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Can we predict future productivity?

How do we improve it?



Growth as large adjustment of levels
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the period between 1870 and 1940, including not just elec-
tricity and the internal combustion engine but also commu-
nication and entertainment devices such as the telephone, 
radio, and motion pictures, as well as chemicals, plastics, 
antibiotics, and the tools of modern medicine. The second 
industrial revolution is also notable for its radical improve-
ment in working conditions on the job and at home. The 
third industrial revolution comprises the digital inventions 
since 1960, including the mainframe and personal computer, 
the Internet, and mobile telephones.

The economic growth since 1970 created by the third 
industrial revolution has been simultaneously dazzling and 
disappointing. This seeming paradox is resolved when we rec-
ognize that advances since 1970 have tended to be channeled 
into a narrow sphere of human activity involving entertain-
ment, communication, and the collection and processing of 
information. Technology for processing information evolved 
from the mainframe to networked personal computers, 
search engines, and e-commerce. Communication advanced 
from dependence on landline phones to ever smaller and 
smarter mobile phones. But for the rest of what humans care 
about—food, clothing, shelter, transportation, health, and 
working conditions both inside and outside the home—prog-
ress slowed both qualitatively and quantitatively after 1970.

Any consideration of future U.S. economic progress must 
look beyond the pace of innovation to include the headwinds 
that are blowing with gale-like force to slow progress. Chief 
among them is the rise of inequality that since the late 1970s 
has steadily directed an increasing share of the fruits of U.S. 
growth to those at the top of the income distribution. Other 
headwinds include the slowing rate of advance of educational 
attainment, the drain on economic growth caused by the 
aging of the population and the retirement of the baby-boom 
generation, and the fiscal challenge of a rising debt-to-GDP 
ratio as the old-age income and health programs—Social 
Security and Medicare—approach insolvency.

Measures and mismeasures of progress
The diminished impact of innovation, due to the narrower 
scope of the post-1970 inventions, is evident when growth 
rates of labor productivity and total factor productivity are 
compared across selected eras of the past 125 years. The 
growth rate of labor productivity (output per hour) was 2.82 
percent a year in the period 1920–70, more than a full per-
centage point faster than in 1890–1920 or in the period that 
extends from 1970 to 2014. Each vertical bar in Chart 1 is di-
vided into three parts to break down the contribution to pro-
ductivity growth of rising educational attainment, the steadily 
rising amount of capital input per worker hour—usually called 
capital deepening—and what remains after deducting the 

contributions of education and capital deepening, total factor 
productivity (TFP), the best proxy available for the underlying 
effect of innovation and technological change on economic 
growth. Because the contributions of education and capital 
deepening were roughly the same in each of the three time 
intervals, all of the faster growth of labor productivity be-
tween 1920 and 1970 was the result of more rapid innovation 
and technological change. The margin of superiority of TFP 
growth in the 1920–70 interval is almost triple the growth rate 
in the other two periods. 

Are these very different TFP growth rates credible? A 
major theme of my book is that real GDP, the numerator of 
output per hour, greatly understates the improvement in the 
standard of living, particularly for the United States in the 
special 1870–1970 century. First, changes in real GDP omit 
many dimensions of improvement in the quality of life that 
matter to people. Second, the price indices used to convert 
current-dollar spending to constant inflation-adjusted “real” 
dollars overstate price increases. The improvements in the 
standard of living that are missed by real GDP data seem to 
be more important before 1970 than after. Among the more 
important are the value of clean running water, waste dis-
posal, and the indoor bathroom, not to mention the reduc-
tion in infant mortality from 22 percent in 1890 to less than 
1  percent after 1950. An explicit allowance for declining 
infant mortality greatly increases the peaking of TFP growth 
in the 1929–50 interval, as does an allowance for the greater 
leisure associated with shorter work hours.

After 1970, real GDP continued to miss the value of 
advances, but the extent of the mismeasurement declined 
along with the narrower scope of innovation. And the mea-
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Chart 1

Sourcing productivity
The fast growth of labor productivity from 1920 to 1970 
compared with periods before and after is due mainly to total 
factor productivity, which represents innovation and technical 
change. 
(annual growth in U.S. productivity and its components, percent)

Source: Gordon (2016).
Note: Capital deepening is the contribution to labor productivity growth of more capital per 

worker hour. Productivity is output per worker hour. Total factor productivity is the portion of 
output not the result of inputs (capital and labor). 
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Source: On the importance of diffusion for productivity, see e.g. Andrews et al. (2016), Coyle (2026)
and Van Ark (2026)
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Part I: The cost–deployment feedback loop
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Source: Diagram adapted from Roser (2020).
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Part I: The cost–deployment feedback loop
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Part I: The cost–deployment feedback loop
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Part I: The cost–deployment feedback loop
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2. Deployment to cost
Does deployment cause
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does adoption proceed?
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Technologies improve at different rates

1997 20252000 2005 2010 2015 2020
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Source: Our World in Data (CC BY), from U.S. Bureau of Labor Statistics CPI data; cumulative
change since 1997. Medical care is not quality-adjusted.
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Technologies improve at different rates

Exponential decrease with time (“Moore’s law”) Useful energy cost ($[2020]/MWh)

Source: Updated from Farmer and Lafond (2016) and Way et al. (2022).
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Use the full database to calibrate distributional forecasts

Historical cost trajectories

⇒

Solar forecast with calibrated
bands

Many datasets ⇒ Many forecast errors
⇒ Calibrated prediction intervals.

Source: Farmer and Lafond (2016).
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The 2013 solar forecast, ten years on
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Source: Forecast: Farmer and Lafond (2016), Fig. 10, recomputed on the module prices it used
(1980–2013, 2013 dollars). Series today: Our World in Data (2026), 2025 dollars converted to 2013
dollars with the US GDP deflator (World Bank, 2026).
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Cost declines with time and cumulative deployment

ct = c0 exp(µt) ct = ˜︁c0Zω
t

Source: Updated from Farmer and Lafond (2016) and Lafond et al. (2018).
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Sahal’s identity

ct = c0 exp(µt) Zt = Z0 exp(rt) ct = ˜︁c0Zω
t

If any two relations hold, the third follows mechanically.

Source: Sahal (1979); solar PV updated data.
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Exogenous or endogenous technological change?

The Perils of the Learning Model for Modeling Endogenous
Technological Change

William D. Nordhaus* 

ABSTRACT

Modeling of technological change has been a major empirical and analytical ob­
stacle for many years. One approach to modeling technology is learning or ex­
perience curves, which originated in techniques used to estimate cost functions 
in manufacturing. These have recently been introduced in policy models of energy 
and climate-change economics to make the process of technological change en­
dogenous—that is, allow technologies to vary with economic conditions. It is not 
widely appreciated that using learning in modeling raises major potential prob­
lems. The present note has three points. First, it shows that there is a fundamental 
statistical identification problem in trying to separate learning from exogenous 
technological change and that the estimated learning coefficient will generally be 
biased upwards. Second, we present two empirical tests that illustrate the potential 
bias in practice and show that learning parameters are not robust to alternative 
specifications. Finally, we show that an overestimate of the learning coefficient 
will provide incorrect estimates of the total marginal cost of output and will 
therefore bias optimization models to tilt toward technologies that are incorrectly 
specified as having high learning coefficients. 

Keywords: Learning by doing, Climate change, Technological change 

http://dx.doi.org/10.5547/01956574.35.1.1 

1. THE PROBLEM OF ENDOGENOUS TECHNOLOGICAL CHANGE

Most studies and models of environmental and climate-change policy—indeed of virtually 
all aspects of economic policy—have sidestepped the thorny issue of endogenous technological 
change or induced innovation. These terms refer to the impact of economic activity and policy upon 
research, development, invention, innovation, productivity change, and the diffusion of new tech­
nologies. Most models assume that technological change is exogenous, that is, it proceeds with a 
rate and direction that is determined by fundamental scientific and technological forces but is 
unaffected by prices or tax and regulatory incentives.1,2 

1. A review of the approaches taken in different models is contained in Bob C.C. van der Zwaan, Reyer Gerlagh, and 
Leo Schrattenholzer, “Endogenous technological change in climate change modeling,” Energy economics, 24, no. 1, 2002, 
1–19; John P. Weyant and Thomas Olavson, “Issues in modeling induced technological change in energy, environmental, 
and climate policy,” Environmental Modeling & Assessment, 4, no. 2–3, 1999, 67–85; Leon Clarke, John Weyant, and Jae 
Edmonds, “On the sources of technological change: What do the models assume?” Energy Economics, 30, no. 2, 2008, 
409–424. 

2. For example, the DICE and RICE models have customarily assumed exogenous technological change. See William 
D. Nordhaus, Managing the Global Commons: The Economics of Climate Change, MIT Press, Cambridge, MA, USA, 1996; 

* Sterling Professor of Economics; Cowles Foundation, Yale University, New Haven, CT 06511, USA. E-mail: 
william.nordhaus@yale.edu. 

The Energy Journal, Vol. 35, No. 1. Copyright © 2014 by the IAEE. All rights reserved. 

1 

• Is the experience curve
just a demand curve in
reverse?

More
deployment

Lower
costs

• Regressing costs on both
time and experience gives
very wild answers

Source: Nordhaus (2014), The Energy Journal.
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WWII as a natural experiment

More
deployment

Prices fall

Competitive
in new markets

Demand increases

Identifying assumption
WWII procurement followed
battlefield needs, not prices.

Ford archives: man-hours per unit,

armored car M20, 1943–45.

Source: Diagram from Roser (2020); Ford archives; Lafond et al. (2022).

12 / 24



Wartime production separates time from experience

Data: Ford’s M-20GBK.

• Production ceased to be exponential, while cost continued to track
experience

• Across broader datasets, experience and time account for roughly
equal shares of cost decline

Source: Lafond et al. (2022).
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Diffusion curves share a common shape after rescaling
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Forecasting solar and wind deployment

Historical
data

IEA Net Zero by 2050

IEA Stated Policies

IEA Current Policies

AR6 scenarios

Source: Wagenvoort et al. (2026); historical data through 2024.
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Part II: Technology trajectories and aggregate productivity

• Net-Zero
• Artificial Intelligence



Technology scenarios from the Climate Change Committee
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Our approach

Aggregate productivity can be retrieved from industry-level
productivity via Domar aggregation (motivated by an
accounting version of Hulten’s theorem (McNerney et al., 2022))

Ât =

N∑︂
i=1

λiÂit, λi ≡
piXi

pY
=

Salesi
GDP

How can we get industry-level productivity from prices and
quantities? We use the following data-driven assumption

Âit = ζX̂it + (ζ − 1)p̂it + Error, ζ ≈ 0.13

P
(︂

TFP gr.
)︂

≈
∑︂
i

Salesi,t
GDPt⏞ ⏟⏟ ⏞
Domar
weights

×
(︂
ζQuantity gr. + (ζ − 1)Price gr. + P

(︁
Error

)︁)︂⏞ ⏟⏟ ⏞
Predicted industry TFP growth

Source: Ravigné and Lafond (2026), work in progress.
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Sectoral gains and losses partly offset

Under the CCC Balanced Pathway, the
aggregate effect remains close to zero
within the prediction interval.

0 0.5% 1.0%

0.1% Productivity growth

Source: Ravigné and Lafond (2026), work in progress.
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The impact of AI on aggregate productivity

Save time to do the same work = productivity growth

Impact Potential Exposure Adoption

Productivity
growth in a

given
industry

=
Percent time
saved if AI is

used in
a task

×
Share

of tasks
exposed
to AI

×
Fraction of
exposed
tasks for

which AI is
actually
adopted

Ranges across studies

0.5–12% 25–30% 10–50% 20–80%
0.05–1.2%

per year over a decade

Source: Elaboration of OECD (2024).
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AI capability costs are falling extraordinarily quickly

Cheapest observed price for a fixed capability threshold measured using MMLU.

Source: Updated from Farmer and Lafond (2016) and Way et al. (2022).
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AI capability costs are falling extraordinarily quickly

Cheapest observed price for a fixed capability threshold measured using MMLU.

Source: Updated from Farmer and Lafond (2016) and Way et al. (2022); LLM inference prices from
Cottier et al. (2025).
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AI diffusion
depends on
what counts
as adoption

OECD (firm
use in
production)
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MACROECONOMIC PRODUCTIVITY GAINS FROM ARTIFICIAL INTELLIGENCE IN G7 ECONOMIES 
  

Figure 6. Mapping AI’s future adoption path with that of previous General Purpose Technologies 

Share of firms* using the technology, in the United States  

 

*For mobile phones, the share of individuals is shown due to the lack of data. 

Source: For computers and internet: United States Census; for electricity adoption of businesses: Woolf (1987) and Our World in Data; for mobile 

phone use of individuals: International Telecommunication Union; for AI: United States Census Bureau, Business Trends and Outlook Survey 

(BTOS). Although this figure highlights the S-shaped adoption patterns of past GPTs in the United States, comparable trends are also observable 

more broadly, such as in internet usage across G7 economies (see Annex B, Figure B. 6). 

Based on historical evidence of the adoption of these previous GPTs, this analysis outlines three AI 

adoption scenarios at low, medium, and fast pace that align with the respective adoption paths of 

electricity, computers and the internet, and a more recent digital technology, mobile phones.  

The fast-evolving patterns of recent increases in AI adoption and declines in the cost of accessing AI are 

suggestive of a faster adoption trajectory. For instance, AI adoption increased by about 50% from one year 

to the next both among EU countries and in the United States in official data, from initial rates of around 3-

5%.22 Such an initial steep rise is most consistent with the S-shaped adoption pattern which was obtained 

for more recent digital technologies (mobile phones). Assuming the continuation along such S-shape paths 

lead to an adoption rate of about 60% in 10 years. In addition, new evidence shows that the quality-adjusted 

cost of AI models is declining exponentially (about 80% over the past two years; Andre et al, 2025), 

mirroring past trends observed in computational costs and computer memory (Figure 7). Coupled with 

Generative AI’s user-friendly nature, which is mostly based on human language interaction, its improving 

cost-effectiveness lends further support for a more dynamic future adoption path. On the other hand, a 

deeper integration into core business functions may still require significant complementary investments in 

terms of data, skills and a reorganisation and rethinking of business processes (Brynjolfsson, Rock, 

Syverson, 2021). 

 
22 For EU: 2023 to 2024; for United States; 2024 to 2025 (Eurostat, 2025; United States Census Bureau, 2025). 

Stanford HAI
(individual use)

Sources: OECD
(2025), Figure 6,
share of US firms
(mobile phones:
individuals);
Stanford HAI
(2026), Figure
4.3.9, share of US
adults aged 18–64.
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HIGHLIGHT:

Measuring Signals of AI Di�usion

   4.3 CORPORATE AI  ADOPTION  |   ECONOMY  |   AI  INDEX REPORT 2026

The full economic impact of AI is di�cult to assess through investment patterns or organizational adoption 
alone. The assessment also requires tracking di�usion, or how widely AI tools are being adopted across 
populations, countries, occupations, and everyday tasks. This section brings together several complementary 
signals of AI di�usion, including population-level survey estimates, cross-country comparisons, 
historical adoption benchmarks, and platform-level usage data. Once combined, these measures o�er a 
comprehensive view of how quickly AI is being integrated into work and daily life.

Compared with earlier transformative technologies, generative AI’s adoption has been rapid in the years 
after its mass market introduction (Figure 4.3.9). Measured from the release of each technology’s �rst 
widely available product, generative AI reached approximately 53% adoption within three years, well above 
the initial trajectories of the personal computer and the internet over comparable time frames (Bick et al., 
2024). The sharp uptake is also re�ected in the revenue trajectories of leading AI companies, as seen in the 
company-level revenue analysis in section 4.2, where commercial scale was reached in comparably shorter 
time frames (Figure 4.3.9).
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69%, Computer

76%, Internet (source: CPS)

91%, Internet (source: ITU)

Figure 4.3.95

5  Source: https://www.genaiadoptiontracker.com. The �gure shows overall usage rates for three technologies: generative AI, computers, and the 
internet. The horizontal axis represents years since the introduction of the �rst mass-market product for each technology. We use 1981 as the introduc-
tion year for computers, which was the year the IBM PC was released. We use 1995 as the introduction year for the internet, which was the year that 
the NSF decommissioned NSFNet and allowed the internet to carry commercial tra�c. We use 2022 as the introduction year for generative AI, which 
was the year ChatGPT was released. The data source for computers is the 1984–2003 Computer and Internet Use Supplement of the CPS. We plot 
two estimates of internet use: the 2001–2009 Computer and Internet Use Supplement of the CPS and the ITU. The sample for the RPS and CPS is all 
individuals ages 18–64. The sample for the ITU is individuals of all ages. We pool RPS waves by year.
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Part III: From forecasts to explanation - an agenda



The technology observatory

Hypothesis: Many economic causal factors of progress and diffusion
(e.g. regulation, market structure) are the results of deeper, ultimate
factors related to technology features

Candidate features

• Modularity

• Granularity

• Position in technological
space

• Complementarities

• etc.

Sample technologies
deliberately

• Diverse across sectors

• Variance across specific
features

• Mature, emerging and
failed technologies
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Conclusion

Can we predict future productivity, and how do we improve it?

Useful tools to predict productivity
• Cost and diffusion follow specific patterns well enough to

make probabilistic forecasts useful

• Granular price and quantity scenarios are useful for
estimating aggregate productivity consequences

Technology choice is not a solved problem
• Why improvement and diffusion rates differ across

technologies
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