
P
roductivity forms the bedrock of national prosperity and individual well-
being. At its core, productivity measures efficiency: the ratio of output to 
the inputs required to create goods and services. For an economy, this is 
the capacity to generate income from labor, capital, land, machinery, and 

infrastructure (Zymek, 2024). Productivity growth describes how an economy’s 
ability to “do more with less” evolves. Sustained improvements in living standards 
are inextricably linked to productivity growth (Ross, 2023). When productivity 
rises, prices for goods decrease, wages increase, and people gain purchasing power 
and leisure time.

Productivity is one of the principal explanations for disparities in living stan-
dards. In 2023, for example, the average income per person in the United States 
was more than 100 times that in South Sudan (Zymek, 2024). While differences in 
hours worked or capital availability account for part of this difference in per capita 
income, about two-thirds is explained by cross-country differences in productivity 
(Zymek, 2024). For developing economies, improving productivity can improve jobs 
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and living standards. For advanced economies, particularly 
those with aging populations and shrinking workforces, 
improving productivity can help maintain and improve 
living standards. Productivity growth allows an economy 
to counteract resource scarcity and environmental con-
straints while maintaining or increasing prosperity and 
conserving natural resources (Zymek, 2024).

In the United States, productivity growth has followed 
a cyclical pattern over the past century, with periods of 
rapid growth driven by transformative technologies inter-
leaved with periods of slow growth. Productivity growth 
gains, however, typically lag initial technological break-
throughs. While artificial intelligence (AI) could drive the 

next cycle of productivity growth, realizing its potential 
could require substantial complementary investments, 
scientific advances, and organizational redesign.

This paper is a primer explaining what productivity 
is, why it is hard to measure, what history teaches us, and 
what policy can do. I use AI as a case study to highlight 
how technology can affect different components of pro-
ductivity growth, and I explain that AI’s economic impact 
may follow in the footsteps of other transformational tech-
nologies, which took time to fully play out in the economy. 
Finally, I discuss the role of federal funding in spurring 
and supporting private-sector productivity growth, high-
lighting research that evaluates the social return on federal 
research and development (R&D) spending.

Deconstructing Productivity 
Growth

When economists and policymakers discuss productivity, 
they most commonly focus on its labor-based measure, 
labor productivity. Labor productivity provides a concrete, 
measurable metric that can be tracked over time and com-
pared across economies. Labor productivity is typically 
defined as the ratio of real (inflation-adjusted) output per 
hour of labor worked (Weinstock, 2025). The Bureau of 
Labor Statistics releases quarterly figures on labor produc-
tivity, and those for the nonfarm business sector are cited 
most often (Bureau of Labor Statistics, 2023).

However, labor productivity is an aggregate of three 
additive components: improvements in labor quality, capi-
tal deepening, and a residual called total factor productivity 
(TFP).1 Each component captures a different mechanism 
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IT information technology

R&D research and development

TFP total factor productivity
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through which an economy can produce more output per 
hour worked:

•	 Labor quality. Growth in labor productivity can 
come from improvements in the quality of the 
workforce itself, such as increases in education, 
job training, or experience that enable workers to 
produce more per hour. When the composition of 
the workforce shifts toward more-skilled or more-
experienced workers, or when existing workers 
acquire new skills, measured labor productivity 
rises even if other factors remain constant.

•	 Capital deepening. Capital deepening occurs when 
workers have access to better capital (e.g., machines, 
tools, software, and infrastructure), enabling work-
ers to produce goods more efficiently (Ross, 2023). 
This reflects investment in tangible assets that 
increase what each worker can accomplish. When 
firms invest in new equipment or technology, labor 
productivity increases because each hour of work 
is supported by more, or better, capital. Capital 
deepening directly increases labor productivity, but, 
as we discuss below, it does not always translate to 
sustained efficiency gains.

•	 Total factor productivity. TFP is the “residual,” or 
unexplained, growth remaining after accounting 
for increases in labor hours and capital stock. As 
such, it is generally regarded as the best proxy for 
pure technological progress, innovation, and effi-
ciency gains (Zymek, 2024). Unlike other compo-
nents of labor productivity, TFP does not increase 
just because the workforce becomes more experi-
enced or firms invest in more machinery. Rather, 
TFP growth occurs only when the firms find a way 

to produce more output from the same combina-
tion of inputs.

The distinction between these components of produc-
tivity (labor quality, capital deepening, and TFP) is critical 
for understanding the health of an economy. An increase 
in labor productivity resulting from a temporary surge in 
capital investment without underlying improvement in 
innovation, for example, could give a misleading signal 
about the long-term trajectory of the economy. By contrast, 
TFP provides a broader measure of sustained changes in 
productivity and can be particularly relevant in assessing 
the impact of technological change.

The Challenge of Measurement

Productivity growth is difficult to measure, particularly in 
a modern economy characterized by digital services and 
intangible assets (Brynjolfsson, 1993). These measurement 
issues contribute to what has become known as the “pro-
ductivity paradox” of technology, whereby the introduction 
of a new technology fails to create meaningful movement 
in measured productivity growth statistics (Brynjolfsson, 
Rock, and Syverson, 2017). The primary challenges are in 
three interrelated areas: adjusting for quality improvements 
and new goods, measuring service-sector output, and 
intangible capital.

Adjusting for Quality Improvements and 
New Goods

A core task in calculating real output is adjusting nominal 
output for inflation. This is relatively straightforward for 
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standardized goods but more difficult for new products 
and services or in accounting for rapid quality improve-
ments (Brynjolfsson, 1993). A new smartphone, for exam-
ple, is not just a more expensive version of an old one but a 
more capable device with features that did not previously 
exist. Many digital services, such as search engines, social 
media, and chatbots, are provided to consumers at no mon-
etary cost, meaning that their contribution to consumer 
welfare is largely overlooked in gross domestic product 
(GDP) calculations (Brynjolfsson, Eggers, and Ganna-
maneni, 2018). When statistical methods fail to account 
for such improvements, they may overstate inflation and, 
consequently, understate the growth of real output and 
productivity (Brynjolfsson, 1993).

Measuring Service-Sector Output

As advanced economies have shifted from manufactur-
ing toward service provision, the task of measuring their 
output has become more complex. For example, the output 
of an automobile factory (the number and value of cars 
produced) is tangible and easily counted (Brynjolfsson, 
1993). The output of a hospital, a law firm, a university, or 
a software company is more amorphous and challenging to 
measure. Defining and quantifying service outputs is dif-
ficult, leading to greater uncertainty for productivity mea-
surement in the economy.

The Intangible Capital Problem

Intangible capital may be the greatest measurement chal-
lenge in the context of technological change. Economic 
growth is increasingly driven by investment in intangible 

assets—that is, nonphysical assets, such as intellectual 
property—that create significant value (World Intellectual 
Property Organization, undated; World Intellectual Prop-
erty Organization, 2025).

National accounting standards, developed for a 20th-
century industrial economy, often treat intangible capital 
investments as intermediate expenses rather than as capital 
formation (Brynjolfsson, Rock, and Syverson, 2020). For 
example, when a company spends $100 million to build a 
new factory, the expenditure is considered an investment 
in the nation’s capital stock, but when a company spends 
$100 million to develop a proprietary AI model and to 
redesign its business processes and retrain its workforce to 
use it, much of that expenditure is considered an operating 
cost. This understates the level of investment in the econ-
omy and distorts measures of productivity.

This mismeasurement of intangible investment under-
pins the documented phenomenon of the “Productivity 
J-Curve,” in which the adoption of a new general-purpose 
technology may initially result in understated measured 
productivity growth, particularly TFP (Brynjolfsson, Rock, 
and Syverson, 2020). Following the introduction of a tech-
nology, productivity growth may appear to stagnate, or 
even decrease, but later increase as the technology is fully 
implemented and increasingly used. The core intuition 
behind the J-Curve is that, to realize the potential of a tech-
nology, firms cannot simply “plug it in” (Burnham, 2025). 
More specifically, the resources devoted to unmeasured 
intangible assets could reduce measured output in the short 
term, even as they lay the groundwork for future growth.
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U.S. Productivity Since the 1880s

U.S. productivity growth has occurred in distinct waves, 
marked by rapid acceleration and extended slowdowns. 
One early example of a technology taking time to permeate 
the economy comes from the spread of electricity. While 
electric motors and lighting became available in factories 
in the 1880s–1890s, U.S. productivity growth did not pick 
up until the 1920s. Early adopters merely swapped steam 
engines for electric ones without reorganizing workflows. 
Only when factories redesigned production layouts to take 
advantage of distributed power, which enabled such inno-
vations as assembly lines and flexible machine placement, 
did productivity growth rates rise (David, 1990).

Another example unfolded after World War II. The 
postwar economic boom, characterized by rapid growth 
in productivity and rising living standards, ended in the 
early 1970s (Vollrath, 2020). Across the developed world, 
productivity growth rates slowed dramatically and, for the 
most part, have not returned to their earlier highs.2 Econo-
mists have proposed a wide range of explanations for this 
“Great Slowdown,” including the oil shocks of the 1970s, 
the entry of a large cohort of inexperienced Baby Boom-
ers into the workforce, and decreasing returns on R&D 

(Nordhaus, 2004; Federal Reserve Bank of St. Louis, 2018; 
Weinstock, 2025).

Against this backdrop of slower productivity growth, 
the first modern productivity paradox emerged during 
the information technology (IT) revolution. As businesses 
invested heavily in computers and digital infrastructure 
throughout the 1970s and 1980s, some observers were 
baffled by the lack of gains in national productivity growth 
data. As one economist said at the time, “You can see the 
computer age everywhere but in the productivity statis-
tics” (Solow, 1987). This led to questions about whether the 
new technologies were genuinely productive or whether 
the benefits were being mismeasured. The paradox was 
resolved in the late 1990s and early 2000s when the United 
States experienced a surge in productivity, which most 
economists now attribute to the maturation of IT (Krish-
nan, Mischke, and Remes, 2018). 

In summary, the economic benefits of IT and electric-
ity required a long period of adjustment, experimenta-
tion, and, crucially, massive complementary investments. 
Brynjolfsson, Benzell, and Rock (2021) argue this pattern is 
not specific to IT or electricity but a property of all general-
purpose technologies, pointing to Engels’ Pause during the 
British industrial revolution as additional evidence of such 
a response. While the initial buildout of the critical infra-

The economic benefits of IT and electricity required 
a long period of adjustment, experimentation, and, 
crucially, massive complementary investments.
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structure that underpins these technologies can mechanis-
tically increase labor productivity through capital deepen-
ing, TFP growth typically takes longer to emerge.

Artificial Intelligence: The Next 
Productivity Frontier?

The productivity patterns described above are more than 
historical curiosities: They could be playing out currently 
with AI. AI offers an interesting case study for understand-
ing how the concepts of measurement challenges, tech-
nological diffusion lags, and complementary investments 
shape measured productivity outcomes in practice.

AI, particularly generative AI, has been called a poten-
tial general-purpose technology, similar to such transfor-
mative innovations as the steam engine, electricity, and 
the internet (Crafts, 2021). A general-purpose technology 
is typically pervasive across many industries, improves 
continuously and rapidly, and serves as a platform for 
inventing complementary products, processes, and busi-
ness models (Diana, 2024). AI’s ability to process language, 
generate content, analyze patterns, make predictions, and 
automate cognitive tasks suggests that it could eventually 
meet these criteria.

Understanding AI’s productivity potential requires 
examining how it might operate through each of the 
channels discussed earlier. However, in practice, the lines 
between these channels are blurry. For instance, AI-
related capital deepening could trigger upskilling and task 
reallocation that shows up as higher labor quality within 
the publicly available, aggregate productivity statistics. As a 
result, neatly apportioning these gains across capital, labor, 
and TFP is challenging. Still, these three channels can 

help organize the evidence and set expectations about AI’s 
potential impact on productivity growth.

Augmenting Labor Quality

One pathway through which AI could boost productivity is 
by effectively augmenting workers’ skills, knowledge, and 
capabilities (human capital). Rather than replacing work-
ers, AI tools can act as performance enhancers that make 
existing workers more effective at their tasks.

Evidence from multiple domains suggests this type 
of augmentation is happening. In customer service, the 
introduction of a generative AI–based conversational 
assistant increased the number of issues resolved per hour 
by 14 percent, improved customer sentiment, and helped 
reduce employee turnover, especially for newer workers 
(Brynjolfsson, Li, and Raymond, 2023). In management 
consulting, a large-scale field experiment found that con-
sultants completed 12 percent more tasks, finished them 
25 percent faster, and produced work that was judged to be 
of 40 percent greater quality relative to consultants without 
AI access (Dell’Acqua et al., 2023). Similar gains have been 
found in software development, where AI coding assistants 
have been shown to help engineers code up to twice as fast 
on certain tasks (Peng et al., 2023), and professional writ-
ing, where generative AI has been found to increase the 
speed of completion and improve the quality of many pro-
fessional writing tasks (Noy and Zhang, 2023). Gallup sur-
veys indicate that most teachers using AI say it improves 
the quality of their work (Ash, 2025).

Notably, some evidence suggests that AI could 
compress skill gaps rather than widen them. Unlike 
prior waves of technological change, such as the IT 
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revolution—which increased wage premiums for highly 
skilled workers (Autor, Levy, and Murnane, 2001)—some 
evidence suggests that generative AI may benefit work-
ers across a broader skill spectrum. The customer service 
study mentioned above found that AI increased the pro-
ductivity of novice and lower-skilled workers by 34 per-
cent while having minimal effect on the most experienced 
(Brynjolfsson, Li, and Raymond, 2023). In this context, AI 
effectively acted as a training tool, capturing tacit knowl-
edge and best practices from top performers and dissemi-
nating them across the workforce.

Of course, the research is far from settled on the dis-
tributional implications of AI. Other work has found that 
AI excels at some tasks but fails unexpectedly at others that 
may appear similar to a human observer (Dell’Acqua et al., 
2023). Using AI beyond the frontier of its current compe-
tence can make workers less productive and make it more 
likely to produce incorrect results. AI, for example, has 
been found to slow experienced software developers work-
ing on complex, realistic coding tasks, because it struggles 
with the many implicit requirements and quality stan-
dards, even if developers perceive that the tools make them 
faster (Becker et al., 2025).

If these patterns hold broadly, AI could contribute 
meaningfully to measured labor quality growth. By elevat-
ing the performance of less experienced workers, AI could 
effectively increase the average skill level of the workforce, 
creating a compositional shift that shows up as labor qual-
ity improvements in productivity statistics. However, the 
magnitude of this contribution will likely depend on how 
widely AI tools are adopted across different occupations 
and skill levels.

Accelerating Capital Deepening

AI also operates through capital deepening, which is the 
accumulation of productive capital assets that enhance 
worker outputs. Such assets include both the AI systems 
themselves and the complementary infrastructure required 
to deploy them.

Investment data reveal that substantial capital 
deepening is underway. AI-related investments, particu-
larly in semiconductors and data center infrastructure, 
accounted for a larger share of U.S. GDP growth than 
all consumer spending did in 2025 (Lichtenberg, 2025). 
Research suggests that AI also depends on intangible 
investments that existing economic measurement sys-
tems may be unable to completely capture (Brynjolfsson, 
Rock, and Syverson, 2017).

The capital deepening process also faces a constraint 
from energy infrastructure. Modern AI, particularly the 
training and operation of large foundation models, is 
energy-intensive. Global electricity demand from data 

By elevating the 
performance of less 
experienced workers, AI 
could effectively increase 
the average skill level of 
the workforce.
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centers, which power AI, is projected to more than double 
by 2030, that year consuming as much electricity as Japan 
consumes today (International Energy Agency, 2025). A 
single query to a generative AI model, such as ChatGPT, 
consumes roughly five times more electricity than a con-
ventional web search (Zewe, 2025). This explosive growth 
in energy demand places immense strain on national 
power grids and will require massive, rapid investment 
in new generation capacity and transmission infrastruc-
ture (International Energy Agency, 2025). This creates a 
potential bottleneck, as the pace of AI diffusion and the 
realization of its productivity benefits may be constrained 
by how quickly the energy sector can build out the required 
infrastructure, which is a process that is notoriously slow 
and fraught with regulatory hurdles (Executive Office of 
the President of the United States, 2025).

The scale of AI-related capital investment suggests 
that this channel is already contributing to productivity 
growth. The rapid buildup of semiconductors, data centers, 
and supporting infrastructure represents the type of capi-
tal deepening that typically precedes broader productivity 
gains from emerging technologies. This pattern mirrors the 
patterns from IT, which required significant investments in 
fiber-optic networks, server farms, and telecommunication 
infrastructure before its productivity benefits fully mate-
rialized in TFP. However, the energy constraints discussed 
could limit how quickly AI’s capital stock expands.

Improving Total Factor Productivity

Perhaps AI’s most significant long-term impact could be 
on TFP, where improvements reflect innovation, better 
organizational practices, and technological progress. Some 

evidence suggests that AI may be driving TFP growth at 
the firm level. Research on Chinese manufacturing found 
that a 1 percent increase in the penetration of AI in Chi-
nese manufacturing firms led to a 14.2 percent increase in 
firm-level TFP, as AI enabled firms to produce higher-value 
products and stimulated broader innovation (Gao and 
Feng, 2023). However, the context of this study is impor-
tant, as evidence from a single sector in China may not rep-
licate elsewhere, and firm-level TFP differs from economy-
wide TFP. Productivity improvements at individual firms, 
or even many firms, only boost economy-wide TFP if these 
improvements diffuse broadly or if resources are reallo-
cated toward the most efficient firms.

More broadly, as a potential general-purpose technol-
ogy, AI could accelerate the economy’s capacity to invent. 
By augmenting the R&D process itself. AI could increase 
the productivity of innovation (Crafts, 2021). In some more 
extreme versions of the near future, AI R&D automation 
could result in a technological singularity, creating rapid 
productivity growth (Sytsma, 2025; Korinek and Suh, 
2024). However, even in less extreme versions of the future, 
AI is expected to increase productivity growth by 0.1 to 
1.5 percentage points through 2040 (Nygaard, Nergui, and 
Welburn, 2025).

Productivity Growth Contributions

While some firm-level studies suggest that AI is mean-
ingfully improving productivity in some settings, trans-
lating those gains into broad, economy-wide productivity 
growth is not automatic. To get a sense of what is hap-
pening so far, I looked directly at data on recent U.S. pro-
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ductivity growth performance and decomposed it into its 
underlying components.

Figure 1 shows the average annual growth in labor 
quality, capital deepening, and TFP for two eras: 2010–2019 
and 2023–present. The 2010s provide a relatively stable 
pre–generative AI baseline. The post-late-2022 window 
coincides with the mainstream deployment of generative 
AI. I exclude 2020–2022 to avoid pandemic-era distortions. 
While this assessment is purely descriptive and does not 
establish causation, comparing these eras can shed light on 
whether recent gains reflect capital deepening and labor-
quality effects or a more sustained rise in TFP.

The data in Figure 1 suggest that the largest step-
up has occurred in capital deepening, which rose from 
roughly 0.3 percentage points (pp) per year in the 2010s to 
0.9 pp per year in recent years. Labor quality also strength-
ened from about 0.2 pp per year to 0.4 pp per year, which 
is suggestive of composition and upskilling contributing 
alongside investment. TFP improved modestly relative 
to the baseline, indicating that broad efficiency gains 
are emerging but are not yet the dominant source of the 
post-2022 uptick.

Interpreted together, these patterns are consistent with 
an early-diffusion phase in which capital investment drives 
most of the measured productivity growth gains, rather 

FIGURE 1

Average Annual Productivity Growth Contributions, by Component

SOURCE: Features data from Fernald, 2014.
NOTE: Annual growth rates are constructed as the average quarterly rate within the year, or partial year. Capital deepening is α(∆lnK – ∆lnH), where α is the reported 
capital share of income, ∆lnK is the change in capital input, and ∆lnH is the change in hours worked; labor quality is (1 – α)∆lnLQ; TFP is ∆lnTFP, which is utilization-
adjusted following Fernald (2014). The �gure shows average annual growth (in percentage points per year) over 2010 through 2019 and 2023 through the second 
quarter of 2025. Growth-accounting identities hold exactly at the quarterly frequency and only approximately for annual data.
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than a fully realized, economy-wide technology/efficiency 
surge.3 While the post-2022 patterns may reflect factors 
other than AI adoption, the profile in Figure 1 is typical for 
general-purpose technologies, whereby capital investments 
show up first and sustained TFP follows as firms learn to 
reorganize work processes to fully exploit the technology. 
When capital investments surge before these transforma-
tions occur, measured productivity growth can appear dis-
appointing relative to the scale of investment. This suggests 
that an “AI productivity paradox” is a possible outcome in 
the near term, particularly if TFP growth continues to lag 
capital deepening.

Measurement Challenges in an AI Context

Although early indicators suggest that AI’s primary 
impact on productivity growth could be through capital 
deepening, the measurement challenges discussed earlier 
in this paper may also pertain to AI. For instance, many 
AI services are either provided at no direct cost to con-
sumers or bundled into existing products, making their 
value difficult to capture in GDP calculations, outside of 
data center investment spending. Additionally, like prior 
general-purpose technologies, the largest investments in 
AI adoption could be completely invisible to conventional 
productivity growth accounting. When firms invest in AI 
implementation, they may incur substantial costs for orga-
nizational redesign, workforce retraining, and the devel-
opment of complementary processes to work with new AI 
tools effectively. Current AI models have been found to 
have jagged cognitive profiles, excelling in some domains 
and failing in others (Hendrycks et al., 2025), and this jag-
gedness could mean that successfully integrating AI will 

involve substantial experimentation and learning-by-doing 
(Dell’Acqua et al., 2023), creating additional unobserved 
investments that may happen at the individual worker 
level. These investments are important for the reorganiza-
tion of work around AI such that its economic potential 
emerges (Brynjolfsson, Rock, and Syverson, 2017).

However, important caveats merit consideration. For 
instance, AI’s diffusion trajectory may diverge from his-
torical precedent. Unlike electricity or the internet, AI 
infrastructure can be deployed through cloud-based plat-
forms, which could accelerate the time between a firm’s 
initial adoption and the realized productivity gains. Rather 
than requiring firms to build physical infrastructure, 
cloud-based platforms allow for access to AI capabilities 
through software interfaces. This potentially reduces the 
capital investment burden and implementation timeline for 
individual adopting firms. On the other hand, significant 
implementation barriers, such as cybersecurity risks and 
regulatory constraints, could slow AI’s broad-based adop-
tion and dampen the economy-wide productivity effects.

Most significantly, AI may not develop as a true 
general-purpose technology. Although AI meets the theo-
retical criteria of a general-purpose technology, current 
adoption is highly concentrated. Usage is high in some 
sectors, such as information and professional, scientific, 
and technical services, but remains limited across much of 
the rest of the economy (Bonney et al., 2024). If AI proves 
primarily domain-specific rather than a transformative, 
economy-wide platform, the historical productivity pat-
terns I have described may not apply to AI. In such a sce-
nario, one should expect productivity gains concentrated in 
particular sectors rather than the broad-based but delayed 
acceleration characteristic of electricity and IT.
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The Role of Federal Funding in 
Spurring Productivity Growth

The complementary investments discussed above oper-
ate primarily at the firm level. However, productivity 
growth dynamics are also shaped by federal R&D invest-
ments. Although federal R&D does not directly address 
the organizational and implementation challenges firms 
face when integrating a new technology, it has historically 
generated high social returns by funding research that 
creates productivity-enhancing technologies and reduces 
barriers to innovation across the economy. Understand-
ing both firm-level adoption dynamics and the economy-
wide innovation dynamics provides a more complete 
picture of how productivity growth evolves during tech-
nological transitions.

As a share of GDP, federal R&D decreased from 
2 percent in the early 1960s to 0.5 percent in 2015 (Bryn-
jolfsson, Benzell, and Rock, 2021). Although private R&D 
grew from 0.5 percent to 2 percent of GDP in that time, 
it may not have fully substituted for public investment 
because public and private investments tend to differ in 
focus. Specifically, the premium on public R&D stems 
from the federal government’s unique role in fund-
ing basic and applied research—areas where the private 
sector tends to underinvest because the knowledge 
spillovers are hard to translate to profits (Nelson, 1959; 
Akcigit, Hanley, and Serrano-Velarde, 2021). This is a 
classic public goods problem, where government funding 
helps to correct a market failure.

The impact of federal R&D varies by type of spend-
ing: On average, research suggests that defense R&D does 
not appear to produce measurable productivity spillovers, 

whereas those from nondefense R&D can range from 140 
to 201 percent and exceed those of private-sector R&D 
(Fieldhouse and Mertens, 2024; Fieldhouse and Mertens, 
2025). Similar high social returns have been reported in 
European countries (Ziesemer, 2021). These findings sug-
gest that the composition of R&D spending is a critical 
determinant of its economic impact, with investments in 
health, science, and energy yielding the most significant 
dividends for the broader economy.

The distinction between defense and nondefense 
R&D warrants additional consideration for policy. While 
aggregate evidence suggests that defense R&D generates 
lower productivity spillovers on average, this could reflect 
the composition of defense spending rather than an inher-
ent limitation. The Defense Advanced Research Projects 
Agency (DARPA), which is responsible for approximately 
3 percent of defense R&D, exemplifies how defense-funded 
research can generate transformative civilian technologies. 
DARPA research has led to such dual-use technologies 

Although AI meets 
the theoretical criteria 
of a general-purpose 
technology, current 
adoption is highly 
concentrated.
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as the internet, satellite navigation systems, and even AI 
itself. Thus, the results from the empirical literature may 
reflect that the characteristics of federal R&D investments 
with high social returns (basic research, civilian applica-
tion, knowledge spillovers) are more consistently present in 
nondefense R&D portfolios, rather than exclusive to non-
defense R&D.

The policy implications of these findings are signifi-
cant. For instance, researchers have estimated that, if the 
R&D increases authorized under the CHIPS and Science 
Act (Pub. L. 117-167, 2022) were to be fully appropriated, 
they would increase productivity by 0.2 to 0.4 percent 
within seven years (Fieldhouse and Mertens, 2024). At its 
peak, such direct productivity effects from this expansion 
in nondefense R&D would increase annual output by more 
than $40 billion, exceeding a decade of total R&D outlays 
from the CHIPS and Science Act. Conversely, these find-
ings also serve as a cautionary note for periods of fiscal 
consolidation. Historically, while federal R&D funding 
has often been cut during such periods, nondefense R&D 
has typically been spared or even increased. The evidence 
strongly suggests that future deficit-reduction efforts that 
emphasize cuts to nondefense R&D could harm productiv-
ity and long-term economic growth and undermine the 
goal of creating a more sound fiscal future.

Conclusion

Understanding why some economies prosper while others 
stagnate ultimately comes down to productivity growth. 
However, as I have discussed in this paper, productivity’s 
relationship with technological change is more complex 
than simply adopting new tools and watching output rise. 

The gap between a technology’s potential and its measured 
economic impact reveals as much about the nature of eco-
nomic transformation as it does about the technology itself.

History suggests that the gap between technological 
innovation and productivity growth is not accidental. Elec-
trification, computerization, and other general-purpose 
technologies have consistently followed a similar pattern 
of initial breakthrough followed by delays in measurable 
productivity growth, and eventual acceleration after com-
plementary investments reshape how work is organized 
around the new technology.

These same dynamics could unfold with AI. While 
micro-level studies suggest that this technology offers sig-
nificant productivity enhancements across different tasks, 
aggregate statistics remain more muted. Recent data show 
gains driven primarily by capital deepening and workforce 
improvements, whereas broad efficiency gains remain 
more modest. While it is still early, this pattern suggests a 
general-purpose technology in its formative stage.

The broader lesson may be one of continuity. Through-
out economic history, periods of technological change have 
often begun with investment buildout and organizational 
experimentation, with measured efficiency gains arriving 
later. Recognizing this pattern and tracking which chan-
nels are driving observed productivity growth can provide 
a grounded way to evaluate current and future technologi-
cal developments. In this context, federal funding can play 
a supporting role by helping sustain the complementary 
research, infrastructure, and workforce capabilities that 
help translate new technologies into productivity gains.
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