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Abstract

This report provides a comprehensive integrated analysis of twenty-seven publications by Daron

Acemoglu and coauthors that collectively constitute the most influential research program on

the economics of artificial intelligence. The analysis spans four interconnected domains: (1) the

task-based theoretical framework for understanding automation and labor markets; (2) empirical

evidence on robots, AI, and their labor market effects across the United States, France, the

Netherlands, and other countries; (3) the digital platform economy—including data markets,

misinformation, behavioral manipulation, and advertising-based business models; and (4) the

institutional and political economy of technology, culminating in Acemoglu’s 2025 Nobel Lecture

connecting AI to his broader research on institutions and prosperity. The synthesis reveals a

coherent intellectual architecture: AI’s economic impact depends not on the technology’s raw

capability but on the direction of its development, which is shaped by market incentives, tax

policy, institutional structures, and the ideology of the technology sector. Current trajectories

favor excessive automation over worker-complementary innovation, generating modest aggregate

productivity gains while substantially increasing inequality. Policy intervention—including tax

reform, regulation, and strengthened labor institutions—can redirect AI toward broadly shared

prosperity.
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1 Introduction

Daron Acemoglu, the 2024 Nobel laureate in Economics, has produced what is arguably the most

comprehensive and theoretically grounded body of work on the economics of artificial intelligence.

While much public discourse oscillates between utopian predictions of abundance and dystopian

fears of mass unemployment, Acemoglu’s research offers a disciplined economic framework for

thinking about which AI applications matter, how they affect different workers, and why the market

may systematically get the direction of AI innovation wrong.

This analysis synthesizes twenty-seven of Acemoglu’s publications spanning from 2018 to 2026,

organized into five interconnected pillars:

1. The Task-Based Framework — foundational theory distinguishing displacement from

reinstatement

2. Empirical Evidence — studies of robots, AI adoption, and labor market effects

3. Macroeconomic Assessment — the case for skepticism about AI’s aggregate impact

4. The Digital Platform Economy — data markets, misinformation, manipulation, and

advertising

5. Institutions and Technology — the Nobel Lecture framework connecting AI to political

economy

2 The Task-Based Framework: Acemoglu’s Theoretical Engine

2.1 Beyond Factor-Augmenting Technical Change

The canonical model of technology in labor economics treats technology as factor-augmenting : it

multiplies the effective labor supply of skilled workers. In “Unpacking Skill Bias” (2020), Acemoglu

and Restrepo demonstrate that this skill-biased technical change (SBTC) model cannot account for

two critical facts: (1) real wages of low-education workers in the US have declined over four decades,

whereas the SBTC model predicts they should rise; and (2) generating the observed increase in the

college premium through the SBTC model would require implausibly large TFP growth—at least

1.9% per annum, versus actual US TFP growth of only 1.2%.

2.2 Tasks, Displacement, and Reinstatement

The task-based framework, presented in “Automation and New Tasks” (2019), reconceptualizes

production as a collection of tasks. Technology affects the economy through two channels:

• Displacement effect: Automation replaces human labor in existing tasks, reducing the

labor share and potentially depressing wages.

• Reinstatement effect: New tasks are created where humans have comparative advantage,

expanding labor demand.

The net effect on wages depends on the balance between these forces. Unlike the SBTCmodel, where

technological progress always raises all factor prices, automation in the task-based framework can
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reduce wages even as it increases output—because it operates through changes in the task content

of production, not through TFP growth.

The formal structure is elegant. Output Y is produced by combining a continuum of tasks indexed

on [N−1, N ], where tasks below threshold I are automated (performed by capital) and tasks above

I are performed by labor. Automation expands the set of tasks performed by capital (increasing I),

while new task creation expands the frontier N . The key equation for the change in labor demand

is:

d lnW =
∂ lnW

∂I
dI︸ ︷︷ ︸

displacement (—)

+
∂ lnW

∂N
dN︸ ︷︷ ︸

reinstatement (+)

+productivity effect︸ ︷︷ ︸
(+)

When automation increases I without corresponding increases in N , the displacement effect dom-

inates, and wages fall even as output rises.

2.3 Low-Skill and High-Skill Automation

“Low-Skill and High-Skill Automation” (2018) extends the framework to allow capital to simulta-

neously compete against both low-skill and high-skill labor. This is critical for understanding AI,

which—unlike traditional industrial robots—can automate complex cognitive tasks.

The model abandons the standard “supermodular” comparative advantage structure. Capital can

perform simple tasks at the bottom of the complexity distribution (competing with low-skill labor)

and complex tasks at the top (competing with high-skill labor). Key results include:

1. High-skill automation creates ripple effects: displaced high-skill workers compete for medium-

complexity tasks, pushing down wages economy-wide.

2. Low-skill automation increases inequality; high-skill automation decreases it.

3. In the short run, automation can reduce wages for directly affected groups. In the long

run, capital accumulation amplifies productivity effects.

This framework is prescient about generative AI: as LLMs automate tasks in law, medicine, and

management, the model predicts that direct beneficiaries will be lower-skill workers (through re-

duced inequality), but the transition may depress high-skill wages.

2.4 Automation and Polarization

“Automation and Polarization” (2026, with Loebbing) addresses one of the most important labor

market trends: the simultaneous growth of high-wage and low-wage employment at the expense

of middle-wage jobs. The model shows that automation of routine middle-skill tasks generates

polarization through a specific mechanism: displaced middle-skill workers move into both lower-

skill service tasks and, through retraining, into higher-skill tasks. The paper demonstrates that

a single technological force—automation of routine tasks—can explain the “hollowing out” of the

wage distribution observed across developed economies since the 1980s.
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2.5 Automation and Rent Dissipation

“Automation and Rent Dissipation” (2025, with Restrepo) introduces an important refinement:

automation can be used not just to increase productivity but to dissipate worker rents. When

workers earn wages above their outside option (quasi-rents), firms have incentives to automate

even when machines are less productive than workers—because automation shifts bargaining power

from labor to capital.

This mechanism has profound implications: it means that the market generates excessive au-

tomation. Technologies that would fail a simple cost-benefit test (machines are less efficient than

humans) get adopted because they allow firms to capture rents that previously accrued to workers.

The welfare loss is doubly harmful: output falls (because less productive technology is used) and

wages fall (because workers lose bargaining power). The paper estimates that this rent-dissipation

channel accounts for a quantitatively important share of the rise in US wage inequality since 1980.

2.6 Tasks at Work: The Comprehensive Survey

“Tasks at Work: Comparative Advantage, Technology and Labor Demand” (2025, with Kong

and Restrepo) provides a comprehensive 114-page survey of the task-based framework and its

empirical applications. It synthesizes over a decade of research into a unified treatment, covering

the theoretical foundations, extensions to heterogeneous workers and firms, the role of comparative

advantage in task allocation, and the connections between task displacement and the evolution of

the US wage structure.

3 Empirical Evidence: AI, Robots, and Labor Markets

3.1 Robots and Jobs in US Labor Markets

The landmark empirical paper “Robots and Jobs: Evidence from US Labor Markets” (2020, with

Restrepo) provides causal estimates of how industrial robots affect local labor markets. Using data

from the International Federation of Robotics (IFR) on robot adoption by industry, combined with

variation across US commuting zones in industry composition, the paper finds:

• One additional robot per thousand workers reduces the employment-to-population ratio by

0.2 percentage points and wages by 0.42%.

• These are large effects: between 1990 and 2007, the increase in robot adoption can account

for the loss of 400,000 manufacturing jobs.

• The effects are concentrated among workers without college degrees and in routine manual

occupations.

• There is no evidence of offsetting employment gains in other industries or occupations

within the same commuting zone.

The identification strategy exploits the fact that different commuting zones had different pre-

existing industry compositions, creating differential exposure to robot adoption. To address the
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concern that industry-level shocks might affect labor markets through channels other than robots,

the paper instruments US robot adoption with robot adoption in Europe.

3.2 AI and Online Job Vacancies

“Artificial Intelligence and Jobs” (2022, with Autor, Hazell, and Restrepo) examines AI’s effects us-

ing a different data source: online job postings. The paper constructs establishment-level measures

of AI exposure based on which firms post AI-related vacancies. The findings are nuanced:

• Firms that adopt AI reduce their hiring in non-AI positions, particularly in occupations with

high routine-task content.

• AI-adopting establishments post vacancies requiring more STEM skills and fewer routine

cognitive skills.

• The effects are heterogeneous: some firms use AI to expand into new activities, partially

offsetting displacement.

• AI exposure is associated with a relative decline in demand for workers in “AI-exposed”

occupations, but the aggregate effects remain modest because AI adoption is still limited.

3.3 Firm-Level Evidence: The 2019 Annual Business Survey

“Automation and the Workforce: A Firm-Level View” (2024, with Anderson, Beede, et al.) lever-

ages the 2019 Annual Business Survey (ABS), which collected data from over 300,000 US firms

on their use of five advanced technologies: AI, robotics, dedicated equipment, specialized software,

and cloud computing. The key findings include:

• Adoption remains low: only 3.2% of firms used AI and 2% used robotics during 2016–2018.

• But adopters are disproportionately large: 12.6% of US workers were employed at AI-using

firms.

• Adopters have 11.4% higher labor productivity and lower labor shares than non-adopters.

• 55% of AI users and 65% of robotics users report using these technologies for automation.

• Most firms report that technology adoption did not change their employment level, but 30–

40% report increased skill demands.

• Integration costs are substantial—for industrial robots, integration can cost four times the

equipment itself.

3.4 Demographics as a Driver of Automation

“Demographics and Automation” (2021, with Restrepo) provides a surprising finding: population

aging is a major driver of robot adoption. Countries with more rapidly aging populations adopt

significantly more robots. The mechanism operates through the directed technology channel: as

middle-aged workers (who perform manual production tasks) become scarce relative to older work-

ers, their wages rise, making automation more profitable.
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The empirical evidence is striking:

• Aging alone explains about 35% of the cross-country variation in robot adoption.

• If the US had the same demographic trends as Germany, the gap in robot adoption between

the two countries would be 50% smaller.

• The relationship is causal: instrumenting aging with historical birth rates produces similar

estimates.

• The effect is concentrated in industries that rely heavily on middle-aged workers and offer

greater technological opportunities for automation.

This finding complicates simple narratives about AI and automation. Countries adopt robots

partly because they need to—aging workforces create labor shortages that automation can fill. In

this context, automation is not displacing workers but substituting for workers who are no longer

available.

3.5 Tasks, Automation, and US Wage Inequality

“Tasks, Automation, and the Rise in US Wage Inequality” (2022, with Restrepo) provides the

most comprehensive empirical decomposition of changes in the US wage structure from 1947 to

2016. The paper finds that between 50 and 70 percent of the changes in the US wage structure

since 1980 can be attributed to task displacement—the automation of tasks previously performed

by workers without corresponding creation of new tasks. This is the paper’s most striking and

consequential finding: the predominant force shaping wage inequality over four decades has been

automation-without-reinstatement.

4 The Macroeconomic Case for Skepticism

4.1 The Modest GDP Estimate

“The Simple Macroeconomics of AI” (2024) is perhaps Acemoglu’s most provocative contribution.

While industry leaders predict AI will produce enormous economic gains (10–25% of GDP), Ace-

moglu estimates that AI is likely to increase TFP by no more than 0.53–0.66% over the

next decade. Even under generous assumptions, the upper bound reaches about 5%.

The reasoning rests on a careful cost-savings analysis. For AI to generate large aggregate effects,

it must either: (a) achieve very high cost savings in automated tasks, or (b) automate a very large

share of all tasks. Acemoglu argues neither condition holds:

• Only about 19.9% of tasks are meaningfully exposed to AI.

• Of these, only about 4.6% of all tasks are likely to be cost-effective to automate within

the next decade, once one accounts for engineering challenges, reliability requirements, and

organizational restructuring.
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• The “easy” tasks that get automated first represent relatively small components of overall

production. Hard tasks—requiring physical presence, complex judgment, social interaction—

represent the bulk of economic activity.

4.2 The “So-So” Automation Problem

A concept running through Acemoglu’s work is so-so automation: technologies just productive

enough to displace workers but not productive enough to generate large efficiency gains. Self-

checkout kiosks are a canonical example—they replace cashiers without dramatically improving

the process. Much current AI deployment (chatbots replacing human customer service, automated

hiring systems) falls into this category: displacing workers while contributing little to aggregate

welfare.

4.3 The Disconnect Between Capability and Impact

Even technologies with impressive benchmark capabilities may fail to generate large macroeconomic

effects because:

• They apply to a limited set of tasks within each occupation

• They require complementary investments in infrastructure and organizational redesign

• Output quality may be insufficient for high-stakes applications

• They substitute for tasks representing a small share of value added

This echoes Robert Solow’s 1987 observation—“You can see the computer age everywhere but in

the productivity statistics”—and suggests it may apply to AI as well. The 2019 ABS data confirm

this: despite enormous attention, only 3.2% of US firms actually used AI in 2016–2018.

5 The Direction of Innovation

5.1 Automation vs. Augmentation

In “The Wrong Kind of AI?” (2019), Acemoglu argues that the AI research community is exces-

sively focused on automation—replacing human labor—rather than augmentation—creating new

capabilities that complement human skills. This is not merely an empirical observation but a

theoretical prediction about market failures.

5.2 Distorted Innovation

“Distorted Innovation” (2023) develops a formal model showing that the equilibrium direction of

innovation can be systematically distorted relative to the social optimum. Five sources of distortion:

1. Negative pecuniary externalities: Automation displaces workers who lose quasi-rents.

Acemoglu estimates these externalities at τ̃2 = 0.07 in consumption-equivalent terms.
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2. Markup differences: Sectors producing automation technologies may have different markups

than those producing worker-complementary technologies.

3. Scientific culture and fads: The AI research community’s emphasis on human-parity

benchmarks—the “Turing test” paradigm—creates prestige incentives favoring automation.

4. Distributional concerns: Technologies that increase inequality generate social costs not

captured by market incentives.

5. Path dependence: Early investments in automation create knowledge bases that make

further automation research more productive, locking in the wrong trajectory.

The quantitative evaluation finds that the socially optimal technology ratio is approximately 18%

lower in automation than the equilibrium (nSP /nEQ ≈ 0.82), with welfare losses of about 1% in

consumption-equivalent terms. Though seemingly small, this compounds over time.

5.3 The Tax Code Bias

“Does the US Tax Code Favor Automation?” (2020, with Manera and Restrepo) shows that the

effective tax rate on labor income significantly exceeds the rate on capital income. This differential

creates an artificial incentive to substitute capital for labor, even when efficiency gains are minimal.

Accelerated depreciation, investment tax credits, and the ability to deduct capital expenditures

magnify the distortion. Correcting this bias could significantly redirect innovation toward worker-

complementary technologies.

5.4 Historical Precedent: The Industrial Revolution

“Learning from Ricardo and Thompson” (2024, with Johnson) provides historical support. During

the early Industrial Revolution (1800–1850):

• The power loom dramatically increased productivity, yet real wages for handloom weavers

fell by more than half.

• Economy-wide real wages were largely flat from the 1770s to the 1830s despite rapid

productivity growth.

• The transition destroyed earnings, autonomy, working conditions, and social fabric.

Drawing on E.P. Thompson’s The Making of the English Working Class, Acemoglu and Johnson

argue that productivity gains from new technology are not automatically shared with workers.

Whether they are depends on the direction of technology, the balance of power between employers

and workers, and the institutional framework governing labor markets. The parallel to the current

AI transition is explicit.

6 The Digital Platform Economy

Acemoglu’s recent work extends beyond labor markets to analyze how AI and big data reshape the

broader digital economy. Four papers address distinct but interconnected dimensions.
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6.1 Too Much Data: Prices and Inefficiencies in Data Markets

“Too Much Data” (2022, with Makhdoumi, Malekian, and Ozdaglar) develops the foundational

theory of data market failures. The key insight is that when a user shares data with a platform,

the platform can use correlations between users to infer information about non-sharing users. This

creates a negative externality: one user’s decision to share data reduces the privacy—and the

bargaining power—of all other users.

The paper proves that in equilibrium:

• The platform acquires too much data and the price of data is excessively depressed.

• Under some conditions, the social surplus from data markets is negative—shutting down data

markets entirely would improve welfare.

• Competition between platforms can make things worse, not better, because it fragments data

across platforms without solving the externality problem.

• A “decorrelation” scheme—where a trusted intermediary removes correlations between shar-

ing and non-sharing users—can restore efficiency.

This provides the theoretical foundation for data privacy regulation: market prices of data do not

reflect the true social cost of data sharing.

6.2 Behavioral Manipulation Through Big Data

“When Big Data Enables Behavioral Manipulation” (2025, with Makhdoumi, Malekian, and Ozdaglar)

models how AI-powered platforms exploit informational advantages. The key concept is glossi-

ness—some products temporarily appear better than they are.

When glossiness is short-lived (high ρ), the platform uses its information to steer users toward

genuinely good products (helpfulness effect). When glossiness is long-lived (low ρ), the platform

steers users toward glossy, low-quality products (manipulation effect), reducing welfare. A “big

data double whammy”: as AI enables both more data collection and more product variety,

manipulation potential increases—more products means more opportunities to find glossy items.

6.3 A Model of Online Misinformation

“A Model of Online Misinformation” (2024, with Ozdaglar and Siderius) analyzes how platform

incentives interact with misinformation. Agents on a social media network choose to share, ignore,

or dislike articles, and a platform chooses the network structure (who sees what) to maximize user

engagement.

Key results:

• The profit-maximizing platform chooses a network structure with maximal connectivity

when reliability is high (promoting truth) but fragmented, homophilic networks when

reliability is low (promoting echo chambers).
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• Greater polarization of beliefs leads to more sharing and higher engagement—explaining

platforms’ incentive to promote divisive content.

• Censorship can improve welfare when misinformation is severe, but provenance policies (mark-

ing content as potentially misleading) are more effective across a wider range of parameters.

• Increasing homophily (connections among like-minded users) increases engagement but de-

creases welfare, because it insulates misinformation from correction.

6.4 Online Business Models and Digital Advertising

“Online Business Models, Digital Ads, and User Welfare” (2025, with Huttenlocher, Ozdaglar, and

Siderius) analyzes advertising-based platform business models with both sophisticated users (who

understand how ads work) and näıve users (who overestimate ad informativeness).

The central result: when platforms choose advertising-based models, näıve users face heavy ad

loads that manipulate them into over-purchasing, sophisticated users are effectively excluded, and

the inflated demand from näıve users drives up monopoly prices—harming both types. Digital ad

taxes can improve welfare by discouraging excessive advertising.

6.5 AI and Social Media: The Political Economy

“AI and Social Media” (2025, with Ozdaglar and Siderius) extends these themes to politics, an-

alyzing how AI-powered recommendation algorithms affect the information environment. The

combination of engagement-optimized algorithms with advertising-based business models creates

systematic incentives to promote sensational, divisive, and misleading content.

7 Harms of AI: A Comprehensive Taxonomy

“Harms of AI” (2022) provides Acemoglu’s most systematic cataloging of AI’s potential welfare

costs.

7.1 Labor Market Harms

1. Excessive automation: AI is disproportionately used for automating existing tasks rather

than creating new productive activities.

2. So-so technologies: Many AI applications displace workers without generating significant

productivity gains—a pure redistribution from labor to capital.

3. Workplace surveillance: AI enables unprecedented monitoring, shifting power toward em-

ployers and degrading working conditions.

7.2 Information and Democracy Harms

1. Misinformation: AI makes it cheaper to produce and distribute false content; recommen-

dation algorithms amplify it.
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2. Manipulation: AI-powered targeting exploits cognitive biases and behavioral patterns.

3. Surveillance: Government and corporate AI-powered surveillance threatens privacy and

chills free expression.

7.3 Distributional and Structural Harms

1. Inequality: The combination of automation-focused AI and weak institutions increases both

wage inequality and the capital-labor income split.

2. Concentration of power: AI development requires massive computational resources and

data, concentrating power in a small number of firms.

8 Institutions, Technology, and Prosperity: The Nobel Lecture

Framework

Acemoglu’s 2025 Nobel Lecture, “Institutions, Technology, and Prosperity,” provides the grand

unifying framework connecting his AI research to his broader life’s work. The lecture introduces

the concept of the utility-technology possibilities frontier (UTPF)—a curve showing the

maximum utility achievable by different groups (rich elite vs. poor majority) for a given level of

technology and institutional arrangements.

8.1 The Utility-Technology Possibilities Frontier

The UTPF has several key properties:

• Moves along the frontier: Changes in fiscal tools (taxes, redistribution) move society along

the frontier, redistributing between groups without changing the technological possibilities.

• Shifts of the frontier: Institutional changes or technology choices can shift the frontier

outward (better institutions) or inward (extractive institutions, wrong technology choices).

• Location on the frontier: The rich elite can choose a location favoring themselves, even if

this means being on a lower frontier.

8.2 Economic Losers and Political Losers

Two mechanisms explain why societies fail to reach the highest frontier:

Economic losers: Elites may resist technologies or reforms that shift the frontier outward if these

changes reduce the monopoly power of businesses they control. Even though society could reach

point A on a higher frontier, the elite prefers point C on a lower frontier because C gives them a

larger share.

Political losers: Elites may resist superior technologies because adopting them would desta-

bilize their political power. The introduction of new technology may trigger “political creative

destruction”—empowering new groups and threatening existing power structures. The fear of los-

ing political power makes elites prefer lower frontiers with stable political control.
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8.3 Application to AI

The Nobel Lecture applies this framework directly to AI. Acemoglu presents a remarkable Figure

12 showing four possible frontiers for the AI age:

• Frontier 1: Pre-AI status quo

• Frontier 2: Best-case scenario where AI creates new possibilities and gains are shared

• Frontier 3: Excessive automation—the frontier actually shifts inward because the tech sec-

tor’s ideological bias toward automation and the use of AI to dissipate worker rents leads to

worse outcomes for workers and potentially lower overall productivity

• Frontier 4: Pro-worker AI—the frontier shifts outward and gains are distributed more eq-

uitably

The key insight is devastating: “an ideological bias in favor of one group can push us toward lower

frontiers. In contrast, a bias in the distribution of power favoring one group can tilt the frontier

in their favor but does not typically lead to a downward shift of the frontier.” In other words,

the tech sector’s ideology—its belief that automation and AGI are the natural path—can actually

make everyone worse off, not just redistribute from workers to capital.

8.4 Historical Parallels

The lecture draws explicit parallels between AI and three historical episodes:

1. Colonial institutions: European colonizers chose extractive institutions that placed soci-

eties on low frontiers, and economic/political losers mechanisms ensured these persisted.

2. The Industrial Revolution: New technologies could have been deployed to benefit workers,

but the institutional context determined that early gains accrued overwhelmingly to capital.

The Progressive Era reforms eventually shifted the frontier outward and redistributed gains.

3. The current digital age: The move from B0 to B1 (deregulation, weakened unions, share-

holder primacy) shifted the frontier toward capital. The tech sector’s ideology then shifted

the frontier itself inward (from frontier 1 to frontier 3) through excessive automation.

The conclusion is that AI represents a critical juncture—a moment where small differences in

institutional responses can lead to vastly different outcomes, just as small differences in colonial

institutions led to enormous divergences in prosperity over centuries.

9 Regulating AI

9.1 The Theory of Regulation

“Regulating Transformative Technologies” (2024, with Lensman) provides the theoretical foun-

dation for AI regulation. A key tension: regulating too early stifles beneficial innovation, while

regulating too late allows harmful applications to become entrenched. The optimal policy depends
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on the speed of development, the irreversibility of harms, available information, and the degree of

externalities.

9.2 Building Pro-Worker AI

“Building Pro-Worker Artificial Intelligence” (2026, with Autor and Johnson) proposes the most

detailed policy agenda:

1. Redirect AI toward worker-complementary applications: AI should augment human

capabilities—providing better information, expanding decision-making capacity—rather than

replacing workers.

2. Reform tax incentives: Eliminate the preferential treatment of capital income that arti-

ficially subsidizes automation. The current tax code creates incentives to adopt robots even

when they are less efficient than human workers.

3. Invest in education and retraining: Public investment should prioritize skills that com-

plement AI rather than compete with it.

4. Strengthen labor market institutions: Unions, worker representation, and minimum

wage policies help ensure productivity gains are shared.

5. Regulate AI deployment: Require impact assessments for high-stakes contexts, mandate

transparency, and establish liability frameworks.

10 Integrating the Research Program: Key Themes

10.1 Theme 1: The Direction of Technology Is a Choice

The most important insight across all 27 papers: the direction of AI development is not techno-

logically determined. The same underlying capabilities can be deployed to replace or augment

workers. Which path is taken depends on economic incentives, institutional structures, and policy.

The Nobel Lecture framework makes this vivid: technology choices shift the frontier itself, not just

the location along it. The wrong choices can push society to a lower frontier.

10.2 Theme 2: Markets Systematically Favor the Wrong Direction

Multiple market failures push AI toward excessive automation:

• Tax distortions: Capital is taxed at lower effective rates than labor

• Pecuniary externalities: Automation destroys worker quasi-rents that are not internalized

by innovators

• Rent dissipation: Firms adopt automation to capture worker rents, even when less efficient

• Scientific culture: The Turing test paradigm creates prestige incentives for automation

research
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• Path dependence: Early automation investments lock in further automation

• Concentration: Large tech firms benefit from automation more than augmentation

10.3 Theme 3: Aggregate Effects Are Modest; Distributional Effects Are Large

The macroeconomic analysis predicts AI will add 0.5–5% to GDP over the next decade. But the

distributional consequences may be enormous: 50–70% of increased US wage inequality since 1980

is attributable to task displacement. So-so automation that generates minimal productivity gains

can dramatically redistribute from workers to capital owners.

10.4 Theme 4: The Digital Platform Economy Amplifies Harms

AI-powered platforms create a second channel of harm beyond labor markets. Data markets gen-

erate too much data sharing (destroying privacy without compensating users), recommendation al-

gorithms promote misinformation and manipulation, advertising-based models exploit näıve users,

and the concentration of data and computational resources in a few firms amplifies market power.

10.5 Theme 5: Institutions Are Decisive

The Nobel Lecture framework places AI within a centuries-long story about how institutions shape

the relationship between technology and prosperity. The same technology—the power loom, the

steam engine, artificial intelligence—can produce widely different outcomes depending on the insti-

tutional environment. Extractive institutions channel technology toward elite enrichment; inclusive

institutions channel it toward broad-based prosperity. The current moment is a critical juncture

comparable to the Industrial Revolution.

10.6 Theme 6: Demographics Complicate the Story

The demographics-automation link adds important nuance. In aging societies, automation partly

fills genuine labor shortages rather than displacing available workers. This means the optimal level

of automation depends on demographic context—countries like Japan and Germany may need more

automation than the US, and policies should account for this.

11 Critical Assessment and Open Questions

1. Are the macro estimates too conservative? The 0.5–5% GDP estimate rests on cur-

rent AI capabilities. If AI capabilities improve discontinuously (as some argue is happening

with frontier models), the upper bound could shift significantly. Acemoglu’s framework may

underestimate the speed at which “hard” tasks become “easy.”

2. Can the task framework capture general-purpose AI? The framework works well

for technologies that automate specific tasks. But the most transformative AI systems are

general-purpose—they simultaneously affect tasks across the entire complexity distribution.

The “marginal task” reasoning may not capture the dynamics of a technology that automates

many tasks at once.
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3. What about AI-driven task creation? Acemoglu emphasizes that new task creation

is essential for maintaining labor demand, but his framework treats new tasks as largely

exogenous. If AI itself creates new tasks—as the internet created roles like social media

manager and app developer—the displacement analysis may overstate net negative effects.

4. International competition: Even if the US redirects AI toward worker-complementary

applications, will this be sustainable if China pursues automation-focused strategies? The

demographics paper suggests that countries facing different labor market conditions may

optimally choose different automation levels.

5. Political feasibility: The firms that benefit most from automation-focused AI are among

the most politically powerful entities in history. The policy agenda faces formidable political

obstacles that the economic analysis does not fully address. The Nobel Lecture’s “political

losers” mechanism suggests that tech firms may resist pro-worker AI precisely because it

threatens their economic position.

6. The speed of institutional response: Historical parallels are instructive but may be too

slow. The Industrial Revolution’s harms persisted for 60–80 years before Progressive Era

reforms began to share productivity gains. If AI transforms the economy on a timescale of

years rather than decades, can institutions adapt fast enough?

7. The role of open-source and decentralization: Acemoglu’s framework focuses on corpo-

rate AI development. The emergence of open-source AI models and decentralized development

may change the dynamics of innovation direction in ways his models do not capture.

12 Conclusion

Daron Acemoglu’s research program on the economics of AI is remarkable for its scope, rigor, and

coherence. Across 27 papers, he constructs an intellectual architecture that connects foundational

theory (the task-based framework), empirical evidence (robots and jobs across multiple countries),

macroeconomic assessment (modest aggregate effects), digital platform analysis (data markets,

misinformation, manipulation), and institutional theory (the Nobel Lecture’s utility-technology

possibilities frontier).

His central message is neither optimistic nor pessimistic, but agentive: the economic consequences

of AI are not determined by the technology itself, but by the choices we make about how to develop,

deploy, and govern it. The current trajectory—excessive automation, insufficient new task creation,

tax biases favoring capital, platform business models that exploit users—is not inevitable. It reflects

specific institutional failures and policy choices that can be corrected.

The historical parallel to the Industrial Revolution is sobering but also hopeful. The early decades

of industrialization devastated workers and communities. But institutional reforms—labor rights,

progressive taxation, antitrust law, public education—eventually channeled technological progress

toward broadly shared prosperity. Acemoglu’s work provides both the diagnostic framework for

understanding why AI is currently on the wrong track and the policy roadmap for redirecting it.
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For anyone seeking to understand the economics of AI—policymaker, technologist, investor, or

citizen—this body of work is essential. The stakes, as the Nobel Lecture makes clear, extend

far beyond economics: they concern whether AI becomes a tool for democratic prosperity or a

mechanism for concentrating power and wealth in the hands of a few.

Papers Analyzed

[1] Acemoglu, D. (2024). “The Simple Macroeconomics of AI.” Economic Policy, 39(120), 3–46.

[2] Acemoglu, D. (2022). “Harms of AI.” In The Oxford Handbook of AI Governance.

[3] Acemoglu, D., Autor, D., & Johnson, S. (2026). “Building Pro-Worker Artificial Intelligence.”

Brookings.

[4] Acemoglu, D. & Restrepo, P. (2019). “The Wrong Kind of AI?” Cambridge J. Regions, Econ.

& Society.

[5] Acemoglu, D. & Restrepo, P. (2019). “Artificial Intelligence, Automation, and Work.” In

The Economics of AI.

[6] Acemoglu, D., Ozdaglar, A., & Siderius, J. (2025). “AI and Social Media: A Political Econ-

omy Perspective.”

[7] Acemoglu, D., Autor, D., Hazell, J., & Restrepo, P. (2022). “Artificial Intelligence and Jobs.”

J. Labor Econ.

[8] Acemoglu, D. & Restrepo, P. (2019). “Automation and New Tasks.” J. Econ. Perspectives,

33(2), 3–30.

[9] Acemoglu, D. & Restrepo, P. (2022). “Tasks, Automation, and the Rise in US Wage Inequal-

ity.” Econometrica.

[10] Acemoglu, D. & Restrepo, P. (2025). “Automation and Rent Dissipation.” Quarterly J.

Econ.

[11] Acemoglu, D. & Loebbing, J. (2026). “Automation and Polarization.” J. Political Economy,

134(3).

[12] Acemoglu, D. & Lensman, T. (2024). “Regulating Transformative Technologies.” AER:

Insights.

[13] Acemoglu, D. & Johnson, S. (2024). “Learning from Ricardo and Thompson.” Annual Rev.

Econ.

[14] Acemoglu, D., Kong, F., & Restrepo, P. (2025). “Tasks at Work.” Handbook of Labor

Economics, v. 6.

[15] Acemoglu, D. (2023). “Distorted Innovation.” AER Papers and Proceedings, 113, 1–28.

[16] Acemoglu, D., Manera, A., & Restrepo, P. (2020). “Does the US Tax Code Favor Automa-

tion?” Brookings Papers.

[17] Acemoglu, D. & Restrepo, P. (2020). “Robots and Jobs: Evidence from US Labor Markets.”

J. Pol. Econ.

[18] Acemoglu, D. & Restrepo, P. (2021). “Demographics and Automation.” Rev. Econ. Studies,

18



89(1), 1–44.

[19] Acemoglu, D. & Restrepo, P. (2024). “A Task-Based Approach to Inequality.” Oxford Open

Econ.

[20] Acemoglu, D. et al. (2025). “When Big Data Enables Behavioral Manipulation.” AER:

Insights.

[21] Acemoglu, D. & Restrepo, P. (2020). “Unpacking Skill Bias.” AEA Papers and Proceedings.

[22] Acemoglu, D. & Restrepo, P. (2018). “Low-Skill and High-Skill Automation.” J. Human

Capital.

[23] Acemoglu, D. et al. (2025). “Online Business Models, Digital Ads, and User Welfare.” J.

Pol. Econ.

[24] Acemoglu, D., Ozdaglar, A., & Siderius, J. (2024). “A Model of Online Misinformation.”

Rev. Econ. Studies.

[25] Acemoglu, D. et al. (2022). “Too Much Data.” AEJ: Micro, 14(4), 218–256.

[26] Acemoglu, D. (2025). “Institutions, Technology and Prosperity: Nobel Lecture.” AER,

115(6), 1709–1748.

[27] Acemoglu, D. et al. (2024). “Automation and theWorkforce: A Firm-Level View.” NBER/U.

Chicago Press.

19


	Introduction
	The Task-Based Framework: Acemoglu's Theoretical Engine
	Beyond Factor-Augmenting Technical Change
	Tasks, Displacement, and Reinstatement
	Low-Skill and High-Skill Automation
	Automation and Polarization
	Automation and Rent Dissipation
	Tasks at Work: The Comprehensive Survey

	Empirical Evidence: AI, Robots, and Labor Markets
	Robots and Jobs in US Labor Markets
	AI and Online Job Vacancies
	Firm-Level Evidence: The 2019 Annual Business Survey
	Demographics as a Driver of Automation
	Tasks, Automation, and US Wage Inequality

	The Macroeconomic Case for Skepticism
	The Modest GDP Estimate
	The ``So-So'' Automation Problem
	The Disconnect Between Capability and Impact

	The Direction of Innovation
	Automation vs. Augmentation
	Distorted Innovation
	The Tax Code Bias
	Historical Precedent: The Industrial Revolution

	The Digital Platform Economy
	Too Much Data: Prices and Inefficiencies in Data Markets
	Behavioral Manipulation Through Big Data
	A Model of Online Misinformation
	Online Business Models and Digital Advertising
	AI and Social Media: The Political Economy

	Harms of AI: A Comprehensive Taxonomy
	Labor Market Harms
	Information and Democracy Harms
	Distributional and Structural Harms

	Institutions, Technology, and Prosperity: The Nobel Lecture Framework
	The Utility-Technology Possibilities Frontier
	Economic Losers and Political Losers
	Application to AI
	Historical Parallels

	Regulating AI
	The Theory of Regulation
	Building Pro-Worker AI

	Integrating the Research Program: Key Themes
	Theme 1: The Direction of Technology Is a Choice
	Theme 2: Markets Systematically Favor the Wrong Direction
	Theme 3: Aggregate Effects Are Modest; Distributional Effects Are Large
	Theme 4: The Digital Platform Economy Amplifies Harms
	Theme 5: Institutions Are Decisive
	Theme 6: Demographics Complicate the Story

	Critical Assessment and Open Questions
	Conclusion

