Economics of Artificial Intelligence

  
    The Economics of Compute and Scaling

  
  
  
  Concise Definition
The Economics of Compute and Scaling refers to the macroeconomic, infrastructural, and financial paradigms governing the development of advanced artificial intelligence. Because modern AI capabilities scale predictably with computational power (compute), the discipline has transitioned from an algorithm-constrained academic science to a capital-constrained, heavy-industry engineering discipline. The economics of AI are defined by extreme capital expenditure (CapEx) for specialized hardware accelerators (e.g., GPUs/TPUs), massive energy requirements, and the rigid tension between the fixed costs of pretraining and the marginal costs of inference.


Overview & Significance
The significance of compute economics lies in its role as the primary gatekeeper of AI progress. The "Bitter Lesson" of AI research (Sutton, 2019) argues that general methods that scale with computation have tended to outperform approaches built on human domain knowledge; it is an essay, not an experimental demonstration. Consequently, state-of-the-art capability is no longer purely a function of algorithmic cleverness; it is directly correlated with financial resources.

This dynamic yields profound strategic consequences:


	Market Concentration: Frontier training is capital-intensive (the cluster capital expenditure is distinct from the amortized cost of a single final training run; see section 3), which is argued to create an economic moat that restricts the frontier to a handful of well-capitalized corporations and sovereign states.

	National Security & Supply Chains: Specialized silicon accelerators are manufactured via highly fragile global supply chains (reliant on EUV lithography), elevating compute hardware to a critical geopolitical asset subject to export controls.

	Economic Valuation: The anticipated capabilities of Artificial General Intelligence (AGI) justify unprecedented corporate valuations and capital expenditure, which depend heavily on the assumption that empirical scaling trends will continue; this assumption is contested.




Historical Development
Historically, AI research was cheap. Algorithms were designed theoretically and executed on commodity CPUs. The paradigm shifted in 2012 when AlexNet (Krizhevsky et al., 2012) achieved state-of-the-art image-classification results using GPU training.

In 2020, Scaling Laws for Neural Language Models (Kaplan et al., 2020) reported that language-model cross-entropy loss falls as a power law in compute (CC), dataset size (DD) and parameter count (NN). This gave a quantitative basis for predicting reductions in loss from additional compute, though loss is not the same as downstream capability.

Training compute for notable models has grown exponentially (Sevilla et al., 2022, covering data to 2022: doubling about every six months in the deep-learning era). GPT-3 (2020) is reported at approximately 3.14×10233.14 \times 10^{23} FLOPs (Brown et al., 2020, as cited by Carbontracker, arXiv:2007.03051). Third-party estimates of GPT-3 training cost range from roughly USD 0.5 million to USD 4.6 million depending on hardware and pricing assumptions (a16z and Lambda Labs figures, secondary sources, not re-derived) [VERIFICATION NEEDED: primary derivations]. For later frontier models, compute and cost figures change quickly and are not tabulated here; as of 2026-10-15, consult the Living Reference collection FACT-001 and the Epoch AI database, which reports growth in frontier training compute of roughly 4-5x per year to 2024 and in amortized final-run cost of roughly 2.4x per year since 2016 (secondary summaries of epoch.ai, not fetched in full) [VERIFICATION NEEDED]. Cluster capital expenditure for large clusters is much larger than the amortized cost of one final run; the two should not be conflated.


Technical / Conceptual Explanation
4.1 Compute Definitions


	Compute (FLOPs): The total number of floating-point mathematical operations required.

	Training Compute: The massive, one-time fixed cost to optimize the model weights.

	Inference Compute: The ongoing marginal cost to run the trained model for users. Cumulative inference cost can exceed training cost for widely used models, depending on usage [VERIFICATION NEEDED: no quantified source].

	Effective Compute: The notion that algorithmic improvements allow a model to reach the same loss with fewer physical FLOPs (a definition used in this article, not a standardized metric).



4.2 The Cost Structure of Training

Training a frontier model requires:


	Capital Expenditure (CapEx): Purchasing accelerator clusters, high-bandwidth interconnects (InfiniBand/NVLink), and data center real estate. Clusters of tens of thousands of accelerators or more are reported to cost billions of dollars [VERIFICATION NEEDED: dated source; see FACT-001].

	Operating Expenditure (OpEx): Electricity for computation, immense water/power for cooling, and engineering labor.



The hardware utilization rate is critical. Model FLOPs Utilization (MFU) measures the ratio of observed throughput to the theoretical peak throughput of the hardware. Due to memory bandwidth bottlenecks and communication overhead across thousands of nodes, published large-scale training runs have reported MFU in the range of roughly 40-50% [VERIFICATION NEEDED: cite specific reports, e.g., the PaLM and Llama 3 papers]. MFU counts only model FLOPs, so a value below 100% does not mean that the remainder of capital is idle waiting for data.

4.3 Inference Economics

During deployment, the primary constraint is memory bandwidth, not pure compute capability. autoregressive decoding must read the model weights and the key-value (KV) cache for each generated token, which makes it memory-bandwidth-bound (Shazeer, 2019).
To reduce the marginal cost of inference, companies employ:


	Batching: Processing multiple user requests simultaneously to amortize the cost of loading weights from memory.

	Quantization: Compressing weights from 16-bit to 8-bit or 4-bit, doubling or quadrupling memory bandwidth efficiency.

	Sparsity (MoE): Routing queries to only a fraction of the model's parameters, reducing inference compute while maintaining the representational capacity of a massive model.




Types, Components & Classifications
The economic landscape of AI models is bifurcated:


	Proprietary (Closed-Weight) Models: Highly capable models held behind APIs. The provider bears the inference cost and extracts revenue per token or subscription. This centralizes control and captures maximum value.

	Open-Weight Models: Pretrained models whose weights are freely released. The creator bears the massive fixed training cost, while the open-source community, enterprises, or cloud providers bear the inference costs. This disrupts proprietary pricing power and commoditizes the model layer.




Applications & Concrete Examples

	Pricing trends: API prices for models of a given capability level have fallen over time. [VERIFICATION NEEDED: the earlier claim of a drop "by over 90% between 2023 and 2024" and its attribution to KV-caching and quantization were uncited; hardware, competition, distillation and smaller models also contribute. Cite dated provider price tables naming the models compared.]

	Test-Time Compute: Allocating more compute at inference (e.g., longer reasoning) can improve accuracy on some benchmarks, with results that depend on task and model. [VERIFICATION NEEDED: the earlier "10x versus 10,000x" equivalence had no source and is withdrawn.]




Advantages, Limitations & Unresolved Questions
Limitations of the Compute Scaling Paradigm


	Energy and Grid Capacity: Large AI clusters require substantial continuous power (hundreds of megawatts is a plausible order of magnitude for around 100,000 accelerators at roughly 1 kW each all-in) [VERIFICATION NEEDED: sourced figures]. Grid capacity may constrain siting of gigawatt-scale data centers in some jurisdictions; see ECON-INFRA-001.

	The Data Wall: Compute-optimal scaling (Hoffmann et al., 2022) indicates that model parameters and training tokens should be scaled in approximately equal proportion as compute grows. Villalobos et al. (2022, rev. 2024) project that, if current trends continue, training datasets could reach the size of the stock of public human-generated text between 2026 and 2032 (earlier if models are overtrained) [Forecast]; the paper notes that synthetic data, transfer from data-rich domains and data efficiency could support further progress, and their effect is contested.



Unresolved Economic Questions


	Return on Investment (ROI): Will the applications built on top of LLMs generate sufficient value to justify the very large infrastructure investments announced by major cloud providers? [VERIFICATION NEEDED: reported combined 2026 capital-expenditure guidance of about USD 725 billion for Amazon, Microsoft, Alphabet and Meta, and analyst projections above USD 1 trillion for 2027, come from secondary news summaries and differ by source; cite company filings with an as-of date. "Trillion-dollar" is not established as current annual spending.]

	Commoditization: Will foundation models become a cheap utility commodity (like electricity or bandwidth), shifting economic value accumulation strictly to the application and semiconductor layers?




Current State of Knowledge
Several frontier laboratories have publicly expressed confidence that scaling will continue, but whether scaling trends persist, and whether AGI requires gigawatt-scale clusters, is contested [Contested]; no source establishing a consensus was identified. Hyperscalers (Microsoft, Google, Amazon, Meta) are reported to be raising capital expenditure sharply (see section 7 for the unverified figures), and energy contracts including nuclear and renewable sources have been widely reported [VERIFICATION NEEDED: specific contracts and dates].

However, publicly reported training costs are often heavily misleading. Headline numbers rarely delineate between the amortized depreciation of hardware, energy costs, engineering salaries, and the massive internal "trial-and-error" experimentation budgets required before the final, successful training run occurs.


Future Trajectory & Strategic Outlook
The following are qualitative outlooks, not registered forecasts under docs/EVIDENCE_FRAMEWORK.md section 2; no probabilities are assigned.


	Near-Term (0–3 Years): Possible margin compression in the API inference market due to open-weight competition. Possible deployment of smaller models on edge devices to offload cloud inference.

	Medium-Term (3–10 Years): Possible growth of national initiatives that treat compute clusters as critical infrastructure.

	Long-Term (10+ Years): A speculative scenario holds that if scaling trends continued to very large compute levels (for example 102810^{28} FLOPs) and yielded highly capable autonomous systems, economic structure could change substantially [Hypothetical].




Related Entries & Knowledge Graph

	Foundational Concepts:
	FOUND-004 Computational Complexity in AI: The algorithmic limits underpinning hardware requirements.





	Related Methods & Technologies:
	TECH-LLM-001 Large Language Models: The primary architectures driving the compute scaling arms race.

	CAP-BENCH-001 AI Evaluation, Benchmarking & Contamination: How capability derived from compute is measured.





	Advanced Implications & Future Trajectories:
	AGI-PATH-001 Scientific Pathways to AGI: The "Scaling Hypothesis" dependent on compute economics.









  Sources, evidence and revision history
References & Foundational Literature

	Sutton, R. S. (2019). The Bitter Lesson. Incomplete Ideas (blog), 13 March 2019, http://www.incompleteideas.net/IncIdeas/BitterLesson.html (date from secondary sources; direct fetch failed) [VERIFICATION NEEDED]. [Opinion essay arguing that general scalable methods outperform hand-built knowledge].

	Kaplan, J., McCandlish, S., Henighan, T., Brown, T. B., Chess, B., Child, R., ... & Amodei, D. (2020). Scaling Laws for Neural Language Models. arXiv:2001.08361 (preprint). [Empirical power-law fits of language-model loss against compute, data and parameters].

	Hoffmann, J., Borgeaud, S., Mensch, A., Buchatskaya, E., Cai, T., Rutherford, E., ... & Sifre, L. (2022). Training Compute-Optimal Large Language Models. arXiv:2203.15556 (preprint). [The "Chinchilla" result: parameters and tokens should be scaled in approximately equal proportion for a fixed compute budget].

	Villalobos, P., Ho, A., Sevilla, J., Besiroglu, T., Heim, L., & Hobbhahn, M. (2022; rev. 2024). Will we run out of data? Limits of LLM scaling based on human-generated data. arXiv:2211.04325 (v1 26 Oct 2022; v2 4 Jun 2024; preprint). [Projects when training datasets could match the stock of public human text (2026-2032 if trends continue)].

	Sevilla, J., Heim, L., Ho, A., Besiroglu, T., Hobbhahn, M., & Villalobos, P. (2022). Compute Trends Across Three Eras of Machine Learning. 2022 International Joint Conference on Neural Networks (IJCNN); arXiv:2202.05924. [Compute trends through 2022 data; later data should be taken from the Epoch AI database].

	Shazeer, N. (2019). Fast Transformer Decoding: One Write-Head is All You Need. arXiv:1911.02150 (preprint). [Analyzes memory-bandwidth cost of incremental decoding and proposes multi-query attention].

	Brown, T. B., Mann, B., Ryder, N., et al. (2020). Language Models are Few-Shot Learners. arXiv:2005.14165 (33 authors; preprint). [GPT-3 paper; the 3.14e23 FLOP figure is taken from a secondary citation, not from the fetched page].

	Krizhevsky, A., Sutskever, I., & Hinton, G. E. (2012). ImageNet Classification with Deep Convolutional Neural Networks. Advances in Neural Information Processing Systems 25, 1097-1105. [AlexNet; GPU-trained image classifier].

	Epoch AI. Notable AI models / compute trends database. https://epoch.ai [VERIFICATION NEEDED: retrieval date and exact pages; figures above are from secondary summaries].




Evidential Classification Matrix

	Section / Claim
	Evidence Category
	Supporting Source
	Confidence / Status



	Compute-optimal ratio: parameters and tokens scale in roughly equal proportion
	Well Supported (empirical fit, contested/refined by later work)
	Hoffmann et al. (2022)
	Moderate-High



	Historical compute growth through 2022
	Well Supported (data analysis)
	Sevilla et al. (2022)
	High for the period covered; later years need Epoch AI data



	Memory-bandwidth cost of incremental decoding
	Well Supported
	Shazeer (2019)
	High



	Public text stock reached by training datasets between 2026 and 2032 if trends continue
	Forecast (projection)
	Villalobos et al. (2022, rev. 2024)
	Moderate; depends on trends and synthetic data



	Hyperscaler capex and ROI
	Forecast / Speculative
	No primary source; company filings to be cited [VERIFICATION NEEDED]
	Unresolved / Active Debate






Revision History

	v1.0.0 (2026-10-15): Initial draft; citations not independently verified.

	v0.2.0 (2026-10-15): Corrected following independent fact-check audit (docs/audits/ECON-COMP-001_audit.md); 11 findings applied, 4 left marked for verification.






  


  
    AI, Productivity and Labor Markets

  
  
  
  Concise Definition
This article covers the empirical and theoretical evidence on how AI systems change worker productivity, the allocation of tasks between people and machines, employment, wages and aggregate economic growth. It separates three kinds of claim: task-level measurements (what happens to a worker with an AI tool), exposure estimates (how many tasks could in principle be affected), and realised labor-market outcomes (what happened to employment and earnings).


Overview & Significance
Public discussion often moves between these three levels without noting that they answer different questions. A large task-level speed-up does not imply a large aggregate effect if the affected tasks are a small share of work; a high exposure estimate does not imply job loss; and a flat aggregate employment series can conceal changes in hiring of particular groups. Evidence as of 2026-10-15 is early, mostly from the United States and a few other countries, and heavily dependent on study design. The sections below give each study's design, date and unit, and the conclusions the authors themselves state. For compute-side economics see ECON-COMP-001; for how the AI economy is measured see ECON-MEAS-001.


Historical Development
Economists treat general-purpose technologies (steam, electricity, computing) as sources of growth whose benefits arrive with delays because complementary investment and reorganisation are needed. Task-based models of automation, in which technology substitutes for some tasks and creates others, are the framework most used for AI; Acemoglu (2025) is a recent macro application.

The empirical literature on generative AI began in 2023 with randomised and field studies of specific tasks (Noy & Zhang, 2023; Peng et al., 2023; Brynjolfsson et al., 2023) and with exposure analyses (Eloundou et al., 2023, published as Eloundou et al., 2024). From 2025, studies using administrative or payroll data began to examine realised employment outcomes (Humlum & Vestergaard, 2025; Brynjolfsson et al., 2025/2026).


Technical / Conceptual Explanation
4.1 Task-based accounting

Let a share α\alpha of tasks be exposed to AI and let AI reduce the cost of exposed tasks by an average fraction cc. Under Hulten's theorem, the first-order change in total factor productivity (TFP) is approximately the product of the affected task share, the cost saving and the share of output attributable to those tasks, so that aggregate gains are bounded by how much of the economy's work is actually changed. This is the logic of Acemoglu (2025), which uses existing exposure and productivity estimates to project TFP gains of up to 0.66% over 10 years, falling below 0.53% when allowance is made for AI learning the easy tasks first. These are model-based projections from the author's assumptions, not measured outcomes, and the author notes AI could also widen the gap between capital and labor income. Other authors argue different inputs would yield larger effects; this article records the disagreement without resolving it [Contested].

4.2 Exposure is not displacement

Exposure measures score tasks by whether a model could perform them. Eloundou et al. (2023) estimate that about 80% of the US workforce could have at least 10% of their tasks affected by large language models and about 19% could have at least 50% affected; about 15% of all US worker tasks could be completed significantly faster at the same quality with access to an LLM, rising to roughly 47-56% with LLM-powered software built on top (arXiv v5, 21 August 2023). The authors frame these as potential impact, not predicted job loss. The IMF reported in January 2024 that "almost 40 percent of global employment is exposed to AI", about 60% in advanced economies, 40% in emerging markets and 26% in low-income countries, and that about half of exposed jobs in advanced economies may benefit from productivity gains while for the rest AI could perform key tasks and reduce labor demand (Georgieva, 2024). The blog does not define "exposure" operationally, so its numbers are not comparable with those of Eloundou et al.

4.3 Measuring productivity effects

Randomised experiments identify causal effects for a defined task and population, but not general equilibrium effects. Field studies using staggered rollout identify effects in a real workplace but depend on identification assumptions. Neither measures what happens when employers re-organise around the tool.


Types, Components & Classifications
Evidence types


	Randomised task experiments: Noy & Zhang (2023); Peng et al. (2023); Becker et al. (2025).

	Field studies: Brynjolfsson et al. (2023).

	Exposure indices: Eloundou et al. (2024); IMF (2024).

	Administrative / payroll outcome studies: Humlum & Vestergaard (2025); Brynjolfsson et al. (2026).

	Macro models: Acemoglu (2025).



Mechanisms: substitution (tasks fully automated), augmentation (worker productivity rises), task creation (new tasks), skill-bias (gains concentrated in particular workers), and reduced hiring rather than separations.


Applications & Concrete Examples
All figures are dated to the study.


	Study
	Setting and design
	Reported result



	Noy & Zhang (2023), Science
	Online experiment, mid-level professional writing tasks; the Science summary reports 453 college-educated professionals, half randomly given ChatGPT
	Time taken decreased by 40% and quality rose by 18% in the published version; the working-paper version reports 444 participants and effects in standard deviations (secondary summary)



	Peng et al. (2023), arXiv:2302.06590
	Controlled experiment, developers writing an HTTP server in JavaScript with or without GitHub Copilot
	Copilot group finished 55.8% faster



	Brynjolfsson, Li & Raymond (arXiv v2, November 2024)
	Customer-support agents, 5,172 agents, generative-AI assistant
	15% average productivity (issues resolved per hour); the earlier 2023 working paper reported 14% with a slightly different sample, so the figure depends on the version cited



	Becker et al. (2025), arXiv:2507.09089
	Randomised trial: 16 experienced open-source developers, 246 tasks, early-2025 AI tools
	AI increased completion time by 19%, although developers had expected a 24% reduction and later estimated 20%; economists and ML experts forecast reductions of 39% and 38%



	Humlum & Vestergaard (NBER w33777, 2025)
	Danish administrative data linked to surveys; exposed occupations
	Rules out effects larger than 2% on earnings and recorded hours two years after ChatGPT's launch (the abstract's bound)



	Brynjolfsson, Chandar & Chen (revised 12 August 2026)
	ADP payroll data through June 2026, US
	No broad job losses; employment of workers aged 22-25 in AI-exposed occupations "now stands 19% below where it would be" relative to less-exposed peers, driven mainly by reduced hiring; presented by the authors as early descriptive evidence, not causal estimates





The same Brynjolfsson et al. paper has been revised at least twice with different headline figures (reported earlier as 13% and 16%); users should cite the version and date. The specific coefficient 19% applies to the August 2026 version only.

Productivity effects therefore range from large positive (writing, coding in a controlled toy task, novice support agents) to negative (experienced developers on their own mature repositories), consistent with effects depending on task, user experience and tool.


Advantages, Limitations & Unresolved Questions
External validity. The Becker et al. trial has only 16 participants and tested early-2025 tools; the authors evaluated 20 properties that could explain the slowdown. Its result conflicts with the Peng et al. result on a different task, and neither generalises to all software work. Controlled-task studies use short tasks and may not capture quality over time.

Measurement. Time saved is not necessarily converted into output or wages. Humlum & Vestergaard identify modest time savings and weak wage pass-through as reasons for small realised effects in their Danish data (per secondary summaries of the paper; not tested here against the full text) [VERIFICATION NEEDED: the abstract reviewed gives only the 2% bound].

Identification. The payroll study of younger workers compares groups defined by exposure; the authors report that patterns attenuate with education controls and that some trends predate generative AI (secondary summary of the August 2026 version) [VERIFICATION NEEDED: PDF text not directly read]. Causal attribution to AI remains Contested.

Unresolved: aggregate productivity effect size; distributional effects (who gains); whether reduced entry-level hiring persists; effects outside the United States and Denmark; effects of agentic systems not captured by studies of chat assistants (see TECH-AGENT-001).


Current State of Knowledge
As of 2026-10-15:


	Well Supported: in specific tasks and workplaces, generative AI tools can change task completion time substantially; the sign and size depend on task and user (table above).

	Well Supported: task exposure to LLMs is broad across occupations by the measures used, with exposure not equal to displacement.

	Preliminary: early-career employment in AI-exposed US occupations has fallen relative to less-exposed groups in ADP data; the mechanism is reduced hiring (single research group; descriptive).

	Preliminary: Danish data show no large effect on average earnings or hours within two years of ChatGPT's launch.

	Contested: the aggregate TFP effect over the next decade (Acemoglu's projections versus higher estimates from others, which are not evaluated here).

	Hypothetical: scenarios of broad automation of cognitive work; see AGI-001 and FCST-SCEN-001.




Future Trajectory & Strategic Outlook
Observed trends are limited to those in section 6. This article registers no new forecast. Forecasts of labor-market effects need an operational metric (for example, a defined employment ratio for a defined group), a horizon and stated assumptions, and are housed in FCST-REG-001. Policy questions (training, income support, competition; see GOV-LAW-001) depend on which of the contested findings above holds.


Related Entries & Knowledge Graph

	Foundational Concepts:
	ECON-COMP-001 The Economics of Compute and Scaling

	TECH-LLM-001 Large Language Models





	Related Methods & Technologies:
	CAP-BENCH-001 AI Evaluation, Benchmarking & Contamination: capability measures versus workplace outcomes.

	APP-SW-001 AI in Software Engineering: developer-productivity context.

	ECON-MEAS-001 Measuring the AI Economy

	ECON-IND-001 The AI Industry Structure





	Advanced Implications:
	AGI-001 Artificial General Intelligence

	FCST-SCEN-001 Medium- and Long-Term Scenarios









  Sources, evidence and revision history
References & Foundational Literature

	Acemoglu, D. (2025). The Simple Macroeconomics of AI. Economic Policy, 40(121), 13-58. NBER Working Paper 32487 (2024). https://www.nber.org/papers/w32487. [TFP gain up to 0.66% over 10 years, below 0.53% after adjustment; task-based model].

	Becker, J., Rush, N., Barnes, E., & Rein, D. (2025). Measuring the Impact of Early-2025 AI on Experienced Open-Source Developer Productivity. arXiv:2507.09089. https://arxiv.org/abs/2507.09089. [Randomised trial, 16 developers, 246 tasks; 19% slowdown; preprint].

	Brynjolfsson, E., Li, D., & Raymond, L. (2023; rev. 2024). Generative AI at Work. NBER Working Paper 31161, https://doi.org/10.3386/w31161; arXiv:2304.11771 (v2, 6 November 2024). [Customer-support field study; 15% in v2 with 5,172 agents; QJE publication reported by search results: VERIFICATION NEEDED].

	Brynjolfsson, E., Chandar, B., & Chen, R. (2025; rev. 12 August 2026). Canaries in the Coal Mine? Six Facts about the Recent Employment Effects of Artificial Intelligence. Stanford Digital Economy Lab. https://digitaleconomy.stanford.edu/publications/canaries-in-the-coal-mine. [ADP payroll data through June 2026; 19% relative decline for ages 22-25 in exposed occupations; descriptive].

	Eloundou, T., Manning, S., Mishkin, P., & Rock, D. (2023). GPTs are GPTs: An Early Look at the Labor Market Impact Potential of Large Language Models. arXiv:2303.10130 (v5, 21 August 2023); published as Eloundou et al. (2024), Science, 384(6702), 1306-1308, https://doi.org/10.1126/science.adj0998. [Exposure estimates: 80%, 19%, 15% and 47-56% of tasks; potential not realised impact].

	Georgieva, K. (2024, January 14). AI Will Transform the Global Economy. Let's Make Sure It Benefits Humanity. IMF Blog. https://www.imf.org/en/Blogs/Articles/2024/01/14/ai-will-transform-the-global-economy-lets-make-sure-it-benefits-humanity. [Exposure shares: almost 40% global, ~60% advanced, 40% emerging, 26% low-income; Tier 2 institutional blog].

	Humlum, A., & Vestergaard, E. (2025). Still Waters, Rapid Currents: Early Labor Market Transformation under Generative AI. NBER Working Paper 33777. https://ideas.repec.org/p/nbr/nberwo/33777.html. [Danish administrative data; rules out effects over 2% on earnings and hours two years post-ChatGPT; earlier version titled "Large Language Models, Small Labor Market Effects"].

	Noy, S., & Zhang, W. (2023). Experimental evidence on the productivity effects of generative artificial intelligence. Science, 381(6654), 187-192. https://doi.org/10.1126/science.adh2586. [Randomised writing-task experiment; reported 40% time reduction and 18% quality increase per the Science summary; issue number not checked].

	Peng, S., Kalliamvakou, E., Cihon, P., & Demirer, M. (2023). The Impact of AI on Developer Productivity: Evidence from GitHub Copilot. arXiv:2302.06590. https://arxiv.org/abs/2302.06590. [Controlled experiment, 55.8% faster completion; preprint].




Evidential Classification Matrix

	Section / Claim
	Evidence Category
	Supporting Source
	Confidence / Status



	Task-level productivity effects vary in sign and size
	Well Supported
	Refs 2, 3, 8, 9
	Moderate-High



	LLM task exposure estimates
	Well Supported (as potential)
	Refs 5, 6
	Moderate



	Exposure implies displacement
	Contested (not supported by exposure studies alone)
	Ref 5
	n/a



	Early-career hiring decline in exposed occupations
	Preliminary
	Ref 4
	Moderate-Low (descriptive)



	Small realised earnings/hours effects (Denmark)
	Preliminary
	Ref 7
	Moderate



	Aggregate TFP effect
	Contested
	Ref 1
	Low (model-dependent)






Revision History

	v0.1.0 (2026-10-15): Initial draft. Citations checked="checked" against arXiv/Crossref/publisher pages where marked; not independently fact-checked.
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