions through strategic stockpiles, and encourages U.S. firms to share full-stack AI 

solutions—from chips through software—with allied partners.147 

The third pillar strengthens international alliances and AI-related exports by adapting the existing 

National Technology Transfer Framework, which governs how sensitive U.S. technology is 

shared with other nations. Under the plan, the Departments of Commerce and State are directed 

to develop comprehensive AI export packages that could include specialized GPUs, pre-trained 

models, and technical expertise. The aim is to deepen ties with allies by providing them with 

trusted technology, thereby promoting a U.S.-aligned approach to AI governance. To establish 

these norms globally, the U.S. pledges to lead plurilateral efforts with like-minded countries in 

bodies such as the U.S.-EU Trade and Technology Council, the OECD, and the International 

Telecommunication Union. In practice, this means working to reach consensus on specific safety 

benchmarks for testing models, defining criteria for trustworthy AI based on principles like 

fairness and transparency, and creating interoperable model-exchange formats, allowing AI to 

work seamlessly across different international platforms. 

The fourth pillar embeds guardrails, ethics, and security measures. It orders agencies to audit 

federal AI deployments for ideological bias, mandate third-party red-team testing—where 

 
146 In January 2025, President Trump rescinded President Biden’s October 2023 Executive Order 

on the Safe, Secure, and Trustworthy Development and Use of Artificial Intelligence, originally 

issued to establish guardrails for testing advanced AI models and to direct federal agencies to 

develop, evaluate, and monitor AI systems for security, bias, and safety (see Biden 2023). 

Trump’s own Executive Order—Removing Barriers to American Leadership in Artificial 

Intelligence—prioritized minimizing regulatory constraints and promoting U.S. innovation and 

global AI leadership (see Trump 2025b). 
147 The Trump Administration test ran this approach at the 2025 APEC summit in South Korea, 

where it sought to persuade Asia-Pacific partners to adopt American chips, software, and open-

source models. It also drummed up support for several export-finance mechanisms through the 

Export–Import Bank and DFC to underwrite AI deals to help US companies like Nvidia and 

OpenAI to capture markets in healthcare and other sectors (see Ramkumar 2025a). 
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independent security teams simulate attacks to find flaws before malicious actors do—and codify 

transparency requirements using the National Institute of Standards and Technology’s voluntary 

“AI Risk Management Framework” as a guide for managing potential harms. New directives 

also aim to integrate AI-specific threat modeling, a process for anticipating unique attacks like 

poisoning a model’s training data, into the Cybersecurity and Infrastructure Security Agency’s 

(CISA) Critical Infrastructure Resilience guidelines. Finally, the pillar seeks to expand public-

private information sharing on AI-born vulnerabilities, a new class of flaws created by the 

model’s own logic, such as the potential to generate false information or leak sensitive training 

data. 

China Strikes Back 

In response to the Trump administration’s AI Action Plan, Chinese Premier Li Qiang unveiled 

his country’s own counterproposal at the 2025 World Artificial Intelligence Conference in 

Shanghai. He called for a new multilateral organization headquartered in that city open to all 

countries and international organizations. The proposal emphasizes securing AI as a global 

public good rather than the exclusive domain of major economies or cloud providers (Baptista 

and Cash 2025; Zhang 2025). It calls on deepening global collaboration on AI R&D, pooling 

talent and data resources, and building shared governance mechanisms addressing standards, 

ethics, and risk management—without imposing any single governance model.  

China’s proposal also includes enabling secure federated learning across borders, harmonizing 

privacy and cybersecurity protocols, and offering regulatory safe harbors to empower innovators 

in less-developed markets (Zhang 2025; TechNode 2025). Government officials framed the 

initiative as complementary to existing UN and OECD efforts, particularly emphasizing 

inclusion of developing countries through capacity-building programs designed to bridge the 

digital divide. Beijing advocated co-developing shared protocols and international consensus on 

AI ethics, model safety, and data governance, explicitly referencing coordination with 

established standards bodies such as ISO/IEC, and inviting participants to co-author technical 

guidelines collaboratively (see JTC 1 n.d.; Wikipedia 2018). 

Circa 2025, Who Led the Race? 

 

In the global race to achieve AGI, the US held several decisive advantages. In 2025, it boasted 

the greatest number of AI startups, the most private-sector funding for AI incumbents and 

startups, and significant AI model development and deployment. More generally, the U.S. 

boasted a large, vibrant economy, deep and highly liquid capital markets buttressed by the 

dollar’s status as the global reserve currency, and a political system capable of self-correction. 

Despite the nativist political leanings and rhetoric of the second Trump Administration, and 

aggressive efforts to ramp up immigration enforcement, the U.S. continued to attract global 

talent in the form of high-skilled workers in the high-tech sector. It had also achieved near energy 

independence, reducing a key strategic vulnerability, and diversified its supply chain, including 

access to raw materials such as rare earth minerals.  

To put these American advantages in perspective, it’s helpful to consider the Rosenbach et al 

(2025) Critical and Emerging Technologies Index (CETI), a comprehensive ranking that scores 
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countries on eight key "pillars" of AI strength. By breaking the AI ecosystem into discrete 

elements, it shows not just who leads overall, but exactly where each nation's advantages lie.  

The index captures several dimensions. It measures Compute, which captures access to high-

performance chips (GPUs, TPUs) and the datacenter infrastructure needed to train and serve 

large models. It evaluates Algorithms through the quality and volume of foundational AI 

research—new model architectures, training techniques, and breakthroughs published in top 

conferences. The Data pillar captures the quantity, variety, and openness of AI-ready datasets—

everything from consumer-behavior streams to industrial telemetry. Human Capital assesses the 

stock of AI talent: researchers, engineers, and graduates working in academia, industry, and 

government labs. The index also counts AI Firms, measuring the number and diversity of 

domestic AI companies and startups, as well as their scale and market reach. Applications looks 

at real-world deployments across sectors (healthcare, finance, manufacturing) and the depth of 

integration into existing workflows. Safety & Governance reviews regulatory frameworks, 

standards bodies, and best-practice guidelines that ensure responsible, secure AI development 

and use. Finally, International Collaboration measures the extent of cross-border partnerships, 

researcher exchanges, and participation in global R&D initiatives. 

When one scores and weight all eight pillars, in 2025 the United States led on six. These were 

Compute, Algorithms, AI Firms, Applications, Safety & Governance, and International 

Collaboration—reflecting its dominance in advanced hardware, cutting-edge research, a vibrant 

startup ecosystem, broad technology uptake, mature regulatory standards, and extensive global 

partnerships.  

This makes sense. American innovators—OpenAI, DeepMind-backed ventures, Anthropic, and 

Meta's research labs—operated in an ecosystem rich with the world's top AI talent, massive 

venture-capital backing, and a culture that prized rapid iteration. Its vibrant open-source AI 

community produced several initiatives—Hugging Face's Model Hub, Meta's release of Llama, 

and Stability AI's Stable Diffusion—that drove a flood of high-quality, transformer-based 

models into the public domain, complete with permissive licenses and tooling integrations. This 

openness accelerated innovation by enabling thousands of startups, research labs, and mid-sized 

enterprises to fine-tune and deploy foundation models without the multi-million-dollar R&D 

budgets required to train from scratch. It also insulated the U.S. ecosystem from single-vendor 

lock-in, democratizing access to cutting-edge AI and dispersing technical know-how. 

On the hardware side, U.S. hyperscalers and chipmakers dominated the leading process nodes (5 

nm and below) and specialized inference-accelerator design. Research institutions had pioneered 

low-precision quantization techniques (e.g., 4- and 8-bit arithmetic) that cut power draw by over 

50% with minimal loss in accuracy.  

The US also led China in robotics. Fueled by Elon Musk's high-profile ambitions for Tesla's 

Optimus, startups such as Apptronik (backed by Google DeepMind), Figure AI, 1X 

Technologies, and Agility Robotics collectively raised well over a billion dollars in 2025 to 

develop practical bipedal machines for factories, warehouses, healthcare, and eventually homes. 
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If these advantages seem like an American fait accompli, it is only because I’ve so far neglected 

other important aspects of the race to AI supremacy. Consider that China topped the CETI index 

on its other two pillars. With massive, centralized datasets from both private-sector platforms 

and state-sponsored initiatives, China outstripped the US in sheer volume and consistency of 

training material under the Data pillar. For Human Capital, China graduated more AI-focused 

PhDs each year and employed a larger aggregate pool of AI specialists—even though US 

researchers still led many top-tier academic venues. Because Data and Human Capital together 

account for a large share of the overall Index score, China’s leadership on those dimensions 

substantially narrowed—and in some scenarios even eliminated—the gap versus the US, despite 

America's edge across six other pillars.  

Another way to do justice to China’s AI and high technology accomplishments is by evaluating 

its shares of publications falling in the top 10% most-highly cited for nine core computing, 

telecommunications, and semiconductor-related fields. Figure S4.1 compares China to the US 

across these categories over the 2019–2023 period. In every one of these categories, China 

outpaces the U.S., with its strongest lead in "Wide and ultrawide bandgap semiconductors" 

where China holds 42.6% compared to the U.S.'s 17.6%, and its narrowest margins in "Advanced 

integrated circuit design and fabrication" at 24.4% versus 22.5% and "Natural language 

processing" at 24.8% versus 24.1%.  

While China's highest citation share appears in "Machine learning" at 36.5% and "Adversarial 

AI" at 31.1%, reflecting rapid growth in foundational AI research, the US displays relatively 

stronger positions with shares above 20% in "High-performance computing" and "Adversarial 

AI." However, it falls below 15% in areas like "Advanced radiofrequency communication" and 

"AI hardware accelerators." These patterns underscore China's expanding leadership in core AI, 

ML, and semiconductor disciplines over this period. 

Figure S4.1 China vs. US Share of Top-10% Highly Cited Papers in Advanced Tech Areas 



140 
 

 

Notes: Percentages are derived from five-year aggregates of the share of highly cited papers per 

country for nine key computing-, AI-, telecommunications, and semiconductor-related 

categories. These are Advanced radiofrequency communication, which encompasses research on 

next-generation wireless links, such as 5G-and-beyond technologies and millimeter-wave 

transceivers; High-performance computing, which involves the design and deployment of large-

scale computing systems—supercomputers, exascale clusters, and associated middleware—for 

scientific, engineering, and AI workloads; Wide and ultrawide bandgap semiconductors, which 

focus on materials such as silicon carbide (SiC) and gallium nitride (GaN) that operate at high 

voltages, temperatures, and frequencies, enabling applications in power electronics, RF 

amplifiers, and electric-vehicle inverters; Advanced integrated circuit design and fabrication, 

which covers techniques for architecting, laying out, and manufacturing modern chips, including 

advanced process nodes, 3D-IC assembly, design-for-manufacturability, and EUV-lithography-

enabled patterning; Advanced data analytics encompasses methods for large-scale data 

processing and insight extraction, including statistical learning, real-time streaming analytics, 

graph analytics, and big-data infrastructure such as Hadoop and Spark; AI algorithms and 

hardware accelerators, which involve the development of specialized neural-network 

architectures, compiler and runtime support, plus custom silicon including GPUs and TPUs, and 

ASICs to speed up AI training and inference; Machine learning, which represents core ML 

model research spanning supervised, unsupervised, and reinforcement-learning methods, with 

focus on model architectures, optimization algorithms, and benchmark evaluations; Adversarial 

AI, which studies ML vulnerabilities such as adversarial examples and poisoning attacks, along 

with defenses including robust optimization and certified guarantees to harden models against 

malicious inputs; Natural language processing, which encompasses algorithms and systems for 

understanding and generating human language, including language modeling, machine 

translation, question answering, and conversational agents. 

Source: Gaida et al. (2023). 
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Taking a step back from the headline numbers: by 2025, China's strategy had evolved into a 

deliberate bid to leverage its state-led model to move faster than the U.S. and exploit its history 

of leapfrogging American-led technologies, as it did when TikTok redefined the U.S.-dominated 

social media landscape (Chin and Huang 2025). Consider the DeepSeek model’s release in early 

2025, which was competitive with US models but factor magnitudes cheaper to train, "jolted 

American competition into overdrive" and became the focal point of Beijing’s national AI plan. 

Premier Li Qiang reportedly told officials, “China finally has a model it can be proud of,” and 

President Xi Jinping personally convened a meeting with DeepSeek’s founder to mobilize the 

industry (ibid.). 

 

Contextualizing the 2025 AI Race 

 

In this section of the appendix, I trace how the U.S. government adopted a more activist, albeit 

often ad hoc, approach to innovation in the wake of the Chinese challenge to its leadership in 

innovation and AI. That strategy included several measures that would have been verboten 

during the CPD era. A more interventionist stance, while not abandoning the core tenets of the 

CDP, elevated the strategic importance of semiconductors and A.I. For example, the 2022 CHIPS 

and Science Act invested roughly $280 billion in domestic semiconductor manufacturing, R&D 

hubs (via the National Semiconductor Technology Center), and workforce development—

explicitly to counter China’s chip drive and ensure U.S. firms could design, build, and secure the 

AI accelerators needed to power both commercial and defense applications. Washington, D.C. 

also experimented with various export controls on advanced technologies, particularly those 

related to AI and semiconductors, and greater scrutiny of foreign investment in sensitive sectors, 

as well as both import and export taxes. 

 

Meanwhile, Europe struggled to develop more effective strategies for technological leadership, 

reflecting the stormy outlook it faced circa 2025. In the past 15 years leading up to that moment, 

its economies largely stagnated; Germany’s output was only about 1% above its 2017 level that 

year, while the U.S. was up about 19%. Europe’s share of global GDP (in current USD) slid 

from roughly one-third to about one-quarter since 2005, and per-capita income and household 

wealth growth fell well behind the U.S. (Luhnow and Fairless 2025). The continent’s slippage 

shows up beyond spreadsheets: in 2025 the U.S. executed 100-plus orbital launches, China 40-

plus—Europe only four, after a year of relying on SpaceX to loft critical infrastructure (ibid). 

To boot, the continent also faced serious structural headwinds. These included an aging 

population shrinking the future workforce, welfare states under strain, higher tax burdens, and 

red tape that has doubled in volume since 2010. Energy prices—crucial for compute-heavy AI—

were multiples of U.S. industrial power costs in 2025 (roughly 3× in Germany), undercutting 

siting for data centers and advanced manufacturing (ibid).  

Moreover, the EU's fragmented market, risk-averse culture, and heavy regulatory burdens meant 

that it had fallen significantly behind the US and China in the AI race. In 2025, Europe lacked 

anything near the deep bench of firms, both established and startups, populating the AI supply 

chain and delivering innovative models and applications. Therefore, Europe produced far fewer 

scale players, drew a fraction of U.S. venture capital, and struggled with fragmented markets and 

rules—factors that weighed on the translation of research talent into globally dominant firms 
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(Luhnow et al. 2025; Fairless and Luhnow 2025). By contrast, the U.S. benefited from robust, 

deep VC markets, streamlined regulation, strong stock-option culture, and CHIPS Act support 

that re-energized semiconductor manufacturing.  

Indeed, to be totally frank: in 2025 Europe was militarily weak, had a stagnant economy with an 

almost non-existent AI sector, moved sluggishly due to the constant need for compromises baked 

into the European Union’s Byzantine political structure and possessed a relatively open economy 

that was extremely vulnerable to tariffs and other trade and geopolitical disruptions (see Authers 

2026).   

Meanwhile, China sought to obtain global leadership not only in A.I. technologies such as 

surveillance and facial recognition (Wei 2021), but also in renewable energy technologies (solar 

panels, wind turbines, EVs). Indeed, it explicitly pursued technological self-sufficiency through 

major investments in advanced manufacturing, robotics, semiconductors, and aerospace (Lee 

2018). China's state-led "Made in China 2025" and "self-reliance" campaigns channeled $500 

billion in annual R&D, aggressive VC funds, and integrated supply-chain scaling. Chinese 

integrated circuit startups raised tens of billions of dollars in financing (Mims 2025c; Gehlhaus et 

al. 2023). State-owned enterprises were able to subsidize R&D for relatively long periods, 

further supporting this catch-up effort (Mims 2025c). Beijing also made massive public 

investments in infrastructure, including its 5G network, and asserted increased control over 

private investment (Naughton 2021).  

Relegating attention to AI, Chinese high-tech firms were able to rapidly scale by exploiting 

access to vast datasets, the country’s vast talent pool, and an enormous domestic market. In a bid 

to deploy AI across education, transportation and healthcare, including in diverse applications 

that ranged from fraud detection to crime-trend prediction to military hospital tele-health 

systems, Beijing pursued a top-down approach that compelled public sector players to exploit 

vast troves of government data using Chinese created and run open-source models.  

Beijing’s AI+ initiative, set out in the 2024 Government Work Report, explicitly aims to embed 

AI across manufacturing, services, and the public sector to raise productivity (Li 2024). This 

effectively turned infrastructure, factories, hospitals and public offices into living AI testbeds 

(see Northrup 2025). On the roads, regulators granted the first approvals for public trials of 

advanced autonomous-driving features to nine automakers, shifting from small pilots to broader 

deployment (Reuters 2024b). And beyond megacities, national “smart agriculture” 

competitions—run with FAO technical guidance—channeled AI into greenhouses and extension 

services, a visible sign of diffusion into rural practice (FAO 2021). 

Similarly, circa 2025, a steady grafting of models into services people already use proceeded at a 

rapid clip in China. Inside the super-app WeChat (Weixin), Tencent has begun beta-integrating 

outside and in-house models so that AI search, summarization, and planning could happen in 

everyday chat, payments, and mini-programs (Reuters 2025d). On the consumer side, Alibaba’s 

Quark emerged as a mass-market assistant, with a health model benchmarked at Deputy Chief 

Physician level on Chinese medical exams (Chen 2025). In clinical settings, approvals of AI-

enabled medical devices moved from pilot to routine use; by mid-2023, China’s regulator had 

cleared 59 AI medical devices, with radiology the leading application (Liu et al. 2024).  
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This rest of this section of the appendix compares the different approaches pursued by the United 

States, China, and the E.U. during the early 2020s and is especially keen to identify their 

similarities around increased mercantilism, protectionism, and statism. While the United States 

retained some elements of the CDP, its economic model increasingly became more state directed, 

populist, and mercantilist. Meanwhile, the EU was positioned to employ comprehensive, top-

down regulation and China showed strong signs it would continue to consolidate its state-centric 

approach.  

THE GLOBAL CONTEXT: DEGLOBALIZATION, PROTECTIONISM, AND A.I. 
 

In the United States, after 9/11, both Republican and Democratic administrations recognized that 

an unregulated global financial system posed security risks, as terrorists and rogue states like 

North Korea could easily move money across borders (Helleiner and Kirshner 2014). In 

response, the Treasury Department transformed the U.S. dollar’s global role into a system of 

power through several mechanisms. The Treasury developed increasingly sophisticated sanctions 

capabilities, progressing from targeting specific individuals and banks to eventually being able to 

isolate entire countries from the global financial system (Zarate, 2013). 

 

This evolution represented a deliberate, bipartisan effort to reshape the global economy around 

U.S. security interests. What began as targeted interventions against terrorism gradually 

developed into a comprehensive system of economic leverage, with officials across 

administrations systematically building upon the tools they inherited from their predecessors. 

 

Global economic integration began to erode significantly after the 2008 financial crisis, both in 

terms of trade volumes and cross-border financial flows (Hopewell, 2021).148 The rise of China, 

growing geopolitical tensions, and the intensifying race for technological leadership, especially 

in AI and semiconductors, prompted a significant shift that accelerated in the early 2020s. 

Companies and governments shifted their focus from pure cost optimization to economic 

security, leading to increased onshoring, nearshoring, or “friend-shoring” of key technologies.  

 

During the Obama administration, Washington, D.C. began to impose targeted tariffs on Chinese 

goods in retaliation for “dumping.” In September 2009, President Obama imposed a 35% tariff 

on Chinese tires after determining that import surges were harming domestic manufacturers, a 

measure that gradually decreased over three years before expiring in 2012 (Hufbauer and Lowry 

2012). The administration later implemented significant anti-dumping duties on cold-rolled, hot-

rolled, and corrosion-resistant steel (USTR 2015). By 2016, the Obama administration was 

enforcing 184 orders specifically targeting steel imports and had filed multiple WTO complaints 

challenging China’s export restraints on rare earth minerals and duties on American cars (Scott 

2016). 

 

Under President Trump’s first term, US policies around trade and capital flows took a stronger 

turn towards protectionism. The first Trump administration implemented export bans on 

advanced chips to specific Chinese firms, imposed tariffs on goods from various countries, 

 
148 Trade volumes decreased by 15 percent between the third quarter of 2008 and the second 

quarter of 2009. This was the steepest fall of world trade in recorded history and the deepest fall 

since the Great Depression (see WTO 2009). 
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foremost China, and increased the use of dollar-based sanctions (Congressional Research Service 

2021). Unsurprisingly, world trade relative to global GDP fell by five percentage points between 

2008 and 2019.  

 

President Biden indulged in protectionism and economic nationalism as well. He kept Trump’s 

tariffs in place and adopted his own set of export controls: his administration significantly 

expanded technology restrictions, implementing three rounds of semiconductor export controls 

between 2022-2024.  

 

In response, countries around the world, including the US, increased trade barriers as they tried 

to beat back a torrent of electric cars, industrial metals, chemicals, and other manufactured goods 

that threatened their homegrown industries (see Douglas and Fairless 2025). South Korea and 

Vietnam imposed tariffs on Chinese steel. Indonesia imposed duties on nylon used in packaging 

imported from China and other countries. India levied anti-dumping duties of 30% on Chinese 

steel and 25% on chemicals. Perhaps the most promiscuous version of retaliation was against 

Chinese EVs. Both the US and EU imposed steep tariffs on Chinese EVs. More generally, Russia 

introduced similarly high tariffs on all imported vehicles. Moreover, several countries mirrored 

the US and enacted export controls on strategic goods and actively promoted domestic industries 

through substantial subsidies (Baldwin and Freeman 2022; Bown 2020).  

 

Globalization’s Freefall 

Taken together, these protectionist policies and the reactions to them took an appreciable toll on 

globalization. Had they continued their 2000–2008 trajectory (CPB Netherlands Bureau 2024), 

world trade volumes would have been nearly twice as high by the end of 2024. Between 2010 

and 2025, annual volume trade increases averaged just 2.7%, far below the pre-2008 pace—and 

even as the global economy expanded by roughly 30% since 2008.149 The plight of cross-border 

financial flows during this period was similar. While banks’ global cross-border claims reached 

$41 trillion by the third quarter of 2024, up 3.4% year-on-year (BIS 2024), this growth barely 

kept pace with inflation. Adjusting for global GDP growth, major banks’ foreign exposure at the 

end of 2024 represented a smaller share of economic output than the $30.4 trillion recorded in 

early 2008.  

But it was not until 2025 that globalization truly crashed. On April 2, 2025, the Trump 

administration unveiled sweeping tariffs targeting over 90 nations, declaring a “national 

emergency” under the International Emergency Economic Powers Act (IEEPA) to bypass 

congressional approval.150 The policy introduced a 10% baseline tariff on all U.S. imports 

effective April 5, 2025, with higher reciprocal tariffs for approximately 60 countries—including 

China (34%), Vietnam (46%), and Cambodia (49%). Combined with existing 20% tariffs on 

 
149 Ignoring comparisons to the “globalization counterfactual” for a moment, global trade in 

goods reached a peak in 2022; trade in services did so in 2024 (UNCTAD 2024); that year 

overall global trade notched a record $33 trillion. 
150 The administration framed these measures as necessary to rectify $1.1 trillion in annual U.S. 

trade deficits and combat “nonreciprocal” practices like value-added taxes (VATs) and currency 

manipulation. 
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Chinese goods, China’s total tariff rate exceeded 60%.151 While Trump inherited an average 

effective tariff rate of around 2%, these so-called Liberation Day tariffs lifted it to 23% and 

covered far more economic activity than the infamous 1930 Smoot-Hawley tariffs; moreover, the 

latter tariffs only raised the average rate by 6 percentage points, albeit this eventually became 19 

percentage points in real terms (see IP 2025). 

 

Moreover, Trump’s “Liberation Day” was met with swift retaliatory measures by US trading 

partners: Chinese counter-tariffs of 34% on all U.S. goods, €18 billion in levies by the EU, and 

25% tariffs on U.S. vehicles imposed by Canada. Taken together, these protectionist measures 

essentially dismantled the post-WWII rules-based trade system, replacing it with a fragmented 

regime that prioritizes unilateral penalties over multilateral cooperation (Barath et al. 2025).152 

 

The Return of Vertical Integration and American Reshoring 

 

As national security concerns increasingly took precedence over aspirations for deeper 

globalization during the first quarter of the 21st Century, this had a profound effect on the 

American economy. Even before the Covid-19 pandemic, policymakers questioned the resilience 

of American supply chains (Farrell and Newman 2019). After the pandemic, there was a 

concerted effort to reshore chipmaking to the US and away from Taiwan, South Korea, and Japan 

(Fuller et al. 2020). Tighter immigration rules and export controls hampered cross-border 

collaboration and slowed technological diffusion on the global scale (Villasenor 2025).  

Vertical reintegration across major industries went beyond chips; during the early 2020s, many of 

the tightly integrated global supply chains that blossomed during the CDP era, as documented 

earlier in the book manuscript, began to unravel (Alicke et al. 2023). General Motors invested 

heavily in battery plants. Tesla moved downstream into battery production Gigafactories and 

direct agreements with mining companies for raw materials. Apple increased self-reliance by 

designing its own chips, while Amazon built a comprehensive logistics network including 

fulfillment centers, delivery vehicles, and Amazon Air. Samsung began to manufacture many of 

its own components, from displays to memory chips. Boeing increased in-house parts 

manufacturing and maintenance services. PepsiCo acquired many bottling facilities. Disney 

vertically integrated media operations, creating content through its studios and distributing it 

through Disney+. And, as Chapter 9 of the book showed, this even included the AI stack itself. 

 

A wave of American reshoring was driven by a convergence of technological and economic 

changes. Rapid advances in automation, AI, and digital logistics began to erode the core 

economics of offshoring. These forces were amplified by narrowing energy cost gaps and 

shifting market dynamics. As a result, U.S. firms increasingly found domestic production and 

regional supply chains not only feasible but economically advantageous. 

 

 
151 Exemptions were given for USMCA-compliant Canadian and Mexican goods, 

pharmaceuticals, semiconductors, and energy imports. 
152 In terms of export controls, the second Trump administration blacklisted an additional 80 

entities vis-à-vis Biden, including over 50 Chinese companies involved in AI and quantum 

computing technologies. 
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First, the rapid advancement of automation and AI began to erode the core economic logic of 

offshoring. This was especially the case for routine, low-skill “pick-and-place,” inspection, and 

simple assembly operations that had been traditionally sent overseas. As the unit labor cost 

benefit of offshoring shrank, domestic production became more viable. Therefore, U.S. firms 

announced a record number of reshoring manufacturing jobs in 2022, citing automation as a key 

driver (Reshoring Initiative 2023). 

 

In parallel, new technologies like additive manufacturing (3D printing) enabled a shift toward 

on-demand, on-site production, with investments in the sector accelerating rapidly in the early 

2020s (Bramberger et al. 2022). Furthermore, digital logistics—using real-time tracking, digital-

twin modeling, and automated warehousing—made geographically closer supply chains more 

cost-effective by reducing the need for large, precautionary inventories (Manenti 2021). 

 

This technological shift was not confined to manufacturing; the AI-driven automation of services 

also had a direct impact on offshoring. By 2023, AI-powered virtual assistants were already 

saving global enterprises billions of dollars in customer service costs (Gatford 2025). Major 

outsourcing firms began embedding AI into their platforms, reducing the need for remote human 

agents for standard inquiries. 

 

These factors were compounded by domestic economic advantages. This included the widening 

energy cost gap; in 2023, U.S. benchmark natural gas prices were roughly one-third of those in 

Europe, significantly narrowing the cost differential that once favored offshore sites (see EIA 

2024; Eurostat 2024). Indeed, manufacturing companies planning to relocate supply chains to 

North America cited not only automation but energy costs and market proximity as their primary 

reasons (Reshoring Initiative 2023). 

 

Digital Balkanization 

 

Beyond tariffs and export controls, the drive toward deglobalization leading up to 2025 and 

beyond also extended to data governance. The major economic blocs—the U.S., EU, and 

China—developed divergent technology standards and data policies, contributing to increasingly 

splintered tech ecosystems (O’Hara and Hall, 2018). Data sovereignty rules proliferated, with 

governments mandating local storage of personal or sensitive data. China, for example, began to 

treat data as a national resource, imposing strict localization rules (Yang, 2021). This created 

higher compliance costs for A.I. developers and limited access to data and key technologies 

critical to the A.I. supply chain. It also forced global companies to maintain distinct A.I. models 

for different markets. 

 

AMERICAN INDUSTRIAL POLICY 

 

Economic populism was practiced by both the first Trump administration and the Biden 

administration in the form of dismissing budget constraints, eschewing cost-benefit analysis, 

ignoring tradeoffs and implementing pro-cyclical fiscal policies (see Magistro and Menaldo 

2023). For example, President Biden ran the economy hot by passing a massive, $1.9 trillion 

stimulus measure in 2021 that accelerated inflation and did not improve real living standards: the 

economic recovery from the COVID-19 crisis began in mid-2020, and real GDP growth was a 
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relatively strong 5.6% in the first quarter of 2021, before the American Rescue Plan funds had 

been digested by the economy.153 In December 2024, the unemployment rate was roughly 4%, 

above the 3.5% before the pandemic; inflation remained above its target; and inflation-adjusted 

wages were barely above pre-pandemic levels, as the entire increase in real wages had taken 

place in 2020—indeed, real wages had fallen since January 2021.154  

 

Similarly, beginning with the first Trump administration, the US also resurrected the type of 

technological mercantilism practiced by erstwhile great powers.155 Like during the Third 

Industrial Revolution, the federal government showered major A.I. supply chain players with 

subsidies and tax incentives and direct R&D funding in areas such as quantum computing and 

semiconductors. Unlike that era, policymakers pursued a proactive, coordinated industrial policy. 

To be sure, in Chapter 10 of the book I outlined how private sector “hyperscalers” like Google 

and Microsoft continued to make substantial AI investments. This is only part of the story: the 

federal government doled out muscular financial and logistical support through defense funding 

and research grants. 

 

Moreover, the Trump and Biden administrations wielded various economic weapons and tools in 

their strategic approach. Tariffs were used aggressively against both allies and adversaries, while 

sanctions served as a core mechanism to influence geopolitical outcomes. Export controls 

restricted sensitive technologies, particularly in semiconductors and AI. The global role of the 

U.S. dollar and control of the SWIFT international payments system provided Washington with 

significant leverage, though adversaries began developing workarounds to these financial 

constraints. 

 

The Transition from the CDP to Mercantilism 

 

 
153 On all these points see Furman (2024). 
154 Consider that from 2020 to 2024, average real wage growth for workers in every income 

group was slower than it was from 2014 to 2019. Rapid real wage growth, especially for low-

income workers, began in 2014, when the unemployment rate was around six percent, but 

drastically slowed when the unemployment rate fell below four percent in 2022. 
155 A Hamiltonian defense of protectionism holds that tariffs on imports can benefit infant 

industries by helping manufacturers overcome both entrepreneurial risk aversion and the 

advantages foreign firms receive from their governments. This strategy proves especially 

effective when protection enables a domestic industry to achieve economies of scale by serving 

both home and foreign markets—implying tariffs on competing imports while exploiting 

importers’ freer trade regimes—allowing it to become internationally competitive once it 

substantially reduces its average costs (see Pack and Westphal, 1986). However, by 2025, this 

rationale has largely become obsolete for the U.S., which has evolved into a post-industrial 

service economy characterized by high productivity, high wages, and already-competitive 

advanced manufacturing in sectors like aerospace and technology. The contemporary challenges 

to American manufacturing employment stem primarily from competition with low-cost overseas 

labor and increasing domestic automation, rather than any fundamental inability to achieve 

economies of scale in developing industrial sectors. 
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Beginning with the first Trump administration (2017-2021), the U.S. economic model became 

increasingly state-directed and mercantilist. This included restrictions on Chinese investment in 

the American economy, along with bans against outbound FDI headed to China and certain U.S. 

goods exported to China. In August 2018, the U.S. Government passed the Foreign Investment 

Risk Review Modernization Act; it was (at least) partly intended to reduce Chinese FDI in areas 

that are deemed sensitive to U.S. national security. Exploiting export controls built up by the 

Commerce Department’s Bureau of Industry and Security under the Obama administration, the 

U.S. government blocked Chinese tech giant Huawei from federal contracts and prevented 

American chipmakers from supplying it with essential components.  

 

The Trump administration also aggressively tinkered with international supply chains for high-

tech goods. It pressured non-Chinese telecommunications providers like Nokia and Ericsson to 

relocate their supply chains outside China, citing security concerns. Some government officials 

even called for nationalizing critical infrastructure like 5G networks.  

 

American policymakers also expressed serious concerns about Chinese companies recruiting 

talent from Silicon Valley. Foreign executives operating in China worried about IP theft by their 

own employees, a view that was shared by the U.S. government. Critics argued that companies 

like Huawei serve as potential backdoors for Chinese government data access, while some 

analysts warned that China’s 5G influence could enable it to shape telecommunications laws and 

regulations globally, potentially imposing its own version of internet governance. These concerns 

led to the Federal Communications Commission (FCC) designating both ZTE and Huawei as 

national security threats, banning their equipment from American wireless networks, and ending 

related federal subsidies.156 

 

Beyond technology concerns, American politicians raised several red flags about China’s 

mercantilist economic strategy when justifying the US’s own version. It encompassed Chinese 

tariffs on American imports, Beijing’s alleged currency manipulation, and its subsidies for state-

owned enterprises and flooding of international markets with cheap industrial goods like steel 

and solar panels. It also included China’s alleged IP theft. While these grievances fueled 

President Trump’s so-called trade war with China, which ushered in 10% tariffs on all Chinese 

goods, his administration also pointed to its desire to narrow American trade deficits—a populist 

rallying cry that had some grounding in veritable economic problems.157  

 
156 This strategic push was further intensified in September 2025, when the administration closed 

a major loophole in its trade blacklist. The new rule automatically subjected any majority-owned 

subsidiary of a blacklisted company, such as Huawei, to the same U.S. trade restrictions 

(Ramkumar 2025b). This move, however, also highlighted what some industry observers 

described as an "inconsistent" U.S. policy: While national-security hawks in the administration 

championed the new rule, other officials had previously allowed the continued export of some 

high-performance AI chips to China, reflecting an ongoing internal conflict between security 

concerns and commercial interests (ibid.). 
157 Obstfeld and Rogoff argued that the 2008 Global Financial Crisis was exacerbated by a global 

savings glut, driven by China’s trade surplus and accumulation of U.S. treasuries, which 

depressed long-run interest rates (Obstfeld and Rogoff 2009). This supposedly encouraged the 

creation of high-yield but riskier asset classes, including mortgage-backed securities and 
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Moreover, the impact of U.S.-China economic integration on American labor was substantial, 

particularly in the rustbelt regions like Ohio, which historically housed heavy industry including 

steelmaking, automobiles, appliances, machinery, and chemicals. While Freeman suggested 

global trade only modestly reduced employment and wages among U.S. low-skilled workers 

(Freeman, 1995), Acemoglu and colleagues estimated that increased import competition 

following China’s 2001 WTO accession led to losses of 2.0 to 2.4 million U.S. manufacturing 

jobs between 1999 and 2011 (Acemoglu et al., 2016). Autor, Dorn, and Hanson noted these 

effects concentrated in traditional manufacturing areas, with remarkably slow labor market 

adjustments to trade shocks, resulting in persistent income reductions and employment 

insecurity, especially for unskilled workers (Autor, Dorn, & Hanson, 2013). 

 

Other reasons for American mercantilism and protectionism arose in the latter part of the first 

Trump administration. During the COVID-19 pandemic, there were calls for the U.S. to develop 

resilience to potential supply chain shocks, especially has become apparent, particularly in 

critical sectors like medical equipment, semiconductors, and critical minerals. Additionally, the 

premise that economic integration would lead nations to become more responsible global actors 

had seemed to prove false, particularly regarding China and Russia. Policymakers also voiced 

concerns that China could achieve dominance in strategic industries such as rare earths, 

semiconductors, and solar panels, which could potentially make the U.S. economically and 

militarily dependent on Beijing. 

Finally, China Hawks argued that China sought to use its dominance over some high-tech 

hardware and software to foist its ideological, and potentially totalitarian, version of the internet 

on the global community (see Coughlan 2020). This included China’s dominance over 5G—and 

its associated standards, platforms, and patent pools, with potential upstream influences over 

global telecommunications laws and regulations. Thus, Huawei and TikTok were characterized 

as political entities—an extension of an assertive, authoritarian state bent on spreading 

propaganda and using international standard setting boards to hijack national laws and promote 

surveillance (Rosenberger 2020a; Rosenberger 2020b). 

President Biden’s Overt Industrial Strategy 

 

The Biden administration’s industrial strategy marked a significant break from Democratic 

economic policy since President Carter and continuing under Presidents Clinton and Obama, 

which had embraced market mechanisms and incremental welfare expansions. Instead, it pursued 

a more muscular government role in direct spending, industrial policy, and regulation. Biden’s 

“Build Back Better” agenda envisioned large-scale federal investment, revived domestic 

manufacturing, new climate initiatives, and reduced reliance on global supply chains. 

 

Unsurprisingly, therefore, the Biden administration continued and expanded many of his 

predecessors’ economic policies. This included retaining Trump’s tariffs on imports from various 

countries, especially China. Biden also implemented comprehensive sanctions targeting China’s 

 

collateralized debt obligations. When American homeowners defaulted on variable-rate 

mortgages, these assets’ values plummeted, devastating bank balance sheets and triggering a 

credit crunch leading to the Great Recession, though this causal chain remains debatable. 
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high-technology sector, restricting access to A.I. chips designed by American companies and 

manufactured by TSMC and Samsung, while also blocking access to chip design software. The 

Biden administration blocked exports of AI-capable chips in October 2022, restricting Nvidia’s 

A800 chip in 2023, and adding 140 Chinese firms to the Commerce Department’s Entity List by 

December 2024. It also introduced export limitations on advanced memory chips and 

semiconductor manufacturing equipment, which prevented China from obtaining chip-making 

tools from Dutch, American, and Japanese sources, as well as restricting access to expertise in 

design, equipment, and manufacturing processes. 

 

The Biden administration also established new controls on FDI, regulating both U.S. investments 

in China and Chinese investments in America, while limiting Chinese tech platforms’ ability to 

collect data from U.S. consumers.158 These actions built upon policies initiated under the Obama 

and Trump administrations, particularly the decision to exclude Huawei from the U.S. 5G 

network infrastructure. 

 

The CHIPS and Science Act (henceforth the CHIPS Act), a cornerstone of Biden’s industrial 

policy, aimed to strengthen American semiconductor independence by reducing reliance on both 

Taiwan and China. The legislation supported domestic production through various incentives, 

including subsidies for chip fabrication and tax credits for companies establishing U.S. 

manufacturing facilities using American-made equipment. The CHIPS Act allocated $39 billion 

in semiconductor subsidies, including up to $8.5 billion for Intel. The Act also invested 

significantly in research and development to advance semiconductor technology. 

 

The Inflation Reduction Act (IRA) represented another major Biden initiative, encompassing 

broad investments in sustainable technology and domestic manufacturing. It focused on 

minerals, green energy manufacturing, batteries, renewable energy production, energy efficiency, 

hydrogen, biofuels, and carbon capture. The legislation provided tax credits for locally 

manufactured battery cells and modules, including Buy American requirements for raw 

materials. This was complemented with subsidized electricity. It also included significant labor 

provisions, requiring companies who secured subsidies to establish union-run apprentice 

programs and adopt union-scale wages. The Inflation Reduction Act expanded the DoE’s lending 

authority to over $400 billion for clean energy projects. By 2025, intensive construction efforts 

had begun in regional manufacturing clusters in states like Ohio, Michigan, North Carolina, and 

Arizona.159  

 

President Trump 2.0 

 

 
158 Under President Biden, the Committee on Foreign Investment in the United States, which 

reviews bids for foreign investment in U.S. companies, adopted a much more Draconian 

approach. For example, it informed the Biden administration’s decision to block Japan’s Nippon 

Steel from acquiring U.S. Steel in 2024. 
159 Researchers projected that U.S. emissions will be roughly 17% lower by 2050 than if there 

were no IRA. However, others estimate that a carbon tax of $12 a ton would yield the same 

emission reductions as the IRA without relying on costly subsidies that cannot be scaled up and 

introducing economic distortions, such as crowding out private investment. 



151 
 

While President Biden’s muscular attempts at industrial policy yielded mixed results, early in the 

second Trump administration an “America First” approach came into view. It was rooted in trade 

protectionism and similar forms of mercantilism, continued support for American semiconductor 

manufacturing, scaling back direct support for green energy, and generally oriented towards 

deregulation.160 The second Trump administration also emphasized domestic A.I. development 

free from heavy regulation. 

During the Trump administration’s first month in power, Vice-president J.D. Vance delivered a 

speech during a European AI conference that broke sharply from previous international talks 

about AI. Rather than emphasize A.I. “guardrails” or “equity,” Vance focused instead on 

“opportunities.” He explicitly distinguished the U.S. position from the themes of conferences 

such as the U.K.-hosted A.I. Safety Summit that highlighted potential catastrophic risks of 

advanced A.I. Vance criticized the European Union’s Digital Services Act for its sweeping 

regulations on disinformation, suggesting that it stifles free expression and hampers 

technological progress. In short, he projected a more risk acceptant American attitude and urged 

European countries to follow suit. 

Though President Trump publicly attacked the 2022 Chips Act and instead advocated 100% 

tariffs on foreign produced chips to promote domestic semiconductor manufacturing, his 

administration did not abandon the act’s core subsidies. In an effort to reduce regulatory burdens 

and court both domestic and foreign capital, it housed a so-called Investment Accelerator within 

the Commerce Department (known as the USIA) to oversee and enhance the existing Chips 

framework.161 The executive order bringing this project into existence emphasized securing 

 
160 The Biden administration’s attempt to spark a “manufacturing renaissance” through subsidies 

and strict procurement policies yielded mixed results. On one hand, major investments in 

semiconductor plants were promised, including an Intel plant in Columbus, Ohio; a Micron chip 

plant in upstate New York; and a TSMC plant outside Phoenix. Automotive companies, including 

Honda and GM, also made substantial EV and battery plant investments in the Midwest. Factory-

related construction spending reaching $108 billion in 2022, primarily focused on 

semiconductors, EVs, and batteries. On the other hand, overall manufacturing output and 

employment did not see a broad rebound, and investment in industrial equipment stagnated. 

Unsubsidized sectors struggled as input costs and the dollar’s value rose in tandem with interest 

rates, which drove up the prices of materials and equipment, wages for construction and factory 

workers, and borrowing costs for entrepreneurs. Biden’s climate legislation provided large 

corporate subsidies for renewable energy and domestic green-tech production but offered fewer 

benefits to lower-income households than a carbon tax with rebates would have provided. 

Unionization rates fell below ten percent in 2024 for the first time ever. Infrastructure investment 

faced significant challenges too. Despite ambitious plans for upgrading roads, bridges, and 

broadband, the reality on the ground was less spending on real infrastructure due to soaring 

construction costs, labor constraints, and slow permitting. On all these points see Lawrence 

(2024). 
161 On all these points see Secreto (2025), who argues that this rebranding allowed President 

Trump and "America-first" conservatives to support semiconductor incentives without crediting 

President Biden or Commerce Secretary Gina Raimondo, the Chip Act architects. According to 

Ip (2025), the second Trump administration’s approach also allowed the president to leverage 
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"better deals" and declared that regulatory relief—not just cash subsidies—must accompany 

these types of initiatives.162  

 

The neo-mercantilism applied to other policies too. Besides imposing onerous tariffs on imported 

chips and personally determining and adjusting tariff levels on imports from nearly every country 

worldwide, the second Trump administration also saw to it that the federal government require 

Nvidia and AMD to remit 15% of their China AI chip sales to the U.S. Treasury—effectively 

making the U.S. a business partner in their operations—as a condition for export licenses. This 

complemented Washington, D.C.’s ability to secure "golden shares" and board representation in 

strategic transactions like Nippon Steel's acquisition of U.S. Steel and the Pentagon becoming 

MP Materials' largest shareholder with a 15% equity stake to control rare earth supply chains 

(see Ip 2025).  

 

This brand of state centric capitalism subject to the changing whims of the sitting executive also 

governed the ins and outs of Nvidia's next-generation scaled-down chip tailored for the Chinese 

market, the B30A. While President Trump had at first hinted that he might allow its sale (in 

contrast to his ban on top-tier Blackwell chips), the White House changed course and blocked its 

export (Liu 2025).163 The move was a major blow to Nvidia, which had already sent samples of 

the chip to Chinese customers (ibid.). 

 

Trump further intervened in more idiosyncratic ways. He urged Intel CEO Lip-Bu Tan to resign 

via a Truth Social post over his investments in China, only to reverse course and praise him as a 

"success" after a White House meeting; issued repeated executive orders to extend TikTok's U.S. 

operations despite a law requiring its Chinese owner to sell or cease activities; instructed 

Walmart to "EAT THE TARIFFS" and absorb costs without passing them to customers in 

response to their warnings about price increases; and signed an executive order mandating 

pharmaceutical companies to match U.S. drug prices to those in other industrialized nations, with 

threats to impose them if not complied with.164  

 

Even before the inauguration of the second Trump administration, industry leaders began to 

bypass traditional lobbying in favor of direct relationships with Trump, often making financial 

 

domestic chipmakers’ dependence on federal subsidies to pressure their leadership; for example, 

when Trump demanded Intel CEO Lip-Bu Tan's resignation over alleged China ties.  
162 Tariffs alone could not bridge the steep cost difference between building a chip fab in Phoenix 

versus Taipei. Even with funding secured, in 2025 delayed permits and labor shortages 

represented massive obstacles: TSMC’s Arizona campus, a $65–$100 billion multi-fab project, 

received $6.6 billion in direct federal funding and $5 billion in loans, but still faced multi-year 

delays. To address cost challenges, the government finalized over 30 major CHIPS Act grants, 

allocating funds to industry leaders including Intel, Micron, Samsung, and TSMC, with awards 

tied to construction and production milestones and a new wave planned for specialty suppliers. 

To tackle permitting backlogs, the USIA coordinated agency action and sped up the path to 

approval for these projects. On all these points see Stansbury 2025. 
163 Unlike the older H20 chip, which was largely limited to inference, the B30A was powerful 

enough to be clustered for large-scale model training. 
164 On all these examples see Bendavid and Bhattarai 2025. 
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commitments or symbolic gestures to win his favor. To that point, circa early 2025, Trump 

claimed personal oversight of approximately $1.5 trillion in foreign investment pledges (Ip 

2025)—including TSMC’s promise to invest $100 billion (see Mickle 2025). He also “secured” 

pledges by US firms to invest billions more. This included Apple’s promise to invest over $100 

billion after CEO Time Cook presented Trump with a golden plaque (Bendavid and Bhattarai 

2025) and Micron’s $150 billion (Mickle 2025).  

 

US Strategy Towards AI Standards 

 

During the early days of the second Trump administration, the federal government signaled it 

would continue to rely on American leadership in semiconductors, large-scale cloud 

infrastructure, and frontier AI labs to sustain de facto technical baselines for AI safety, security, 

and interoperability (Carrillo et al. 2025; TechNode Feed 2025; JTC 1 n.d.).165 Consider that, by 

virtue of their scale, U.S. hyperscale platforms, chipmakers, and AI developers could rely on 

their preferred model formats, API specifications, and safety benchmarks as industry defaults: As 

of 2025, U.S. operators accounted for roughly 54% of global hyperscale data-center capacity 

(Synergy Research Group 2025). While necessary to establish AI related standards, however, this 

market dominance by US firms was not sufficient, however.  

 

Like earlier episodes in the digital revolution, when U.S. technologies such as TCP/IP, USB, 4G, 

and cloud security protocols became global norms, the National Institute of Standards and 

Technology, or NIST, again played a pivotal role in nudging private firms to set standards using 

methods and strategies it preferred. During the early 2020s, both its voluntary AI Risk 

Management Framework and the U.S. AI Safety Institute (AISI) created a powerful incentive for 

tech companies to adopt guidelines around AI, not by legal force, but through market access 

(NIST 2023; NIST 2024).166 For example, for an AI developer to sell a diagnostic tool to a 

hospital or a logistics model to the Pentagon—key public-sector and critical-infrastructure 

markets—they would need to provide standardized documentation, such as model cards that 

detail the AI’s training data, performance, and limitations (a documentation norm). They would 

also have to submit their models for independent evaluation against common benchmarks for 

safety, security, and bias (a testing protocol), often conducted through the AI Safety Institute. 

Furthermore, vendors had to build in mechanisms for ongoing monitoring and auditing to prove 

their systems remained reliable after deployment (an assurance practice). 

 

Finally, and similarly, rather than treaty-based consensus, in the early 2020s Washington, D.C. 

was also deepening coordination with partners in more official ways. First, the U.S.–EU TTC’s 

 
165 To be sure, in 2025 the second Trump administration was actively rewriting parts of the 

rulebook it had inherited from the Biden administration, including narrowing NIST guidance and 

rebranding safety standards. 
166 Established within the NIST, the U.S. AISI is the primary government body responsible for 

evaluating the risks and capabilities of the most advanced AI models. It develops technical 

guidelines, conducts evaluations like red team testing, and facilitates research to create a 

common understanding of AI safety and security. It brings together over 200 members from 

industry, academia, and civil society, and works closely with international partners, such as its 

counterpart in the United Kingdom, to reach convergence over safety standards and research. 
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Joint Roadmap on Evaluation and Measurement Tools for Trustworthy AI and Risk Management 

was building a shared repository of metrics and methods intended to feed directly into 

international standards (NIST 2022; Hasselbalch 2022; USTR 2024). Second, the G7 Hiroshima 

AI Process established voluntary guiding principles and a developer code of conduct that 

partners were able to embed in procurement and audits (G7 2023). Third, after the U.K.’s 2023 

Bletchley Park AI Safety Summit, Washington and London signed a 2024 memorandum of 

understanding linking NIST’s new AI Safety Institute with the U.K. AI Safety Institute. The 

agreement commits both governments to share red-teaming data sets, co-develop evaluation 

metrics, and accept one another’s test results in national procurement. By creating a common 

library of benchmarks that feeds directly into ISO/IEC SC 42 work, the deal internationalizes 

U.S. technical baselines through mutual recognition (DSIT 2024).167 

 

CHINA’S INDUSTRIAL POLICY 

 

Circa 2025, China was deeply integrated with the global economy. China's trade connectivity 

encompassed the vast network of bilateral and multilateral trade agreements, logistics 

infrastructure, and supply-chain relationships that link it to markets around the world. China 

served as the single largest trading partner for over 120 countries across every region, from 

Southeast Asia and Africa to Latin America and Europe and had signed free-trade agreements 

with more than 20 economies, including ASEAN, Chile, and Switzerland, reducing tariffs and 

non-tariff barriers on hundreds of product lines. 

 

In terms of regional trade blocs, since early 2022 the Regional Comprehensive Economic 

Partnership (RCEP) covered 15 Asia-Pacific economies and accounted for nearly a third of 

global GDP. By harmonizing rules of origin and cutting tariffs, RCEP further cemented China's 

role at the heart of East Asian supply chains. After joining the WTO in 2001, China steadily 

expanded market access commitments, integrating its manufacturers and exporters into global 

value chains. 

 

 
167 To create a unified global framework for artificial intelligence, the International Organization 

for Standardization (ISO) and the International Electrotechnical Commission (IEC) established a 

joint subcommittee, ISO/IEC JTC 1/SC 42, as the focal point for international AI standards 

(ISO/IEC 2025). Through a "one country, one vote" consensus process involving over 60 

national bodies, this group produces a toolkit of definitions, metrics, and management systems 

that underpins global AI safety, security, and interoperability. It operates through focused 

working groups covering the entire technology stack, from foundational concepts and big data to 

trustworthiness, use cases, and computational approaches. This work has produced a suite of 

flagship standards, including ISO/IEC 22989 for foundational terminology, ISO/IEC 23894 for 

risk management to complement national frameworks like NIST’s, and the certifiable ISO/IEC 

42001 for AI management systems, which allows organizations to prove their development 

processes are trustworthy. Ongoing projects, such as the multi-part ISO/IEC 5259 series, are 

further developing granular rules for data quality and governance. To ensure seamless 

integration, the committee coordinates with other standards bodies focused on areas like software 

engineering (SC 7) and health informatics (TC 215).  
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By the early 2020s, China's logistics and port infrastructure was extensive, with state-owned 

enterprises holding stakes or concession rights in over 100 ports across more than 60 countries—

ranging from Piraeus in Greece and Hambantota in Sri Lanka to Djibouti and Felixstowe in the 

UK. This maritime footprint accelerated Chinese exports and provided preferred docking for its 

merchant fleet. High-speed rail links, such as China-Europe "iron silk road" freight trains, and 

trans-Asian highways slashed transit times for Chinese goods bound for Europe and Central 

Asia, diversifying transport options beyond maritime routes. 

 

The Digital Silk Road component featured Chinese firms such as Huawei and ZTE building or 

upgrading 4G/5G networks in dozens of countries, often bundled with favorable financing, while 

investments in submarine cables and sovereign data centers expanded China's digital reach—

enabling cross-border e-commerce, cloud services, and influence over information flows. 

 

The Belt and Road Initiative (BRI), launched in 2013, became China's flagship global-

infrastructure and connectivity project, often described as the largest state-led development 

program in modern history. By 2025, over 150 countries and 30 international organizations 

signed BRI cooperation agreements, covering roughly two-thirds of the world's population, with 

Chinese banks and policy lenders had extended $1–1.5 trillion in loans and investments for BRI 

projects.  

 

The initiative's core components included the "Overland Silk Road Economic Belt," which 

sought to build highways, railways, and pipelines linking China through Central Asia to Europe 

via major corridors like the China-Kazakhstan-Russia rail line and China-Vietnam highway 

upgrades. The "21st-Century Maritime Silk Road" focused on port construction and maritime 

logistics from Southeast Asia through the Indian Ocean to East Africa and the Mediterranean, 

with key ports including Gwadar in Pakistan, Hambantota in Sri Lanka, and Piraeus in Greece. 

The Digital Silk Road emphasized telecom networks, satellite systems, and e-commerce 

platforms to knit together China's digital ecosystem with partner economies. 

 

A Short History of China’s Mercantilism 

 

Paradoxically, however, since its accession to the WTO in December 2001, Beijing methodically 

sheltered China’s domestic market behind high tariffs, opaque licensing rules, and steep state‐

owned‐enterprise subsidies—even as it has poured subsidized goods into global markets. In the 

aftermath of the 2008 financial crisis, China doubled down on this approach: its 12th Five-Year 

Plan (2011–2015) earmarked hundreds of billions for key industries, and in May 2015 the 

government formally launched its “Made in China 2025” blueprint. By 2019, China was 

spending roughly 2.3 percent of GDP on direct industrial support—about ten times the OECD 

average of 0.2 percent. 

 

Those policies propelled Chinese firms to world-leading positions in shipbuilding (since the 

early 2010s), drone manufacture (rapidly from 2014 onward), advanced electronics (over the 

2010s and early 2020s), and bulk pharmaceuticals (notably during the 2020 COVID-19 

scramble). Having achieved such scale, Beijing then “weaponized” its dominance: in September 

2010, it abruptly halted rare-earth exports to Japan and, in 2019–20, threatened Europe’s drug 

supply by restricting precursor chemicals; beginning in 2021, Chinese-made combat and 
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commercial drones swarmed Taiwan’s air defenses; and from late 2021 into 2023, heavily 

subsidized electric vehicles poured into Europe at rock bottom prices Western automakers could 

not compete with. 

 

At home, the Golden Shield (“Great Firewall”) project—rolled out beginning in 2003—barred 

foreign news and social-media platforms, while Confucius Institutes (first established in 2004) 

propagated Beijing’s preferred narratives on campus. Abroad, Chinese intelligence services 

exploited open Internet architectures to steal IP (Operation Aurora in 2009, ongoing 

“hack-and-leak” campaigns in the 2010s), embed malware in critical infrastructure (notoriously 

the 2014 “Cloud Snooper” intrusion), and pump state-sponsored propaganda through thousands 

of fake accounts and bot networks. 

 

This strategy of state-backed dominance, market flooding, and "weaponized" export controls was 

not limited to just one or two sectors. By 2025, Beijing had established a chokehold on several 

critical global supply chains, following a playbook that President Xi Jinping himself described as 

the need to "tighten the dependence of international industrial chains on our country" (Kubota 

2025). 

 

The lithium-ion battery supply chain is a prime example. While Chinese firms CATL and BYD 

became the world's top two battery producers by 2025, China's true dominance lay in processing 

the raw materials. By 2025, Chinese suppliers produced 79% of the world's battery cathodes and 

92% of the anodes, while also controlling most of the refined lithium, cobalt, and graphite. 

Having secured this dominance, Beijing began imposing export licenses on battery 

manufacturing technology to prevent rivals from catching up (ibid.). 

 

This pattern was repeated in mature semiconductors. While the U.S. focused on restricting 

advanced AI chips, China spent billions to capture one-third of the global capacity for older, 

"mature" chips, which during the early 2020s remained essential for cars, electronics, and 

defense. It also established control over key minerals like gallium (99% of global production) 

and Germanium, placing export restrictions on them in 2023 (ibid.). This leverage was put on 

full display in 2025 when Beijing blocked the export of mature chips from a single Dutch 

company, Nexperia, whose products were processed in China. The move, a clear retaliation 

against U.S. trade policy, forced global automakers like Honda to shut down factories within 

weeks, a vulnerability that was only resolved in the November 2025 trade truce (ibid.). 

 

A similar chokehold exists in pharmaceuticals, where China had become the primary source for 

the active pharmaceutical ingredients (APIs) for common drugs like acetaminophen (Tylenol) 

and ibuprofen (Advil). By 2025, even generic drugs manufactured in India were often made with 

APIs imported from China. This dependence was highlighted in 2020, when the official Chinese 

news agency warned that if Beijing restricted medical exports, the U.S. would be "plunged into 

the vast ocean of coronavirus" (ibid.). 

 

The Toolkit of State-Led Innovation 

 

Since coming to power, President Xi Jinping made “self-reliance” in key technologies a national 

imperative, arguing that China must “not be forced to beg others for technology” if it is to 
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safeguard its economic and national security (Spegele 2025). Beijing’s stated overarching goal 

was to close the frontier-technology gap with the United States across areas such as 

semiconductors, artificial intelligence, robotics, and biotechnology. To do so, China maniacally 

and methodically marshaled an array of state-directed, application-focused industrial-policy 

tools. 

 

Beijing’s approach was anchored in two flagship plans: the 2017 New Generation Artificial 

Intelligence Development Plan (AIDP) and the broader “Made in China 2025” roadmap (see 

Webster et al. 2017). AIDP lays out milestones for world‑class AI research, domestic chip design, 

and mass deployment across governance, industry, and defense. “Made in China 2025” seeks to 

replace foreign technology in ten strategic sectors—including semiconductors, robotics, electric 

vehicles, and biomedicine—boosting the self‑sufficiency rate year by year. This obligates Beijing 

to back national champions (Baidu, Alibaba, Huawei, SenseTime, Cambricon) through subsidies, 

grants, and preferential procurement, driving an estimated $85 billion investment wave in AI 

firms and chip startups (Castro and McLaughlin 2024). Militarily, China was integrating AI into 

drone swarms, autonomous ground vehicles, and command‑and‑control systems, aiming to close 

any gap with U.S. forces (Webster et al. 2017). 

 

To fund these ambitions, Beijing mobilized vast resources. Chinese R&D spending reached 

about $500 billion in 2024—roughly triple its 2012 level—and rivaled U.S. outlays on a 

purchasing-power-parity basis (OECD Statistics 2025). China launched massive investment 

vehicles to finance rising technologies. Notably, the National Integrated Circuit Fund (the “Big 

Fund”) was established to invest in semiconductor and AI hardware firms (Yahoo Finance 2025). 

Similarly, provincial governments and state banks channeled loans and equity into AI startups 

that align with national priorities (Beraja et al. 2025). From 2000 to 2023, China's government-

affiliated venture funds poured nearly $200 billion into some 9,600 AI startups, while local 

investment arms back challengers like Zhipu AI alongside private giants such as Alibaba and 

Tencent (Castro and McLaughlin 2024). 

 

This spending was enhanced by a suite of generous fiscal measures to spur corporate R&D, 

including tax relief, preferential rates, and accelerated write-offs. The centerpiece was a super-

deduction for R&D spending, in place since 2007, allowing enterprises to deduct more than 100 

percent of their qualifying outlays from taxable income. Initially set at a 150 percent deduction, 

this volume-based R&D tax allowance was raised to 175 percent in 2018 and, as of 2023, stood 

at 200 percent for most companies (Dezan Shira and Associates 2024). Additional incentives 

included accelerated depreciation for R&D assets, preferential corporate income tax rates for 

“High-and-New-Technology Enterprises,” and VAT and customs relief on imported R&D 

machinery. Collectively, these incentives make China's R&D tax subsidy among the world’s 

largest, sharply enhancing the after-tax return on innovation investments (ibid). 

 

This capital was directed toward "national champions" like Huawei, CRRC, and Sinopec, which 

received $248 billion annually in industrial subsidies. Beijing sought to dominate manufacturing 

in green technology and cultivate self-sufficiency in semiconductors and keep pace with the US 

in A.I., quantum computing, and other cutting-edge technologies (Lee, 2018; Naughton, 2021). It 

did so by doling out generous grants, preferential loans—between 2020 and 2024 state-
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controlled banks lent an additional $1.9 trillion to industrial borrowers—land-use rights, and 

undertaking state-mandated mergers (Casanova and Miroux 2018). 

 

This strategy extended to building a massive, state-controlled domestic infrastructure, such as 

high-speed rail and renewable energy capacity. Beijing also turned to using huge government 

procurement contracts to endow Chinese firms with inimitable advantages, such as reaching 

economies of scale. Further, China used the Belt and Road initiative to secure access to energy-

related natural resources and weaponized supply chains, using its control of critical minerals and 

drone batteries to pressure rivals. Finally, Beijing explored alternatives to the U.S. controlled 

SWIFT payments system by exploring digital-currency platforms (e.g., mBridge). 

 

The "Self-Reliance" Endgame: Gauging China's Success 

 

These policies reflected a dual motivation—to hedge against U.S. export controls and to ensure 

durable leadership in technologies of the future—and have yielded concrete gains in narrowing 

the Sino-American innovation gap. 

 

China’s bid for self-sufficiency and technological leadership accelerated rapidly after it emerged 

economically battered from the COVID-19 pandemic.168 This domestic-first industrial strategy, 

combined with weak consumer spending, meant China began replacing foreign suppliers with 

local ones across sectors. State-owned firms faced directives to swap out foreign software under 

the "Delete A" ("Delete America") initiative, while private companies were pressured to source 

domestically, effectively squeezing out imports. 

 

This strategy produced tangible results. China’s share of global patent filings in AI and 5G 

standards rose sharply, and its electric-vehicle exports surged by nearly 60 percent in 2024 alone 

(Spegele 2025). By 2023, Chinese robot makers supplied nearly half of the country's industrial-

robot installations, up from near-zero less than a decade earlier, allowing factories to automate en 

masse. In semiconductors, China's self-sufficiency in GPUs was projected to soar from 11 

percent in 2021 to 82 percent by 2027. By 20205, state-led projects had built 53 percent of global 

ship-building capacity, up from 8 percent in 2002. 

 

During this time, China had also increased its share of global manufacturing from 6% in 2000 to 

32%, with its factory output exceeding the combined manufacturing of the United States, 

Germany, Japan, South Korea, and Britain.169  

 

In turn, Chinese exports rapidly accelerated, rising 13.3% in 2023 and 17.3% in 2024. Electric 

carmaker BYD, for example, was slated to bring new factories online capable of producing twice 

as many cars as Volkswagen’s Wolfsburg facility. China also built more petrochemical refinery 

capacity between 2019 and 2025 than Europe, Japan, and South Korea created since World War 

II.170 

 
168 This paragraph draws closely on Douglas and Leong. 2025. 
169 All these facts are from Bradsher (2025). 
170 By 2025, the results of China’s subsidy-heavy approach were mixed in terms of efficiency 

and innovation outcomes. Looking at Chinese industrial subsidies (across sectors including tech) 
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This dominance provided Beijing with significant geopolitical leverage. China strategically 

restricted exports of critical minerals and rare earths—especially exports of terbium, scandium, 

and yttrium, key raw materials for EVs and defense systems—to gain an edge over trade 

negotiations (Kenderdine and Meidan 2021).171 

 

In the June 2025 London framework to restore the U.S.–China trade truce, China used its export-

licensing regime as the central bargaining chip, agreeing to only six-month licenses for key rare-

earth elements and magnets. This cap ensured Beijing reserved itself the right to renew 

restrictions if broader negotiations were to stall, turning its refining dominance into a durable 

tool of geopolitical influence. 

 

China’s IP Protections 

 

Despite its aggressive, state-directed industrial policy, the Chinese government also took a page 

out of the United States’ Creative Destruction Paradigm during the early 21st Century. By 2025, 

China had steadily improved its IPR for over two decades. It joined all major international IP 

conventions.172 It also waged an extensive anti-counterfeiting and anti-piracy campaign and 

created additional enforcement capacity in the form of IP affairs departments (Yang 2009).  

 

After a blockbuster 2007 WTO ruling, China took steps to liberalize the individual ownership of 

state-funded patents. In 2020, a new foreign investment law and implementing regulations went 

into effect, which made stronger commitments to protecting foreigners’ IPRs, including trade 

secrets and patents, and displaced the Chinese-Foreign Equity Joint Venture Law, the Chinese-

Foreign Cooperative Joint Venture Law and the Wholly Foreign Owned Enterprise Law, a trio of 

laws imposing joint ownership requirements on western firms that justified forced technology 

transfers.  

 

On the IP enforcement front, China made noteworthy strides. As Nguyen (2010) points out, 

especially after 2001, IP owners were able to successfully use the judicial system to enforce their 

rights. China boasted specialized IP courts that moved with alacrity and relatively low litigation 

costs, at least compared to the U.S. (see Morinville 2018). It also bolstered IP enforcement by 

eliminating pockets of judicial antipathy towards foreign IP and created oversight bodies and 

regional IP courts (see Weightman 2018). Indeed, China’s patent enforcement process was 

 

from 2007–2018, Branstetter et al. (2023) found that while subsidies skyrocketed—a seven-fold 

increase from $4 billion to $29 billion in annual subsidies to listed companies—these handouts 

had little to no effect on boosting firms’ productivity. In fact, the data suggested subsidies often 

flowed to less efficient firms and failed to spur significant innovation or efficiency gains. 
171 In 2025, China was the world’s topmost producer of minerals such as graphite, gallium, and 

germanium that are critical to semiconductors, EVs, and defense systems. 
172 These are the World Intellectual Property Organization (WIPO), the Berne Convention for 

Protection of Literary and Artistic Works (copyright), the Universal Copyright Convention, the 

Paris Convention for the Protection of Industrial Property (patent and trademark), the Patent 

Cooperation Treaty, the Agreement on Trade-Related Aspects of Intellectual Property Rights, and 

the Madrid Agreement for the International Registration of Trademarks (Greguras 2007). 
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tailored to benefit inventors through negotiated settlements.173 The result was that between 2006 

and 2011, foreign companies brought 10% of patent infringement cases in China and won over 

70% of them (Love, Helmers, and Eberhardt 2016).174 

 

Finally, and contrary to conventional wisdom about China’s disrespect for IP, leading up to the 

2020s Chinese companies acquired foreign technology from the U.S. and other industrialized 

countries through copious patent licensing. Chinese companies operating in sectors such as 

transportation, energy, and robotics paid top dollar to foreign patent holders to gain access to 

technology from the industrial frontier: Japanese and American firms received billions of dollars 

in royalties in exchange for these licenses (Taplin 2018). In 2019, alone, China paid over $34 

billion to the rest of the world for the legal use of IP. The U.S. accounted for roughly 23% of this 

amount (World Bank 2020; OECD 2020). Figure S4.2 shows that China’s royalty payments to 

the U.S. grew dramatically faster than its GDP over the last two decades, echoing the substantial 

improvements in IP protection described above (see also Lardy 2018).  

 

Figure S4.2: Payments for and income generated from intellectual property. 

 

 
173 There were three main reasons for this. First, patent owners were legally obligated to notify 

infringers before launching a lawsuit. Second, patentholders were incentivized to sign a 

nondisclosure agreement, under which they were able to divulge technical information and 

discuss disputed issues. Third, because the likelihood a Chinese court would impose an 

injunction on an infringer was relatively high—for example, in 2018, injunction rates averaged 

around 98% (Weightman 2018)—this increased the odds that parties sued for infringement 

would try to seek a negotiated solution that culminated in royalty payments for patentholders. 
174 Moreover, in the vast majority of lawsuits MNCs brought against Huawei for stealing trade 

secrets, for example, the parties have reached out-of-court monetary settlements or the MNCs 

were awarded monetary damages (Taplin 2018). To be sure, these are not the same as an 

injunction issued against Huawei from selling products that use infringed upon IP. But it’s not 

nothing either. 
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Notes: To create this variable, I subtracted income generated through the sale and licensing of IP 

from payments made to acquire it. Values are expressed in constant 2010 USD (normalized for 

inflation using the Consumer Price Index). Rather than presenting raw annual data points, which 

would appear as irregular year-to-year fluctuations, I apply a smoothing technique that preserves 

the essential long-term trends while enhancing visual clarity and interpretability: I apply cubic 

spline interpolation to the US series and quadratic interpolation to China's to create smooth 

curves between observed values. This approach offers advantages like calculating moving 

averages in that it filters out short-term noise to reveal underlying patterns—such as the 

structural shift in the US trajectory around 2000 and the sustained decline in China's position 

post-2000—though unlike moving averages, interpolation maintains the timing of critical 

inflection points like the mid-1980s dip in US receipts. 

Sources: IMF Balance of Payments Statistics Yearbook and data files.  

 

China’s Indigenous AI Stack Push 

 

The Chinese state (at national and local levels) heavily subsidizes AI companies and research. 

Sometimes this is done via public-private contests and funds—for example, the Ministry of 

Science and Technology and industry groups sponsor AI competitions where winners receive 

large R&D grants (Luong and Konaev, 2023). Beyond contests, local governments offer cash 

rewards, rent subsidies, and tax breaks to AI firms setting up in their jurisdictions. Chinese 

government spending on AI-related development reached tens of billions of dollars annually by 

the late 2010s (Zhang, 2024; Luong and Konaev, 2023). Key enterprises in AI (from giants like 

Baidu, Alibaba, Tencent to startups) often receive state grants to pursue specific projects (e.g. 

autonomous vehicles or medical AI applications), blurring the line between public and private 

sector efforts. This has meant accelerating growth in targeted subfields like facial recognition, 
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where companies like SenseTime and Megvii thrived with government contracts and funding 

(Lee, 2018). 

 

The Chinese government also subsidizes the infrastructure that AI development needs. This 

includes building AI research parks and innovation zones in cities like Beijing, Shanghai, 

Shenzhen, and Hefei (Zhang, 2024). Such parks often come with incentives for companies and 

shared facilities (like supercomputing centers or cloud platforms) that firms can use at low cost. 

Additionally, China’s relatively lax data regulation (until recently) and huge population have 

provided AI developers with abundant data—effectively a resource the state allowed them to 

exploit for AI training (Wei, 2021). (China’s new Personal Information Protection Law may 

tighten data use, but historically, Chinese AI firms had more leeway to gather data than their 

European counterparts constrained by GDPR.) 

 

The Chinese state has been an enthusiastic early adopter of AI, particularly for surveillance, 

public security, and administrative purposes. By deploying AI solutions (like computer vision 

systems for city surveillance or AI-powered Covid tracking apps), the government has given 

domestic AI companies large contracts and valuable real-world experience (Luong and Konaev, 

2023; Wei, 2021). This domestic market nurtured firms that are now globally competitive in 

certain niches (e.g., Chinese companies supply over half the world’s facial recognition tech). The 

close relationship between industry and a government willing to spend on AI creates a virtuous 

cycle of revenue and iterative improvement for Chinese AI developers. 

 

Infrastructure 

 

Chinese data centers consumed 140 billion kWh in 2024, and this figure was projected to 

quadruple by 2035, reflecting the country’s ability to support energy-intensive AI workloads (Du 

et al. 2025). To cover the country in 5G, Beijing spent hundreds of billions of dollars on base 

stations, new cell towers, and other infrastructure; it allocated significant chunks of radio 

spectrum that mixes fast speeds with moderate transmission distances to three state owned 

telecommunication companies. It directed national regulators and provincial and local 

governments to coordinate the nationwide rollout of 5G, using its muscle over land rights (Woo 

2019). It also awarded Huawei lucrative contracts to provide equipment to the network. And for 

decades, Chinese government procurement centered on computers, telecommunication 

infrastructure, office equipment, software, renewable energy, and energy efficiency.  

 

Semiconductors 

 

During the early 2020s, China pursued semiconductor self-sufficiency, with ambitious plans to 

construct dozens of major chip factories (Fuller et al., 2020; Luong and Konaev, 2023). National 

champion Huawei played a crucial role in fostering collaboration within China’s chipmaking 

ecosystem through co-investment and staff exchanges with chip foundries, while making 

progress in EDA software development with Empyrean (Zhang, 2024).  

 

To help bankroll the refashioning of China’s semiconductor supply chain, Beijing substantially 

increased subsidies and launched the “Information Innovation” project (xinchuang). Moreover, 
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the Chinese government maintained significant stakes in key players like SMIC, AMEC, and 

Empyrean (Branstetter et al., 2023; Zhang, 2024). 

 

By 2025, these efforts met with considerable success. Huawei demonstrated progress by 

producing a smartphone with a seven-nanometer chip and was developing 5nm chips with SMIC, 

while its Ascend chips were being used by companies like Baidu for AI applications (Luong and 

Konaev, 2023). Despite these advances, China still requires substantial support to achieve 

complete independence in chip production, having already invested approximately $150 billion 

in subsidies over the past decade (Branstetter et al., 2023; Fuller et al., 2020). 

 

China achieved rapid improvements in its domestic semiconductor design and fabrication 

capabilities as it went about building out an entire semiconductor supply chain, beginning after 

US export controls on high-end chips (Hilson 2024; Mims 2025c). As US policymakers 

redoubled their efforts, banning EUV-class lithography tools, advanced CPU/GPU designs, and 

certain chemicals involved in chipmaking, Chinese firms redoubled their efforts.175  

During the early 2020s, Chinese firms like Cambricon and Huawei introduced competitive 

alternatives that challenged Nvidia’s hardware because they had no choice. This included 

Cambricon’s A100-like processor and Huawei’s CloudMatrix cluster of Ascend AI chips.  

 

Despite years on a US trade blacklist and Washington’s sanctions on both advanced 

manufacturing equipment and memory components, Huawei shipped around 800,000 units of its 

Ascend 910B and 910C models in 2025 to major state carriers—in 2025, Chinese state data 

centers reported that most of their new deployments used Chinese-made chips—and private 

developers such as ByteDance; these customers ramped up orders of the 910C after Nvidia’s H20 

chips were added to America’s export-restricted list by the Trump administration in 2025 after 

the success of efficient Chinese models like DeepSeek that demonstrated competitive AI 

performance with less compute by dint of exploiting these inference accelerator chips.176 

 
175 Chinese companies also employed various strategies to circumvent US export restrictions on 

high-end AI chips. Huawei relied on indirect procurement from overseas foundries via 

intermediaries (TrendForce 2025). Chinese cloud and datacenter operators leased foreign-made 

Nvidia servers through third countries. There was also large-scale smuggling of restricted AI 

chips into China, with estimates suggesting that 10–50% of China’s AI training capacity in 2024 

relied on such illicitly obtained chips (Grunewald 2024). Also, Chinese AI developers physically 

carried terabytes of training data on hard drives to overseas data centers. There, they rented 

servers equipped with restricted chips, ran their training jobs, and then flew the resulting model 

parameters back to China. This illicit activity, in turn, spurred nearly 2,000 MW of new data-

center capacity across Singapore, Malaysia, Thailand, and Indonesia (see Huang and Lin 2025). 

US Enforcement of these controls was further hampered by a severe staffing shortage at the 

Commerce Department’s Bureau of Industry and Security and by the inherent difficulty of 

tracing chips once they leave Nvidia’s official channels (see The Economist 2025a). 
176 In the fiscal year ending January 2025, Nvidia sold about $12 billion worth of H20 inference 

chips to China: Anticipating restrictions, major Chinese firms—including Alibaba, Tencent, and 

ByteDance—placed massive orders for H20-based servers and modules (Sanghvi 2025). 

However, while the Trump administration at first banned shipments of Nvidia’s H20 and AMD’s 
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Perhaps most importantly, along with other Chinese technology firms, Huawei laid the 

groundwork for an indigenous chip supply chain (Mims 2025c; Sbeglia Nin 2025; Lee and Li 

2025). Huawei created the Ascend 910D AI processor with the explicit goal of matching or 

surpassing Nvidia’s H100 chip.177 And in late 2025, Huawei disclosed a three-year roadmap for 

its Ascend AI chips as a direct challenge to Nvidia’s market dominance (Liu 2025). The plan, 

which includes four new generations of AI accelerators through 2028, contained a critical 

announcement: the 2026 Ascend 950 series would feature Huawei’s own high-bandwidth 

memory (HBM). This move was a major step toward complete self-reliance, as it would 

eliminate a key bottleneck and end the company's dependence on U.S. and South Korean HBM 

suppliers (ibid.). Meanwhile, while CXMT made significant advances in high-bandwidth 

memory, equipment makers AMEC and Naura unveiled etching and layer-deposition tools once 

exclusively produced by Western giants (The Economist 2025b). Concurrently, firms such as 

Cambricon and DeepSeek successfully designed their own AI accelerators (Mims 2025c). 

To compensate for its lack of cutting-edge chips, China pursued a "swarms beat the titan" 

strategy (Chin and Huang 2025). This involves building AI supercomputers that bundle together 

thousands of less powerful, domestically produced accelerators (like Huawei's Ascend chips) to 

match the performance of a smaller number of Nvidia's "titan" GPUs. And Beijing strongarmed 

local governments to shower data centers with deep electricity subsidies if they agreed to use 

these domestic chips to address the fact that this "swarm" approach consumes significantly more 

power (ibid). 

 

Most strikingly perhaps, by 2025, SMIC, China’s largest foundry, had become the world’s third-

largest chip manufacturer by revenue, behind only TSMC and Samsung (TrendForce 2025; Zhu 

2025). Despite relying on older process nodes, SMIC managed to produce 7nm-class chips for 

Huawei and was actively working toward 5nm production.178 Chinese foundries adopted local 

equipment, with companies like AMEC and Naura gaining ground against foreign competitors 

(Luong and Konaev, 2023).179 

 

MI308 chips to China, it partially reversed this decision after industry and diplomatic pushback, 

allowing exports to resume under certain license conditions (Sherman 2025). 
177 Huawei’s chip‐making arm leaned on “chip‐stacking” techniques and system‐level designs to 

close the performance gap created by its exclusion from TSMC’s leading-edge foundries and 

SMIC’s inability to acquire the latest lithography tools. Its Ascend 910C AI chips delivered 

approximately 60% of the inference performance of Nvidia’s H100 in practical applications. 

While the Ascend 910C was more power-efficient at 310W compared to the H100’s 700W, 

Huawei compensated for lower per-chip performance by deploying more chips in parallel. This 

strategy allowed its CloudMatrix 384 system—linking 384 Ascend 910C chips—to exceed the 

throughput of Nvidia’s 72-GPU Blackwell rack under certain workloads, achieving competitive 

raw computing power and memory capacity, albeit with higher total energy consumption 

(Qureshi 2025; The Economist 2025b). 
178 On SMIC’s capabilities, challenges, and potential see TrendForce 2025; Mims 2025c; Hilson 

2024; Averroes AI 2025; Zhu 2025. 
179 Yet, circa 2025, critical dependencies remained. China still lacked a domestic counterpart to 

ASML’s extreme-ultraviolet lithography machines and in addition relied on related 

semiconductor equipment imports from Japan (Feldgoise et al., 2024). Many “indigenous” chips 
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Notwithstanding these substantial gains in mature chip production, however, by 2025 China's 

state-led model continued to struggle to close the gap on the cutting-edge frontier. Even as SMIC 

clocked impressive improvements, TSMC remained the unmatched industry leader in 

semiconductor fabrication, widening its lead in both capital expenditure and technological 

sophistication (Loo 2025). And while there is no denying that by underwriting a self-reliant 

supply chain for older chips China’s massive subsidies were helping it close the gap, the state-

directed firms within this nascent semiconductor ecosystem fell significantly short of the scale 

and R&D velocity required to match the technological frontier at the 3nm-and-below nodes 

powering advanced AI during this period (ibid.). 

 

AI Models 

 

In terms of AI models, Beijing recognized the strategic value of an open-source playbook and 

had backed its own domestic variants—such as the MOSS and InternLM models—through 

partnerships between government labs and local cloud providers. 

 

Along these lines, Beijing designated DeepSeek as a "national treasure" in China in 2025. Since 

its breakthrough, DeepSeek's CEO, Liang Wenfeng, has been invited to high-level gatherings 

with Chinese leaders, including President Xi Jinping and Premier Li Qiang, a rare occurrence for 

a relatively young, privately-funded startup. It implemented travel restrictions on some 

employees involved in AI model research and development, requiring them to hand in their 

passports due to concerns about confidential information, potentially including trade and state 

secrets, being leaked. Furthermore, the local government of Zhejiang Province, where 

DeepSeek's parent company is headquartered, has begun screening potential investors before 

allowing them to meet with company leaders. This involves registering investment inquiries with 

the provincial Communist Party committee. Additionally, headhunters have reportedly been 

contacted by government officials and asked not to poach talent from DeepSeek.180 

 

Beijing also sought to aggressively diffuse open source models across China. One way to do this 

was to mandate data-localization policies that ensured wide internal uptake. DeepSeek's open-

sourced models were being rapidly integrated into the IT infrastructure and workflows of local 

governments and state-owned companies across China. 

 

Robots 

 

Finally, China also mobilized massive state support—some $23 billion in local government 

funds plus a $138 billion central venture pool—to accelerate the mass production of robots and 

build a domestically sourced supply chain for critical hardware like motors, sensors, and custom 

drives (Casado and Neuberger 2025). This state-led push yielded dramatic results. By 2025, 

 

incorporated Western components. On the software side, Nvidia’s CUDA ecosystem retained a 

near-monopoly on AI programming; Huawei’s CANN framework for its Ascend chips were far 

less mature and suffered from bugs, slowing developer adoption (see The Economist 2025b).  

 
180 On all these points see Osawa and Liu (2025). 
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while the U.S. celebrated its lead in AI software, China was quietly winning the race for 

"embodied AI." China now has more robots in production than the rest of the world combined, 

operating "dark factories" staffed entirely by robots, and has surpassed the U.S., Germany, and 

Japan in robot density (ibid.). 

 

This boom was not just in quantity but in quality. Chinese firms like Unitree produced advanced 

humanoid robots for as little as $5,900, demonstrating they were not cheap knockoffs but 

sophisticated machines (ibid.; Robotics Tomorrow 2025). This created a profound strategic risk 

for the U.S., which lacks a comparable robotics ecosystem. As China builds its domestic 

component supply chain—or acquires foreign leaders like the German giant KUKA—American 

firms may become reliant on Chinese suppliers for the physical hardware of the AI revolution 

(Casado and Neuberger 2025). 

What’s more: China's advantage stems not only from state subsidies and its vast manufacturing 

base (which provides diverse real-world scenarios for training), but from a rapid innovation cycle 

and unique market structure and economies of scale. This cycle boasts not only extraordinarily 

velocity, but nimble feedback mechanisms that drive quality improvement. By 2025, leading 

companies were iterating new robot generations every few months, rapidly integrating cost-

saving design changes and manufacturing advances (Asian Robotics Review 2024). By 

controlling every stage from chipmaking to final assembly, firms compressed supply chains, 

immediately translating R&D advances into large-scale production (Han et al. 2025). 

Meanwhile, China's vast, diverse market enabled real-world field deployment of new robotic 

systems at enormous scale, providing rapid performance data and user feedback—allowing for a 

virtuous cycle of rapid refinement (Asian Robotics Review 2025). 

 

China’s Strategy Over Standards 

 

In the early 2020s, Beijing moved to shape AI standards through a multipronged strategy. This 

included integrating the pursuit of standards dominance through the aggressive industrial policy 

outlined above; centralizing national standard‑setting practices; and imposing binding platform 

rules. Also, like the US, it sought to capitalize on the growing commercial importance of leading 

AI models that strove to become market leaders. By 2025, Greater Beijing and Shanghai ranked 

among the world’s top hyperscale markets, facilitating the Chinese government’s efforts to 

operationalize its preferred formats, interfaces, and testing practices domestically, if not 

internationally (Synergy Research Group 2025). 

In 2025, Chinese tech firms began to win a key part of the AI race: the battle for open-source 

dominance. While American companies were widely seen as offering the most powerful 

proprietary models, Chinese firms decisively outcompeted their U.S. rivals in "open-weight" 

AI—technology that anyone can freely download and build upon. This "open-weight" approach, 

which makes the model's learned parameters available for modification, was championed by 

Chinese firms with high-performing models like DeepSeek R1 and Alibaba’s Qwen3 (Huang 

2025). 

This marked a significant reversal from the previous year, when U.S.-based Meta offered the 

world's best open model. By October 2025, the top-ranked open models on LMArena, a site that 

ranks models based on blind user preference tests, were all from Chinese companies like 
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DeepSeek, Z.ai, and Alibaba (Fu 2025). This popularity was confirmed on Hugging Face, the 

leading platform for AI developers: In early November of 2025, DeepSeek-R1’s model card 

showed about 12.8k likes—more than twice Meta’s most-liked recent Llama-3.x instruct release, 

which garnered about 4.9k likes (Hugging Face 2025a; Hugging Face 2025b). 

Because these Chinese models excel at local-language tasks and can be run in-house, they 

rapidly became a default choice for enterprises prioritizing data control. This adoption included 

multinational banks like HSBC and Standard Chartered, industrial giants like Saudi Aramco, and 

even major U.S. cloud vendors like AWS, Microsoft, and Google (Lin et al. 2025). 

This trend, which directly challenged the Trump administration's AI strategy, left the U.S. 

scrambling to respond with new initiatives like the American Truly Open Models (ATOM) 

Project (ATOM Project Substack 2025). In a sign of a potential strategic retreat, Meta's Mark 

Zuckerberg signaled in a new essay that the company would need to be "careful about what we 

choose to open source," suggesting Meta might keep its next frontier model closed (Nolan 2025). 

And OpenAI unveiled its first open-weight model family, gpt-oss, releasing the model weights 

under a permissive Apache-2.0 license in a strategic shift widely interpreted as an attempt to 

counter the momentum of China’s flexible and accessible AI ecosystem (Willison 2025). 

This battle for open-source dominance was being fought most intensely in the lucrative market 

for AI coding assistants. In 2025 Chinese startups like MiniMax, Zhipu, and Moonshot AI were 

releasing a wave of new models that are not only high performing but radically cheaper than U.S. 

alternatives (Osawa 2025). Consider MiniMax's M2 model, which ranked highly on developer 

leaderboards, and was priced at just 8% of the cost of Anthropic's competing Claude Sonnet 

model (ibid.). This aggressive strategy was driven by the need to find paying customers outside 

of China, where fierce domestic price wars make it difficult to generate revenue. The approach 

was proving successful: in late 2025, U.S. cloud company Vercel had partnered with Zhipu and 

celebrated venture capitalist Chamath Palihapitiya had migrated workloads to Moonshot AI's 

Kimi K2 (ibid.). 

To complement this global commercial success, Chinese ministries committed to developing 

over 50 new national and industry AI standards by 2026. This top-down effort includes creating 

committees to harmonize technical specifications for LLMs and conduct risk assessments across 

different vendors. In parallel, in 2025 industry alliances were working to standardize the 

technical connections—the APIs and data formats—between AI models and domestically 

produced accelerator chips to ensure interoperability within China's tech ecosystem (Reuters 

2024a). Finally, Beijing used interconnection standards to create a unified national grid for 

computing power to allow surplus capacity in one Chinese region to be reallocated elsewhere 

(MFA PRC 2025). 

Where the United States leaned heavily on NIST’s voluntary frameworks, China anchored 

standardization in binding, pre‑market obligations administered by the Cyberspace 

Administration of China (CAC) and a dense lattice of national/industry standards (CESI 2020). 

China’s standards propagate through market entry and platform licensing: to serve the public in 
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China, model and service providers must file algorithms, meet content‑identification and 

traceability rules, pass security evaluations, and align with national implementation guides. 

Three cornerstone rule sets created de‑facto technical baselines. First, the Algorithmic 

Recommendation Provisions, which require large platforms to file algorithms in a national 

registry, disclose basic operating principles, curb manipulative ranking, and maintain a “features 

library” for harmful content screening. Second, the Deep Synthesis (deepfake) Provisions, which 

mandate content labeling/watermarking, identity verification, and periodic reviews of synthesis 

models. Third, the Interim Measures for Generative AI Services, which require security 

assessments, data‑quality controls, user‑rights handling, and clear API terms.  

To ensure compliant AI systems could be deployed at a vast scale, Beijing expanded its national 

compute and cloud infrastructure. Its most notable initiative on this front, the “Eastern Data, 

Western Computing” program, established a network of eight national computing hubs and ten 

data-center clusters (NDRC 2022). This project created a powerful, geographically distributed 

foundation for processing and storing the immense amounts of data required for a national AI 

ecosystem.  

Finally, China’s active presence in helping shape the international AI standards set forth by 

ISO/IEC SC 42 gave those domestic baselines pathways into international committees where 

they can be negotiated, adapted, or referenced by other jurisdictions (see ISO/IEC 2025). Plus, 

Beijing’s July 2025 Global AI Governance Action Plan calls for accelerating technical standards 

in security, ethics, and industrial application, dialogue among national standards bodies, unified 

computing‑power standards, and even mutual‑recognition platforms for safety assessment—

explicit pathways to socialize China’s testing and documentation templates abroad (MFA PRC, 

2025). Indeed, China went so far as to formalizing mirror structures to international AI standards 

bodies and tasked them with domain‑specific working groups (e.g., AI for steel, energy) to 

translate policy goals into technical specs.  

EUROPE’S INDUSTRIAL POLICY 

 

Before 2025, Europe’s proto-industrial policy was twofold, focusing on strengthening its 

traditional manufacturing base while simultaneously promoting digital interoperability (Mattoo 

and Staiger 2020; Veugelers 2018). This strategy translated into targeted R&D investments, with 

initiatives like the Chips Joint Undertaking aimed at bolstering the semiconductor supply chain 

(European Commission 2021), and programs like “Industry 4.0” designed to foster data-sharing 

among established firms (European Parliament 2020). In parallel with these internal efforts, the 

EU’s posture toward China hardened; labeling Beijing a “systemic rival” (European Commission 

2019), it began to follow the U.S. playbook: implementing increased regulations on foreign 

investments and imposing new tariffs on critical Chinese imports, such as electric vehicles 

(Crawford 2021). 

 

During the early 2020s, European tech firms experienced some successes. These included 

significant investments in European AI startups like Aleph Alpha (half a billion dollars in 2023) 
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and Mistral AI (over $600 million since early 2023). The European Union also worked to foster 

its own AI industry with initiatives like the GAIA-X cloud project and investments in R&D.181  

 

By and large, however, Europe’s industrial and innovation strategy struggled to keep pace with 

the U.S. and China, as reflected in several stark metrics and structural challenges. Over the last 

half-century up to 2025, the U.S. produced 241 new $10-billion-plus public companies from 

scratch, versus only 14 in Europe, while EU labor productivity per hour slipped from roughly 

95% of U.S. levels in the late 1990s to under 80% by 2025 (Fairless and Luhnow 2025). Europe 

also suffered from missed commercialization opportunities: seminal European inventions such as 

the World Wide Web (born at CERN) and MP3 (developed at Fraunhofer) were ultimately scaled 

and monetized disproportionately by firms outside Europe (CERN n.d.; Brandenburg n.d.). 

Consequently, EU members demonstrated a relatively small tech footprint. As of early 2025, 

there were about 100 European “unicorns” (about one-third of a trillion dollars in combined 

value), far behind the U.S. and China in both counts and valuations (CB Insights 2025d; Fairless 

and Luhnow 2025). By 2025, only four of the world’s top 50 publicly traded tech companies 

were European, despite the EU representing a sizable share of global output (about 14% of world 

GDP on a PPP basis) (Draghi 2024). 

 

By 2025, Europe’s semiconductor industry revealed a particularly troubling decline from past 

strength. While the region (broadly construed) still hosted critical champions like ASML and 

ARM, Europe’s share of global manufacturing capacity had eroded (Saint-Martin 2024; the EU 

itself set a goal to double its global chip share to 20% by 2030—an implicit acknowledgment 

that it hovered near about 10%—and Europe had no prominent pure-play foundry competing 

with TSMC or Samsung at advanced nodes (European Court of Auditors 2025). Investment in 

domestic chipmaking also lagged the scale of rival programs, with the U.S. CHIPS and Science 

Act appropriating $52.7 billion, while estimates of China’s support exceed $150 billion over 

2014–2030 (Blevins et al. 2023). 

 

The AI and advanced-tech gaps further illustrated Europe’s competitive disadvantage. In 2025, 

none of the top ten global investors in quantum computing were European, and only a handful of 

firms on the continent pursued frontier-scale AI models (Fairless and Luhnow 2025). Germany’s 

Aleph Alpha, for example, pivoted away from the frontier-model race toward enterprise solutions 

and consulting-style deployments, while many promising teams sought U.S. capital markets, 

looser regulation, and stock-option incentives more conducive to rapid scaling (Lomas 2024; 

Fairless and Luhnow 2025). 

 

Contextualizing Europe’s Technological Backwardness 

 

Capital markets presented a significant weakness for European innovation. In 2025, European 

venture-tech investment remained roughly one-fifth the U.S. level, as much financing still 

originated from banks or large pension funds, leaving a "missing middle" of dynamic, growth-

oriented capital. weak venture capital environment and a shallow entrepreneurial ecosystem and 

culture. Historically, European capital markets—especially in Germany—provided less venture 

capital compared to the U.S. and even China, partly due to more conservative banking structures, 

 
181 On all these points see Black 2024. 
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fewer tax incentives for entrepreneurship, and differences in equity culture (Veugelers 2018). 

This sluggish venture capital environment hampered the growth of promising European startups 

and limited their ability to scale globally. While the U.S. fostered high-growth startups across the 

Third and Fourth Industrial Revolutions, including AI powerhouses such as Anthropic and 

OpenAI, European innovators struggled with early-stage funding (Schneider 2024). 

 

Regulatory and cultural barriers compounded Europe’s challenges around innovation. Europe’s 

complex multi-jurisdictional market and stricter labor frameworks made cross-border scaling and 

hiring/firing harder, while historically less-friendly equity rules dampened stock-option use 

(Baroudy et al. 2020). In several countries, stock options were even taxed at grant rather than at 

exercise or sale—further reducing their attractiveness (Palmer 2019). Companies reported 

spending about 40% of IT budgets on compliance with EU regulations, and roughly two-thirds of 

firms said they still struggled to understand their obligations under the EU AI Act (Duffer et al. 

2025). 

 

And while U.S. government agencies like DARPA, the NSF, and NIH long underwrote high-risk, 

high-reward research—leading to breakthroughs in AI—the EU did much less of this (Mazzucato 

2013).  

 

Europe’s Response to its Precarious Position 

 

In response to this precarious position, the EU and national governments began to pivot, making 

significant public investments and providing systematic incentives characteristic of industrial 

policy.182 For example, in 2024 the German government promised to provide €9.9 billion in 

subsidies for Intel’s semiconductor factory in Magdeburg, which represents a significant portion 

of Intel’s €33 billion investment. The factory was expected to create 3,000 direct jobs at Intel and 

potentially up to 20,100 jobs in total, including indirect employment. The Chancellery and 

Economy Ministry emphasized that the factory could serve as an innovation hub, contributing to 

the development of the semiconductor industry and fostering economic growth in the region.183 

Moreover, the project aligned with the EU’s strategic goal of increasing its share of global chip 

production from 10% to 20% by 2030, thereby reducing dependence on Asian suppliers.  

 

This turn toward state subsidies for hardware was complemented by a growing strategic desire 

for “digital sovereignty,” driven by anxieties over Europe’s deep reliance on American cloud 

providers (Johnson and Hay 2025). By 2025, there were clear signs that European companies and 

governments were souring on their dependence on U.S. “hyperscalers” like Amazon Web 

Services, Microsoft Azure, and Google Cloud; Denmark’s two largest municipalities, for 

example, moved to end use of Microsoft systems amid sovereignty concerns (Desmarais 2025). 

These anxieties were amplified by the return of the Trump administration, renewed uncertainty 

over transatlantic data-sharing arrangements, and fears tied to U.S. surveillance authorities such 

as the CLOUD Act and FISA §702 (Johnson and Hay 2025). Switzerland, meanwhile, pressed 

 
182 This paragraph closely draws on Gerresheim and Krahé. 2024. 
183 Circa 2025, these commitments were complicated by Intel’s market challenges, as it had 

fallen significantly behind chip fabricators such as TSMC and Samsung and had recorded heavy 

losses throughout 2024 and suffered sizable drops in its market capitalization after stock selloffs.   
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for stronger data-residency options, with major investments framed to keep more workloads 

within Swiss borders (Revill 2025). 

 

This push for sovereignty was intellectually framed by “EuroStack,” a programmatic blueprint 

commissioned by European institutions (Bria et al. 2025). The EuroStack report outlines a 

strategy for sovereign digital infrastructure anchored in interoperability, sustainability, and 

treating “data as a common good,” and calls for tools like a “Buy European” act, a close to €300 

billion sovereign tech investment program, and a “sovereign AI cloud” marrying public 

supercomputers with decentralized systems (ibid). 

 

By 2025, the EuroStack agenda was mirrored in multi-billion-euro EU programs aimed at 

achieving “sovereign compute”—a domestic, EU-controlled infrastructure free from reliance on 

foreign platforms. This strategy was spearheaded by the EuroHPC (European High-Performance 

Computing Joint Undertaking), an agency that began upgrading its traditional scientific 

supercomputers with thousands of GPUs to create “AI factories.”184 This was complemented by 

the EU Commission’s “InvestAI” plan, a €200 billion initiative designed to fund these "AI 

gigafactories" and provide European startups with the domestic capacity needed to build large-

scale models (Kyosovska and Renda 2025). 

 

Europe’s AI Standards Strategy 

 

Unlike the reliance on market scale driving de facto standards or a reliance on voluntary standard 

setting, the EU dictates AI technical standards. The European Commission, the EU’s executive 

body, issues standardization requests to European standards bodies—primarily CEN-

CENELEC—to develop detailed, harmonized European Standards.185 These standards act as a 

common rulebook for the entire market, specifying reference architectures, which are like 

standardized blueprints for designing trustworthy AI systems; data-quality criteria to ensure the 

information used to train AI is accurate and free from bias; common test and assurance methods 

to verify an AI's performance and safety; and interface profiles, which act like universal 

connection points to ensure different AI tools can work together seamlessly. This gives suppliers 

a predictable “single-build” target for the European market, encouraging uniform 

implementations, modular component swapping, and cross-border interoperability (European 

Commission 2025; CEN-CENELEC 2025; European Union 2024). 

 

To understand what this means on the ground, consider a vendor selling a computer-vision 

module, a type of AI that visually inspects products for defects on an assembly line, to several 

automotive plants within the EU. Instead of creating different versions for each country, the 

vendor follows a single technical rulebook known as a harmonized European Standard. This 

standard, developed by CEN-CENELEC, details all the technical requirements, which include 

 
184 The strategic goal of this push was to break Europe's critical dependence on American cloud 

providers like Amazon Web Services, Google Cloud, and Microsoft Azure for the high-

performance computing required for AI model training. 
185 CEN-CENELEC is the joint standardization platform that brings together CEN—the 

European Committee for Standardization—and CENELEC, the European Committee for 

Electrotechnical Standardization.  
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common data interfaces so the AI can connect to different factory systems; specific validation 

and robustness tests to prove its accuracy and reliability; and clear rules for lifecycle 

documentation, which is a record of how the AI was built, trained, and tested. The standard also 

specifies the need for logging hooks, which are connection points for monitoring the AI's 

decisions, and change-control procedures that dictate a safe process for updating the software.  

 

To prove it has followed these rules, the company compiles a technical file, an "evidence binder" 

containing test reports, dataset descriptions, and monitoring plans that map directly to each 

requirement in the standard. This enables it to roll out synchronized updates across all its 

European sites, preserving the system’s interoperability, which is the ability to work with other 

factory equipment, and its modularity, the ability to be updated in parts without breaking the 

entire system. 

 

Returning to EU standard setting in general, AI systems are routed through a structured 

“conformity-assessment” regime (European Union 2024). For less risky AI, this can be a self-

assessment, but for higher-risk systems, it must be reviewed by a Notified Body, an independent, 

EU-approved auditor. Once this process is complete, the final integrator grants the CE marking, a 

product "passport" allowing the exact same software package (the binary code, APIs, and 

documentation) to be deployed across Europe without having to create costly, country-specific 

software versions.  

 

Because many non-EU suppliers adapt products and internal processes to these harmonized 

standards to retain EU market access, the framework often projects outward, shaping practices 

well beyond Europe—a “Brussels Effect” that encourages firms to adopt the “world’s toughest 

standard” as a default to avoid region-specific variants (Engler 2023). In anticipation, American 

and Chinese firms have expanded AI governance, conducted risk assessments, trained staff on 

data-handling and model-use policies, and staged deployments until they were confident of 

alignment with these standards before scaling (Engler 2023; Crawford 2021). 

 

Workday, a U.S.-based enterprise software company headquartered in Pleasanton, California, 

provides a concrete example of how an American firm proactively adapted to EU standards to 

maintain market access and avoid compliance pitfalls.186 As a provider of AI-enhanced HR and 

finance platforms used by global clients (including many in the EU), Workday expanded its AI 

governance framework by integrating ISO/IEC 42001 for AI management systems, which 

emphasizes structured risk management and documentation; this involved creating detailed 

model cards for transparency, embedding bias-mitigation protocols in development pipelines, 

and implementing watermarking for generated content to comply with limited-risk transparency 

rules. Workday also trained over 1,000 staff members on EU-specific data-handling policies, 

ethical AI use, and incident reporting through mandatory certification programs, while staging 

deployments of new features—such as AI-driven talent analytics—in regulatory sandboxes to 

test alignment with conformity assessments, ensuring no region-specific variants disrupted 

global scalability. 

 

 

 
186 This paragraph draws on Foeth 2025a; Workday, Inc. 2023; and Workday, Inc. 2024.  
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EMERGING REGULATORY ISSUES AROUND A.I. 

 

Like previous industrial revolutions, the increasing deployment of AI throughout the early 2020s 

sparked a fierce political struggle over privacy, labor, and corporate capture, with sharp swings 

between extremes. Take education. Early in the AI boom, districts in New York and Los Angeles 

banned tools like ChatGPT, fearing a "cheating epidemic." By 2025, however, the strategy had 

shifted from prohibition to negotiation. The turning point came in July of that year, when the 

American Federation of Teachers (AFT)—representing 1.7 million educators—struck a landmark 

partnership with OpenAI and Microsoft to launch the National Academy for AI Instruction 

(Chalkbeat 2025). 

 

This represented a notable shift in how organized labor engaged with AI. Instead of resisting 

automation, the AFT moved to shape its deployment. The union's strategy was clear: if AI was 

inevitable, teachers would be its pilots, not its victims. The AFT secured guarantees that AI 

would be deployed as a "co-pilot" to reduce administrative drudgery—lesson planning, grading, 

and IEP generation—rather than as a substitute for instruction. As AFT President Randi 

Weingarten noted, the goal was to "harness" the technology to humanize the profession, buying  

back the hours teachers lost to bureaucracy (AFT 2025). 

 

Yet the labor question was only one front in a broader political struggle. By late 2025, states like 

Ohio and Tennessee had begun passing mandatory AI disclosure laws, forcing districts to declare 

exactly how student data was being used and whether it was shared with third-party model 

providers (Agile Education 2025). The resulting tension—between the learning gains of 

personalized AI and the surveillance risks of algorithmic schooling—ensured that education 

remained one of the most contested frontiers of the AI economy. 

 

Education was not the only sector where opposition to AI emerged. The breakneck pace of data 

center construction documented in the book generated local resistance. In Memphis, xAI's use of 

gas turbines to power its Colossus facility sparked complaints about air pollution, prompting 

local candidates critical of the project to enter 2026 elections. As opposition mounted, xAI 

shifted subsequent infrastructure across the state line into Mississippi—a pattern of jurisdictional 

arbitrage that would become increasingly common as communities grappled with the 

environmental footprint of AI's physical layer (Wayt 2025). 

 

This resistance was emblematic of a broader pattern: across domains, the commercialization of 

AI outpaced the regulatory frameworks designed to govern it. Given that AI-powered 

applications and systems thrive on data, it was only natural that issues around data ownership, 

informed consent, anonymization techniques, data security protocols, misinformation, errors, and 

transparency rose to the surface. And as AI became integral to everything from creative content 

generation to critical decision-making, the lines between original data, algorithmic processing, 

and the resulting outputs became increasingly blurred, creating significant legal challenges. 

Several regulatory blind spots affected liability rules, intellectual property, privacy, and data 

security regimes (Buiten 2019; Schaake 2021). 

 

Moreover, governments grappled with how traditional legal frameworks could address harm 

caused by AI products and services across diverse applications such as customer service, 
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healthcare, legal services, and autonomous vehicles. All the while, antitrust issues about Big 

Tech firms’ size, digital ecosystems, and market power also loomed in the background.187 While 

several implemented A.I. governance mechanisms, others took the drastic step of outright 

restricting or banning generative A.I. tools due to data-privacy and security concerns (Naidu et 

al. 2023). Furthermore, the cross-border flow of data is essential for many AI applications, which 

may require international cooperation and, potentially, the harmonization of data privacy 

regulations (Aaronson and Leblond 2018).  

 

Consider liability for the moment and the “black box problem”—the combination of technical 

non-transparency and legal proof difficulties that arise when AI systems are powerful but not 

meaningfully explainable (Hubbard 2023). Consider that, as explained in the previous section of 

this appendix, many modern AI systems, especially complex machine-learning and deep-learning 

models, make decisions in ways that are opaque even to their creators. Users can usually see the 

inputs and outputs, but they cannot trace the internal steps the system takes to reach a particular 

decision, such as why an algorithm flagged one applicant as high-risk or caused a vehicle to 

swerve rather than brake (Burrell 2016). This opacity creates serious accountability and 

evidentiary challenges: it is hard to diagnose errors, detect bias, or prove that a specific defect in 

the system was the proximate cause of a harm (ibid). In liability contexts, that means injured 

parties face an uphill battle to show “defect” and “causation” when the relevant technical 

evidence is locked inside an inscrutable model controlled by the producer (Hubbard 2023). 

 

By 2025, the stakes around the outstanding regulatory issues outlined above were high. Fears and 

challenges around liability and IP, for example, represented potentially prohibitive costs that may 

deter risk-averse organizations from widely adopting AI going forward. Specifically, without 

clear safe harbors or mature insurance markets, the threat of "ruinous" litigation—whether for 

copyright infringement or algorithmic discrimination—disproportionately burdened smaller 

innovators who lack the massive legal war chests and diversified revenue streams of the tech 

giants. Unless new laws and regulations fill this breach after 2025, the resulting dynamic may 

threaten to create a two-tier AI economy where only entities with sufficient resources to absorb 

liability risks can fully leverage AI capabilities, leaving smaller organizations and individuals in 

the lurch. 

 

While traditionally in the U.S. Congress would step in to level this playing field, the tools to 

address these problems changed drastically between 2016 and 2025. The technocratic, evidence-

driven, expertise-anchored model of rulemaking that characterized the late-20th and early-21st 

centuries—especially in economically and technologically dynamic domains—was increasingly 

displaced by an emergency/statutory carve-out model, reactive rulemaking, and “vertical 

consolidation” of executive power. This shift was not isolated to single domains (trade, AI, 

pandemic, environment), but was a general pattern, and was accelerated by crisis and 

turbocharged during the second Trump administration as the US shifted towards a more powerful 

 
187 There is also the issue of bias and fairness, as A.I. algorithms can perpetuate and amplify 

existing societal biases, leading to discriminatory outcomes. Regulators have focused on 

addressing algorithmic bias in areas like hiring, lending, and criminal justice by elaborating 

standards for bias testing and fairness audits. Exploring these issues is beyond the scope of this 

chapter, however. 
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and patrimonial executive branch. One important example is the resurgence of populist antitrust 

thought, which advocates for stricter regulation of tech giants. 

 

During this period, other polities were differently positioned to address these problems. If the 

U.S. model devolved from the "Creative Destruction Paradigm" into a messy, transactional form 

of patrimonialism—where outcomes depend on proximity to political power—China 

consolidated a unique brand of "State-Centric Managerialism." Unlike the American approach, 

which remained largely reactive in 2025 and relied on ex post litigation to address harms, 

Beijing’s model was fundamentally proactive and preventative, treating AI not as a neutral 

market good but as a political instrument that must be aligned with state goals before it reaches 

the public. And where the U.S. struggles with a chaotic patchwork of state laws and federal 

inaction, China built a comprehensive, vertically integrated regulatory stack—from data labeling 

standards to algorithm filings—that enforced ideological conformity ("core socialist values") as a 

prerequisite for market entry. Meanwhile, the European approach consolidated into a 

"Regulatory-First" model. Driven by the "Brussels Effect," the EU sought to export its values of 

safety, privacy, and fundamental rights through comprehensive, precautionary legislation like the 

AI Act, betting that high trust would eventually yield high quality—even if it meant sacrificing 

the speed of initial commercialization. 

 

As this section of the appendix shows, these diverging regulatory philosophies are not merely 

academic differences; they are actively reshaping the technology itself, forcing global companies 

to fragment their products into distinct, region-specific versions—a "GDPR AI" for Europe, a 

"State-Approved AI" for China, and a "Liability-Shielded AI" for the United States (Jin and 

Wagman Zhong 2025). 

US APPROACH TO REGULATION AND AI REGULATION 

The start of the AI era coincided with a move away from the Creative Destruction Paradigm 

(CDP) era of evidence-based regulation. In Chapter 3 of the book I reviewed the legislative, 

executive, and judicial basis behind the CDP in terms of evidence-based policy that pursued 

innovation or was at least not unfriendly to it.  

To remind readers, beginning with the APA’s requirements for notice-and-comment rulemaking 

and a reasoned administrative record, the groundwork was laid for systematic analysis of 

regulatory impacts. Until the 2020s, cost–benefit analysis in federal rulemaking was largely an 

internal discipline imposed by the White House rather than a binding legal test. Under Executive 

Order 12866 (see Clinton 1993) and its companion, OMB Circular A-4 (see OMB 2003), 

agencies had to prepare a “RIA” for any economically significant rule—quantifying expected 

benefits (e.g., lives saved, pollution avoided) and costs (e.g., compliance expenditures, 

paperwork burdens) and demonstrating that benefits justify the intervention. Although courts 

reviewed whether an agency had followed the APA’s procedures and offered a reasoned 

explanation, they generally deferred to the agency’s statutory interpretation under Chevron USA 

Inc. (1984).188 That meant agencies could defend rules by showing only that their interpretation 

 
188 As I will explain ahead, after Loper Bright Enterprises (2024) the Supreme Court overruled 

Chevron deference. 
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was “reasonable,” even if the underlying statutory authority was ambiguous, and courts seldom 

second-guessed the merits of an agency’s CBA so long as it wasn’t arbitrary or capricious. 

The End of the CDP? 

The second Trump administration pursued several regulatory approaches and policies that may 

portend a shift from a Weberian public-service bureaucracy toward a patrimonial administration, 

in which loyalty to the President—rather than impartial expertise—becomes the primary 

qualification for office. During the first year of Trump’s second term, career constraints and 

independent norms were stripped away and decision-making centralized in the Oval Office. 

Specialized agency expertise and policy continuity faded too. The cost-benefit approach to 

policymaking and regulation also seemed endangered. 

How Things Got to this Point 

The first Trump Administration (2017–2021) implemented several major trade and immigration 

measures that bypassed traditional OIRA/Circular A-4 cost-benefit analysis by using 

"emergency" and statutory carve-outs. For example, in March 2018, President Trump imposed 

25 percent steel and 10 percent aluminum tariffs under Section 232 of the Trade Expansion Act 

of 1962, citing national security threats (United States 2018a; United States 2018b). This 

provision authorized unilateral presidential action without a formal Regulatory Impact Analysis. 

Similarly, beginning in July 2018, the Administration levied broad duties on Chinese imports 

under Section 301 of the Trade Act of 1974 (Office of the U.S. Trade Representative 2018), 

which requires a USTR investigation but contains no mandate for a comprehensive RIA. Rather 

than negotiating reciprocal concessions, the administration levied duties by presidential 

proclamation, claiming these statutory delegations empowered the President to bypass the 

longstanding GATT/WTO principle of reciprocity and the TPA process (Casey 2024; Murrill 

2018). In each case, the administration argued that these national-security or "unfair practice" 

statutes provided their own decision frameworks, making a full cost-benefit analysis legally 

unnecessary (Harrell 2019; White House 2025). 

Similarly, during a wave of financial deregulation beginning in 2017, agencies increasingly 

abandoned comprehensive cost–benefit analysis in favor of administrative flexibility.189 Key 

financial regulatory rollbacks—such as revisions to stress test thresholds, tailoring rules, and 

Volcker Rule modifications—were often enacted via interim final rules or agency guidance, 

justified by assertions of market instability or international competitiveness (GAO 2024).  

The first Trump Administration also invoked narrow public health and agricultural exemptions. 

This occurred most notably in March 2020, when the CDC issued an order under the Public 

 
189 Compare this to the aftermath of the 2008 financial crisis: the Dodd-Frank Act introduced 

“living wills” and periodic systemic risk stress tests, requiring major financial institutions to 

conduct detailed self-assessments and resolution planning through formal notice-and-comment 

rulemaking and rigorous economic modeling. These measures imposed significant informational 

and oversight obligations, compelling banks to prepare systematic plans for rapid and orderly 

resolution under bankruptcy, aimed at mitigating systemic risk and reducing moral hazard. 
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Health Service Act to authorize border expulsions to control COVID-19 (Centers for Disease 

Control and Prevention 2020).  

The Biden Administration (2021-2025) continued many of these approaches. It maintained both 

the Section 232 steel/aluminum and Section 301 China duties without fresh OIRA analysis and 

extended the Title 42 expulsions through most of 2022, again outside the OIRA framework. The 

closest this administration came to a traditional analysis for an emergency rule was in late 2021, 

when the Occupational Safety and Health Administration (OSHA) issued its Vaccine-or-Test 

Emergency Temporary Standard (ETS). While this was accompanied by an economic analysis of 

compliance costs and benefits, OSHA nonetheless invoked its emergency authority rather than 

undertaking a full Circular A-4 RIA (see Occupational Safety and Health Administration 2021). 

Indeed, during the COVID-19 pandemic, virtually no public health regulations underwent the 

comprehensive cost-benefit analysis typically required under Circular A-4, with only a handful 

of tentative techno-economic snapshots as exceptions (Coghlan 2025). Practically, pandemic 

timelines were incompatible with Circular A-4’s hallmark requirements—multi-year benefit 

projections, sensitivity analyses across discount rates, and side-by-side comparisons to 

baselines—making full analyses infeasible in fast-moving conditions (ibid 2023). In short, 

emergency legal authorities and urgent public-health needs displaced the detailed Circular A-4 

process that accompanies normal federal rulemaking. 

The primary legal justification for bypassing traditional regulatory analysis stemmed from 

emergency exemptions in federal administrative law: the APA’s “good cause” provision 

allowing agencies to forgo notice-and-comment during urgent threats to public health or safety 

(Coghlan 2025); and Executive Order 12866’s carve-out for emergencies addressing “serious 

and unforeseen risks to public health,” which permits proceeding without the usual OIRA review 

(see Clinton 1993). Since most COVID interventions qualified for these emergency paths, 

agencies did not prepare full, Circular A-4–style Regulatory Impact Analyses (OMB 2023). 

Federal agencies further sidestepped traditional analysis by relying on non-regulatory 

instruments—guidance documents, recommendations, and emergency orders—which are 

generally exempt from the APA’s notice-and-comment process (see Legal Information Institute 

2025).190 This enabled rapid deployment (e.g., travel-masking orders) without months of 

modeling (OMB 2023). However, the Biden administration’s reasoning for circumventing cost-

benefit analysis helped cement a momentous movement away from the CDP. 

The Second Trump Administration 

During 2025, the second Trump Administration doubled down on using statutory "emergency" 

authorities to bypass traditional OIRA review. It issued new, economically significant Section 

232 tariff proclamations for aluminum and steel, invoking the Trade Expansion Act’s national-

security authority (see US Congress 1962; United States 2025a; United States 2025b). It also 

launched a formal inclusions process and related national-security reviews to sweep additional 

 
190 It is nonetheless the case that courts sometimes reclassify “guidance” as a substantive rule if it 

has binding effect. 
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derivative products and critical minerals into 232 coverage (BIS 2025). Separately, on April 2 

(“Liberation Day”), it unveiled the sweeping “reciprocal tariffs,” invoking the International 

Emergency Economic Powers Act (IEEPA).191 Both sets of actions were implemented via 

presidential proclamations rather than agency rulemakings, allowing them to proceed outside the 

cost-benefit requirements of EO 12866 (Burkhart and Hammond 2025). 

Moving beyond trade policy, during its first year in office, the Trump Administration unleashed 

an unprecedented drive to bring every corner of the executive branch firmly under presidential 

control. Indeed, while some legal scholars euphemistically referred to President Trump’s power 

grab as “vertical” or hyper-presidentialism (see Ginsburg 2015), these machinations resulted in a 

radical reimagining of the executive branch and how regulation is done in the US. Table 14.1 

summarizes the various measures the administration pursued under that umbrella: It outlines ten 

key mechanisms by which presidential authority was expanded at the expense of Congress, the 

courts, and independent agencies during its first year in office. Below I discuss a selection of 

these and some others.  

First, the second Trump administration recast the role of career civil servants and purged several 

of them. In a January 20th EO reinstating "Schedule F," it reclassified many long-serving 

employees as “policy/career” staff—subject to removal if they failed to “faithfully implement” 

White House priorities (Balser et al. 2025). Thousands of provisional hires were summarily fired, 

permanent staff were lured out with buyouts, and several inspectors general—Congress’s own 

embedded watchdogs—were dismissed without the statutorily required thirty-day notice. These 

moves bypassed traditional merit-system safeguards and eroded the neutral competence of the 

bureaucracy (US Congress 1946). 

Second, the White House effectively nullified the DOJ’s Office of Legal Counsel (OLC) as an 

internal check. Historically, OLC opinions had carried binding weight across the executive 

branch, subject only to review by the Attorney General or President. Instead, the administration 

sidelined OLC memoranda in favor of ad hoc White House legal memoranda, operating under 

the slogan, “If the President wants it, it’s lawful.” This collapse of independent legal review 

deepened the unitary-executive dynamic noted in the EO requiring all federal agencies to follow 

White House or Department of Justice interpretations of their own statutes and magnified the 

rhetoric-driven erosion of judicial oversight (see Seila Law LLC 2020). 

A third, pivotal shift occurred when longstanding Supreme Court precedents safeguarding 

independent-agency tenure were effectively suspended. Although Humphrey’s Executor (1935) 

had insulated multi-member commissions—like the National Labor Relations Board (NLRB) 

and the Merit Systems Protection Board (MSPB)—from at-will removal, the administration fired 

Democratic appointees to both bodies. Lower courts initially blocked those dismissals under 

Humphrey’s rule, but a divided D.C. Circuit panel reinterpreted the NLRB and MSPB as 

wielding “considerable executive power,” and thus subject to presidential removal. When the 

 
191 The reciprocal tariffs were a sweeping set of duties targeting over 90 nations and included a 

new 10% baseline on all U.S. imports, plus additional, higher duties on approximately 60 

countries, including 34% for China, 46% for Vietnam, and 49% for Cambodia. These moves 

were promptly met with retaliatory counter-tariffs from China, the EU, and Canada. 
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Supreme Court, in Trump (2025), issued an emergency stay permitting the dismissals to take 

effect, it sent an unsigned signal that Humphrey’s protections were exceptions to rather than the 

rule of Article II removal power—echoing and extending the logic of Seila Law (see Seila Law 

LLC 2020; Humphrey’s Executor 1935). And in a later emergency order, the court permitted 

removal of three Consumer Product Safety Commission members as well (Kruzel 2025). If the 

Court upholds the D.C. Circuit's reasoning, it will enshrine near-absolute presidential authority 

over bureaucratic appointments. 

Finally, beyond personnel and legal theory, the administration wielded its budgetary and 

enforcement powers like blunt instruments (see Table 14.1). It impounded congressionally 

appropriated funds in violation of the Impoundment Control Act of 1974, threatened to abolish 

the Consumer Financial Protection Bureau (CFPB), the United States Institute of Peace (USIP), 

and the National Endowment for the Humanities (NEH) without new legislation, and 

consolidated discretionary spending in the Oval Office (Impoundment Control Act 1974). 

Simultaneously, it directed federal agencies—from the Pipeline and Hazardous Materials Safety 

Administration (PHMSA) to the Office of Federal Contract Compliance Programs (OFCCP)—to 

drastically curtail or suspend enforcement actions: pausing pipeline-safety cases; stripping 

pollution-control initiatives at the Environmental Protection Agency (EPA) of funding; and 

ordering the DOE to stand down on water-efficiency standards for household appliances.  

Table 14.1 The Trump Administration’s Efforts to Consolidate Executive Power 

Mechanism Example Action 

Legal/Institutional 

Constraint 

Circumvented 

Effect on Checks 

& Balances 

Coercion of 

Private Actors 

Pressuring law firms to 

pledge pro bono work under 

threat of barring them from 

government buildings 

Violates free‐association 

and imposes extra-legal 

sanctions 

Divides elite 

professions and chills 

independent 

representation 

Political Pressure 

on Universities 

Forced resignations (e.g., 

UVA President) and shifting 

compliance demands after 

campus protests 

Undermines institutional 

autonomy 

Weakens independent 

scrutiny and campus 

free expression 

Undermining 

“For-Cause” 

Protections 

Summary firing of NLRB 

Chair Gwynne Wilcox 

despite Humphrey’s Executor 

precedent requiring “for-

cause” removal 

Contradicts Humphrey’s 

Executor v. U.S. (1935) 

Threatens insulation 

of independent 

agencies from 

political whims 

Unitary-Executive 

Orders 

EO directing agencies to 

follow White House/AG legal 

interpretations of their 

organic statutes 

Erodes Chevron deference 

and agency expertise 

Centralizes rule-

making authority in 

the President 

Impoundment of 

Appropriations 

Withholding funds Congress 

has appropriated (violates the 

Impoundment Control Act of 

1974) 

Violates Impoundment 

Control Act 

Shifts budget power 

from Legislature to 

President 
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Mechanism Example Action 

Legal/Institutional 

Constraint 

Circumvented 

Effect on Checks 

& Balances 

Dismantling 

Independent 

Entities 

Attempts to abolish CFPB, 

U.S. Institute of Peace, NEH 

without new legislation 

Circumvents congressional 

“take-care” and 

appropriation functions 

Weakens legislative 

oversight of federal 

programs 

Removal of 

Inspectors 

General 

Firing multiple IGs charged 

with agency oversight 

Violates statutes protecting 

IG independence 

Eliminates internal 

watchdogs and 

reduces transparency 

Tariffs via 

Emergency 

Declarations 

Unilateral imposition of steep 

tariffs on allies citing 

“national emergency” 

Circumvents Trade Act 

constraints and 

congressional oversight 

Concentrates foreign-

policy & trade 

powers in the 

executive 

Rhetorical 

Undermining of 

Courts 

Public attacks on judicial 

orders and slow compliance, 

coupled with elimination of 

universal injunctions 

Erodes judicial ability to 

protect broad classes of 

litigants 

Weakens the 

judiciary’s practical 

check on executive 

action 

Foot‐Dragging on 

Court Orders 

Delayed or partial compliance 

with injunctions (e.g., 

deportation reversal of 

Kilmer Ábrego García) 

Runs against district/circuit 

rulings; exploits narrowing 

of injunctions 

Undermines timely 

judicial enforcement 

and remedies 

 

Notes: Each row in the table corresponds to a discrete mechanism by which the second Trump 

Administration “vertically consolidated” power—expanding executive control over personnel, 

rule-making, budgeting, enforcement, and judicial review. The selection criteria included only 

those actions that involved a clear executive act (executive order, firing, directive, or litigation 

strategy), bypassed or challenged an existing statutory or constitutional check, and affected either 

internal agency autonomy or external private actors. The mechanisms are grouped conceptually 

across several categories: personnel control (rows 1–3), legal-jurisprudential control (rows 4, 9–

10), budgetary authority (row 5), agency structure (row 6), watchdog removals (row 7), trade and 

emergency powers (row 8), and enforcement roll-backs (row 10 extension). The evidence base 

for each entry draws on contemporaneous executive orders, federal statutes, major Supreme 

Court and D.C. Circuit decisions, and documented agency memos or reports. Wherever possible, 

primary legal sources were used, while enforcement-drop metrics rely on internal agency 

dashboards and credible press accounts.  

Sources: Bravin and Timiraos (2025); Chevron U.S.A. Inc. (1984); Free Enterprise Fund (2010); 

Ginsburg (2025); Humphrey’s Executor (1935); Impoundment Control Act (1974); Loper Bright 

Enterprises (2024); Office of Management and Budget (2003); Seila Law LLC (2020); US 

Congress (1946); US Congress (1962); EPA (2022). 

 

The second Trump administration also adopted a broad “don’t enforce” strategy across multiple 

departments. PHMSA initiated only five safety-violation cases—a 92 percent drop from the 

same period in Trump’s first term—after a new legal directive required all enforcement actions 

to be routed through a single official (Cantwell 2025). EPA enforcement also declined 

significantly, with watchdogs reporting a sharp drop in new civil and criminal cases initiated by 
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the agency (Na 2025). At the Department of Labor’s Office of Federal Contract Compliance 

Programs (OFCCP), staff were ordered to “cease and desist” enforcement under EO 11246 (U.S. 

Department of Labor 2025), despite binding civil-rights mandates, following Secretary’s Order 

03-2025 (Mitchell and Trotta 2025). The DOE was instructed to halt implementation of 

longstanding water- and energy-conservation standards for household appliances, including 

tankless water heaters and air conditioners (NAHB 2025). Internal directives empowered 

political appointees to override or reprimand career enforcement officers deemed to have “over-

enforced” regulations (Cantwell 2025). Critics argued these directives violated the APA and 

amounted to an unprecedented assertion of unilateral executive power, chilling enforcement and 

leaving vital protections dormant (Callahan et al. 2025). 

But there were Offsetting Pressures in Favor of CBA  

There is an argument to be made that there are real limits to the second Trump administration’s 

attempts to weaken independent agencies, disregard CBA, and succeed in its attempt to 

circumvent orthodox administrative procedures. As Table 14.1 shows, in 2024 the Supreme 

Court overruled the four‑decade‑old Chevron deference doctrine (see Chevron U.S.A. Inc. 1984), 

holding that, instead, judges must independently interpret ambiguous statutes rather than defer to 

an agency’s “reasonable” reading of the law (Loper Bright Enterprises 2024). Specifically, this 

ruling empowers courts to decide for themselves whether an agency’s interpretation of 

ambiguous statutory text aligns with Congress’s intent—so agencies can no longer rely on a 

“reasonable” interpretation safe harbor. Moreover, under the major‑questions doctrine affirmed 

in West Virginia (2024), any rule with vast economic or political significance now demands 

“clear congressional authorization” before it can proceed.192  

Together, these two watershed changes may ironically end up strengthening the cost benefit 

approach to policymaking in some ways. Future CBAs may be more firmly grounded as they 

will have to not only quantify benefits and costs, but also to map those quantitative findings back 

to unmistakable statutory language. Agencies will have to build a dual record—showing that (1) 

the economic trade‑offs favor regulation and (2) the statute unambiguously empowers them to 

act on those trade‑offs (Barczewski 2025). Judges, in turn, will have to scrutinize the CBA as a 

piece of evidence about the rule’s net societal effect and to evaluate the agency’s fidelity to 

Congress’s design. The upshot is that cost–benefit analysis may become a central battleground in 

judicial review rather than a mere internal checkpoint (Sunstein 2024). 

Along these lines, consider that the “major questions” doctrine (limiting agencies’ ability to 

assert sweeping power without clear congressional authorization) and the rollback of Chevron 

deference (no longer forcing courts to defer to agency interpretations of ambiguous statutes) 

were wielded against the second Trump administration early in his second term.193 Lower courts 

used the major questions doctrine to block Trump’s freezes on spending for Biden’s Inflation 

 
192 In EPA (2022), the Court formally invoked the “major‑questions” doctrine for the first time—

requiring agencies to show clear congressional authorization before regulating matters of vast 

economic and political significance—and struck down the Clean Power Plan on the ground that 

Congress had not plainly granted the EPA such sweeping power. 
193 This paragraph draws closely on Bravin and Wolfe 2025. 
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Reduction Act and other signature programs, as well as to enjoin White House orders targeting 

“woke” initiatives and foreign-aid funding (New York 2025). In May of 2025, a three‐judge 

panel of the U.S. Court of International Trade unanimously struck down Trump’s global tariffs, 

imposed under the International Emergency Economic Powers Act (IEEPA). The court held that 

IEEPA authorizes targeted sanctions to address specific foreign threats, not the broad 

“blunderbuss” use of tariffs to pressure countries on assorted policy goals. It invoked both the 

major questions doctrine and Loper Bright v. Raimondo (2024), which curtailed Chevron 

deference (see Chevron U.SA. Inc. 1984). Portions of that ruling were later stayed on appeal and 

the Supreme Court heard consolidated oral argument on November 5, 2025 (see Knauth and 

Wiessner 2025; U.S. Supreme Court 2025). 

The Return of Populist Antitrust 

In Chapter 7 of the book, I laid out the political economy and history of the Rule of Reason 

approach to antitrust. I discussed how changes to U.S. antitrust law catalyzed the rise of digital 

platforms and AI. There, I traced its evolution from early 20th Century populist approaches, 

which sought to curb corporate dominance through per se prohibitions of various business 

strategies, to the adoption of the consumer welfare standard via the Rule of Reason approach 

(Bork 1978). Contrary to the conventional narrative attributing this shift to the Chicago School, 

however, the chapter argued that it was primarily driven by courts and policymakers responding 

pragmatically to the complexities of real-world cases, decades before intellectuals such as Bork, 

Stigler, and Posner warned against capricious government intervention. Antitrust decision-

makers, faced with concrete challenges, increasingly drew on insights from price theory, 

industrial organization, game theory, and Schumpeterian economics, leading to a more nuanced 

understanding of market power, efficiency, and innovation. As antitrust decision-makers worked 

to refine market definitions and analytical tools to address the distinct dynamics of network 

effects and data-driven business models, these insights were then applied to multisided platforms 

like Google, Facebook, and Amazon. 

The neo-Brandeisian antitrust movement, which perhaps reached its apogee during the Biden 

administration, seeks to replace the traditional consumer welfare standard with a broader 

mandate that focuses on protecting competition itself, emphasizing the dangers of “bigness” in 

both economic and political terms. Proponents argue that the original intent of antitrust laws was 

to limit the concentration of corporate power, a focus they believe has been lost. Lina Khan, a 

prominent figure in this movement and the FTC Chairperson under President Biden, argued in 

her influential article, “Amazon’s Antitrust Paradox,” that the narrow focus on consumer prices 

has allowed monopolistic practices to flourish (see Khan 2017). This view, shared by other neo-

populists like Tim Wu, suggests that the sheer size of tech companies can pose a threat to the 

balance of power between government and private entities, regardless of their immediate effect 

on prices (see Wu 2018). 

While anti-Big Tech sentiment may reflect legitimate concerns about accountability and 

power—such as the potential for algorithmic bias, the concentration of data in the hands of a few 

companies, and the impact of misinformation on democracy—some antitrust enforcers have 

recast themselves as populist champions of “the little guy,” demonizing scale per se rather than 

focusing on measurable harm to consumer welfare. This shift is embodied in Wu’s (2018) view 
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that certain forms of monopolistic behavior, vertical restraints, exclusive dealing, and specific 

instances of vertical integration should be treated as inherently anticompetitive and harmful to 

democracy, and should therefore be considered illegal per se.  

This is far from an academic concern, as the resurgence of this populist approach garnered 

bipartisan support across the first Trump administration and Biden administration. The House 

Judiciary Committee’s 2020 report on Big Tech called for a sweeping overhaul of antitrust law, 

and politicians from Democratic Senator Elizabeth Warren to Republican Senator Josh Hawley 

criticized the economic and cultural power these companies wield (see US House Judiciary 

Committee 2020). This emerging consensus helped legitimize a slew of antitrust actions and was 

embodied in the 2023 Merger Guidelines, which place far greater scrutiny on mergers that could 

increase market concentration, create an “entrenchment” of a dominant firm, or cause non-price 

harms to labor markets. 

Neo-populism of this sort does violence against the Rule of Reason approach to evaluating 

competitive effects on a case-by-case basis, even if it does so when adjudging large corporations 

with considerable market power. It marks a clear departure from the more technocratic, 

evidence-driven era of antitrust enforcement that dominated from 1979 through 2019. Indeed, in 

2023, a bipartisan coalition of 17 former FTC and DOJ chief economists publicly denounced the 

Biden administration’s merger guidelines for flouting “consensus economic understanding,” 

noting that the rules do not even cite the still-binding consumer-welfare test used by the courts 

(Baker et al. 2023). 

Practically-speaking, this ideological battle resulted in two co-existing—and sometimes 

colliding—enforcement paradigms. On one hand is the traditional, evidence-driven 

“technocratic” school, which zeroes in on measurable consumer-welfare harm and advocates for 

the Rule of Reason (see Chapter 7 of the book). On the other is the neo-Brandeisian or “populist” 

school, which treats corporate size and power as inherently suspect and often pushes for 

structural remedies like breaking up firms. Many of the recent cases against Big Tech firms 

represent a “hybrid” approach, blending detailed economic proof with broader concerns over 

platform power. Table 14.1 compares antitrust lawsuits brought against digital platform-owning 

technology companies during the late 2010s and early 2020s and places them in these different 

categories; I discuss the major cases below. 

Major Lawsuits Against Big Tech Firms 

The FTC’s investigation into Amazon is a prime example of the populist approach. The 

commission’s inquiries, which culminated in a lawsuit filed in September 2023, focused on the 

dangers of platform power, such as Amazon’s alleged use of third-party seller data to launch 

competing products and its acquisition of MGM to entrench its dominance (see FTC 2020a; 

Amazon.com, Inc. 2023: 3). These actions were targeted as presumptively anticompetitive, 

reflecting a focus on Amazon’s size and vertical integration, rather than a need to quantify 

specific price harms to consumers. Separately, in September 2025 Amazon agreed to a $2.5 
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billion settlement with the FTC, consisting of both a civil penalty and consumer refunds) over 

Prime sign-up “dark patterns” (FTC 2025b).194 

Another example along these lines is the FTC’s December 2022 lawsuit to block Microsoft’s 

acquisition of Activision Blizzard (see Microsoft, Corp and Activision Blizzard, Inc. 2023). The 

FTC argued that the merger would harm competition in the gaming industry by giving Microsoft 

an unfair advantage in its Xbox console and cloud gaming services. However, the court 

ultimately ruled against the FTC in July 2023, allowing the merger to proceed. 

Similarly, the FTC’s December 2020 lawsuit against Facebook (Meta) advances a populist claim 

that its buying Instagram (2012) and WhatsApp (2014) were “killer acquisitions” meant to 

neutralize nascent rivals and maintain its monopoly in social networking. The remedy sought—a 

full unwind of the deals—echoes neo-Brandeisian calls to break up bigness itself, even without 

direct evidence of price increases or output reduction for consumers (see Facebook, Inc. 2020). 

The DOJ’s multi-front assault on Google showcases a more hybrid approach.  

The first lawsuit, filed in 2020, accused the company of unlawfully maintaining its dominance in 

search through exclusionary agreements, most notably its multi-billion-dollar deal with Apple to 

be the default search engine on the iPhone. While the case leaned on technocratic evidence, the 

DOJ’s framing invoked populist fears, highlighting “the dangers of allowing a single company to 

control a critical gateway to information” (Google LLC 2024: 12). In late 2024, a court found 

Google liable; in September 2025, the court issued its remedies decision, forbidding Google 

from making agreements that force partners to give Google the same or better terms than any 

other search provider gets, and restricting deals that make Google the default search engine on 

devices (Mehta 2025). 

A second case targeted Google’s advertising technology business, and in April 2025, a court 

found Google had violated the Sherman Act and the case proceeded to a remedies phase through 

fall 2025 (see Google LLC 2025). Anticipating a potential forced breakup, by late 2025 Google 

had already begun restructuring its ad tech unit to operate more independently and was pushing 

into new markets like streaming-video ad sales (Perloff 2025).  

A third effort, to force Google to divest its Chrome browser and Android operating system, the 

courts rejected structural breakup, opting for conduct remedies instead (see Swain 2025). In a 

notable divergence from the U.S. approach, however, European regulators took a much harder 

and earlier line against these practices. While rooted in traditional theories of monopoly 

leveraging, the EU's crackdown on Android strongly aligned with the goals of the emerging neo-

populist movement rather than the consumer-welfare standard alone. In a landmark 2018 

decision, the European Commission ruled that Google's mandatory bundling of its apps was 

 
194 “Dark patterns” are user-interface design choices crafted to coerce or trick consumers into 

making decisions that benefit the company at the user's expense. In its complaint against 

Amazon, the FTC alleged the company used such manipulative designs to enroll consumers in 

Prime without their consent (known as "non-consensual enrollment") and to make the 

cancellation process intentionally difficult. 
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illegal, finding that the company had abused its market power to unfairly stifle competition from 

rival search engines and browsers. In its decision, the European Commission levied a record 

€4.34 billion fine against Google. The Commission found that Google had illegally tied its 

Chrome browser and Google Search app to the license for its essential Google Play Store. As a 

remedy, Google was forced to unbundle its services in Europe, allowing manufacturers to license 

its app store without being forced to pre-install and give default status to Google's other products 

(see European Commission 2018).195 

Apple faced antitrust scrutiny for its App Store practices, most notably in a lawsuit brought by 

Epic Games, which also represents a hybrid approach. The suit relied on consumer-welfare 

economics to challenge a powerful tech gatekeeper—a core concern of the neo-populist 

movement, which argues that such platform owners unfairly disadvantage competitors and limit 

consumer choice (Nicas and Wakabayashi 2020). Epic accused Apple of monopolistic practices 

by forcing developers to use its payment system and charging a 30% commission.196 After years 

of litigation, in April–May 2025, the court enforced the injunction requiring Apple to allow 

external payment links and ruled that Apple remained in violation until it fully complied.197  

In contrast to these broad, populist challenges, the traditional “technocratic” approach to antitrust 

also persisted, focusing on classic economic evidence to prove direct, measurable harm to 

consumer welfare. The Supreme Court’s decision in Apple Inc. (2019b) is a prime example. The 

case did not hinge on Apple's size or its gatekeeper power, but on a highly technical 

interpretation of antitrust standing and overcharge theory, ultimately allowing a class-action 

lawsuit from consumers to proceed on narrow economic grounds. Similarly, the DOJ’s case 

against “Google’s ad-tech” business was a deeply technocratic affair. The government’s 

arguments relied on sophisticated market-share data and complex economic models to prove that 

Google’s practices had foreclosed competition and harmed publishers and advertisers (Google 

2025c). In both instances, the legal arguments were rooted in measurable economic effects, 

standing apart from the broader political concerns about corporate power that animate the 

populist movement. 

 
195 The General Court largely upheld the Android decision in Sept. 2022, and in June 2025 the 

Advocate General recommended that the Court of Justice dismiss Google’s appeal (see European 

Commission 2022 and Kokott 2025). 
196 The DOJ also asked a court to void Apple’s multi‑billion‑dollar agreement with Google—

under which Google pays to remain Safari’s default search engine—on competition grounds. If 

the DOJ succeeds, Apple could lose nearly 20% of its operating profit, according to Bank of 

America estimates, forcing the company to rethink one of its most lucrative streams of “rental 

income” from its tightly controlled ecosystem (Winkler and Rattner 2025). 
197 Within days of the ruling, multiple apps added external-payment options. However, most 

consumers continued to use Apple’s in-app payments, since redirecting to an external website 

required leaving the App Store and entering payment details. And while some developers 

incentivized outside payments with discounts, others remained cautious, fearing Apple might 

retaliate by downgrading App Store search rankings or withholding features from apps that avoid 

its commissions; moreover, Apple appealed the court decision, though a federal appeals court 

refused a stay of the order (on all these points see Tilley 2025b). 
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Finally, consider the government’s complaints against Meta. The FTC’s non-merger case against 

the company began in December 2020, alleging that Facebook illegally maintained monopoly 

power in “personal social networking” by acquiring nascent rivals Instagram (2012) and 

WhatsApp (2014); after an initial dismissal, the FTC refiled an amended complaint in 2021 and 

the case proceeded to trial in 2025 (see FTC 2020b). However, in a major setback for breakup-

oriented enforcement, a federal court rejected the FTC’s bid to force Meta to divest Instagram 

and WhatsApp in November of that year, holding that the agency failed to prove Meta currently 

holds monopoly power in a properly defined market and noting competition from platforms like 

TikTok and YouTube. In other words, the ruling left Meta’s 2012 and 2014 acquisitions intact; it 

also underscored that despite the executive branch’s overt flirtation with populism during the 

early 2020s, courts continued to prefer “conduct remedies” or narrow relief over structural 

divestiture in fast-moving digital markets (Meta Platforms Inc. 2025c). 
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Table 14.1 Big Tech Antitrust Cases and Hybridity  

Case Date / Court Core Allegation Evidence & Theory Remedy Sought Antitrust 
Philosophy 

Epic Games v. 
Apple 

2020 (N.D. Cal. trial; 
2021 9th Cir. 
appeal) 

Apple’s 30% 
in-app-purchase 
“tax” and 
gate-keeping of 
App Store 
distribution 
constitute a 
monopoly on iOS 
app commerce. 

App Store policies; 
developer/deployment 
data; internal Apple 
memos on “walled 
garden”; 
Rule of Reason 
showing foreclosure of 
rival payment 
systems. 

Injunctions forcing 
Apple to allow 
alternative in-app 
payment and 
third-party app 
stores on iOS. 

Hybrid: relies on 
consumer-welfare 
economics (harm 
to developers & 
consumers) but 
also taps populist 
“big tech 
gatekeeper” 
rhetoric. 

Apple v. Pepper 2019 (U.S. Supreme 
Court) 

iPhone owners, as 
“direct 
purchasers,” can 
sue Apple for 
monopolistic 
over-pricing of 
apps. 

Apple’s commission 
structure; 
pass-through pricing 
data; statutory “direct 
purchaser” standing 
analysis. 

Class-action 
damages against 
Apple if monopoly 
found. 

Technocratic: 
focuses narrowly 
on classical 
antitrust standing 
and overcharge 
theory under the 
Clayton Act. 

DOJ v. Google 
(Ad-Tech) 

Aug 2024, D.C. 
District Court 

Monopoly in 
ad-tech: 
exclusionary 
agreements 
making Google the 
“default” ad-seller 

Detailed market-share 
data, price-impact 
studies, internal 
documents on 
exclusivity deals; 
Rule-of-Reason 
analysis of harm to 
publishers and 
advertisers 

Divestiture of key 
ad-tech units; 
injunctions on 
default-setting 
practices 

Technocratic: 
consumer-welfare, 
evidence-driven; 
judge applied 
classic economic 
metrics to define 
market and assess 
foreclosure effects 
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DOJ v. Google 
(Search) 

Filed Oct 2020; 
hearings mid-2025, 
D.C. 

Monopoly in 
search services & 
search ads via 
default-search 
deals (Chrome, 
Apple iOS, 
Android) 

Browser-usage stats; 
consumer-survey 
evidence; documents 
on partner payments; 
dynamic-competition 
analysis under Rule of 
Reason, “major 
questions” concerns 

Divestiture of 
Chrome browser; 
limits on 
default-search 
accords 

Hybrid: formally 
technocratic 
(price, output, 
data); DOJ’s 
framing (“gateway 
to information”) 
and talk of “critical 
infrastructure” 
invoke populist 
fear of 
concentration 

FTC v. Meta 
Filed Dec 2020, 
pending in D.C. 
Circuit 

Anticompetitive 
acquisitions 
(Instagram 2012, 
WhatsApp 2014) to 
neutralize nascent 
rivals 

Internal strategy 
memos; 
counterfactual 
“would-have-grown” 
analyses; 
consumer-welfare 
projections; testimony 
on barriers to entry 

Unwind Instagram 
& WhatsApp deals; 
injunctions on 
future M&A 

Populist: centers 
on bigness and 
threat to 
competition itself; 
seeks structural 
breakup even 
absent proven 
price rises or 
output reduction 
(per se-style 
remedy) 

 

Notes: this table provides a comparative analysis of major antitrust actions against digital platforms; it is organized to highlight each 

case's procedural status, legal arguments, evidence, and proposed remedies. The columns present: the case identification with date and 

court; a summary of the alleged monopolistic conduct; the key evidence and economic theory supporting the claims; the specific 

remedies requested to restore competition; and a classification of the case's underlying antitrust philosophy as “Technocratic” 

(consumer welfare-focused), "Populist" (concerned with size and power), or “Hybrid.” Readers can use this chart to understand not 

only the specific allegations against each platform, but also to discern whether enforcers are emphasizing detailed economic proof or 

broader structural arguments about market power, reflecting either traditional consumer-harm frameworks or neo-populist approaches 

focused on curtailing corporate size and influence. 

Sources: see the text. 
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Patrimonial Antitrust Enforcement 

If neo-Brandeisian antitrust re-centers ideas about bigness, early in the second Trump 

administration a patrimonial mode of enforcement surfaced, in which outcomes appear to hinge 

less on neutral rules and more on proximity to political power and "national champion" status. 

While the formal docket still moved forward in terms of Section 2 cases and merger challenges, 

there was an unmistakable rise in lobbying efforts by well-connected defendants to curry 

favorable settlement terms or selective forbearance. 

 

This dynamic was epitomized by the administration's pivot on Google. While the DOJ’s case 

continued, President Trump publicly questioned the wisdom of a structural breakup, arguing that 

destroying such a "powerhouse" would only benefit China. "China is afraid of Google," he noted, 

suggesting that the firm’s scale was a strategic national asset that should be disciplined for 

"fairness" rather than dismantled (see Weiss and Tangalakis-Lippert 2024). This marked a shift 

from consumer welfare to mercantilist welfare, where monopolies are tolerated if they serve 

national (or political) interests. Similarly, the administration’s reversal on the TikTok ban, 

following engagement with major donor Jeff Yass, underscored that regulatory threats could be 

dissolved through transactional alliances (see Kim and Ibssa 2024). 

 

The Meta litigation discussed in the last row of Table 14.1 further crystallizes this dynamic. On 

the one hand, the company pressed a classic competitive-constraints defense—framing TikTok 

and YouTube as vigorous rivals. On the other, it undertook highly visible gestures to placate the 

new political equilibrium, paring back diversity initiatives and relaxing content moderation. This 

dual strategy bore fruit on November 19, 2025, when a federal court formally rejected the FTC’s 

bid to break up the company, ruling the agency failed to prove a monopoly in "personal social 

networking" (Meta Platforms. Inc. 2025c). The ruling left Meta’s empire intact, reinforcing the 

perception that in the patrimonial era, the most effective antitrust defense may be a combination 

of legal delay and political alignment. 

 

U.S. Regulation of A.I. 

 

As this section of the appendix has made clear, right out of the gate, the second Trump 

Administration emphasized maintaining and extending American dominance in A.I., with the 

goal of building “the most powerful AI systems” on U.S. soil (Trump 2025). The administration 

viewed stringent rules as potential innovation strangling, criticizing the EU’s Digital Services 

Act (Shapero 2025). To secure this deregulated environment, the administration supported 

Congressional efforts to preempt state-level AI laws (Quinlan 2025). Following the failure of a 

10-year moratorium proposal in July 2025, House Republican leaders actively considered 

attaching broad preemption language to the National Defense Authorization Act (NDAA), 

arguing that a patchwork of state regulations threatened national security and American 

competitiveness (Mondeaux 2025). This push culminated in late November 2025, when House 

Republicans formally circulated—and the White House quietly advanced—a draft executive 
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order and NDAA amendment package to preempt state AI laws, including an “AI Litigation 

Task Force” and funding levers to pressure non-compliant states (Alder 2025).198 

 

As outlined above, the US federal government’s light approach to AI also fell short of the 

strictures associated with the CDP. Given the fact that, since 2017, AI regulation by federal 

agencies has leaned heavily on nonbinding guidance—like NIST’s AI Risk Management 

Framework or DHS’s voluntary standards for facial recognition (NIST 2023)—these measures 

were accompanied by little formal OIRA review or economic impact analysis despite potentially 

significant effects on industry practices and sectoral norms. White House AI executive orders 

and emergency technology controls (e.g., export controls on AI chips, Section 1758 authority) 

have been justified on national security grounds, thus bypassing traditional open regulatory 

processes (BIS 2023).  

 

It is in these policy interstices where high‑profile litigation unrelated to AI‑specific statutes, but 

that deeply implicates AI, has bubbled to the surface. An example is the pioneering class‑action 

lawsuit Mobley (2025), where a job applicant alleged that Workday’s AI‑driven hiring tool 

systematically rejected his applications for over eighty positions based on race, age, and 

disability. What makes this lawsuit particularly significant is its legal foundation. First, rather 

than proceeding as a tort claim, it constitutes a federal civil‑rights action under established 

statutes including the Age Discrimination in Employment Act, Title VII, and the Americans with 

Disabilities Act. Second, the court held that Mobley had plausibly alleged that Workday, as an 

AI vendor, could be treated as an “employer” under these statutes via agency theory, because its 

tools allegedly performed traditional hiring functions such as screening and rejecting 

applicants—even though Workday did not directly employ the affected individuals (Mobley 

2025; Tyman 2024). The implication is that, even as comprehensive AI legislation stalls at the 

federal level, courts can still constrain AI applications by applying existing civil‑rights statutes 

and agency doctrines to vendors whose tools perform core decision‑making functions. 

 

The absence of a comprehensive federal law regulating AI also created a vacuum that states 

rushed to fill, resulting in a fragmented regulatory landscape. By late 2025, 47 states had enacted 

laws specifically targeting deepfakes, focusing on election interference and nonconsensual 

pornography (Bonatesta 2025). Beyond these commonalities, however, local political priorities 

drove a diverse array of specific mandates. In Texas, the legislature enacted the "Responsible AI 

Governance Act," which explicitly bans government agencies from using AI for "social 

scoring"—a direct response to populist concerns about algorithmic bureaucracy (Nahra et al. 

2025). Utah and Tennessee focused on consumer deception and creative rights; Utah’s "AI 

 
198 By late 2025, however, this federal push for deregulation faced a surprising political backlash 

from within President Trump’s own coalition. A growing rift emerged between the 

administration's "innovation-first" alliance with tech billionaires and populist Republicans who 

viewed unchecked AI as a threat to workers and families (De Vynck 2025). Prominent GOP 

leaders, including Governors Ron DeSantis and Sarah Huckabee Sanders and Senator Josh 

Hawley, actively opposed the White House's preemption efforts, arguing that blocking state-level 

AI regulation would surrender sovereignty to "massive companies that have hugely concentrated 

power" (ibid.). This "MAGA rift" created a strange bedfellows dynamic where populist 

conservatives aligned with progressive Democrats to demand stricter guardrails. 
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Policy Act" mandates clear disclosure when a human is interacting with an AI chatbot (Levi et 

al. 2024), while Tennessee’s "ELVIS Act" created the nation's first protections against 

unauthorized AI cloning of a musician's voice (Damle et al. 2024). In California, SB 53 

established robust whistleblower protections for employees at frontier AI labs (Tene et al. 2025). 

In Ohio, Republican lawmakers introduced a novel bill to legally define AI as "non-sentient," 

explicitly banning humans from marrying AI systems to forestall any future claims of 

algorithmic personhood (Landymore 2025). 

 

Privacy and Data Security 

 

In this spirit, data privacy in the U.S. is primarily addressed at the state level.199 This has resulted 

in a complex patchwork of regulations that range from strict to lax.200 State laws include 

provisions for data access, deletion, and opt-out rights regarding the sale or sharing of personal 

information (Solove and Schwartz 2021). Most US states have limited or sector-specific privacy 

laws, such as laws focused on education and employment. Many states still lack comprehensive 

data privacy legislation, leaving residents with fewer protections. For its part, California boasts 

comprehensive consumer privacy protections granting residents significant control over their 

personal data. 

 

In this spirit, by 2025, the most “successful” example of a standalone state level attempt to 

regulate AI was perhaps in the realm of biometrics: Illinois’ Biometric Information Privacy Act 

(BIPA) is an atypically stern state law that requires companies to obtain written consent before 

 
199 To be sure, at the federal level there are specific laws about privacy focusing on areas like 

healthcare (HIPAA) or financial information (GLBA) and data security that matter for AI. In 

healthcare settings, for example, AI impacts patient care documentation by transcribing and 

summarizing doctor-patient interactions for electronic health records, with potential expansion 

into preliminary diagnoses. This application faces stringent regulatory requirements under 

HIPAA and similar federal laws, necessitating careful attention to patient consent, data 

encryption, and sharing limitations. Privacy around medical issues at the federal level remains 

the exception to the rule, however. 
200 States with consumer privacy laws in 2025 include California: California Consumer Privacy 

Act (CCPA), Virginia: Virginia Consumer Data Protection Act (VCDPA), Colorado: Colorado 

Privacy Act (CPA), Connecticut: Connecticut Data Privacy Act (CTDPA), Utah: Utah Consumer 

Privacy Act (UCPA), Iowa: Iowa Consumer Data Protection Act (ICDPA), Indiana: Indiana 

Consumer Data Protection Act, Tennessee: Tennessee Information Protection Act (TIPA), Texas: 

Texas Data Privacy and Security Act (TDPSA), Florida: Florida Digital Bill of Rights (FDBR), 

Montana: Montana Consumer Data Privacy Act (MCDPA), Oregon: Oregon Consumer Data 

Privacy Act (OCPDA), Delaware: Delaware Personal Data Privacy Act (DPDPA), New 

Hampshire: New Hampshire Privacy Act (NHPA), New Jersey: New Jersey's Act Concerning 

Online Services, Consumers, and Personal Data (NJDPA), Kentucky: Kentucky Consumer Data 

Protection Act (KCDPA), Nebraska: Nebraska Data Privacy Act (NDPA), Rhode Island: Rhode 

Island Data Transparency and Privacy Protection Act (RIDPA), Maryland: Maryland Online Data 

Privacy Act (MODPA), and Minnesota: Minnesota Consumer Data Privacy Act (MNDPA). 
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collecting biometric data like fingerprints or face scans.201 Unlike many privacy laws, BIPA 

allows individuals to sue for statutory damages of $1,000 to $5,000 per violation (see Illinois 

General Assembly 2008). In 2023, the Illinois Supreme Court interpreted "per violation" to mean 

every single time a person’s data was scanned (e.g., every time an employee clocked in) (see 

Cothron 2023). Because this created the potential for "ruinous" liability—the fast-food chain 

White Castle, for instance, faced an estimated $17 billion judgment for a class of just 9,500 

employees (Brown 2023)—a 2024 amendment fixed this by clarifying that repeated scans of the 

same person count as a single violation, drastically lowering the liability cap while preserving 

the core privacy mandate (Nahra et al. 2025). Nonetheless, even with this reform, BIPA remains 

the most potent legal check on the deployment of commercial AI in the United States (Hartzog 

2020). This has significantly influenced companies to adopt strict consent protocols to avoid the 

risk of non-compliance and potential legal consequences; for example, Clearview AI ceased its 

contracts with non-law enforcement entities in Illinois specifically to avoid penalties under the 

Act (ibid). 

 

Yet, while these targeted laws proliferated, broad "comprehensive" AI regulation faced stiff 

headwinds beyond the federal government’s attempt to muzzle state level initiatives. In 

California, Governor Newsom vetoed the controversial SB 1047, which would have mandated 

"kill switches" for frontier models, arguing it would stifle the state's innovation economy 

(Montgomery and Bhuiyan 2024). Similarly, Colorado passed the nation's first comprehensive 

AI Act but, following intense industry pushback, was forced to delay its implementation until 

mid-2026 (Schwartz et al. 2025). This dynamic left the U.S. with a "bifurcated" reality: 

aggressive state-level policing of specific harms like deepfakes and voice cloning, but a stalled 

attempt to regulate the fundamental technology itself. 

 

Liability Issues Around AI 

 

During the Third Industrial Revolution, the U.S. exhibited considerable leniency when regulating 

new digital technologies, often relying on existing law and after-the-fact litigation to handle 

harms. As already explained in this book manuscript, internet platforms enjoy broad immunity 

due to Section 230, which, since 1996, “immunized online intermediaries from liability for 

content posted by others” (US Congress 1996), enabling online speech and commerce to flourish 

without constant lawsuits. This hands-off approach treated tech intermediaries not as the speaker, 

but as neutral platforms. 

 

As I explained in Chapter 8 of the book, while Section 230 of the U.S. Communications Decency 

Act historically provided safe harbor for online platforms, this protection does not extend to A.I.-

 
201 While BIPA does not explicitly use the term "Artificial Intelligence," it is functionally one of 

the most consequential AI regulations in the country. This is because modern biometric 

systems—such as facial recognition, iris scanning, and voiceprint analysis—are powered almost 

exclusively by computer vision and machine learning algorithms (GovFacts 2025). These AI 

models work by ingesting physical characteristics, converting them into mathematical vectors 

(templates), and matching them against databases (ibid). By strictly regulating the collection of 

the necessary input data (the biometrics), BIPA effectively regulates the deployment of the AI 

systems that rely on that data to function (Bryan et al. 2022). 
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generated content, as it represents new material created by the A.I. system rather than third-party 

content merely hosted on a platform. Indeed, it may not necessarily extend to all algorithmically 

amplified content produced by third parties. Specifically, some rulings leading up to 2025 

signaled a potential shift as they seemed to narrow Section 230's protections and exposed 

platforms to greater accountability for algorithmic harms.  

 

In Malwarebytes (2020), Malwarebytes, a cybersecurity firm, flagged Enigma's software as 

"malicious," effectively blocking it from users' computers. Enigma, which is also involved in 

cybersecurity, sued, arguing this was not a good-faith effort to protect users but an 

anticompetitive move to sabotage a business rival. In its defense, Malwarebytes invoked the 

specific part of Section 230 designed to protect services that filter "objectionable" content. After 

a series of appeals, courts ultimately decided that this protection is not absolute. They ruled that 

the law's "good faith" requirement has real teeth: if a platform's decision to block content is 

motivated by anticompetitive malice rather than user safety, it could lose its immunity and be 

sued for making a false statement.  

 

The case drew national attention when Supreme Court Justice Clarence Thomas, in a rare 

statement accompanying the Court's decision not to hear the appeal, signaled his own skepticism 

about the broad immunity platforms enjoy, suggesting courts had interpreted the law too 

generously. Between the ultimate decision and Thomas’s unusual unsolicited decision to weigh 

in on Section 230 jurisprudence generally, The Malwarebytes saga established that a platform's 

motives for moderation matter, creating a precedent that its legal shield can be challenged if it's 

used as a pretext to harm competitors.  

 

Similarly, in Anderson (2024), the Third Circuit Court of Appeals departed from typical Section 

230 jurisprudence by reversing a lower court's dismissal when a 10-year-old died attempting 

TikTok's algorithmically promoted "Blackout Challenge." The court reasoned that TikTok's 

algorithm wasn't merely a "neutral conduit" but actively pushed deadly content to a vulnerable 

minor—conduct the court likened to TikTok "telling" the user to attempt the challenge, drawing 

on First Amendment precedents to classify recommendations as the platform's own expressive 

activity (not third-party content protected by Section 230). As of 2025, the ruling stood, but was 

under petition for further review, potentially signaling a broader erosion of algorithmic 

immunity. 

 

Finally, a 2021 case involving then-President Trump’s Twitter account, Biden (2021), upped the 

Section 230 skepticism ante when the US’s highest court weighed in on whether some platforms 

were public squares that should abide by rules governing public access. While the Supreme 

Court declared that the specific dispute in the case—whether President Trump’s blocking of 

critics on his Twitter account was an unconstitutional violation of their First Amendment 

rights—was moot because Trump was out of office, Justice Thomas used the occasion to write a 

separate concurring opinion, where he warned that an “unprecedented” amount of control over 

public speech was now concentrated in the hands of a few dominant digital platforms. He then 

outlined two long-standing legal frameworks that could be used to regulate these platforms. He 

suggested they could be treated as “common carriers,” like telephone companies, which are 

required to provide service to all without discrimination. Alternatively, he proposed they could 

be seen as “public accommodations,” like hotels or restaurants, which are legally barred from 
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refusing service to customers. Thomas argued that applying these models could limit a platform's 

right to exclude users and called on courts and legislatures to reconsider the broad immunity 

granted by Section 230.  

 

Therefore, it is not a given that Section 230 will cover AI liability issues. Justice Gorsuch’s 

comments in Gonzalez (2023) signaled that AI content is potentially outside Section 230’s 

shield. This suggested the Court might be open to allowing AI-related suits to proceed without 

that immunity. While as of 2025 these AI cases had not reached the Supreme Court, during the 

latter part of the early 2020s, there was a growing bipartisan push to reconsider Section 230’s 

scope in relation to generative AI (Perault 2023). Senators Richard Blumenthal (D-CT) and Josh 

Hawley (R-MO) introduced a bipartisan bill (S. 1993) to explicitly eliminate Section 230 

immunity for generative AI (Blumenthal and Hawley 2023). Both senators floated a 

“comprehensive regulatory framework” for AI, including expanded liability for AI developers, a 

new AI-specific federal agency, licensing requirements for advanced AI systems, and 

transparency mandates (ibid). At the same time, critics of these initiatives warn that regulatory 

overreaction could stifle innovation and point to the internet’s vibrant commercialization as a 

reason to allow Section 230 to serve as the legal foundation for AI applications around speech 

and related content (Kosseff 2019). 

 

In 2025, California proposed updated regulations to allow testing and deployment of heavy-duty 

AVs, moving to end the de facto ban (California DMV 2025). At the federal level, DOT 

streamlined exemptions so domestic manufacturers can deploy limited volumes of vehicles 

without traditional manual controls (like steering wheels) where safety is shown (NHSTA 2025). 

Additionally, other embodied AI systems such as commercial delivery drones and warehouse 

robots are also regulated through existing product-safety and aviation frameworks. However, in 

2025 legal experts debated how liability and compliance may evolve as these technologies 

become more autonomous (McKirahan 2025). 

 

Separately, during the early 2020s, regulators like the FTC and DOJ also flexed existing laws 

and approaches. The FTC repeatedly warned firms about deceptive AI claims and accuracy, 

including about AI safety or capabilities (Chander 2023). The DOJ and EEOC (Equal 

Employment Opportunity Commission) likewise stated that discrimination by algorithms is still 

discrimination—and companies using AI hiring tools that unfairly screened out protected groups 

confronted enforcement actions. In one case, the EEOC even argued that an AI vendor could be 

directly liable under civil rights laws if their tool caused biased hiring outcomes (Ball 2025). 

Additionally, the U.S. AI Safety Institute Consortium (AISIC), established by the Department of 

Commerce and managed by NIST, brought together hundreds of organizations from industry, 

academia, and government to develop science-based guidelines for testing, evaluating, and 

ensuring trustworthy AI systems (NIST 2024). 

 

Returning to AI and biased outcomes, binding state regulations were also ascendant during this 

period. In 2025, California implemented a new rule clarifying that state anti-discrimination laws 

apply fully to "automated-decision systems" used in hiring, performance management, and 

termination. This regulation places a significant compliance burden on employers, requiring 

them to maintain personnel records for four years and audit third-party tools for bias. Similar 
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regulatory frameworks were adopted in New York, Illinois, and Colorado, creating a growing 

state-level liability shield for workers against algorithmic bias (Abril 2025). 

 

In the absence of clear and preeminent federal legislation, therefore, many U.S. companies have 

undertaken proactive compliance measures—including bias audits, rigorous vendor oversight, 

and thorough documentation practices—to mitigate exposure to legal risk. Take key players in 

the financial sector. Mastercard examined generative AI’s implications for banking. In its 2024 

industry report, it noted that ensuring data privacy, accuracy, and bias mitigation in AI is critical 

and that banks’ adoption of AI will depend on meeting global regulatory requirements 

(Mastercard 2024). Similarly, Goldman Sachs rolled out a proprietary generative AI assistant for 

its staff in a controlled environment using internal data, with oversight to ensure outputs met 

compliance standards such as refraining from offering unauthorized financial advice (Son 2025). 

Big banks and insurance companies also formed internal AI governance councils to track 

regulatory developments. And Nationwide Insurance’s approach involved a dedicated AI ethics 

committee and a “red team/blue team” process to continually test the AI’s outcomes for risks 

(Carrel 2025).  

 

Copyright Law and AI 

 

Meanwhile, the courts clarified the application of copyright law to AI training during this period. 

As already outlined in Chapter 8 of the book, in two landmark 2025 rulings (see Bartz et al. 

2025; Kadrey et al. 2025), federal judges affirmed that training AI models on copyrighted books 

constitutes "fair use." However, they drew a hard line on sourcing, ruling that downloading 

pirated datasets to build those training corpora constituted copyright infringement. A court-

approved $1.5 billion settlement by Anthropic to the plaintiffs in Bartz et al. (2025) subsequently 

resolved claims tied to pirated datasets, accelerating a broader “clean data” pivot while 

protecting the underlying act of model training.  

 

However, several cases that were ongoing in 2025 promised to further complicate the copyright 

safe harbor currently protecting companies that train AI models. Outstanding issues include 

whether outputs that mimic an author’s style constitute derivative works (Madigan 2025). The 

New York Times (2025) litigation highlighted the distinct risk of “regurgitation”—where an 

LLM outputs verbatim or near‑verbatim excerpts of paywalled content—complicating the 

defendants’ reliance on the “fair use” defense, which assumes outputs are sufficiently 

transformative (Mass Law Blog 2025).  

CHINA’S REGULATION OF AI 

In the early days of the internet and e-commerce, China pursued a relatively “hands-off” growth. 

Chinese tech giants like Alibaba and Tencent thrived in a period of light regulation like Silicon 

Valley’s, with the government stepping in later to impose rules once the sectors matured (see 

Webster 2019).  

However, when it comes to content and data, China has always exercised tight control. Liability 

for online content in China is essentially the inverse of Section 230: internet platforms are held 

responsible for user-posted content and must censor prohibited material or face penalties (see 
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Shao 2012). Laws like the Cybersecurity Law and various content regulations require providers 

to proactively monitor and remove banned speech, or the government can sanction the company 

(including fines or shutdown). Consequently, Chinese tech companies have long acted as content 

gatekeepers, liable if they facilitate dissemination of, say, anti-government messages or 

pornography. So, whereas Western companies worried about being sued by users, Chinese 

companies historically worried about punishment by authorities for failing to police users (Jinhe 

and Yang 2022). This backdrop forms the foundation for how China approaches AI liability: the 

developer or operator will be held accountable for the AI’s behavior, especially its output 

content. 

China’s AI-Specific Regulations 

Leading into 2025, China had rolled out some of the world’s earliest AI‑specific regulations. The 

Provisions on the Administration of Deep Synthesis Internet Information Services, which went 

into effect in 2023, regulate “deep synthesis” services (AI‑generated or manipulated audio‑visual 

content) by requiring providers to label synthetic media and prevent its use to spread illegal or 

misleading information (CAC 2022). Also in 2023, the Cyberspace Administration of China and 

six other ministries issued the Interim Measures for the Management of Generative Artificial 

Intelligence Services (IMGAIS), which govern public‑facing generative‑AI services by requiring 

security assessments, algorithm filings, content controls, and multi‑agency supervision for 

systems offered to users in China (CAC 2023). 

Although the IMGAIS framework initially appeared highly restrictive, the final version eased 

several obligations and explicitly framed generative AI as a strategic growth sector, narrowing 

mandatory security reviews to systems with “public opinion attributes or social mobilization 

capabilities” and toning down some of the strict performance guarantees—an adjustment widely 

read as an attempt to balance control with innovation (Sun and Zeng 2025). Even so, providers 

remained responsible for model outputs and had to complete filings and security assessments 

before launch, so major platforms such as Baidu and Alibaba were only allowed to deploy 

ChatGPT‑style services after demonstrating robust censorship of “sensitive topics” and safety 

filters (White & Case LLP 2025). 

First, the generative‑AI regulations codified stringent content requirements. Providers must 

ensure that model outputs adhere to China’s censorship regime and “core socialist values,” 

filtering or preventing content that is politically sensitive, violent, sexual, false, or otherwise 

illegal under Chinese law; if a model generates prohibited material, the service provider—not the 

user—is held responsible and must correct the problem (CAC 2023). This effectively inverts the 

U.S. Section 230 approach: Chinese generative‑AI platforms are treated as accountable 

publishers rather than neutral intermediaries. 

Second, the rules introduced security assessments and algorithm‑filing obligations. Early drafts 

would have required security reviews for virtually all models, but the final IMGAIS text focuses 

filings and formal assessments on models with public‑opinion or mobilization effects—such as 

large chatbots and content platforms—while still allowing regulators to conduct ex post 

inspections of smaller or enterprise systems (see Sun and Zeng 2025). Providers must disclose 

basic information about model architecture, training‑data categories, and intended use cases, 
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giving authorities leverage to intervene if outputs are deemed unsafe or politically destabilizing 

(White & Case LLP 2025). 

Third, transparency and labeling duties were strengthened and then generalized. Building on the 

2022–23 deep‑synthesis rules, which mandated labels for AI‑generated audio‑visual material, 

China adopted dedicated Measures for the Administration of Labels for Artificial 

Intelligence‑Generated Content in March 2025, requiring AI‑generated text, images, video, and 

audio that could be mistaken for real content to carry clear labels (Yan 2025). To enable 

platforms and regulators to authenticate content even if visible labels are removed, the 

accompanying national standard on AI‑content labeling specifies a dual system of explicit 

indicators (such as on‑screen marks, watermarks, or audio tones) and implicit technical markers 

embedded in metadata or digital signatures (White & Case LLP 2025). 

Fourth, China moved to harden AI systems across the full data lifecycle. In April 2025, the 

National Information Security Standardization Technical Committee issued three national 

cybersecurity standards addressing (1) security of data annotation for generative AI, (2) 

protection and governance of pre‑training and fine‑tuning datasets, and (3) baseline security 

requirements for generative‑AI services (ibid). Together, they call for stricter vetting and logging 

of annotators, classification and provenance tracking of training data, privacy‑preserving 

techniques for sensitive datasets, secure storage and deletion protocols, and requirements for 

input validation, output filtering, incident‑response plans, and ongoing monitoring of deployed 

models. Many of these provisions may be formally “recommended,” but for firms operating in 

regulated sectors they function as de facto mandatory technical benchmarks. 

Finally, the IMGAIS measures called for industry-specific regulation. The government directed 

various sector regulators in China to create sector-specific AI guidelines for their industries. For 

example, China’s financial regulator issues rules for AI in finance and its healthcare regulator for 

medical AI.  

Judicial Developments: Defining Liability through the Courts  

Just as U.S. courts wrestled with Section 230, Chinese courts in the mid‑2020s began developing 

their own case law on AI liability, sometimes moving faster than national legislation. In February 

2024, the Guangzhou Internet Court issued the so‑called Ultraman decision, widely described as 

the first effective judgment on generative‑AI copyright infringement. The court held an 

AI‑image platform liable because its system generated pictures of the famous Ultraman character 

that were substantially like the copyright holder’s works and emphasized that providers have a 

“duty of care” to implement keyword filtering, monitoring, and complaint mechanisms—

effectively articulating a negligence standard for AI services (Song and Wang 2024).202 The 

 
202 Ultraman is a Japanese superhero created in 1966 who transforms into a giant alien to battle 

massive monsters (kaiju). In East Asia, his cultural ubiquity is comparable to that of Superman in 

the West; he is an instantly recognizable, multigenerational icon of justice whose likeness 

appears on everything from toys to government campaigns. The character is particularly massive 

in China, where he has been a dominant children's franchise for decades, making the 

unauthorized generation of his image a high-profile test case for copyright law. 
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court’s reasoning underscored that, unlike in the U.S., Chinese providers cannot invoke broad 

immunity when their models output infringing content. 

Chinese judges also moved more aggressively than their U.S. counterparts on authorship. In a 

separate Beijing Internet Court case, a user who generated an image with a text‑to‑image system 

was granted copyright protection after demonstrating that their prompts and iterative adjustments 

reflected sufficient “intellectual inputs” and personal choices to qualify as creative contribution 

(Wang and Zhang 2024). Rather than treating AI outputs as categorically uncopyrightable, the 

court focused on the human user’s control over the process, suggesting a hybrid model in which 

AI is merely a tool, but authorship still attaches to a human who can show meaningful creative 

effort. 

Over the early 2020s, enforcement of AI‑specific obligations heavily relied on China’s broader 

digital‑governance framework. The deep‑synthesis rules and IMGAIS both state that violations 

will be punished under long‑standing instruments such as the Cybersecurity Law, Data Security 

Law, and Personal Information Protection Law, which already authorize fines, business 

suspensions, and—in severe cases—criminal liability for executives (Yu and Li 2024). 

Authorities thus retain wide latitude to shut down services, block access through the Great 

Firewall, or impose administrative sanctions on providers whose systems disseminate illegal 

content, leak data, or otherwise endanger “network security” (Su and Zhang 2024). 

As AI cases multiplied, Beijing also moved to centralize control over AI jurisprudence. In 

October 2025, the Supreme People’s Court issued new Provisions on the Jurisdiction of Internet 

Courts that removed Internet Courts in Beijing, Hangzhou, and Guangzhou from hearing certain 

online copyright disputes, including key categories of AI‑related copyright cases, shifting them 

to higher‑level or more general courts (Supreme People’s Court 2025). Legal commentators 

interpreted this as an effort to ensure that precedents on AI and copyright are aligned with 

national policy priorities rather than emerging piecemeal from specialized local tribunals (see 

Wininger 2025). 

Finally, regulation in China has traditionally been accompanied by forward‑looking guidance 

aimed at shaping norms and technical practice and, true to form, national AI governance 

principles and the AI Safety Governance Framework—updated to version 2.0 in 2025—stress 

themes such as controllability, safety, fairness, and protection of user rights (Sheehan 2023), 

while emphasizing that AI must remain “under effective human supervision” (Geopolitechs 

2025). In December 2024, the Ministry of Industry and Information Technology announced a 

41‑member AI standardization technical committee bringing together major tech firms like Baidu 

and leading universities to develop standards on LLMs and AI risk assessment, signaling 

Beijing’s intent to be a global rule‑maker rather than merely a rule‑taker in AI governance 

(Reuters 2024). 

 

EUROPE’S REGULATORY APPROACH 

 

Neither has the EU’s regulatory environment helped Europe narrow its innovation gap. 

Europeans have prioritized an aggressive approach to preventing misinformation, harmful 

content, and anti-competitive behavior, resulting in strict privacy regulations, strong data security 
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protocols, and stringent antitrust enforcement (Renda 2021; Crawford 2021). In turn, while the 

EU—along with important European nation states—espoused a uniquely “European brand” of 

A.I. focused on safety, open collaboration, and trust, Europe fell considerably behind the United 

States and China in commercial AI applications (Veugelers 2018). Indeed, by 2025, the gap 

between Europe’s innovation performance and that of these other polities only widened over 

time (Spirlet 2025). 

 

Consider the privacy and data security law known as the General Data Protection Regulation 

(GDPR), which grants consumers broad data rights and places strict obligations on firms 

(European Union 2016). Although designed to bolster user trust and reinforce data security, 

during the early 2020s it often led to higher compliance costs for firms and delayed the 

commercialization of data-intensive services where AI was central, including targeted algorithms 

or personalized advertising (European Parliamentary Research Service 2021). Moreover, the 

European Union’s Digital Services Act and Digital Markets Act impose obligations on large 

technology companies to police illegal or harmful content and to encourage competition 

(European Commission 2022). These twin regulations represent a fundamental shift from ex-post 

enforcement to ex-ante compliance, requiring "gatekeeper" firms to fundamentally redesign their 

algorithms and data practices before they even reach the market. 

 

However, it is perhaps antitrust where Europe has shown the most divergence from the US 

model, which as argued in Chapter 7 of the book, has been based on a CDP inspired quest to 

bolster innovation, despite a more recent turn, at least rhetorically and symbolically by the 

executive branch, as documented earlier in this section of the appendix. 

 

European Antitrust 

Historically, European antitrust authorities—though roughly guided by a consumer welfare 

standard, like the United States—were more vigilant about preventing market dominance and 

less inclined to promote innovation for innovation’s sake (Geradin 2020; Schneider 2024). In 

contrast to the more permissive U.S. approach, Europe’s emphasis on curbing market 

concentration discouraged “winner-takes-most” dynamics, which may have limited the explosive 

platform growth seen in America. Smaller user bases and more fragmented data pools ultimately 

hampered cutting-edge AI model training in Europe (Veugelers 2018). 

Europe has coupled classic ex-post abuse cases with an ex-ante rulebook—the Digital Markets 

Act (DMA)—that treats the largest platforms as “gatekeepers” subject to hard obligations on 

steering, self-preferencing, and access. In March 2024 the Commission opened the first non-

compliance investigations against Alphabet, Apple, and Meta; by April 2025 it formally found 

Apple (anti-steering) and Meta in breach, and in 2025 pressed Google to revise Play Store terms 

on fees and external offers. The DMA sits atop a decade of headline abuse decisions (e.g., 

Android), where EU courts have largely upheld multibillion-euro fines—signaling that Brussels 

will mix ex-ante conduct rules with ex-post structural and behavioral remedies when needed (Car 

2025). 

The Enforcement Crackdown (2024-2025)  
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This signal was confirmed by a series of definitive enforcement actions that marked the end of 

the transition period. September 2024 proved to be a watershed month for the "old" antitrust 

regime. The European Court of Justice (ECJ) upheld a €2.4 billion fine against Google for self-

preferencing its Shopping service and, in a separate landmark ruling, ordered Apple to pay €13 

billion in back taxes to Ireland, overturning a lower court victory for the company. While the 

General Court annulled a separate €1.5 billion fine against Google’s AdSense business that same 

month, the broader message was clear: the era of endless appeals for Big Tech was closing 

(Court of Justice of the European Union 2024). 

By 2025, the focus shifted to the new Digital Markets Act (DMA), which proved to have 

immediate bite. In April 2025, the Commission issued its first non-compliance decisions, fining 

Apple €500 million for anti-steering violations in its App Store and Meta €200 million for its 

"pay or consent" data model, underscoring that DMA obligations would be backed by real 

sanctions (Car 2025). Perhaps the most significant victory, however, came not from a fine but 

from a structural concession. Under sustained EU pressure, Microsoft agreed to offer Office and 

Microsoft 365 suites without Teams at reduced prices and to improve interoperability and data 

portability; in September 2025, the Commission accepted legally binding commitments and 

closed its Teams bundling probe, allowing Microsoft to avoid a potentially massive fine while 

still forcing a global product and pricing reset (Reuters 2025). This move demonstrated the 

immense reach of the "Brussels Effect," as an EU regulatory action successfully forced a change 

in the product strategy of a U.S. tech titan. 

The European Approach to AI 

In the mid-2020s, the European Union's strategy for AI fused a comprehensive legal framework 

with detailed technical standards and major infrastructure investments (European Union, 2024). 

Following the European Parliament’s adoption of its negotiating position in June 2023, EU 

institutions engaged in “trilogue” negotiations, reaching a provisional agreement on December 8, 

2023 (European Parliament 2023). The result was the EU Artificial Intelligence Act (EU AI Act), 

whose primary goals are to protect fundamental rights, foster trust and innovation, and ensure 

safety through defined standards.  

The act establishes a comprehensive “risk-based” regime that bans certain unacceptable uses of 

AI, places strict pre-approval controls on “high-risk” systems used in areas like healthcare or 

critical infrastructure and imposes transparency duties on lower-risk applications like chatbots 

(European Union 2024). Specifically, the act categorizing AI applications into four tiers: 

unacceptable risk (banned applications like social scoring systems), high risk (systems affecting 

health, safety, or fundamental rights), limited risk (requiring transparency), and minimal risk 

(few or no requirements) (European Parliament 2023; Renda 2021). The Act introduced a 

certification regime for high-risk AI systems, with a tiered approach to foundation models and 

stricter obligations on “high-impact” models.  

Key provisions included specific bans on certain AI uses—such as social scoring by public 

authorities and real-time biometric identification in public spaces, with limited exceptions—and 

imposed transparency and disclosure rules for chatbots, generative AI, and deepfakes. Non-
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compliance can result in fines up to €30 million, or 6% of global annual turnover, whichever is 

higher (European Parliament 2023).  

A new European AI Office was created within the European Commission to enforce these rules, 

particularly for powerful general-purpose AI models, or GPAI (European Commission 2023).203 

To guide companies, a voluntary Code of Practice was developed with over a thousand 

stakeholders, offering a path for developers to demonstrate compliance with key requirements 

like model documentation, security controls, and risk evaluation before formal standards are 

finalized (European Commission 2025).204 

 

During the early 2020s, Europe also took the lead in addressing other regulatory issues around 

AI. As of 2025, the EU was drafting specific rules associated with liability. For example, by 

making it easier for people to sue for AI harms and updating product liability for digital products 

and pre-emptively clarifying responsibility (Duffourc and Gerke 2024). Its proposed AI Liability 

Directive eased victims’ burden of proof. It also mandated disclosure requirements and safe 

harbor provisions tied to compliance standards (European Union 2024: Art. 50).  

 

Beyond the AI Act: Liability, Copyright, and Labor 

 

While the AI Act established broad rules governing AI systems across all sectors of the economy, 

the EU simultaneously updated legal frameworks addressing specific types of harm. While the 

AI Act set the “horizontal rules,” the EU simultaneously updated its more “vertical” legal 

frameworks to address specific AI issues around liability, IP and labor markets, often diverging 

sharply from the U.S. approach. 

 

In the realm of liability, Brussels moved to tackle the “black box” problem primarily through 

legislation rather than litigation. The revised Product Liability Directive, adopted in late 2024, 

explicitly brings standalone software and AI systems within the definition of a “product,” 

extends damage to include data loss, and broadens the range of potentially liable economic 

operators (European Union 2024a). To ease the burden on injured parties confronted with opaque 

or technically complex systems, the directive introduces rebuttable presumptions of defect and 

causation in situations where product malfunction and scientific complexity make it excessively 

difficult for claimants to prove fault, shifting much of the practical explanatory burden back onto 

manufacturers (ibid). By contrast, the separate AI Liability Directive—which would have added 

an additional presumption of causality tailored to AI under national fault-based regimes—was 

formally withdrawn in 2025 after lawmakers failed to reach agreement on its final shape 

(Brachmann 2025). 

 

 
203 The Act is reinforced by adjacent digital laws that create a broad compliance perimeter for 

tech companies (European Commission 2023). The Digital Services Act, for instance, requires 

the largest online platforms to assess and mitigate systemic risks from their algorithms, while the 

Cyber Resilience Act adds baseline cybersecurity requirements for all products with digital 

elements (ibid). 
204 To be sure, by 2025 several unresolved issues remained. This included how to define “high-

risk” AI, addressing compliance complexity for large generative AI models, and ensuring 

adequate enforcement resources across EU member states (see Schneider 2024). 
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In copyright, the EU clung to a legislative compromise that came under increasing strain by 

2025. Rather than U.S.-style “fair use,” the European framework hinges on the Text and Data 

Mining (TDM) exceptions in the 2019 DSM Directive, which allow AI developers to mine 

protected works unless rights holders opt out via machine-readable means (European Union 

2019). As generative AI spread, cultural organizations and legislators warned that this opt-out 

regime had become a “devastating” loophole, enabling large-scale scraping by major AI firms 

that the original directive never anticipated (Ranking 2025). That critique was reinforced by a 

2025 European Parliament study on generative AI and copyright, which concluded that the 

current TDM exceptions sit uneasily with large-scale commercial training practices and called 

for a re-examination of the framework (Lucchi and Hunter 2025). By late 2025, the conflict 

crystallized in a case where, after a German music rights collecting society called GEMA sued 

OpenAI, the Munich I Regional Court held that training and operating ChatGPT on song lyrics 

without a license infringed German copyright law and rejected reliance on TDM in situations 

where models memorize and regurgitate lyrics—marking the first European judgment to find an 

AI developer directly liable for training-data use and putting real pressure on the existing TDM 

compromise (Soppe and Schubert 2025). 

 

Finally, Europe moved ahead of most jurisdictions in regulating the AI influenced labor market. 

The EU Platform Work Directive introduces a presumption of employment for platform workers 

and establishes information and consultation rights regarding automated monitoring and 

decision-making systems (European Union 2024b). Among other things, it requires platforms to 

provide transparency about how algorithms allocate work and evaluate performance and to 

ensure meaningful human oversight of significant automated decisions, curbing purely 

automated dismissals and other high-impact actions (Foeth 2025b). By late 2025, the European 

Parliament’s Employment Committee was already calling for a new directive on algorithmic 

management that would extend similar safeguards beyond the gig economy to the broader 

workforce, aiming to make platform-style transparency and human-in-the-loop requirements the 

default scenario across sectors (European Parliament 2025).  

 

The Tension Between Regulation and Competitiveness  

 

After its formal adoption in 2024, the Act began to set a worldwide standard for AI regulation, 

not unlike the GDPR’s impact on data protection (European Union 2016). This phenomenon, 

often called the “Brussels Effect,” meant that multinational firms began adopting the EU’s 

stringent rules as their global baseline to ensure market access and avoid the cost of maintaining 

separate compliance systems for different regions (Bradford 2023). 

 

Despite the legislative milestone represented by the EU AI Act, however, the EU’s regulatory 

ambition increasingly collided with its economic anxieties. Supporters argued it would create a 

level playing field for well-audited AI systems and endow Europe with a competitive advantage 

as global concerns over privacy, security, and ethical AI practices proliferated (Renda 2021). 

Critics warned of potential burdens on AI startups, particularly regarding documentation and risk 

assessment requirements (Schneider 2024). 

 

Indeed, as the Act moved toward finalization, a deep rift emerged between the EU “regulators” in 

Brussels and the “industrialists” in key member states. Leaders like French President Emmanuel 
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Macron and German Chancellor Olaf Scholz actively pushed back against the Act’s strictest 

provisions for “general-purpose” AI models (Henshall 2023). Their fear was that excessive red 

tape would strangle Europe’s own nascent champions—such as France’s Mistral AI and 

Germany’s Aleph Alpha—before they could compete with U.S. giants (Davies 2023). This 

political tug-of-war mirrored the American tension between safety and innovation forged in the 

crucible of the AI race between the US and China. Surprisingly, by 2025 this highlighted a 

growing consensus across the Atlantic that strategic competitiveness might require tempering the 

impulse to regulate (World Economic Forum 2025). 

 

While the final Act did include concessions to aid innovation, such as requiring every member 

state to create regulatory sandboxes for testing new AI, the EU recognized that legal safe harbors 

alone were insufficient. To truly compete, it needed to back its rules with hard power, which 

meant making major investment commitments to bolstering computing power and data sharing 

(EuroHPC Joint Undertaking 2024). Brussels was no longer content to merely regulate the AI 

revolution; it intended to engineer a European alternative to U.S. and Chinese dominance. By 

mid-2025, scattered initiatives were consolidated into a unified industrial strategy known as the 

"AI Continent Action Plan." Launched in April, this roadmap explicitly aimed to transform 

Europe into a global AI leader by integrating infrastructure investment with regulatory certainty 

and tying AI compute "gigafactories" and AI Factories to a new InvestAI financing facility 

(European Commission 2025). It was followed in October by the "Apply AI Strategy," a targeted 

push to fast-track AI adoption across Europe’s legacy industrial base—from automotive 

manufacturing to healthcare—addressing the continent’s persistent productivity gap (Spirlet 

2025). Yet, despite these efforts, Europe’s innovation comeback had “barely scratched the 

surface” relative to the U.S. and China (Spirlet 2025). 

 

POTENTIAL FUTURE TRAJECTORIES 

 

Looking beyond the early 2020s, the dream of a harmonized global AI governance regime 

appears increasingly remote. Instead, the distinct regulatory philosophies of the three major 

powers suggest a future of regulatory bifurcation and strategic fragmentation. 

 

In the United States, the "innovation-first" approach, tempered by a new patrimonial drift, 

suggests a future defined by litigation and sectoral fragmentation. Rather than a single "AI Law," 

we can expect a continued patchwork where liability is hammered out in the courts (via 

defamation and copyright suits) and specific rules are set by executive-level agencies like the 

FDA or SEC, creating a flexible but unpredictable environment for developers. 

 

In China, the "State-Centric" model points toward an increasingly closed loop. As Beijing 

tightens its "chokehold" on data and algorithms to ensure ideological conformity and the pursuit 

of political-economic objectives, its AI ecosystem will likely diverge further from the West, 

creating a distinct "intranet of AI" optimized for state control and industrial policy rather than 

open commercial exchange. 

 

In the European Union, the tension between the "regulatory instinct” and industrial anxiety will 

likely persist. While the AI Act aims to set a global standard via the "Brussels Effect," the rise of 
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"sovereign AI" policies in member states suggests that even Europe may eventually prioritize 

national champions over pure compliance. 

 

In response to this complex landscape, large tech companies are likely to adapt by maintaining 

distinct product versions for each major region. While this approach allows for localized 

compliance, it also increases development costs. Similarly, these companies will also need to 

work closely with local insurers to develop specialized policies addressing algorithmic risk in 

each jurisdiction. 

 

However, there is also the possibility that governments may take bold initiatives and attempt to 

solve several outstanding problems that emerged during the early 2020s. Below, I outline what 

challenges remain and sketch out potential regulatory solutions without predicting how likely 

any of these attempts are likely to arise. However, because the European and Chinese models 

rely on comprehensive statutes to preempt legal ambiguity, the following analysis focuses 

primarily on the United States and similar common-law jurisdictions, where the absence of top-

down legislation leaves these complex questions to be resolved through litigation, insurance 

markets, and evolving property rights. 

Legal Liability and AI 

In the US and several other countries legal liability is governed by traditional tort law doctrines 

like negligence and product liability—and, for several reasons, extrapolating this framework to 

AI is not straightforward, as extant legal frameworks were designed for clear chains of human 

responsibility (Smith et al. 2024). While libel and defamation laws govern harmful speech, 

existing product-safety frameworks are centered on physical injury and death. The overarching 

question is whether a software-based AI service should be treated like a product (with potential 

strict liability for defects) or like a publisher of speech (with different standards) or as a platform 

(potentially immune to liability in countries such as the US due to Section 230). Regulators face 

difficult decisions about whether liability should attach to the model’s developers, the data 

providers, or the distributors of the model, potentially requiring new approaches to liability that 

can account for the complex interactions between human actors and autonomous systems (see 

European Union 2024). In other words, if for example a medical diagnosis AI or an autonomous 

legal-advice chatbot makes a grave mistake, it’s unclear whether liability falls on the tool’s 

manufacturer, the professional using it, or the AI itself—which, as property, lacks legal 

personhood. 

Opacity and the Assignment of Blame 

By 2025, courts struggled to apply negligence standards to AI because of the complex “AI 

supply chain” (from developers to deployers) that blurs who is at fault. As explained already, the 

opaque, “black box” nature of advanced AI exacerbates this challenge: existing liability 

frameworks are “not fully equipped” to handle AI’s lack of transparency, leaving consumers, 

providers, and developers unsure who is responsible for AI-caused injury.  

Consider medical liability: both in the U.S. and elsewhere, this issue is particularly complex 

when AI systems make errors or omissions. Indeed, AI systems in healthcare can misdiagnose 
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patients or recommend incorrect treatments that cause appreciable harm. However, if a clinician 

relies on a flawed AI recommendation, determining liability is tricky. The hospital or doctor 

might be sued for malpractice, but they could in turn claim the AI software was defective. In 

product liability terms, an AI diagnostic tool might be considered a “product”; if it’s 

unreasonably unsafe or flawed in design, the manufacturer could be strictly liable (Smith et al. 

2024).  

Regulatory oversight might mirror FDA medical device approval processes, especially for AI 

tools that advance beyond basic transcription to diagnostic recommendations. This may 

potentially call on new co-liability models between healthcare providers and software developers 

(Adams et al. 2024). Under such a framework, the software developer would retain strict liability 

for technical failures—such as coding errors or data biases that deviate from the product's 

specifications—while the healthcare provider would remain liable for the "human in the loop" 

decision of whether to accept or reject the AI's recommendation in a specific clinical context (see 

Custers et al. 2025; Mello and Guha 2024). 

Harm Associated with Speech 

While legal systems typically treat speech harms (like libel) differently than product harms, 

generative AI blurs this line by automating speech creation (see Smith et al. 2024). For example, 

defamation law requires showing that the defendant—whether a publisher, platform, or AI 

provider—was at least negligent in publishing the false statement (or, for public figures, acted 

with "actual malice," meaning knowledge of falsity or reckless disregard for the truth). But an AI 

has no intent or knowledge, so plaintiffs must attribute negligence or malice to the company's 

development, deployment, or monitoring of the model in scenarios where AI provides incorrect 

advice or information that causes reputational harm (see Frasher 2025; Goldman 2023). For 

example, Air Canada lost a tribunal case over misinformation from its website chatbot and was 

held liable for the bot’s statements—an early legal marker that heightened caution about fully 

automated front-line service (American Bar Association 2025). 

Legal services that employ AI tools for case law research, contract drafting, and standardized 

legal advice pose a similar challenge in terms of how to handle liability for AI-generated legal 

errors. Courts and bar associations have emphasized that lawyers remain professionally 

responsible for vetting AI output, and reliance on erroneous AI-generated content without 

adequate review could expose practitioners to malpractice liability (see Menaldo 2025). 

Practically speaking, companies like OpenAI prominently warn users about ChatGPT's accuracy 

limitations and have argued that, together with their efforts to reduce erroneous output, these 

warnings demonstrate they did not act negligently—a position that received early support in 

Walters (2025), a state level case in Georgia where the court dismissed a defamation claim in 

part due to OpenAI's safeguards and disclaimers. However, this remains a relatively untested 

legal area, with only a handful of defamation suits against AI companies filed as of late 2025, 

and courts are just beginning to address how traditional defamation standards apply when there is 

no human author (Scarcella 2025). 
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In the future, potential regulatory frameworks might include laying out liability rules for new 

categories of speech. Returning to the legal services example outlined above, this may include 

“certified legal AI” with attorney oversight, or safe harbor provisions for routine tasks, building 

on emerging bar guidance that lawyers must supervise and remain responsible for any AI they 

use in practice (Huffstetler 2024). The preservation of attorney-client privilege in cloud-based AI 

services presents another crucial challenge, which may require robust security measures and 

clear guidelines for data handling, given the risk that sharing confidential material with third-

party AI tools could waive privilege (Eichen and Kumarasamy 2025). 

Physical Harm 

The emergence of autonomous systems and AI has complicated traditional approaches to tort law 

and the assignment of blame. Self-driving cars, drones, and robots raise complex questions about 

strict liability, negligence, and product liability. When an autonomous vehicle causes harm, the 

legal system must determine whether responsibility lies with the manufacturer, the software 

developer, the hardware supplier, or the owner.  

Self-driving cars exemplify AI acting in the physical world, where malfunctions can cause injury 

or death. Under existing law, vehicle accidents have well-established liability regimes. Many 

experts believe product liability law (holding manufacturers responsible for defects) will be the 

main mechanism for AV-related harm (Anderson et al 2016; Villasenor 2017). In practice, this 

could mean if an autonomous car’s AI causes a crash, the carmaker (and its software suppliers) 

would face lawsuits instead of the human occupant. This creates strong incentives for companies 

to make their AI as safe as possible (ibid). Indeed, early AV legislation efforts in the U.S. 

avoided broad immunity for manufacturers, on the assumption that tort law can handle most 

scenarios 

While novel questions have arisen (e.g. if aftermarket self-driving software is installed, who is 

liable?), legal scholars suggest the “very strong set of incentives” under decades of product 

liability precedent generally apply to AI drivers as well (Villasenor 2014). Indeed, early 

driverless rideshare pilots in U.S. cities such as San Francisco and Phoenix proceeded under 

permit-and-insurance regimes that allocate responsibilities among manufacturers/permit holders 

and set reporting obligations—an incremental pathway that allows scaling while preserving 

recourse for harms (see California Public Utilities Commission 2020). 

Further regulation may create an even more seamless, streamlined process. This is because, 

unlike generative AI which produces infinite and unpredictable outputs, an autonomous vehicle 

is a discrete physical object with clear performance metrics. To reduce uncertainty about liability 

in the event of a crash, regulation could focus on rigorous safety testing and certification 

processes for autonomous vehicles, for a wide range of conditions to ensure the safe operation of 

autonomous vehicles before deployment—analogous in spirit to regimes for drugs, food, or 

aircraft (see Anderson et al. 2016; Gianclaudio and Pasquale 2024). 

Insuring Against AI Centric Risks 
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As industries increasingly adopt A.I. at larger scales, the insurance sector faces new challenges 

in developing appropriate risk allocation mechanisms. In response, it may provide specialized 

policies covering like algorithmic malpractice and new types of data breaches. This may call on 

insurers to demand that companies seeking insurance coverage to hedge against these hazards to 

prove that they adhere to recognized A.I. safety or bias-mitigation standards.205 This may entail 

that third parties administer rigorous audit standards. In this way, the private insurance market 

may effectively take on the role of “privatized regulator,” refusing to underwrite AI systems that 

do not meet specific benchmarks for safety and robustness and thereby enforcing discipline if the 

government fails to fill the vacuum (see OECD 2021).  

Even if this happens, however, there is still some room for the government to play a role. If the 

insurance industry develops ways to address the new AI related risks outlined above, 

governments may mandate minimum liability insurance for some AI applications to militate 

against adverse selection and broaden the coverage pool—akin to how it compels automobile 

insurance (OECD 2019). Similarly, because insurance coverage raises concerns about moral 

hazards in A.I. development and deployment, as it may encourage developers and users to take 

more risks or distort use in ways that create negative externalities (see Shavell 1987), 

governments may seek to proactively encourage responsible development practices and provide 

robust safety measures as a complement for insurance coverage. This may include mandating 

mandatory third-party algorithmic audits, rigorous pre-deployment "red-teaming" to stress-test 

models, and strict adherence to technical standards like the NIST Risk Management Framework 

(NIST 2023). 

IP Issues Around AI 

As AI chatbots began displacing traditional search engines and publishers witnessed declining 

referral traffic and ad revenues, the media industry began to question the open web paradigm that 

had been pivotal to the training of foundational AI models I outlined in the previous section of 

this appendix.206 Around 2015, platforms started providing direct answers without requiring 

 
205 Testing methodologies and evaluation metrics are crucial components in assessing AI system 

performance and reliability. These methodologies need to examine how the AI performs across 

diverse and representative data sets to ensure effectiveness for all intended populations. A 

systematic approach following structured and repeatable processes ensures consistent and 

objective evaluation while reducing the risk of ad-hoc or biased testing. Testing tries to simulate 

real-world conditions as closely as possible, considering factors like noisy data, unexpected 

inputs, and potential adversarial attacks. Practitioners try to promote transparency by 

documenting all the tests they conduct and their results to allow for review, replication, and 

continued improvement over time. The evaluation metrics used to measure AI system 

performance and characteristics usually meet several key criteria: relevant to the specific goals 

and intended use of the AI system; quantifiable, providing numerical values that can be 

objectively compared and analyzed, enabling progress tracking and identification of areas 

needing improvement; statistically sound, based on appropriate methods that allow for 

meaningful comparisons while avoiding misleading conclusions. On all these points see NIST 

2023. 
206 This paragraph draws on Simonetti and McMillan (2025). 
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users to click through to the original source, through features like Google’s “featured snippets” 

(short excerpts from web pages shown at the top of search results) and “AMP cached articles” 

(faster-loading versions of web pages stored directly on Google’s servers). This trend was later 

extended by “generative AI interfaces” like ChatGPT, Bard/Gemini, and Copilot, which 

provided direct summaries of information, further reducing “referral clicks” (clicks back to the 

original website). As website traffic and advertising revenues weakened, publishers’ business 

models—heavily reliant on predictable pageviews—came under growing strain. 

Publishers pursued multiple strategies to reclaim control over their content. Major outlets 

including The Atlantic, Dotdash Meredith, and News Corp titles negotiated licensing deals with 

AI companies like OpenAI, establishing a “pay-or-play” dynamic (David 2024). Additionally, 

publishers implemented technical barriers by using services to throttle or block unwanted 

automated data collectors; Cloudflare, for example, shifted defaults and tooling so that new sites 

block AI crawlers by default, require “bot verification,” and let publishers state whether access is 

for training, inference, or search (Prince 2025). On July 1, 2025, Cloudflare made this default 

change and reported that over one million customers had already enabled its one-click AI-block, 

while rolling out programs (e.g., “Pay Per Crawl”) and authentication enhancements to move 

toward permission-based access (ibid). Even nonprofits took defensive action: iFixit publicly 

blocked an Anthropic crawler after it hit the site about 1 million times in a single day (Koebler 

2024), and Wikipedia urged AI companies to stop scraping and use its paid API with clearer 

access controls (Perez 2025). 

Predictably, as attested to by multiple high-profile lawsuits, the legal landscape was another 

arena where acrimony between publishers and web scrapers scavenging for AI model training 

data intensified.207 For example, while Reddit sued Anthropic for alleged continued scraping 

despite promises to stop, The New York Times pursued copyright claims against Microsoft and 

OpenAI, and News Corp subsidiaries filed suit against Perplexity. In turn, these escalating 

conflicts raised concerns about a partitioned web that could shut out smaller publishers and 

legitimate researchers while threatening the economic incentives for creating original content 

that feed both AI and journalism ecosystems. 

In turn, these escalating conflicts raised concerns about a partitioned web that could shut out 

smaller publishers and legitimate researchers while threatening the economic incentives for 

creating original content that feeds both AI and journalism ecosystems. Perhaps recorded music 

embodied this new dynamic best. In 2025, settlements between startups like Suno and Udio and 

major record labels signaled a shift away from the “open” training model; under a November 

2025 deal, for example, Suno agreed to introduce licensed AI models that will replace its current 

versions in 2026, with Udio similarly resolving disputes with Warner Music and Universal 

Music, raising the bar for entrants in high-value creative media (Singh 2025).  

Crucially, indemnity obligations increasingly shift liability from developers to downstream users 

(Madigan 2025). Unlike many traditional software licensing arrangements, where developers 

often indemnify users against intellectual property claims, major AI companies have in some 

cases structured their service agreements to narrow or reallocate copyright liability—requiring 

 
207 This paragraph draws on Simonetti and McMillan (2025). 
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users, rather than model developers, to bear much of the legal responsibility for any infringement 

in AI-generated outputs (Rastogi 2025). This evolving liability architecture can turn enterprise 

AI deployments into potential litigation risks, necessitating new categories of spending on legal 

reserves, specialized insurance products, and compliance systems. 

Considering this increased balkanization, it is conceivable that different industries and 

policymakers could establish standardized data-licensing frameworks—analogous to collective-

rights agencies in music—which aggregate royalties for AI training on third-party content 

(Lemley and Casey 2021). New statutory provisions or patent‑office guidelines might also define 

how ‘AI‑generated’ inventions are claimed; for instance, by requiring disclosure of significant 

training data sources or characteristics and, more speculatively, by exploring mechanisms to 

recognize the interests of data owners whose material was integral to the invention (WIPO 

2024a). 

IP Rights to AI Generated Content 

While India, Ireland, New Zealand, South Africa, the United Kingdom, and Ukraine extend 

copyright protection to “computer-generated works,” in the US and several other countries fully 

AI‑generated assets effectively enter the public domain upon creation (WIPO 2024b). Repeated 

rulings by the U.S. Copyright Office and federal courts, most notably the D.C. Circuit’s decision 

in Thaler (2025) firmly established that works generated solely by AI systems cannot, by 

themselves, be copyrighted (see Carroll et al. 2025). This baseline insecurity about IP may make 

it less likely that organizations will fully invest in creative processes that involve AI.  

This situation may call on the American government—and possibly others—to create a new, sui 

generis forms of intellectual property protection specifically for AI-generated assets. It could 

draw on distinct rights introduced for database protection or semiconductor mask works and 

grant AI users a limited exclusivity period to monetize their creations without requiring the 

"human authorship" standard of traditional copyright (Senftleben and Buijtelaar 2020). 

Alternatively, it could look more like patent protection for software, where eligibility hinges not 

on expressive creativity but on the novelty and utility of the underlying technical solution, 

effectively protecting the functional outcome of the AI process rather than just its artistic form 

(WIPO 2024a). 

Such an AI centric regime would likely shift the focus from the final artistic output to the 

specific technical process used to generate it. Rather than individual examiners vetting millions, 

if not billions, of individual images or texts—which is logistically impossible—the system could 

allow developers to register their unique "prompt chains," fine-tuning workflows, and parameter 

settings as a protected "functional recipe." Creators would securely lodge their workflows in an 

encrypted registry, with protection attaching automatically. Infringement would then be defined 

not by aesthetic similarity, but by technical misappropriation—meaning a competitor would be 

liable only if they demonstrably reverse-engineered or copied the specific algorithmic steps and 

prompt sequences to replicate the work, thereby protecting investments in the method behind 

creation without locking up the general style or idea in the public domain (Senftleben and 

Buijtelaar 2020; WIPO 2024a). 
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Standards 

As discussed in Chapter 10 of the book, technical interoperability standards help A.I. systems 

integrate safely across industries and borders. These cover everything from data formats to 

algorithmic auditing protocols to provenance standards like C2PA (Coalition for Content 

Provenance and Authenticity), which evaluates the origin and history of digital media (C2PA 

2023). By embedding cryptographically secure metadata into files, these standards allow 

different AI systems to verify the origin of a piece of media—confirming whether it was created 

by a human, a specific AI model, or a camera—thereby enabling a trusted ecosystem of 

interoperable applications. 

While voluntary standard-setting efforts by organizations like the IEEE and ISO may guide best 

practices and foster a common language for A.I. developers (see IEEE 2021), going forward 

there might also be a need for governments to step in more assertively. They may have a critical 

role to play in coordinating standard-setting efforts, ensuring that standards are developed 

through open and inclusive processes, and potentially mandating compliance with certain key 

standards to ensure safety and interoperability (see Abbott 2012; Harris 2025). 

Work on this front had already begun in 2025. In the US, government agencies like NIST, 

alongside international SSOs like ISO and IEEE, were actively developing crucial testing 

methodologies and benchmarks. For example, the U.S. AI Safety Institute, established under 

NIST, created specialized taskforces to collaborate on research and testing of advanced AI 

models for national security and public safety. Similarly, in 2025, the European Union's Horizon 

Europe program began funding initiatives like ELLIOT, a major R&D project focused on 

creating open, trustworthy, general-purpose AI models that can robustly generalize across 

various data types. 

Beyond interoperability, a new class of standards focused on "model evaluations" (or "evals") 

was quickly becoming a central pillar of AI governance. Because AI capabilities evolve faster 

than legislation, regulators were increasingly relying on standardized technical benchmarks—

akin to the "SafetyPerf" suite discussed earlier, or specific "red-teaming" protocols to look for 

chemical-weapon knowledge or cyber-offensive capabilities—to define the threshold of 

acceptable risk (Narajala and Narayan 2025). Establishing these common "yardsticks" for 

intelligence and safety is arguably an urgent regulatory challenge: they may ultimately determine 

which models are deemed safe for release and which trigger strict oversight (NIST 2023). 

As the previous section of this appendix explained, many AI systems, particularly those based on 

deep learning, operate as “black boxes,” making it difficult to understand how they reach their 

conclusions (Doshi-Velez and Kim 2017). While this lack of transparency raises concerns about 

accountability, trust, and fairness, there are technical challenges to improving it: ham-fisted 

attempts to increase transparency may compromise the performance of AI systems. Moreover, 

companies that develop closed-source proprietary AI algorithms often want at least some of the 

ways in which outputs are generated to remain secret for purposes of IP protection (see Rudin 

2019). 
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The push for explainable AI (XAI) has sought to make AI decision-making processes more 

transparent and understandable. During the early 2020s, regulators explored ways to require 

developers to provide explanations for AI outputs, particularly in high-stakes domains like 

healthcare and finance. Since revealing the raw code or mathematical weights of a deep learning 

model offers little insight to a layperson, regulators increasingly demanded "counterfactual 

explanations." Instead of explaining how the model thought, these systems explain why a 

decision was made by showing what would have changed the outcome (e.g., "You were denied 

the loan because of your debt-to-income ratio; if that ratio had been 5% lower, you would have 

been approved") (Wachter et al. 2017). This focuses on actionable intelligibility for the user 

rather than technical transparency for the engineer. 

Looking ahead, governments may move beyond these individual explanations toward rigorous, 

standardized algorithmic auditing regimes. Rather than relying on company self-assessments, 

future regulations may empower independent oversight bodies—modeled after financial 

auditors—to inspect the internal logic and training data of high-risk models under strict 

confidentiality (NIST 2023). This "qualified transparency" would solve the trade secret dilemma 

by granting regulators "white box" access to verify safety and fairness, while providing the 

public with "black box" summaries, ensuring accountability without exposing proprietary code 

(Malgeri and Pascqale 2024). 

Finally, standards may be required to correct market failures in the economic pricing of AI. At 

least as late as 2025, the industry suffered from a "pricing fog" where inconsistent metering—by 

tokens, time, or compute type—created high transaction costs and prevented businesses from 

easily switching providers (see OpenAI 2025h). Future regulation may therefore need to define a 

standardized, abstract unit of "AI work" (analogous to the kilowatt-hour) to create a fungible 

metric for consumption. This would enable businesses to budget reliably and create a 

transparent, liquid market for compute where providers compete on clear cost-per-unit metrics. 

WHERE AI GOES FROM HERE  

While quantum and evolutionary methods offer powerful optimization tools, some researchers 

argue that the most comprehensive blueprint for intelligent systems comes from biology itself. A 

growing body of work proposes moving beyond brain-inspired metaphors toward treating 

neuroscience findings as literal design specifications (Clark 2013; Shipp 2024; Aston-Jones and 

Cohen 2005; Yu and Dayan 2005; Foster and Wilson 2006; Mattar and Daw 2018; Miller 2025). 

The argument proceeds as follows. Current AI systems, despite their impressive performance on 

narrow benchmarks, lack capabilities that biological brains achieve routinely: learning reliably 

from just a few examples, maintaining performance when conditions change, and planning 

multiple steps ahead while consuming minimal power (Miller 2025). Proponents of the neuro-

inspired approach contend that these limitations stem from architectural choices that diverge 

fundamentally from how primate cognition actually works. They point to specific biological 

mechanisms—hierarchical prediction systems that enable rapid error-correction, sparse neural 

circuits that support working memory, chemical signaling that manages confidence and 

uncertainty, and memory consolidation processes that enable skill transfer—as templates for a 

different kind of AI (Halassa and Kastner 2017; Marcus 2025c; Marcus 2025d). 
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These proposals remain largely at the conceptual stage rather than demonstrated at scale. But 

their advocates envision three interconnected research directions. The first involves translating 

biological circuits into computational modules that could be integrated with existing systems—

essentially allowing current AI models to delegate high-stakes decisions to more reliable, 

biologically-grounded algorithms. The second emphasizes training protocols that test for genuine 

understanding through interactive environments with verifiable outcomes, using evolutionary 

algorithms to discover effective architectures rather than hand-coding them (Back et al. 2018; 

Mattar and Daw 2018). The third prioritizes reliability, pairing every reasoning chain with 

verification mechanisms such as symbolic proofs and constraint solvers (Marcus 2025c). 

Complementing these architectural shifts is an urgent focus on energy efficiency. The human 

brain performs remarkable cognitive work on roughly twenty watts of power—a fraction of what 

current AI systems consume. Researchers have proposed that energy-to-solution metrics should 

become as important as accuracy benchmarks, with hardware designed around brain-inspired 

computing patterns: event-driven processing, compute-in-memory architectures, and near-sensor 

inference to reduce data movement (Merolla et al. 2014; Sebastian et al. 2020; Rasch et al. 

2024). Community benchmarks like MLPerf Power have begun measuring energy consumption 

as a primary outcome and could expand to include reasoning and planning tasks (Tschand et al. 

2024). 

Along these lines, CMOS (Complementary Metal–Oxide–Semiconductor)—the primary 

technology used today to build integrated circuits—may give way to entirely new computing 

paradigms that are much more energy efficient. For example, optical computing, which uses 

light, or photons, instead of electrons to process information, potentially offers much faster 

speeds and lower power consumption, and neuromorphic computing, which designs chips to 

mimic the structure and function of the human brain, aiming for more efficient AI processing 

(Buntz 2024). One can also anticipate further refinements in process node technology (the 

ongoing effort to shrink transistor sizes on chips) into the late 2020s: even smaller features (e.g., 

sub-3nm nodes) should increase transistor density and improve performance and power 

efficiency (Chang 2024).208 

A Call to Action 

 
208 This will require continued advancements in EUV lithography and the development of new 

lithography techniques (Intel Newsroom 2024). Advanced packaging technologies should also 

play a critical role, including wider adoption of 3D stacking and chiplet architectures (breaking 

down a large, complex chip into smaller, specialized "chiplets" that are then combined in a single 

package, allowing for more flexibility and higher yields), allowing for the integration of more 

complex systems combining different types of components, like logic, memory, and sensors, 

often from different manufacturing processes, within a single package (ibid). This will likely 

involve further development of high-bandwidth interconnects (extremely fast connections that 

allow large amounts of data to move quickly between different parts of a chip or between 

chiplets) and advancements in thermal management, techniques and systems for dissipating the 

increased heat generated by these densely packed chips (McKinsey & Company 2024a). 
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Some advocates for a new AI and computing paradigm have called for a coordinated national 

effort—a "Phase Two" translation program—to bring these elements together. Such an initiative 

would expand neuroscience research aimed at identifying reusable cognitive patterns, maintain 

open libraries of standardized modules, and establish cross-laboratory benchmarks measuring not 

just capability but also robustness and energy efficiency (Miller 2025; Marcus 2025c; Marcus 

2025d). 

For the political economist, these proposals raise familiar questions about industrial organization 

and public investment. If neuro-inspired approaches prove viable, they could shift competitive 

advantage toward actors with access to neuroscience research infrastructure—potentially 

universities and government laboratories rather than the hyperscale cloud providers that currently 

dominate. The emphasis on energy efficiency, meanwhile, could alter the geographic distribution 

of AI development by reducing dependence on massive power supplies. Furthermore, a reduced 

reliance on massive datasets would erode the "data moats" currently guarded by tech giants, 

potentially democratizing capabilities that today require the entire internet's worth of text to 

train. Whether these possibilities materialize depends on technical progress that lies beyond this 

book's scope to evaluate. What can be said is that the trajectory of AI development remains 

contested, with significant implications for the market structures and power relations examined 

in this book. 

CONCLUSION 

 

This section of the appendix has charted the rise of a new "AI Cold War," a geostrategic 

competition that has coincided with the end of the era of hyper-globalization after the end of the 

actual Cold War. Instead, in the new age of technological mercantilism, three major economic 

blocs diverged, each forging its own distinct industrial policy to try to win this race—or in the 

case of Europe, at least try to keep from falling further behind.  

 

The United States adopted a hybrid model, blending its market-driven "Creative Destruction 

Paradigm" with a new, state-directed approach of subsidies, export controls, and "America First" 

dealmaking. Circa 2025, the US blended market mechanisms, robust capital markets, and strong 

IP protection to drive rapid commercial innovation with a more state directed industrial strategy 

that called for significant investments in strategic sectors like AI and semiconductors.  

 

China doubled down on its state-centric model, leveraging massive subsidies, "national 

champions" like Huawei, and a successful open-source "swarms beat the titan" strategy to build a 

self-reliant AI stack. China wielded powerful tools of central planning, resource mobilization, 

and a massive domestic market to achieve rapid technological advancement in targeted areas. 

While this state-directed approach yielded impressive gains, it faced potential long-term 

sustainability challenges stemming from structural economic issues, demographic pressures, and 

increasingly centralized governance under Xi Jinping. In a departure from overt state 

centralization, it also strengthened its IP regime to facilitate the acquisition of technology from 

the global technological frontier and foster nascent indigenous innovation. 

 

The European Union, meanwhile, pursued a "regulatory-first" path, attempting to build "digital 

sovereignty" through programs like EuroHPC while seeking to export its values globally via the 
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"Brussels Effect"—a topic I will take up again in the following section . In doing so, it mirrored 

the US’s increased us of export controls, investment screening, and sanctions. It also increased 

public investment in high-tech fields such as semiconductors.   

 

While I did not look outside of these big three players in this section of the appendix, I also note 

that, in this fragmenting landscape, smaller, but technologically advanced, economies like South 

Korea, the Netherlands, and Israel also emerged as crucial players; they wielded outsized 

influence in critical niches such as semiconductor equipment and photonics. Their innovation 

trajectories and AI policies, despite individual quirks and challenges, carried global significance. 

For example, the entire global AI industry—including chipmakers in the U.S., South Korea, and 

Taiwan—is completely dependent on a single Dutch firm, ASML, which holds a 100% 

monopoly on the extreme ultraviolet (EUV) lithography machines required to manufacture all 

advanced AI chips. 

 

Moreover, other countries mimicked the industrial policies pursued by the three big polities that 

were the focus of this section of the appendix—especially around semiconductors. South Korea’s 

K-Chips Act provided tax credits for domestic semiconductor investments (Park 2024). Taiwan 

implemented its own “Chips Act,” offering tax credits for R&D costs to encourage domestic 

innovation and maintain technological leadership (Kao 2025). Japan allocated substantial funds 

to support its semiconductor industry, including generous subsidies for TSMC’s Kumamoto plant 

(Kelly 2024). It also launched the Rapidus initiative, a venture focused on developing cutting-

edge chips in collaboration with firms like IBM (Kelly and Lee 2022). 

 

During the late 2020s, we can expect deeper political involvement in steering technological 

progress towards specific goals around AI and adjacent innovations such as quantum computing. 

We can also anticipate potential economic conflicts over critical resources—from rare earth 

minerals to semiconductors, data, and intellectual property. While this heightened geopolitical 

competition may spur advanced R&D reminiscent of the Sputnik effect, it also risks resource 

misallocation as states fiercely compete to pick winners in the technological lottery.  

 

Yet, the focus on a "winner-take-all" race for a hypothetical AGI may be misguided. The more 

immediate and consequential contest is what Alhassani and Bak (2025) call the "AI 

implementation" race: the practical challenge of embedding today's AI into every factory, 

hospital, school, and military unit to unlock real-world productivity gains. This perspective is 

consistent with the view put forth in this book about industrial revolutions. For the Third 

Industrial Revolution, centered on personal computers and the internet, thorough and economic 

transformation deployment depended on the CDP.  

 

Indeed, for all the Herculean efforts that US firms and the federal government have poured into 

winning the AI race with China, it may very well be the case that their focus has been 

wrongheaded. It has been all about going big or going home, if you will. But what if China’s 

“swarms beat the titan” strategy is better tailored to what it takes to consolidate an industrial 

revolution? Returning to Alhassani and Bak (2025): even if America maintains an 18-month lead 

in raw model performance by restricting chips and other inputs, foreign competitors can quickly 

catch up at far lower cost thanks to the steep returns on modest hardware investments and 

continual efficiency gains in both algorithms and semiconductor design. Therefore, perhaps the 
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“AI implementation” race, integrating the best available models into every sector of the economy 

and public service, is what all countries may eventually settle on, especially if the promise of 

AGI is left unkept. 

 

This section of the appendix also analyzed the divergent AI regulation approaches of the US, 

China, and the EU in the early 2020s. The US blended elements of the CDP with permissive AI 

regulation. China pursued a state-directed, application-focused strategy with early AI-specific 

regulations. The EU prioritized consumer protection and comprehensive regulations, including 

the groundbreaking AI Act. Examining key regulatory challenges (liability, standards, privacy, 

transparency), this section of the appendix reveals how each polity’s approach reflected its 

institutional heritage and strategic priorities. It also anticipates how future AI governance 

trajectories may evolve in a fragmented policy landscape. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



216 
 

BIBLIOGRAPHY 

3GPP. 2019. "Third Generation Partnership Project: Working Procedures." 3GPP Organizational  

Partners. https://www.3gpp.org/ftp/information/working_procedures/3gpp_wp.htm 

3GPP. 2021b. Technical Specification Group working methods (TR 21.900). Version 17.0.0. Valbonne, 

France: 3GPP Organizational Partners. 

https://portal.3gpp.org/desktopmodules/Specifications/SpecificationDetails.aspx?specificationId=555 

3GPP. 2024. "About 3GPP." https://www.3gpp.org/about-us 

A&P 1949. United States v. New York Great A&P Tea Co., Civ. No. 52-139. US District Court, S.D. New 

York (filed Sept. 15). https://law.justia.com/cases/federal/district-courts/FSupp/67/626/2311543/ 

AAR. 2025. Staggers Rail Act of 1980. AAR. https://www.aar.org/issue/staggers-act-of-1980/ 

Aaronson, Susan Ariel, and Patrick Leblond. 2018. "Another Digital Divide: The Rise of Data Realms 

and Its Implications for the WTO." Journal of International Economic Law 21(2): 245-272. 

ABA 1969. Commission to Study the Federal Trade Commission. 1969. Report of the ABA Commission 

to Study the Federal Trade Commission. https://www.uschamber.com/assets/documents/Primer-on-The-

FTC’s-New-Section-5-Guidance.pdf 

ABA. 1956. “Report and Recommendations Presented to House of Delegates by Section of Antitrust Law 

at Midwinter Meeting, Chicago, Illinois, February 20–21, 1956.” https://www.justice.gov/atr/merger-

guidelines/overview 

Abbate, Janet. 1999. Inventing the Internet. Cambridge, MA: The MIT Press. 

Abelson, Hal 1994. Summary of In re Alappat. Prepared by counsel for Tektronix, Inc. Hosted at MIT 

CSAIL. https://groups.csail.mit.edu/mac/classes/6.805/assorted-short-pieces/alappat-summary.html 

Abernathy, Frederick, John Dunlop, Janice Hammond, and David Weil. 1999. A Stitch in Time. New 

York: Oxford University Press. 

Accredited Standards Committee X9 (ASC X9). 2022. Financial Services Data Security Standards. ASC 

X9. 



217 
 

Acemoglu, Daron, and David Autor. 2011. "Skills, Tasks and Technologies: Implications for Employment 

and Earnings." In Handbook of Labor Economics, Volume 4. Edited by Orley Ashenfelter and David 

Card. Handbook of Labor Economics. Amsterdam, Holland: Elsevier, 1043–1171. 

Acemoglu, Daron. 2002. Directed Technical Change. Review of Economic Studies 69(4): 781–809. 

Acemoglu, Daron. 2009. Introduction to Modern Economic Growth. Princeton: Princeton University 

Press. 

Acemoglu, Daron. 2024. “The Simple Macroeconomics of AI.” MIT Economics Working Paper / 

Economic Policy. https://economics.mit.edu/sites/default/files/2024-

04/The%20Simple%20Macroeconomics%20of%20AI.pdf 

ACT. 2021. Digital Markets Act Position Paper. The App Association. https://actonline.org/wp-

content/uploads/ACT-The-App-Association-DMA-Position-Paper-March-.pdf 

Actian. 2025. Overcoming Manufacturing’s Biggest Data Challenges: From Silos to Trust. White Paper. 

https://www.actian.com/wp-content/uploads/2025/02/overcoming-manufacturings-biggest-data-

challenges-from-silos-to-trust.pdf 

Addyston Pipe. 1898. United States v. Addyston Pipe and Steel Co., No. 498. US Court of Appeals, Sixth 

Circuit, February 8. https://law.justia.com/cases/federal/appellate-courts/F2/85/271 

Adeboye, Daniel. 2025. "How much does an NVIDIA H100 GPU cost?" Northflank Blog. 

https://northflank.com/blog/how-much-does-an-nvidia-h100-gpu-cost 

Adelman, Morris Albert 1959. A&P: A Study in Price-Cost Behavior and Public Policy. Cambridge, MA: 

Harvard University Press. 

ADQ. 2025. ADQ and Energy Capital Partners to establish a USD 25 billion US-based investment 

partnership. ADQ. https://www.adq.ae/newsroom/adq-and-energy-capital-partners-to-establish-a-usd-25-

billion-us-based-investment-partnership-focused-on-developing-new-power-generation-to-serve-the-

growing-electricity-needs-of-data-centers/ 

Affinius Capital. 2025. “From Cloud to Capital.” PREA Quarterly Global (Spring 2025), Exhibit 2. 

Affinius Capital. https://affiniuscapital.com/app/uploads/Spring_2025_PREA_Quarterly_Global.pdf 



218 
 

Aggarwal, Sanjay, and Betsy Mulé. 2025. State of Robotics. F-Prime Capital. 

https://docs.google.com/presentation/d/1jMNIjt3rU2lQ_WNlKSy2UUQkE_Dr9FJhMecAnjCQnw8/edit?

slide=id.p#slide=id.p 

Aghion, Philippe, and Peter Howitt. 1992. "A Model of Growth Through Creative Destruction." 

Econometrica 60(2): 323-351. 

Aghion, Philippe, and Peter Howitt. 1998. "On the Macroeconomic Effects of Major Technological 

Change." In General Purpose Technologies and Economic Growth, edited by Elhanan Helpman. 

Cambridge, MA: MIT Press, 121–144. 

Aghion, Philippe, Ufuk Akcigit, and Peter Howitt. 2014. What Do We Learn from Schumpeterian Growth 

Theory? In Handbook of Economic Growth, Vol. 2, edited by Philippe Aghion and Steven N. Durlauf. 

Amsterdam, Holland: Elsevier, 515–563. 

AGNCSAL. 1955. Report of the Attorney General’s National Committee to Study the Antitrust Laws. 

Washington, DC: U.S. Government Printing Office. 

Agrawal, Ajay, Joshua Gans, and Avi Goldfarb. 2023. Similarities and Differences in the Adoption of 

General Purpose Technologies. NBER Working Paper No. 30976. Cambridge, MA: National Bureau of 

Economic Research. 

Ahmed, Nur and Muntasir Wahed. 2020. "The De-democratization of AI: Deep Learning and the 

Compute Divide in Artificial Intelligence Research." arXiv preprint arXiv:2010.15581. 

https://arxiv.org/abs/2010.15581 

AInvest. 2025. "Intel's Layoffs: A Necessary Reset or a Last Gasp?" AInvest. 

https://www.ainvest.com/news/intel-layoffs-reset-gasp-2506/ 

Akhtar, Shayerah Ilias. 2013. Trade reorganization: Overview and issues for Congress. CRS Report 

R42555. https://www.everycrsreport.com/reports/R42555.html 

Alappat. 1994. In re Alappat. No. 92-1381. US Federal Circuit Court, July 29. 

https://law.justia.com/cases/federal/appellate-courts/F3/33/1526/513542/ 



219 
 

Albergotti, Reed 2024. Amazon announces new "Rainier" AI compute cluster with Anthropic. Semafor. 

https://www.semafor.com/article/12/03/2024/amazon-announces-new-rainier-ai-compute-cluster-with-

anthropic 

Albertus, Michael, and Victor Menaldo. 2018. Authoritarianism and the Elite Origins of Democracy. 

Cambridge: Cambridge University Press. 

Alcatel-Lucent, Ericsson, NEC, NextG Networks, Nokia, Nokia Siemens Networks, Nortel, and Sony 

Ericsson. 2008. Joint Proposal on 4G Mobile Broadband: Standard Essential Patents. ETSI. 

Alcoa. 1945. United States v. Aluminum Co. of America, No. 144. US Court of Appeals, Second Circuit, 

March 12. https://law.justia.com/cases/federal/appellate-courts/F2/148/416/1503668/ 

Alhassani, Mehdi, and Anthony Bak. 2025. America Is Winning the Wrong AI Race. The Wall Street 

Journal. https://www.wsj.com/articles/america-is-winning-the-wrong-ai-race– 

Alice Corp. 2014. Alice Corp. v. CLS Bank International. No. 13-298. US Supreme Court, June 19. 

https://supreme.justia.com/cases/federal/us/573/208 

Alicke, Knut, Tacy Foster, Katharina Hauck, and Vera Trautwein. 2023. "Tech and regionalization bolster 

supply chains, but complacency looms." McKinsey & Company. 

Aljunaid, Saif Khalifa, Almheiri, Saif Jasim, Dawood, Hussain, and Khan, Muhammad Adnan. (2025). 

Secure and transparent banking: Explainable AI-driven federated learning model for financial fraud 

detection. Journal of Risk and Financial Management 18(4): 179. 

Allen, Robert. 2009. The British Industrial Revolution in Global Perspective. Cambridge: Cambridge 

University Press. 

Allied Orthopedic Appliances. 2010. Allied Orthopedic Appliances Inc. v. Tyco Health Care Group LP, 

No. 08-56314, 9th Cir., Jan. 6. https://law.justia.com/cases/federal/appellate-courts/F3/592/991 

Allison, John, and Emerson Tiller. 2003. "The Business Method Patent Myth." Berkeley Technology Law 

Journal 18: 987-1084. 

Alok, Yashashwy 2024. Top 10 Open-Source AI Libraries for Developers. 

https://www.analyticsvidhya.com/blog/2024/12/open-source-ai-libraries 



220 
 

Alphabet Inc. 2020–2025. Annual Reports and SEC Filings. SEC. 

Alphabet Inc. 2025. “2024 Q4 Earnings Call” (transcript). Alphabet Investor Relations. 

https://abc.xyz/investor/events/event-details/2025/2024-Q4-Earnings-Call/ 

Alsop, Thomas. 2025. Qualcomm R&D expenditures worldwide 2016–2024. Statista. 

https://www.statista.com/statistics/980315/research-and-development-expenditures-of-qualcomm/ 

Alston, Eric, Lee Alston, Bernardo Mueller, and Tomas Nonnenmacher. 2018. Institutional and 

Organizational Analysis. Cambridge: Cambridge University Press. 

Altman, Sam. 2025. “Reflections.” January 5, 2025. https://blog.samaltman.com/reflections 

Alvarez, Robert. 2025. "How to Accelerate Training for Large AI Models with Pure Storage FlashBlade 

and PyTorch Checkpointing." Purely Technical (blog), Pure Storage. https://blog.purestorage.com/purely-

technical/pure-storage-flashblade-and-pytorch-asynchronous-checkpointing/ 

Amazon Inc. 2024. "AWS Trainium2 Instances Now Generally Available." US Press Center, December 

03. https://press.aboutamazon.com/2024/12/aws-trainium2-instances-now-generally-available 

Amazon Inc. 2025. “Amazon.com (AMZN) Q4 2024 Earnings Call Transcript.” The Motley Fool. 

https://www.fool.com/earnings/call-transcripts/2025/02/06/amazoncom-amzn-q4-2024-earnings-call-

transcript/ 

Amazon Staff. 2024. Amazon and Anthropic deepen their shared commitment to advancing generative AI. 

Amazon News. https://www.aboutamazon.com/news/company-news/amazon-anthropic-ai-investment 

AMD Inc. 2025. Current Report (Form 8-K), “Entry into a Material Definitive Agreement” (Warrant to 

OpenAI OpCo, LLC). SEC. https://ir.amd.com/financial-information/sec-filings/content/0001193125-25-

230895/0001193125-25-230895.pdf 

American Can. 1949. United States v. American Can Co., No. 26345-H. US District Court, N.D. 

California, S.D., November 10. https://law.justia.com/cases/federal/district-courts/FSupp/87/18/ 

American Express. 2018. Ohio v. American Express Co., 585 U.S. ___ (138 S. Ct. 2274). 

https://supreme.justia.com/cases/federal/us/585/16-1454 



221 
 

AIPLA. 2019. Report of the Economic Survey. AIPLA. https://www.aipla.org/detail/journal-issue/2019-

report-of-the-economic-survey 

American Nuclear Society 2025. Talen and Amazon expand their partnership for Pennsylvania nuclear. 

American Nuclear Society Newswire. https://www.ans.org/news/2025-06-16/article-7113/talen-and-

amazon-expand-their-partnership-for-pennsylvania/ 

Aminabadi, Reza Yazdani, Samyam Rajbhandari, Minjia Zhang, Ammar Ahmad Awan, Cheng Li, Du Li, 

Elton Zheng, Jeff Rasley, Shaden Smith, Olatunji Ruwase, and Yuxiong He. 2022. DeepSpeed Inference: 

Enabling Efficient Inference of Transformer Models at Unprecedented Scale. arXiv preprint arXiv: 

2207.00032. https://arxiv.org/abs/2207.00032 

Anderson. 2024. Anderson v. TikTok, Inc. No. 22-3061. US Court of Appeals, Third Circuit, August 27. 

https://law.justia.com/cases/federal/appellate-courts/ca3/22-3061/22-3061-2024-08-27.html 

Andreessen, Marc. 2011. "Why Software Is Eating the World." The Wall Street Journal. 

https://www.wsj.com/articles/SB10001424053111903480904576512250915629460 

Anthropic. 2024. Introducing the Model Context Protocol. Anthropic. 

https://www.anthropic.com/news/model-context-protocol 

Anthropic. 2025a. Piloting Claude for Chrome. Anthropic. https://www.anthropic.com/news/claude-for-

chrome?_bhlid=bd9fae9ffe489cd5db411d4be7bf4c89adf41d9c 

Anthropic. 2025c. “Expanding our use of Google Cloud TPUs and Services.” Anthropic News. 

https://www.anthropic.com/news/expanding-our-use-of-google-cloud-tpus-and-services 

Anthropic. 2025d. "Anthropic invests $50 billion in American AI infrastructure." Anthropic News. 

https://www.anthropic.com/news/anthropic-invests-50-billion-in-american-ai-infrastructure 

Anthropic. 2025e. Anthropic Economic Index: Insights from Claude 3.7 Sonnet. 

https://www.anthropic.com/news/anthropic-economic-index-insights-from-claude-sonnet-3-7 

Appen. 2021. Overcoming AI Deployment Challenges/5 Tips for Handling AI Obstacles. Appen. 

https://www.appen.com/blog/overcoming-ai-deployment-challenges 



222 
 

Apple Computer. 1994. Apple Computer, Inc. v. Microsoft Corp. Nos. 93-16867, 93-16869 and 93-16883. 

US Court of Appeals, Ninth Circuit, September 19. https://law.justia.com/cases/federal/appellate-

courts/F3/35/1435/605245/ 

Apple Developer. n.d.a. “Get Started — iOS.” Apple Developer Documentation. 

https://developer.apple.com/ios/get-started 

Apple Developer. n.d.b. "Core Location." Apple Developer Documentation. 

https://developer.apple.com/documentation/corelocation/ 

Apple Developer. n.d.c. “Configuring your app to use location services.” Apple Developer 

Documentation. https://developer.apple.com/documentation/corelocation/configuring-your-app-to-use-

location-services 

Apple Developer. n.d.d. “In-app purchase.” Apple Developer Documentation. 

https://developer.apple.com/design/human-interface-guidelines/in-app-purchase 

Apple Developer. n.d.e. “Handling location updates in the background.” Apple Developer 

Documentation. https://developers.apple.com/documentation/corelocation/handling-location-updates-in-

the-background 

Apple Developer. n.d.f. “Getting the current location of a device.” Apple Developer Documentation. 

https://developer.apple.com/documentation/corelocation/getting-the-current-location-of-a-device 

Apple Inc. 2019b. Apple Inc. v. Robert Pepper, et al., No. 17-204, U.S. Supreme Court, May 13. 

https://scholar.google.com/scholar_case?case=15157888566008153651&q=apple+v+pepper&hl=en&as_

sdt=6,48&as_vis=1 

Apple Inc. 2020–2025. Annual Reports and SEC Filings. SEC. 

Apple Inc. 2024a. Annual Report 2024 (Form 10-K). Securities and Exchange Commission. 

https://www.sec.gov/Archives/edgar/data/320193/000032019324000123/aapl-20240928.htm 

Apple Inc. 2023b. “Apple unveils iPhone 15 Pro and iPhone 15 Pro Max.” Press Release. Apple 

Newsroom. https://www.apple.com/newsroom/2023/09/apple-unveils-iphone-15-pro-and-iphone-15-pro-

max/ 



223 
 

Apple Inc. 2024b. "iPhone 16 – Technical Specifications." https://www.apple.com/iphone-16/specs/ 

Apple Inc. 2024c. “Introducing Apple Intelligence for iPhone, iPad, and Mac.” Apple Newsroom. 

https://www.apple.com/newsroom/2024/06/introducing-apple-intelligence-for-iphone-ipad-and-mac/ 

Apple Support. n.d. “Use Continuity to work across Apple devices.” Apple Support. 

https://support.apple.com/guide/iphone/intro-to-continuity-iphf5fa30b66/ios 

Apple. 2021a. "A Day in the Life of Your Data." 

https://www.apple.com/privacy/docs/A_Day_in_the_Life_of_Your_Data.pdf 

Apple. 2021b. "App Tracking Transparency." Apple Developer Documentation. 

https://developer.apple.com/documentation/apptrackingtransparency 

Apple. 2021c. “Data Privacy Day at Apple.” Apple Newsroom. 

https://www.apple.com/newsroom/2021/01/data-privacy-day-at-apple-improving-transparency-and-

empowering-users 

Apple. 2022. “Deploying Transformers on the Apple Neural Engine.” Apple Machine Learning Research. 

https://machinelearning.apple.com/research/neural-engine-transformers 

Apple. 2024a. Apple Platform Security. https://help.apple.com/pdf/security/en_US/apple-platform-

security-guide.pdf 

Apple. 2024b. “Introducing Apple’s On-Device and Server Foundation Models.” Apple Machine Learning 

Research. https://machinelearning.apple.com/research/introducing-apple-foundation-models 

Apple. 2024c. “Private Cloud Compute: A new frontier for AI privacy in the cloud.” Apple Security 

Research. https://security.apple.com/blog/private-cloud-compute 

Apple. 2024d. “Apple Intelligence Foundation Language Models.” arXiv preprint: arXiv 2407.21075. 

https://arxiv.org/pdf/2407.21075 

Apple. 2025. “Apple Intelligence Foundation Language Models: Tech Report 2025.” arXiv preprint: 

arXiv 2507.13575. https://arxiv.org/pdf/2507.13575 



224 
 

Applegate, Lynda, and Kevin Davis. 1995. “Xerox: Outsourcing Global Information Technology 

Resources.” Harvard Business School Case 9-195-158, Harvard Business School Publishing. Available at: 

https://hbsp.harvard.edu/product/195158-PDF-ENG 

Apptronik. 2024. Apptronik partners with Google DeepMind robotics to accelerate advancement on AI-

powered humanoid robots. Apptronik Press Release. https://apptronik.com/news-collection/apptronik-

partners-with-google-deepmind-robotics 

Areeda, Phillip, and Herbert Hovenkamp. 1978. Antitrust Law: An Analysis of Antitrust Principles and 

Their Application. New York: Aspen Publishers. 

Areeda, Phillip, and Herbert Hovenkamp. 2003. Antitrust Law: An Analysis of Antitrust Principles and 

Their Application (2nd ed.). New York: Aspen Publishers. 

Areeda, Phillip, and Herbert Hovenkamp. 2023. Antitrust Law: An Analysis of Antitrust Principles and 

Their Application (5th ed.). New York: Wolters Kluwer. 

Areeda, Phillip, and Donald Turner. 1975. "Predatory Pricing and Related Practices Under Section 2 of 

the Sherman Act." Harvard Law Review 88(4): 697–733. 

Areeda, Phillip, and Donald Turner. 1978. Antitrust Law. Boston: Little, Brown. 

Areeda, Phillip, and Herbert Hovenkamp. 2020. Antitrust Law. 5th ed. New York: Wolters Kluwer. 

Areeda, Phillip. 1989. "Essential Facilities." Antitrust Law Journal 58(3): 841–53. 

Argenton, Cédric, and Jens Prüfer. 2012. "Search Engine Competition with Network Externalities." 

Journal of Competition Law and Economics 8(1): 73-105. 

Aridor, Guy, Yeon-Koo Che, Brett Hollenbeck, Maximilian Kaiser, and Daniel McCarthy. 2025. 

“Evaluating the Impact of Privacy Regulation on E-Commerce Firms.” Working paper. 

https://www.anderson.ucla.edu/sites/default/files/document/2025-05/att_privacy.pdf 

Arista Networks. 2024. Arista Unveils Etherlink AI Networking Platforms. Arista Networks Press 

Release. https://investors.arista.com/Communications/Press-Releases-and-Events/Press-Release-

Detail/2024/Arista-Unveils-Etherlink-AI-Networking-Platforms/default.aspx 



225 
 

Arm Holdings plc. 2023. Registration Statement on Form F-1. U.S. Securities and Exchange 

Commission. https://investors.arm.com/node/6921/html 

Armbrust, Michael, Ali Ghodsi, Reynold Xin, and Matei Zaharia. 2021. "Lakehouse: A New Generation 

of Open Platforms that Unify Data Warehousing and Advanced Analytics." Proceedings of CIDR 2021. 

Armstrong, Mark. 2006. "Competition in Two-Sided Markets." The RAND Journal of Economics 37(3): 

668–91. 

Arnold, Thurman Wesley 1941. The Bottlenecks of Business. New York: Reynal and Hitchcock. 

Arora, Ashish, Andrea Fosfuri, and Alfonso Gambardella. 2001. Markets for Technology. Cambridge, 

MA: MIT Press. 

Arrow, Kenneth. 1962. "Economic Welfare and the Allocation of Resources for Invention." In The Rate 

and Direction of Inventive Activity: Economic and Social Factors, edited by Richard Nelson. Princeton, 

NJ: Princeton University Press, 609–25. 

Arroyo, Carmen, and Edward Ludlow. 2025. “xAI to Raise $20 Billion After Nvidia and Others Boost 

Round.” Bloomberg. https://www.bloomberg.com/news/articles/2025-10-07/musk-s-xai-nears-20-billion-

capital-raise-tied-to-nvidia-chips?embedded-checkout=true 

ASME. 2025. “Special Issue: Human–Robot Collaboration in Industry 5.0.” 

https://asmejcise.org/2025/04/07/special-issue-human-robot-collaboration-in-industry-5-0/ 

ASML. 2024. ASML Annual Report 2024. ASML Holding N.V. Investor Relations. 

https://www.asml.com/en/investors/annual-report/2024 

ASML. 2025. “EUV lithography.” ASML Products – EUV lithography systems. 

https://www.asml.com/en/products/euv-lithography-systems 

ASPDAC. 2025. “Chiplet Package Design: Complexity, Reliability, and Advanced Packaging.” 

https://www.aspdac.com/aspdac2025/archive/pdf/7F-3.pdf 

ASTC. 2025. "New ASTC Survey Shows Gaps Between Public Support for Science and Understanding 

of Federal Actions." ASTC News. https://www.astc.org/astc-news-announcements/new-astc-survey-



226 
 

shows-gaps-between-public-support-for-science-and-understanding-of-how-science-is-impacted-by-

federal-actions/ 

AT&T 2018. United States v. AT&T Inc., 310 F. Supp. 3d 161 (D.D.C.). 

https://law.justia.com/cases/federal/district-courts/district-of-columbia/dcdce/1:2017cv02511/182300/172 

AT&T 2019. United States v. AT&T Inc., No. 18-5214, 916 F.3d 1029 (D.C. Cir.). 

https://law.justia.com/cases/federal/appellate-courts/cadc/18-5214/18-5214-2019-02-26.html 

AT&T 1999. AT&T Corp. v. Excel Communications, Inc., Excel Communications Marketing, Inc., and 

Excel Telecommunications, Inc. No. 98-1338. US Court of Appeals, Federal Circuit, April 14. 

https://law.justia.com/cases/federal/appellate-courts/F3/172/1352/599511/ 

Atkinson, Robert, Daniel Castro, and Stephen Ezell. 2008. "The Digital Road to Recovery: A Stimulus 

Plan to Create Jobs, Boost Productivity and Revitalize America." Information Technology and Innovation 

Foundation. https://d1bcsfjk95uj19.cloudfront.net/files/Digital_Road_to_Recovery.pdf 

Atkinson, Robert. 2025. “No, AI Robots Won’t Take All Our Jobs: Instead, they will boost productivity, 

lower prices and spur the evolution of the labor market.” The Wall Street Journal. 

https://www.wsj.com/opinion/no-ai-robots-wont-take-all-our-jobs-employment-productivity-innovation-

41068792 

ATOM Project Substack. 2025. One Small Step for ATOM, one giant leap for OpenAI. 

https://atomproject.substack.com/p/one-small-step-for-atom-one-giant 

Austin, Steven. 2025. How many people work at Anthropic (Claude)? Comprehensive workforce analysis 

for 2025. Marketingscoop. https://www.marketingscoop.com/website/seo/how-many-people-work-at-

anthropic-claude-comprehensive-workforce-analysis-for-2025/ 

Authers, John. 2026. Greenland Isn’t as Big as it Looks in Risk. Points of Return. Bloomberg. 

https://www.bloomberg.com/opinion/newsletters/2026-01-20/greenland-isn-t-as-big-as-it-looks-in-

risk?srnd=phx-opinion 

Autor, David, David Dorn, Lawrence Katz, Christina Patterson, and John Van Reenen. 2020. “The Fall of 

the Labor Share and the Rise of Superstar Firms.” Quarterly Journal of Economics 135(2): 645–709. 



227 
 

Autor, David, and Michael Handel. 2013. "Putting Tasks to the Test: Human Capital, Job Tasks, and 

Wages." Journal of Labor Economics 31(1): S59–S96. 

Autor, David. 2015. "Why Are There Still So Many Jobs? The History and Future of Workplace 

Automation." Journal of Economic Perspectives 29(3): 3–30. 

Autor, David. 2024. "Applying AI to Rebuild Middle Class Jobs." NBER Working Paper No. 32140. 

Cambridge, MA: National Bureau of Economic Research. 

AWS. 2024a. High Performance Computing on AWS. AWS. https://aws.amazon.com/hpc 

AWS. 2024b. Generative AI inference architecture and best practices on AWS (AWS inference stack). 

Available at: <https://docs.aws.amazon.com/prescriptive-guidance/latest/gen-ai-inference-architecture-

and-best-practices-on-aws/aws-inference-stack.html 

AWS. 2024c. “Anthropic's Claude 3 Opus model now available on Amazon Bedrock.” AWS What’s New. 

https://aws.amazon.com/about-aws/whats-new/2024/04/anthropics-claude-3-opus-amazon-bedrock 

AWS. 2025. Amazon Bedrock Documentation. AWS. https://docs.aws.amazon.com/bedrock 

Ayodele, Abiola. 2025. OSAT Semiconductor Services: The Backbone of Outsourced Chip Assembly and 

Testing. Wevolver. https://www.wevolver.com/article/osat-semiconductor-services-the-backbone-of-

outsourced-chip-assembly-testing 

Azure AI Studio. 2025. Endpoints for inference in production. Azure AI Studio. 

https://learn.microsoft.com/en-us/azure/machine-learning/concept-endpoints 

Baack, Stefan. 2024. "A Critical Analysis of the Largest Source for Generative AI Training Data: 

Common Crawl." Proceedings of the 2024 ACM Conference on Fairness, Accountability, and 

Transparency (FAccT '24). Association for Computing Machinery. 

https://dl.acm.org/doi/10.1145/3630106.3659033 

Backus, Matthew, Christopher Conlon, and Michael Sinkinson. 2021. "Common Ownership in America: 

1980–2017." American Economic Journal: Microeconomics 13(3): 273–308. 



228 
 

Baek, Jinheon, Nirupama Chandrasekaran, Silviu Cucerzan, and Allen Herring. 2024. Knowledge-

Augmented Large Language Models for Personalized Contextual Query Suggestion. Proceedings of the 

ACM Web Conference (WWW ’24). https://arxiv.org/pdf/2311.06318 

Bahar, Dany. 2018. “The Middle Productivity Trap: Dynamics of Productivity Dispersion.” Economics 

Letters 167: 60–66. 

Bailey, Martha, John DiNardo, and Bryan Stuart. 2021. "The Economic Impact of a High National 

Minimum Wage: Evidence from the 1966 Fair Labor Standards Act." Journal of Labor Economics, Vol. 

39(S2): S329-S367. 

Bain, Joe. 1956. Barriers to New Competition. Cambridge, MA: Harvard University Press. 

Baker, Jonathan. 1997. The Problem with Baker Hughes and Syufy: On the Role of Entry in Merger 

Analysis. Antitrust Law Journal 65(2): 353-374. 

Baker, Jonathan and Carl Shapiro. 2010. Reinvigorating Horizontal Merger Enforcement. In Robert 

Pitofsky (Ed.), How the Chicago School Overshot the Mark: The Effect of Conservative Economic 

Analysis on U.S. Antitrust New York: Oxford University Press, 235-291. 

Baker, Jonathan. 2007. "Market Definition." Antitrust Law Journal 74(1): 129–173. 

Bakos, Yannis. 1997. "Reducing Buyer Search Costs: Implications for Electronic Marketplaces." 

Management Science 43(12): 1676–1692. 

Baldwin, Richard. 2016. The Great Convergence. Cambridge, MA: Harvard University Press. 

Ball Memorial Hospital. 1986. Ball Memorial Hospital, Inc. v. Mutual Hospital Insurance, Inc., No. 85-

1481. US Court of Appeals, Seventh Circuit, March 4. https://law.justia.com/cases/federal/appellate-

courts/F2/784/1322 

Balp, Laura. 2025. Storage Next: Why AI Workloads Need a Kitchen Built for Speed. ScaleFlux Blog. 

https://scaleflux.com/storage/storage-next-serving-data-like-a-world-class-restaurant 

Balser, Jimmy, Minon Schwartz and Jon Shimabukuro. 2025. "A New Civil Service 'Policy/Career' 

Schedule." CRS Report LSB11262. https://www.congress.gov/crs-product/LSB11262 



229 
 

Bandyopadhyay, Subhayu, Maximiliano Dvorkin, Fernando Leibovici, and Ana Maria Santacreu. 2022. 

The Shifting Tides of Global Trade. Federal Reserve Bank of St. Louis. 

https://www.stlouisfed.org/annual-report/2022/shifting-tides-global-trade. 

Banga, Rashmi. 2013. Measuring value in global value chains. UNCTAD. 

https://unctad.org/system/files/official-document/ecidc2013misc1_bp8.pdf 

Bantock, Asher 2025. The SignalFire State of Tech Talent Report – 2025. SignalFire. 

https://www.signalfire.com/blog/signalfire-state-of-talent-report-2025 

Barath Harithas, Kyle Meng, Evan Brown, and Catharine Mouradian. 2025. The Liberation Day Tariffs. 

Washington, DC: Center for Strategic and International Studies. https://www.csis.org/analysis/liberation-

day-tariffs-explained 

Barenholtz, Lior. 2025. ChatGPT monthly visits: SEO analysis and competitor comparisons. Similarweb. 

https://www.similarweb.com/blog/marketing/geo/chatgpt-monthly-visits/ 

Barkai, Simcha. 2020. “Declining Labor and Capital Shares.” Journal of Finance 75 (5): 2421–2463. 

Barnes and Noble. 2014. Nguyen v. Barnes and Noble Inc., No. 12-56628, U.S. Court of Appeals, Ninth 

Circuit, August 16. https://scholar.google.com/scholar_case?case=11003811139217543321 

Barnes. 2009. Barnes v. Yahoo!, Inc. No. 06-56662. US Court of Appeals, Ninth Circuit, June 22. 

https://law.justia.com/cases/federal/appellate-courts/F3/570/1096 

Barnett, Jonathan. 2020. Innovators, Firms, and Markets: The Organizational Logic of Intellectual 

Property. New York: Oxford University Press. 

Barnett, Jonathan. 2017. "Has the Academy Led Patent Law Astray?" Berkeley Technology Law Journal 

32(4): 1313–1386. 

Barron, David. 2010. Best Practices for OLC Legal Advice and Written Opinions. Memorandum for 

Attorneys of the Office. DoJ, Office of Legal Counsel. https://www.justice.gov/olc/page/file/1511836/dl 

Baroudy, Kim, Jonatan Janmark, Tobias Strålin, Abhi Satyavarapu, and Zeno Ziemke. 2020. “Europe’s 

start-up ecosystem: Heating up, but still facing challenges.” McKinsey & Company. 



230 
 

https://www.mckinsey.com/industries/technology-media-and-telecommunications/our-insights/europes-

start-up-ecosystem-heating-up-but-still-facing-challenges 

Barroso, Luiz André, Jeffrey Dean, and Urs Holzle.  2003. Web search for a planet: The Google cluster 

architecture. IEEE micro, 23(2): 22-28. 

Barry Wright. 1983. Barry Wright Corp. v. ITT Grinnell Corp., No. 83-1292. US Court of Appeals, First 

Circuit, December 29. https://law.justia.com/cases/federal/appellate-courts/F2/724/227/265312/ 

Bartz et al. 2025. Bartz et al. v. Anthropic PBC, No. 3:24-cv-05417. US District Court for the Northern 

District of California, August 19, 2024. https://docs.justia.com/cases/federal/district-

courts/california/candce/3:2024cv05417/434709/231 

Battelle, John. 2005. The Search. New York: Portfolio. 

Baumol, William. 1982. "Contestable Markets: An Uprising in the Theory of Industry Structure." The 

American Economic Review 72(1): 1–15. 

Harrison, Joseph, Matthew Josefy, Matias Kalm, and Ryan Krause. 2023. "Using supervised machine 

learning to scale human‐coded data: A method and dataset in the board leadership context." Strategic 

Management Journal 44(7): 1780-1802. 

Bayard, Thomas, and Kimberly Ann Elliott. 1994. Reciprocity and Retaliation in U.S. Trade Policy. 

Washington, DC: Institute for International Economics. 

BEA. 2024. Trade in Services in 2023. BEA. https://apps.bea.gov/scb/issues/2024/10-october/1024-

international-services.htm 

BEA. 2025. U.S. International Trade in Goods and Services, December and Annual 2024. 

https://www.bea.gov/news/2025/us-international-trade-goods-and-services-december-and-annual-2024 

Beauchene, Vinciane, Sylvain Duranton, Nipun Kalra, and David Martin. 2025. “AI at Work 2025: 

Momentum Builds, but Gaps Remain.” Boston Consulting Group, Slideshow. https://web-

assets.bcg.com/fd/0d/bcc5dfae4cbaa08c718b95b16cf5/ai-at-work-2025-slideshow-june-2025-edit-02.pdf 



231 
 

Bell, Emily, and Taylor Owen. 2017. "The Platform Press." Tow Center for Digital Journalism, Columbia 

Journalism School. https://www.cjr.org/tow_center_reports/platform-press-how-silicon-valley-

reengineered-journalism.php 

Bendavid, Naftali, and Abha Bhattarai. 2025. “Trump’s Risky Role as the Would-Be CEO of America.” 

The Washington Post. https://www.washingtonpost.com/politics/2025/08/12/trump-corporations-ceo-

economy-tariffs/ 

Benesch, Friedlander, Coplan and Aronoff LLP. 2008. “Qualcomm Highlights the Need for In‑House and 

Outside Counsel to Work Closely to Conduct E‑Discovery.” E‑Discovery Bulletin. 

https://www.beneschlaw.com/a/web/687/IP_eDoc_Qualcomm.pdf 

Bengio, Yoshua, Sasha Luccioni, Edward Raff, Abhishek Gupta, Daniel McDuff, David Rolnick, Emma 

Strubell, Irene Solaiman, Margaret Mitchell, and Timnit Gebru. 2023. “Collective Governance of Open 

Foundation Models.” arXiv preprint: arXiv.2307.08774. https://doi.org/10.48550/arXiv.2307.08774 

Benjamin, Dan, and Matthews, Kent. 1992. U.S. and U.K. Unemployment Between the Wars: A Doleful 

Story. Institute for Economic Affairs, London. 

Benston, George. 1990. The Separation of Commercial and Investment Banking. New York: Oxford 

University Press. 

Beraja, Martin, Andrew Kao, David Yang, and Noam Yuchtman. 2023. "AI-tocracy." Quarterly Journal of 

Economics 138(3): 1349–1402. 

Bergen, Mark, and Jennifer Surane. 2017. "Google Will Stop Reading Your Emails for Gmail Ads." 

Bloomberg. https://www.bloomberg.com/news/articles/2017-06-23/google-will-stop-reading-your-emails-

for-gmail-ads 

Berkey Photo. 1979. Berkey Photo, Inc. v. Eastman Kodak Co., Nos. 1019, 1070. US Court of Appeals, 

Second Circuit, June 25. https://law.justia.com/cases/federal/appellate-courts/F2/603/263/105215 

Bessen, James, and Michael Meurer. 2008. Patent Failure: How Judges, Bureaucrats, and Lawyers Put 

Innovators at Risk. Princeton: Princeton University Press. 



232 
 

Bessen, James, and Robert Hunt. 2007. “An Empirical Look at Software Patents.” Journal of Economics 

and Management Strategy 16(1): 157–189. 

Bessen, James, and Stefano Calligaris. 2018. “Proprietary IT Intensity and the Persistence of Superstar 

Returns.” NBER Working Paper No. 24259. Cambridge, MA: National Bureau of Economic Research. 

Bessen, James. 2015. Learning by Doing: The Real Connection between Innovation, Wages, and Wealth. 

New Haven, CT: Yale University Press. 

Bessen, James. 2020. Industry Concentration and Information Technology. Journal of Law and 

Economics 63(3): 531–570. 

Bick, Alexander, Adam Blandin, and David Deming. 2025. The Rapid Adoption of Generative AI, Federal 

Reserve Bank of St. Louis Working Paper 2024-027. https://doi.org/10.20955/wp.2024.027 

BigCommerce. (n.d.). What is a Facebook Custom Audience and how can they grow online stores? 

BigCommerce. https://www.bigcommerce.com/glossary/facebook-customer-audience/ 

Biswas, Prassana. 2025. CUDA vs SYCL: A Comparison of GPU Programming Models. LinkedIn. 

https://www.linkedin.com/pulse/cuda-vs-sycl-comparison-gpu-programming-models-prasanna-biswas-

pdwsc 

BitLaw. 2025. “History of Software Patents, from Benson, Flook, and Diehr to Bilski and Alice.” Beck 

and Tysver. https://www.bitlaw.com/software-patent/history.html. 

Bjorhovde, Runar. 2024. "How much money do smartphone vendors actually earn per device?" LinkedIn. 

Blackstone. (2024, May 17). CoreWeave Secures $7.5 Billion Debt Financing Facility led by Blackstone 

and Magnetar. https://www.blackstone.com/news/press/coreweave-secures-7-5-billion-debt-financing-

facility-led-by-blackstone-and-magnetar/ 

Blevins, Emily, Alice Grossman, and Karen Sutter. 2023. CHIPS Act of 2022. CRS Report R47523. 

https://www.congress.gov/crs-product/R47523 

Blind, Knut. 2004. The Economics of Standards: Theory, Evidence, Policy. Cheltenham, England: 

Edward Elgar Publishing. 



233 
 

Block, Fred 2008. Swimming Against the Current: The Rise of a Hidden Developmental State in the 

United States. Politics and Society, 36(2): 169–206. 

Block, Fred, and Matthew Keller. 2011. State of Innovation: The U.S. Government’s Role in Technology 

Development. New York: Routledge. 

Block. 2025. "Block, Anthropic, and OpenAI Launch the Agentic AI Foundation." Block Inside. 

https://block.xyz/inside/block-anthropic-and-openai-launch-the-agentic-ai-foundation 

Bloom, Benjamin 1984. “The 2 Sigma Problem: The Search for Methods of Group Instruction as 

Effective as One-to-One Tutoring.” Educational Researcher 13(6): 4–16. 

Bloomberg News. 2025. “Klarna Turns From AI to Real-Person Customer Service.” Bloomberg. 

https://www.bloomberg.com/news/articles/2025-05-08/klarna-turns-from-ai-to-real-person-customer-

service 

BLS. 2011. Handbook of Methods. DoL. https://www.bls.gov/opub/hom/pdf/inp-20110509.pdf 

BLS. 2025a. “Year-over-Year Inflation Rate: CPI-U (All Items), Annual Average, 2002–2024.” DoL. 

https://www.bls.gov/pir/spm/spm_chart5_2024data.htm 

BLS 2025b. Productivity and Costs: Fourth Quarter and Annual Averages 2024, Preliminary. DoL. 

https://www.bls.gov/news.release/archives/prod2_02062025.htm 

BLS. 2025c. Productivity and Costs: Second Quarter 2025, Revised. DoL. 

https://www.bls.gov/news.release/prod2.nr0.htm 

BLS. 2025d. “Office of Productivity and Technology: Concepts.” BLS Handbook of Methods. DoL. 

https://www.bls.gov/opub/hom/opt/concepts.htm 

BLS. 2025e. “Office of Productivity and Technology: Data Sources.” BLS Handbook of Methods. DoL.. 

https://www.bls.gov/opub/hom/opt/data.htm 

BLS. n.d. Consumer Price Index (CPI). DoL. https://www.bls.gov/cpi/ 

Bohn, Robert, Christopher Greer, and Jason Kahn. 2023. Report of the Advanced Communications 

Technologies Working Group (NIST Interagency Report 8483). NIST. 

https://tsapps.nist.gov/publication/get_pdf.cfm 

https://www.bls.gov/pir/spm/spm_chart5_2024data.htm


234 
 

Bonacich, Edna, and Khaleelah Hardie. 2006. “Wal-Mart and the Logistics Revolution.” In Wal-Mart: 

The Face of Twenty-First-Century Capitalism, edited by Nelson Lichtenstein, New York: The New Press, 

163–187. 

Bonatesta, Lara. 2025. “Forty-seven states have enacted deepfake legislation since 2019.” Ballotpedia 

News. https://news.ballotpedia.org/2025/07/22/forty-seven-states-have-enacted-deepfake-legislation-

since-2019/ 

Bonnet, Alexandre. 2024. ONNX Standardized Format: The Universal Translator for AI Models. Encord. 

https://encord.com/blog/onnx-open-neural-network-exchange-format/ 

Borin, Alessandro, and Michele Mancini. 2021. “Supply Chain Fragmentation and the Global Trade 

Elasticity: A New Accounting Framework.” IMF Economic Review 69 (4): 656–680. 

Bork, Robert. 1978. The Antitrust Paradox. New York: Basic Books. 

Borkar, Shekhar, Saurabh Dighe, and Nirav Kahn. 2024. "Accelerating Industry-Wide Innovations in 

Datacenter Infrastructure and Security." Microsoft Azure Blog. https://azure.microsoft.com/en-

us/blog/accelerating-industry-wide-innovations-in-datacenter-infrastructure-and-security/ 

Bort, Julie. 2025a. "Google Launched Its Deepest AI Research Agent Yet—on the Same Day OpenAI 

Dropped GPT-5.2." TechCrunch. https://techcrunch.com/2025/12/11/google-launched-its-deepest-ai-

research-agent-yet-on-the-same-day-openai-dropped-gpt-5-2/ 

Bort, Julie. 2025b. "In another chess move with Microsoft, OpenAI is pouring $12B into CoreWeave." 

https://techcrunch.com/2025/03/10/in-another-chess-move-with-microsoft-openai-is-pouring-12b-into-

coreweave/ 

Boudreau, Kevin J., and Hagiu, Andrei 2009. Platform rules: Multi-sided platforms as 

regulators." Platforms, markets and innovation 1(0): 163-191. 

Bousquette, Isabelle, Belle Lin, Tom Loftus, and Steven Rosenbush. 2025. "What Are Companies 

Actually Doing With AI? Our Reporters Talk It Out." Wall Street Journal. 

https://www.wsj.com/articles/what-are-companies-actually-doing-with-ai-our-reporters-talk-it-out-

a12dd305 



235 
 

Bowman, Ward. 1957. Tying Arrangements and the Leverage Problem. Yale Law Journal, 67(1): 19-36. 

Boyle, Alan, Taylor Soper, and Todd Bishop. 2020. "Apple acquires Xnor.ai, edge AI spin-out from Paul 

Allen's AI2, for price in $200M range." GeekWire. https://www.geekwire.com/2019/ai2-china-us-

research/ 

Bradford, Anu. 2020. The Brussels Effect. New York: Oxford University Press. 

Bradford, Anu. 2023. Digital Empires. Oxford: Oxford University Press. 

Brantle, Thomas, and M. Hosein Fallah. 2007. “Complex Innovation Networks, Patent Citations and 

Power Laws.” In PICMET ’07: Portland International Conference on Management of Engineering and 

Technology, August 5–9, Portland, OR. IEEE. https://doi.org/10.1109/PICMET.2007.4349390 

Bratton, Laura. 2025. “Big Tech’s AI Investments Set to Spike to $364 Billion in 2025.” Yahoo Finance. 

https://finance.yahoo.com/news/big-techs-ai-investments-set-to-spike-to-364-billion-in-2025-as-bubble-

fears-ease-143203885.html 

Braun, Alan. 2025. Scaling responsibly: evolving our API rate limits to power the next generation of 

Atlassian Cloud. Atlassian Blog. https://www.atlassian.com/blog/platform/evolving-api-rate-limits 

Bresnahan, Timothy, and Manuel Trajtenberg. 1995. "General Purpose Technologies: 'Engines of 

Growth'?" Journal of Econometrics 65(1): 83–108. 

Bresnahan, Timothy, and Shane Greenstein. 1996. Technical Progress and Co-Invention in Computing 

and in the Uses of Computers. Brookings Papers on Economic Activity: Microeconomics: 1–77. 

https://www.brookings.edu/wp-content/uploads/1996/01/1996_bpeamicro_bresnahan.pdf 

Bresnahan, Timothy, Erik Brynjolfsson, and Lorin Hitt. 2002. "Information Technology, Workplace 

Organization, and the Demand for Skilled Labor." The Quarterly Journal of Economics 117(1): 339-376. 

Bresnahan, Timothy. 2010. General Purpose Technologies. In Handbook of the Economics of Innovation, 

Vol. 2, edited by Bronwyn Hall and Nathan Rosenberg. Amsterdam, Holland: Elsevier, 761-791. 

Breyer, Stephen, Richard Stewart, Cass Sunstein, Adrian Vermeule, and Michael Herz. 2022. 

Administrative Law and Regulatory Policy: Problems, Text, and Cases. 9th ed. Burlington, MA: Aspen 

Publishing. 



236 
 

Bria, Francesca, Paul Timmers and Fausto Gernone. 2025. EuroStack – A European Alternative for 

Digital Sovereignty. Bertelsmann Stiftung. https://www.bertelsmann-stiftung.de/en/our-

projects/reframetech-algorithmen-fuers-gemeinwohl/project-news/eurostack-a-european-alternative-for-

digital-sovereignty 

Brock, William, and Steven Durlauf. 2001. "Discrete Choice with Social Interactions." Review of 

Economic Studies 68(2): 235-260. 

Brooke Group Ltd. 1993. Brooke Group Ltd. v. Brown and Williamson Tobacco Corp., No. 92-466. U.S. 

Supreme Court, June 21. https://supreme.justia.com/cases/federal/us/509/209 

Brougher, Jim. 2025. “Reddit's New AI Licensing Deal Shows How Content Co.s Get Paid to Train 

LLMs.” Media + the Machine (Substack), September 29, 2025. 

https://mediaandthemachine.substack.com/p/reddits-new-ai-licensing-deal-shows. 

Brown Shoe. 1962. Brown Shoe Co. v. United States, No. 4. US Supreme Court, June 25. 

https://supreme.justia.com/cases/federal/us/370/294/ 

Brown, A. B. 2020. Record 2.7M industrial robots are in operation, but demand has slowed. Supply Chain 

Dive. 

Brynjolfsson, Erik. 1993. The Productivity Paradox of Information Technology. Communications of the 

ACM 36(12): 66-77. 

Brynjolfsson, Erik, Avinash Collis, W. Erwin Diewert, Felix Eggers, and Kevin Fox. 2019. GDP-B: 

Accounting for the value of new and free goods in the digital economy. NBER Working Paper No. 25695. 

Cambridge, MA: National Bureau of Economic Research. 

Brynjolfsson, Erik, and Lorin Hitt. 2000. "Beyond Computation." Journal of Economic Perspectives 

14(4): 23–48. 

Brynjolfsson, Erik, Bharat Chandar, and Ruyu Chen. 2025. Canaries in the Coal Mine? Six Facts about 

the Recent Employment Effects of Artificial Intelligence. Stanford Digital Economy Lab Working Paper. 

https://digitaleconomy.stanford.edu/publications/canaries-in-the-coal-mine/ 



237 
 

Brynjolfsson, Erik, Daniel Rock, and Chad Syverson. 2021. The Productivity J-Curve. American 

Economic Journal: Macroeconomics 13(1): 333–372. 

Buchanan, James, and Gordon Tullock. 1962. The Calculus of Consent: Logical Foundations of 

Constitutional Democracy. Ann Arbor: University of Michigan Press. 

Buiten, Miriam. 2019. "Towards intelligent regulation of artificial intelligence." European Journal of Risk 

Regulation 10(1): 41-59. 

BEA. 2021. "Gross Domestic Product by Industry." DoC. https://www.bea.gov/news/2022/gross-

domestic-product-fourth-quarter-and-year-2021-second-estimate 

Burg, David, and Jesse Ausubel 2021. Moore's Law revisited through Intel chip density. PLOS ONE 

16(8): e0256245. 

Burrell, Jennifer 2016. How the machine ‘thinks’: Understanding opacity in machine learning algorithms. 

Big Data and Society 3(1). https://journals.sagepub.com/doi/10.1177/2053951715622512 

Bush, George W. 2007. Executive Order 13422: Further Amendment to Executive Order 12866 on 

Regulatory Planning and Review. 72 FR: 2763. 

https://www.federalregister.gov/documents/2007/01/23/07-293/further-amendment-to-executive-order-

12866-on-regulatory-planning-and-review 

Business Wire. 2025. “SambaNova Expands Deployment with SoftBank Corp. to Offer Fast AI Inference 

Across APAC.” Business Wire. 

https://www.businesswire.com/news/home/20250305799834/en/SambaNova-Expands-Deployment-with-

SoftBank-Corp.-to-Offer-Fast-AI-Inference-Across-APAC/ 

Byrne, David, and Carol Corrado. 2017. "ICT Services and their Prices: What do they tell us about 

Productivity and Technology?" Finance and Economics Discussion Series 2017-015. Board of Governors 

of the Federal Reserve System. https://doi.org/10.17016/FEDS.2017.015 

C2PA. 2023. C2PA Technical Specification, Version 2.0. C2PA. 

https://c2pa.org/specifications/specifications/2.0/ 



238 
 

Caballero, Ricardo, and Adam Jaffe. 1993. “How High Are the Giants’ Shoulders: An Empirical 

Assessment of Knowledge Spillovers and Creative Destruction in a Model of Economic Growth.” In 

NBER Macroeconomics Annual 1993, Volume 8, edited by Olivier J. Blanchard and Stanley Fischer. 

Cambridge, MA: MIT Press, 15–74. 

CAC. 2022. “Provisions on the Administration of Deep Synthesis of Internet-based Information 

Services.” Order No.12. https://www.chinalawtranslate.com/en/deep-synthesis/ 

CAC. 2023. “Interim Measures for the Management of Generative Artificial Intelligence Services.” Order 

No.15. https://www.chinalawtranslate.com/en/generative-ai-interim/ 

Cadwalladr, Carole, and Emma Graham-Harrison. 2018. "Revealed: 50 Million Facebook Profiles 

Harvested for Cambridge Analytica in Major Data Breach." The Guardian. 

https://www.theguardian.com/news/2018/mar/17/cambridge-analytica-facebook-influence-us-election 

Cai, Kenrick. 2025. "Meta introduces Llama application programming interface to attract AI developers." 

Reuters. (Reprint: Investing.com.) https://www.investing.com/news/stock-market-news/meta-introduces-

llama-application-programming-interface-to-attract-ai-developers-4011605 

Caines, Colin, Sharon Jeon, and Cheyenne Quijano. 2025. "Developments in Chinese Chipmaking." 

FEDS Notes. U.S. Federal Reserve. https://www.federalreserve.gov/econres/notes/feds-

notes/developments-in-chinese-chipmaking-20250117.html 

California Dental Association. 1999. California Dental Association v. Federal Trade Commission, 526 

U.S. 756. https://supreme.justia.com/cases/federal/us/526/756 

Campbell-Kelly, Martin, Daniel Garcia-Swartz, Richard Lam, and Yilei Yang. 2015. "Economic and 

Business Perspectives on Smartphones as Multi-sided Platforms." Telecommunications Policy 39(8): 717-

34. 

Cantwell, Maria 2025. “Pipeline Safety Enforcement Plummets Under Trump.” U.S. Senate Committee 

on Commerce, Science, and Transportation. https://www.commerce.senate.gov/2025/5/cantwell-pipeline-

safety-enforcement-plummets-under-trump 



239 
 

Carleton, Dennis. 2007. Does antitrust need to be modernized?." Journal of Economic Perspectives 21(3): 

155-176. 

Carlton, Dennis W, and Jeffrey Perloff. 2005. Modern Industrial Organization, Vol. 4. Boston: 

Pearson/Addison Wesley. 

Carr, David. 2024. ChatGPT topped 3 billion visits in September. Similarweb. 

https://www.similarweb.com/blog/insights/ai-news/chatgpt-topped-3-billion-visits-in-september/ 

Carr, Nicholas. 2003. "IT Doesn't Matter." Harvard Business Review 81(5): 41-49. 

Carr, Nicholas. 2008. The Big Switch. New York: W.W. Norton. 

Carter, James. 1977. Executive Order 12022—Establishing the National Commission for the Review of 

Antitrust Laws and Procedures. 42 FR 61441. https://www.federalregister.gov/executive-order/12022 

Carter, James. 1979. Trade Agreements Program for 1979: Message to the Congress Transmitting a 

Report. The American Presidency Project. https://www.presidency.ucsb.edu/documents/trade-agreements-

program-for-1979-message-the-congress-transmitting-report 

Carter, James. 1980a. “Economic Renewal Program Remarks Announcing the Program.” The American 

Presidency Project at UCSB. https://www.presidency.ucsb.edu/documents/economic-renewal-program-

remarks-announcing-the-program 

Carter, Jimmy. 1980b. "Patent and Trademark System Reform: Statement on Signing H.R. 6933 Into 

Law." https://www.presidency.ucsb.edu/documents/patent-and-trademark-system-reform-statement-

signing-hr-6933-into-law 

Carter, James. 1980c. Executive Order 12188—International Trade Functions. 45 FR: 989. 

https://www.archives.gov/federal-register/codification/executive-order/12188.html 

Casado, Martin, and Anne Neuberger. 2025. “China Is Winning the Race for AI Robots: Americans who 

want to compete have to spend more time with regulatory lawyers than engineers.” The Wall Street 

Journal. https://www.wsj.com/opinion/china-is-winning-the-race-for-intelligent-robots-7b2416fe 



240 
 

Casanova, Lourdes, and Anne Miroux. 2018. “The Competitive Edge in China’s Overseas Investments: 

The Golden Hand of the State.” Notes Internacionals CIDOB, no. 205 (November). Barcelona: Barcelona 

Centre for International Affairs. 

Case, Jeffrey., Mark Fedor, Martin Lee Schoffstall, and James Davin. 1990. "A Simple Network 

Management Protocol (SNMP)." RFC 1157. Internet Engineering Task Force. Unpublished Paper. 

Casey, Christopher. 2024. Presidential Authority to Address Tariff Barriers in Trade Agreements. CRS 

Report IF11400. https://www.everycrsreport.com/files/2024-10-

15_IF11400_bbbd27645444fe543bee2c23cfb5d6163aaeade1.pdf 

Castro, Daniel, and Michael McLaughlin. 2024. “How Innovative Is China in AI?” Information 

Technology and Innovation Foundation (ITIF). https://itif.org/publications/2024/08/26/how-innovative-is-

china-in-ai/ 

Caudel, Edward, and James Magar 1986. Microcomputer system for digital signal processing (U.S. Patent 

No. 4,577,282). USPTO. https://image-ppubs.uspto.gov/dirsearch-public/print/downloadPdf/4577282 

Cazzaniga, Mauro, Florence Jaumotte, Longji Li, Giovanni Melina, Augustus Panton, Carlo Pizzinelli, 

Emma Rockall, and Marina Mendes Tavares. 2024. Gen-AI: Artificial Intelligence and the Future of 

Work. IMF Staff Discussion Note No. SDN/2024/001. International Monetary Fund. 

https://doi.org/10.5089/9798400262548.006 

CB Insights. 2018. Artificial Intelligence Trends To Watch In 2018. CB Insights. 

https://www.cbinsights.com/reports/CB-Insights_State-of-Artificial-Intelligence-2018.pdf 

CB Insights. 2025a. "Who's Winning the AI Coding Race?" CB Insights. 

https://www.cbinsights.com/research/report/ai-coding-race/ 

CB Insights. 2025b. The AI agent market map. CB Insights. https://www.cbinsights.com/research/ai-

agent-market-map-2025/ 

CB Insights. 2025c. "AI Agent Bible: The Ultimate Guide to Agent Disruption." CB Insights. 

https://www.cbinsights.com/research/report/ai-agent-bible/ 



241 
 

CB Insights. 2025d. “The Complete List of Unicorn Companies.” CB Insights. 

https://www.cbinsights.com/research-unicorn-companies 

CBO 1979. The Effects of the Tokyo Round of Multilateral Trade Negotiations on the U.S. Economy: An 

Updated View. U.S. Government Printing Office. 

CEA. 1979. The 1979 Joint Economic Report. U.S. Government Printing Office. 

https://www.jec.senate.gov/reports/96th%20Congress/The%201979%20Joint%20Economic%20Report%

20(930).pdf 

CEA. 1996. Economic Report of the President. Washington, D.C.: U.S. Government Printing Office. 

CEA. 2024. What Drives the U.S. Services Trade Surplus? Growth in Digitally Enabled Services Exports. 

White House. https://bidenwhitehouse.archives.gov/cea/written-materials/2024/06/10/what-drives-the-u-

s-services-trade-surplus-growth-in-digitally-enabled-services-exports/ 

Center for AI Safety. 2023. “AI Extinction Statement Press Release.” https://safe.ai/work/press-release-ai-

risk 

CFPB. 2023. Consumer Financial Protection Circular 2023-03: Adverse action notification requirements 

and the proper use of the CFPB’s sample forms provided in Regulation B. 

https://files.consumerfinance.gov/f/documents/cfpb_adverse_action_notice_circular_2023-09.pdf 

Challapally, Aditya, Chris Pease, Ramesh Raskar, and Pradyumna Chari. 2025. “The GenAI Divide: State 

of AI in Business 2025.” MIT Media Lab, NANDA Initiative. 

https://nanda.media.mit.edu/ai_report_2025.pdf 

Chalmers, Stephanie. 2025. “Commonwealth Bank Backtracks on AI Job Cuts, Apologises for ‘Error’ as 

Call Volumes Rise.” ABC News (Australia). https://www.abc.net.au/news/2025-08-21/cba-backtracks-on-

ai-job-cuts-as-chatbot-lifts-call-volumes/105679492 

Chander, Anupam, Margot E. Kaminski, and William McGeveran. 2021. “Catalyzing Privacy Law.” 

Minnesota Law Review 105: 1733-1802. 

Chamberlin, Edward. 1927. The Theory of Monopolistic Competition. Unpublished Manuscript. 

 



242 
 

Chandler, Alfred, Jr. (1977). The Visible Hand: The Managerial Revolution in American Business. 

Cambridge, MA: Harvard University Press Press. 

Chang, Wei, Priscilla Owusu-Mensah, Jordan Everson, and Chelsea Richwine. 2025. “Hospital Trends in 

the Use, Evaluation, and Governance of Predictive AI, 2023–2024.” ASTP Data Brief no. 80. Office of 

the Assistant Secretary for Technology Policy/Office of the National Coordinator for Health Information 

Technology. HealthIT.gov. https://www.healthit.gov/data/data-briefs/hospital-trends-use-evaluation-and-

governance-predictive-ai-2023-2024 

Chari, Varadarajan, and Hugo Hopenhayn. 1991. "Vintage human capital, growth, and the diffusion of 

new technology." Journal of political Economy 99(6): 1142-1165. 

Chavez, Anthony. 2024. "A New Path for Privacy Sandbox on the Web." Google The Keyword Blog. 

https://privacysandbox.com/intl/en_us/news/privacy-sandbox-update/ 

Chen, Mark, et al. 2021. “Evaluating Large Language Models Trained on Code.” arXiv preprint 

arXiv:2107.03374. https://arxiv.org/abs/2107.03374 

Chevron. 1984. Chevron U.S.A., Inc. v. Natural Resources Defense Council, Inc., 467 U.S. 837. U.S. 

Supreme Court, June 25. https://supreme.justia.com/cases/federal/us/467/837 

Chia, Austin. 2024. Open Neural Network Exchange (ONNX) Explained. Splunk. 

https://www.splunk.com/en_us/blog/learn/open-neural-network-exchange-onnx.html 

Chicago Board of Trade. 1918. Board of Trade of Chicago v. United States, 246 U.S. 231. 

https://supreme.justia.com/cases/federal/us/246/231/ 

Chien, Colleen, Jorge Contreras, Thomas Cotter, Brian Love, Christopher Seaman, and Norman 

Siebrasse. 2019. "Enhanced Damages, Litigation Cost Recovery, and Interest." In Patent Remedies and 

Complex Products: Toward a Global Consensus. Edited by C. Bradford Biddle, Jorge Contreras, Brian 

Love, and Norman Siebrasse. Cambridge: Cambridge University Press, 90-114. 

Chin, Josh, and Liza Lin. 2022. Surveillance State: Inside China's Quest to Launch a New Era of Social 

Control. New York: St. Martin's Press. 



243 
 

Chin, Josh, and Raffaele Huang (2025). “The AI Cold War That Will Redefine Everything.” The 

Wall Street Journal. https://www.wsj.com/tech/ai/the-ai-cold-war-that-will-redefine-everything-

4e1810b2?msockid=099ba79ac5be67760541b13ac47066c7 

Chollet, François 2019. On the Measure of Intelligence. arXiv preprint arXiv:1911.01547. 

https://ms456000.wpcomstaging.com/wp-content/uploads/2020/02/2020-02-25-

d0a1d182d0b0d182d18cd18f-d0bfd180d0be-d098d098.pdf 

Christiano, Paul, Jan Leike, Tom Brown, Miljan Martic, Shane Legg, and Dario Amodei. 2017. “Deep 

Reinforcement Learning from Human Preferences.” arXiv preprint arXiv:1706.03741. 

https://arxiv.org/abs/1706.03741 

City of Arlington. 2013. City of Arlington v. Federal Communications Commission. No. 11-1545. US 

Supreme Court, May 20. https://supreme.justia.com/cases/federal/us/569/290 

CJEU. 2024a. Google LLC and Alphabet Inc. v European Commission (Google Shopping). Case C‑48/22 

P. Judgment, 10 September 2024. 

https://curia.europa.eu/juris/document/document.jsf?docid=289925&doclang=EN. 

CJEU. 2024b. European Commission v Ireland and Apple Sales International (Apple State Aid). Case 

C‑465/20 P. Judgment, 10 September 2024. https://eur-lex.europa.eu/legal-

content/EN/TXT/?uri=CELEX:62020CJ0465 

Clark, Kim. 1985. The interaction of design hierarchies and market concepts in technological evolution. 

Research Policy 14(5): 235-251. 

Clark, Kate. 2025. “Nvidia Licenses Groq’s AI Technology as Demand for Cutting-Edge Chips Grows.” 

The Wall Street Journal. https://www.wsj.com/articles/nvidia-licenses-groqs-ai-technology-as-demand-

for-cutting-edge-chips-grows-87990cbe856818d5eddac44c7b1cdeb8 

Clayton, Lewis, and Eric Stone. 2018. "Claim Drafting, Damages Apportionment in Multi-Component 

Product Cases." New York Law Journal 259(8). 

https://www.paulweiss.com/media/cvbjgfyj/11jan2018nylj.pdf 



244 
 

Clifford, Stephanie, and Quentin Hardy. 2013. "Attention, Shoppers: Store Is Tracking Your Cell." New 

York Times. https://www.nytimes.com/2013/07/15/business/attention-shopper-stores-are-tracking-your-

cell.html 

Clinton White House. 1995. National Economic Council Function. The White House. 

https://clintonwhitehouse5.archives.gov/WH/EOP/nec/html/function.html 

Clinton, William J. 1993. Executive Order 12866: Regulatory Planning and Review. Federal Register 

58(190): 51735-51744. 

Clinton, William, and Albert Gore. 1997. A Framework for Global Electronic Commerce. The White 

House. https://clintonwhitehouse3.archives.gov/WH/New/Commerce/read.html 

Clinton, William. 1993. Executive Order 12866—Regulatory Planning and Review. 58 FR: 51735. 

https://www.archives.gov/federal-register/executive-orders/pdf/12866.pdf 

CMA. 2020. Online Platforms and Digital Advertising Market Study: Final Report. London: Competition 

and Markets Authority. 

https://assets.publishing.service.gov.uk/media/5efc57ed3a6f4023d242ed56/Final_report_1_July_2020_.p

df 

Coase, Ronald. 1937. “The Nature of the Firm.” Economica, New Series 4(16): 386–405. 

Coase, Ronald. 1960. "The Problem of Social Cost." Journal of Law and Economics 3 (October): 1-44. 

Cobb, Charles, and Paul Douglas. 1928. "A Theory of Production." American Economic Review 18(1): 

139-165. 

Cochrane, Willard. 1979. The Development of American Agriculture. Minneapolis: University of 

Minnesota Press. 

Cohen, Ben. 2025. “It’s Waymo’s World. We’re All Just Riding in It.” The Wall Street Journal. 

https://www.wsj.com/tech/waymo-cars-self-driving-robotaxi-tesla-uber-0777f570  

Cohen, Benjamin and Daniel Sisle. 1970. Export of developing countries in the 1960's. Discussion Paper 

No. 94, Yale University, Economic Growth Center. 



245 
 

Cohen, Julie, and Mark Lemley. 2001. "Patent Scope and Innovation in the Software Industry." California 

Law Review 89(1): 1–57. 

Cohen, Wesley, Richard Nelson, and John Walsh. 2002. "Links and Impacts: The Influence of Public 

Research on Industrial R&D." Management Science 48(1): 1-23. 

Columbus, Louis 2017. McKinsey's State Of Machine Learning And AI, 2017. 

https://www.forbes.com/sites/louiscolumbus/2017/07/09/mckinseys-state-of-machine-learning-and-ai-

2017/ 

Comai, Sam. 2025. “AI Pilot Programs in K-12 Settings.” Education Commission of the States. ECS. 

https://www.ecs.org/ai-artificial-intelligence-pilots-k12-schools/ 

Comin, Diego, and Bart Hobijn. 2010. "An Exploration of Technology Diffusion." American Economic 

Review 100(5): 2031-2059. 

Compulife. 2020. Compulife Software Inc. v. Newman, 959 F.3d 1288 (11th Cir.). 

https://law.justia.com/cases/federal/appellate-courts/ca11/18-12004/18-12004-2020-05-20.html 

Constine, Josh. 2018. "Facebook Cuts Off Data Brokers to Avoid Scandals Like Cambridge Analytica's." 

TechCrunch. https://techcrunch.com/2018/03/28/facebook-will-cut-off-access-to-third-party-data-for-ad-

targeting 

Continental Can. 1964. United States v. Continental Can Co., No. 367. US Supreme Court, June 22. 

https://supreme.justia.com/cases/federal/us/378/441 

Continental T.V. 1977. Continental T.V., Inc. v. GTE Sylvania Inc., No. 76-15. US Supreme Court, June 

23. https://supreme.justia.com/cases/federal/us/433/36 

Contino. 2021. What is compliance as code? Benefits, use cases and tools. 

https://www.contino.io/insights/compliance-as-code 

Contreras, Jorge. 2015. “A Brief History of FRAND: Analyzing Current Debates in Standard-Setting and 

Antitrust Law.” Antitrust Law Journal 80(1): 39–120. 

Contreras, Jorge. 2017. "From Private Ordering to Public Law." Harvard Journal of Law and Technology 

30(Special Symposium): 211-231. 



246 
 

Contreras, Jorge. 2022. “Technical Standards: Fair, Reasonable and Non-Discriminatory (FRAND) 

Licensing.” In Intellectual Property Licensing and Transactions, edited by Jorge L. Contreras. Cambridge, 

UK: Cambridge University Press: 196–247. 

Cook, Lisa. 2024. “Artificial Intelligence, Big Data, and the Path Ahead for Productivity.” Speech, Board 

of Governors of the Federal Reserve System. 

https://www.federalreserve.gov/newsevents/speech/cook20241001a.htm 

Copeland, Curtis. 2013. Federal Rulemaking. CRS Report RL32397. https://www.congress.gov/crs-

product/RL32397 

Corrado, Carol, Charles Hulten, and Daniel Sichel. 2009. “Intangible Capital and U.S. Economic 

Growth.” Review of Income and Wealth 55(3): 661–685. 

CoSN. 2023. An Introduction to Interoperability Standards for Education Leaders: Strategically 

Connecting the K–12 Enterprise. Washington, DC: Consortium for School Networking. 

https://www.cosn.org/wp-content/uploads/2023/06/COSN_Interop_Intro_F3.pdf 

Cowen, Tyler. 2011. The Great Stagnation. New York: Dutton. 

Cowen, Tyler. 2025. “Why I Think AI Take-off Is Relatively Slow.” Marginal Revolution. 

https://marginalrevolution.com/marginalrevolution/2025/02/why-i-think-ai-take-off-is-relatively-

slow.html 

Cramton, Peter. 1997. The FCC Spectrum Auctions: An Early Assessment. Journal of Economics and 

Management Strategy 6(3): 431–495. 

Cramton, Peter. 2010. "700 MHz Device Flexibility Promotes Competition." Working Paper. 

www.cramton.umd.edu/papers2010-2014/cramton-700-mhz-device-flexibility-promotes-competition.pdf 

Crandall, Robert, and Clifford Winston. 2003. Does Antitrust Policy Improve Consumer Welfare? 

Assessing the Evidence. Journal of Economic Perspectives 17(4): 3-26. 

Crandall, Robert. 2001. "Managed Competition in U.S. Telecommunications." The Brookings Review 

19(2): 19–21. 

Crane, Daniel. 2007. Antitrust Modesty. Michigan Law Review 105(8): 1193-1212. 



247 
 

Crawford, Susan. 2013. Captive Audience. New Haven, CT: Yale University Press. 

CRFCAS. 1975. "Structure and Internal Procedures: Recommendations for Change." CRFCAS. 

https://www.fordlibrarymuseum.gov/library/document/0019/4520540.pdf 

Crissinger, Cathy. 2000. "AT&T Corp. v. Excel Communications, Inc." Berkeley Tech. Law Journal 

15(165): 165–184. 

Crouzet, Nicolas, and Janice C. Eberly. 2019. “Understanding Weak Capital Investment: The Role of 

Market Concentration and Intangibles.” NBER Working Paper No. 25869. Cambridge, MA: National 

Bureau of Economic Research. 

Crémer, Jacques, Yves-Alexandre De Montjoye, and Heike Schweitzer. 2019. Competition policy for the 

digital era. Brussels: Publications Office of the European Union. 

CSIRO. 2015. Commonwealth Scientific and Industrial Research Organisation v. Cisco Systems, Inc., 

No. 15-1066. US Court of Appeals for the Federal Circuit, December 1. 

https://cafc.uscourts.gov/sites/default/files/opinions-orders/15-1066.OPINION.12-1-2015.1.PDF 

Cunningham, Waylon 2024. Big Mac goes Big Tech, with a few hiccups. Reuters. 

https://www.reuters.com/business/retail-consumer/big-mac-goes-big-tech-with-few-hiccups-2024-03-16/ 

Cuofano, Genaro. 2025. AI Companies Hit $2.8M Revenue Per Employee: The Death of Traditional 

Business Models. FourWeekMBA. https://fourweekmba.com/ai-companies-hit-2-8m-revenue-per-

employee-the-death-of-traditional-business-models/ 

Custers, Bart, Henning Lahmann and Benjamyn Scott. 2025. From liability gaps to liability overlaps: 

Shared responsibilities and fiduciary duties in AI and other complex technologies. AI and Society 40(5): 

4035–4050. 

Cutter, Chip, and Haley Zimmerman. 2025. CEOs Start Saying the Quiet Part Out Loud: AI Will Wipe 

Out Jobs. The Wall Street Journal. https://www.wsj.com/tech/ai/ai-white-collar-job-loss-b9856259 

Cyber Creative Institute. 2013. "Evaluation of LTE Essential Patents Declared to ETSI." Version 3.0. 

Cyber Creative Institute. https://www.cybersoken.com/wp_kanri/wp-

content/uploads/2011/12/lte03EN.pdf 



248 
 

Cyberspace Administration of China. 2025. "关于印发《人工智能生成合成内容标识办法》的通知." 

https://www.cac.gov.cn/2025-03/14/c_1743654684782215.htm 

Dabbir, Rupesh. 2025. The future of code: How AI is transforming software development. Forbes. 

https://www.forbes.com/councils/forbestechcouncil/2025/04/04/the-future-of-code-how-ai-is-

transforming-software-development/ 

Dadaboyev, Sherzodbek Murodilla Ugli, Jasmina Abdullayeva, Naval Abbosova, Afina Suleymenova and 

Komila Mamadjanova. 2025. “Role of artificial intelligence in employee recruitment: systematic review 

and future research directions.” Discover Global Society 3(99). 

Daffodil Software. 2025. Top 10 Image Recognition APIs in 2025. 

https://insights.daffodilsw.com/blog/top-10-image-recognization-apis-for-app-development 

Dahlman, Erik, Stefan Parkvall, and Johan Sköld. 2011. 4G: LTE/LTE-Advanced for Mobile Broadband. 

Oxford: Academic Press. 

Dally, Bill. 2023. Heeding Huang’s Law: Video Shows How Engineers Keep the Speedups Coming. 

NVIDIA Blog. https://blogs.nvidia.com/blog/huangs-law-dally-hot-chips/ 

Damle, Sy, Alli Stillman, Britt Lovejoy, Ivana Dukanovic. 2024. "The ELVIS Act: Tennessee Shakes Up 

Its Right of Publicity Law and Takes On Generative AI." Latham and Watkins LLP. 

https://www.lw.com/admin/upload/SiteAttachments/The-ELVIS-Act-Tennessee-Shakes-Up-Its-Right-of-

Publicity-Law-and-Takes-On-Generative-AI.pdf 

Dance, Gabriel, Michael LaForgia, and Nicholas Confessore. 2018. "As Facebook Raised a Privacy Wall, 

It Carved an Opening for Tech Giants." The New York Times. 

https://www.nytimes.com/2018/12/18/technology/facebook-privacy-data-sharing-ebay-microsoft-amazon-

netflix-spotify.html 

Darveau-Garneau, Matt, Manuel Frey, Beth Goldberg, and Nick South. 2022. "As the Cookie Crumbles: 

Three Strategies for Advertisers to Thrive." McKinsey & Company. 



249 
 

https://www.mckinsey.com/capabilities/growth-marketing-and-sales/our-insights/as-the-cookie-crumbles-

three-strategies-for-advertisers-to-thrive 

Dastin, Jeffrey. 2018. Amazon scraps secret AI recruiting tool that showed bias against women. Reuters. 

https://www.reuters.com/article/us-amazon-com-jobs-automation-insight/amazon-scraps-secret-ai-

recruiting-tool-that-showed-bias-against-women-idUSKCN1MK08G 

Databricks. 2024. Databricks Unified Data and AI Platform. https://databricks.com/ 

DataCenterDynamics. 2025. Iron Mountain breaks ground on first data center in Miami. 

DataCenterDynamics. https://www.datacenterdynamics.com/en/news/iron-mountain-breaks-ground-on-

first-data-center-in-miami/ 

David, Paul. 1990. "The Dynamo and the Computer: An Historical Perspective on the Modern 

Productivity Paradox." American Economic Review 80(2): 355-361. 

Davies, Paul. 2023. “Potentially Disastrous for Innovation: Tech Sector Reacts to the EU AI Act.” 

Euronews. https://www.euronews.com/next/2023/12/15/potentially-disastrous-for-innovation-tech-sector-

says-eu-ai-act-goes-too-far 

Daws, Ryan. 2025. "AI and its impact on software development jobs." Developer Tech. 

https://www.developer-tech.com/news/ai-impact-on-software-development-jobs/ 

de Boer. 2025. Nvidia Crushes Competition With 94% GPU Market Share. Yahoo Finance. 

https://finance.yahoo.com/news/nvidia-crushes-competition-94-gpu-144404532.html 

De Loecker, Jan, and Jan Eeckhout. 2017. "The Rise of Market Power and the Macroeconomic 

Implications." NBER Working Paper No. 23687. Cambridge, MA: National Bureau of Economic 

Research. 
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