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Introduction

From 2023:Q2 to 2024:Q3, U.S. productivity growth averaged 2.6 percent, more than twice the
average rate of the pre-pandemic decade. This unexpected strength in productivity has sparked
debate among economists and policymakers about its drivers and sustainability. Some attribute
recent productivity growth to cyclical factors (short-term economic fluctuations) and caution that
longer-term, structural changes such as demographic shifts may dampen future productivity
growth. Others view recent growth as the beginning of a robust productivity era, driven in part by
the widespread adoption of remote work and the early stages of a technological boom driven by

artificial intelligence (AI).

Whether this recent strength in productivity growth is sustainable has substantial implications for
the economy. Productivity is a critical determinant of long-term economic growth and living
standards. Higher productivity allows economies to produce more output per hour worked, leading
to increased real wages and incomes. Understanding the drivers and sustainability of U.S.
productivity growth is thus important as policymakers forecast long-term economic growth and set

monetary policy.

In this article, we examine the recent increase in productivity and assess whether it represents a
durable acceleration from the sluggish growth of the 2010s. Our analysis suggests that while the
recent productivity uptick likely embodies elements of both temporary cyclical factors and more

persistent structural changes, neither a return to the pre-pandemic trend of slow productivity
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growth nor a sustained productivity boom is yet assured. We find that recent productivity growth
has been led by growth in total factor productivity (TFP) alongside contributions from capital
deepening and improvements in labor composition. However, the increase in TFP growth, a key
driver of long-term productivity, remains modest compared with previous technology-driven
episodes, suggesting a substantial acceleration in productivity growth may still be on the horizon.
Although structural factors (such as slowing improvements in educational attainment or the
diminishing effects of recent innovations) may present headwinds to long-run productivity growth,
the COVID-19 pandemic accelerated the adoption of remote work and Al technologies, which have
the potential to boost productivity over time. Overall, evidence suggests cautious optimism about

the future of U.S. productivity growth.

The article proceeds as follows. Section I reviews trends in productivity and their drivers. Section IT
discusses structural factors that could limit long-run productivity growth. Section III assesses the
latest research on the productivity effects of remote work and the potential for Al to drive

productivity gains.

I. The Importance and Dynamics of U.S. Productivity Growth

Productivity is crucial for long-term economic growth and living standards and determines an
economy’s potential output—the maximum amount of goods and services an economy can produce
at full capacity. Productivity can be measured simply as output per hour, and higher output per
hour generally leads to higher wages and incomes. As former Federal Reserve Chair Ben Bernanke
noted in a 2006 speech, “in the long run, productivity growth is the principal source of
improvements in living standards.” For instance, with an annual productivity growth rate of 1.44
percent (the 1973-95 average), output per hour would rise by 33.2 percent after 20 years. However,
with a 2.84 percent growth rate (the 1995-99 average), output per hour would rise by a substantial

74.9 percent.[ 1
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Productivity growth also has important implications for monetary policy, affecting economic
variables such as inflation and wage growth. Higher productivity can mitigate inflation by allowing
firms to produce more efficiently, thus lowering production costs and consumer prices. In 2022,

Federal Reserve Board Governor Lisa D. Cook emphasized that productivity growth enables firms

to keep prices low even as wages rise, maintaining profitability without fueling inflation. This
balance is crucial for the Federal Reserve, which aims to achieve maximum employment and stable
prices. Thus, understanding and fostering productivity growth is vital for sustaining economic

development and improving living standards.

Drivers of productivity growth

Several factors contribute to labor productivity growth, including capital deepening, labor
composition, and total factor productivity (TFP). Capital deepening refers to an increase in the
amount of capital per worker, and may arise from investments in machinery, equipment, and
infrastructure that enhance labor productivity. Typically, capital deepening is measured as the
contribution to output growth of capital services per hour worked (Fernald 2014).[ “I Labor
composition captures changes in the quality of the workforce, including education, experience, and
skills that increase labor productivity, and is often measured as the difference between the growth of
labor input (which accounts for changes in the composition of the workforce) and the growth of
total hours worked. Finally, TFP measures the efficiency with which labor and capital are used
together in the production process, reflecting improvements in technology, organizational
innovation, and other factors that increase output without increasing inputs. TFP is calculated as
the residual growth in output not accounted for by the growth of capital and labor inputs. All these

factors can have both short-run and long-run effects on productivity.

In the short run, cyclical factors such as labor hoarding during recessions or increased capacity
utilization during expansions can affect labor productivity (Fernald and Wang 2016). Labor
hoarding refers to firms’ reluctance to lay off workers during downturns, leading to a decline in
measured productivity as firms retain workers even as output falls. Capacity utilization, on the other
hand, captures the extent to which firms use their existing capital stock, with higher utilization

boosting measured productivity. Basu, Fernald, and Kimball (2006) find evidence of procyclical
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input utilization, with both labor effort and capital utilization rising during expansions and falling

during recessions.

Over the long run, labor productivity growth is primarily driven by technological progress and
human capital accumulation (Fernald and Jones 2014). Technological improvements enable firms
to produce more output with the same inputs, while a more educated and skilled workforce
performs tasks more efficiently. TFP growth reflects these elements and is thus a key driver of
long-run productivity growth. Research and development (R&D), innovation, and the diffusion of

new technologies further contribute to TFP growth.

Drivers of productivity growth across historical episodes

Chart 1 shows how much capital deepening, labor composition, and TFP contributed to labor
productivity growth across different historical episodes./ Y The post-World War II era, for example,
saw rapid productivity growth, driven largely by TFP (blue bar). During this period, technological
advancements such as the commercialization of mainframe computers, the introduction of
commercial jet airliners, and the development of integrated circuits and early computer networking
systems contributed substantially to TFP growth. The post-war era also saw rising educational
attainment, which likely contributed to both the labor composition and TFP components of
productivity growth (Fernald and Jones 2014). In 1973-95, factors such as oil shocks and the
maturing of earlier innovations likely dampened productivity growth (Gordon and Sayed 2022).
During the dot-com boom (1996-2004), productivity growth resurged, fueled by the widespread
adoption of information and communication technologies, which boosted both capital deepening

and TFP growth (Fernald 2014; Gordon and Sayed 2022).
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Chart 1: Decomposition of Labor Productivity Growth
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Notes: Chart depicts productivity growth in the business sector. Dashed line shows average labor productivity growth from 1950 to
2009. Bars are averages of quarterly data. Rates are annualized. Data through 2024:Q2.
Sources: Fernald (2014), Federal Reserve Bank of San Francisco, and authors’ calculations.

In the years leading up to the COVID-19 pandemic, the U.S. economy experienced a prolonged
period of slow productivity growth. From 2010 to 2019, the United States recorded the slowest
average productivity growth of any decade in its history at just 1.1 percent per year, significantly
lower than the post-war average (dashed black line) of 2.5 percent per year (1950-2009). This
slowdown in productivity growth was a major factor behind the stagnation in real wages and

economic growth during the 2010s (Gordon and Sayed 2022).

The COVID-19 pandemic brought unique challenges and disruptions. Chart 2 shows that
productivity (blue line) surged mechanically in early 2020 as pandemic restrictions
disproportionately affected low-wage, low-productivity sectors such as leisure and hospitality. As
these sectors shut down or reduced operations, many low-productivity jobs were lost, artificially
boosting overall productivity. According to Gordon and Sayed (2022), this phenomenon mirrored
the 2008-09 recession, where excess layoffs led to higher measured productivity due to reduced

hours worked without a corresponding decline in output.
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As the economy reopened and low-productivity sectors rehired workers, productivity growth
slowed in 2021-22, moving closer to its pre-pandemic trend (dotted line in Chart 2). However, the
adoption of remote work and digital technologies during the pandemic likely helped sustain

productivity in some sectors.

Overall, while average productivity growth throughout the pandemic era (2020-22) was higher than
its pre-pandemic (2010-19) average (see Chart 1), the composition differed. TFP was the primary
driver of growth during 2010-19, while pandemic-era gains were driven by both TFP and capital
deepening.

In 2023-24, productivity growth picked up further, exceeding its long-term trend once again (see
Chart 2). This recent uptick has been led by TEP, followed by contributions from capital deepening
and labor composition, respectively. Investment in digital technologies and Al, firms adapting to
labor market conditions, an increase in new business creation, and structural changes prompted by
the pandemic, such as the widespread adoption of remote work and digital tools, have likely all

contributed to this productivity increase.
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Chart 2: Labor Productivity Growth and Trend
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Notes: Chart depicts labor productivity in the business sector. Trend line assumes 1.5 percent annual growth, reflecting an estimate of
long-term productivity trends. This rate roughly corresponds to the average growth for labor productivity from 2004 to 2019,
calculated using a four-quarter rolling average.

Sources: U.S. Bureau of Labor Statistics (BLS) and authors’ calculations.

Whether the recent productivity surge represents a sustained shift to a higher growth trajectory or a
temporary boost driven by cyclical factors and pandemic-induced changes remains unclear. The
growth accounting exercise in Chart 1 suggests that the recent uptick in productivity growth has not
yet translated to a substantial acceleration in TFP growth, a key driver of long-term productivity

gains.

II. Structural Factors that Could Limit Long-Run Productivity Growth

Although cyclical factors may have contributed to the recent productivity increase, several structural
factors suggest long-run productivity growth may remain constrained. From 2010 to 2019, GDP per
hour worked—a measure of labor productivity—rose at an annual pace of only 1.1 percent. Fernald
and Li (2022) argue that this slow pace is likely to continue, and that the pandemic has not

substantially altered this trajectory.
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One key factor limiting productivity growth is the slowing pace of improvement in labor quality,
particularly educational attainment. Gordon (2018) notes that high school completion is no longer a
significant source of labor productivity growth, as the rate of increase in high school graduates has
plateaued since the 1980s. Similarly, the rise in four-year college degree completion has slowed due
to a combination of rapidly increasing costs of higher education and declining demand for cognitive
skills (Gordon 2018; Beaudry and others 2016). Specifically, Beaudry and others (2016) show that
demand for cognitive skills surged from 1980 to 2000 but has since reversed, leading to
underemployment among college graduates as they move into lower-skilled jobs. Additionally, the
rising cost of higher education has deterred many from pursuing four-year degrees (Gordon 2018).
Gordon (2024) notes that the percentage of individuals completing a bachelor’s or more advanced
degree has plateaued for those born after 1968, suggesting an end to education’s contribution to

productivity growth.

Demographic shifts such as slowing population growth and aging may also weigh on productivity
growth. The decline in labor force participation, especially among prime-age men with lower
education levels, has been a drag on growth in overall hours worked (Gordon 2018 and Bengali,
Duzhak, and Zhao 2023). Factors such as childcare challenges, early retirements, and health
concerns may also weigh persistently on labor force participation (Fernald and Li 2022). Reduced

labor supply implies a lower potential output level, constraining long-run productivity growth.

Another concern is the paradox of slowing productivity growth despite ongoing innovation.
Although innovative activity as measured by patents has increased, productivity growth has slowed
to the lowest rates of the industrial era (Gordon 2018). This slowing growth suggests that recent
innovations may have had less effect on productivity compared with earlier periods, such as the
dot-com era. Jones (2024) notes that the increasing difficulty of finding new ideas further
exacerbates this issue, suggesting firms may have to invest increasingly larger resources in R&D just

to maintain a constant rate of economic growth.

Philippon (2023) offers a novel perspective on the productivity paradox, arguing that TFP growth is
additive rather than exponential. Traditional growth models assume that TFP grows exponentially,
meaning that the growth rate increases with the current level of TFP. However, Philippon finds that

TFP grows in constant increments over time, regardless of its current level. This additive model
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implies that each innovation contributes a fixed amount to productivity. As the base level of
productivity rises, these fixed increments result in a lower percentage increase in productivity,
leading to a natural slowing of productivity growth over time, even if other factors such as

demographics, education, and capital investment remain constant.

Philippon’s perspective helps explain why increased R&D efforts have not resulted in proportional
gains in productivity. However, if transformative technologies such as AI were to lead to significant
and widespread efficiency gains across multiple sectors, they could potentially result in larger
absolute increments in productivity—amplifying the additive growth model’s effects, potentially
reversing the trend of slowing productivity growth, and fostering a new period of robust

productivity increases.

III. Potential Productivity Effects of Remote Work and Artificial Intelligence

Technological innovations and changes in work arrangements have the potential to shape long-run
productivity growth, and the past few years have brought two significant developments in these
areas. The widespread adoption of remote work during the COVID-19 pandemic sparked debates
about its potential to drive a new era of productivity growth. As organizations and workers adapted,
researchers sought to understand the implications for productivity. Meanwhile, the rapid
development of artificial intelligence (AI), especially generative Al has spurred discussions on AI’s

effects on productivity.

Remote work and productivity

Before the COVID-19 pandemic, research suggested remote work could lead to gains in
productivity. Bloom and others (2015) conducted a randomized controlled trial at a Chinese travel
agency, assigning call center employees to work from home or the office for nine months. They
found a 13 percent increase in performance for home-working employees due largely to a quieter
work environment and fewer breaks. This early evidence suggested that for certain types of routine

and independent work, remote work could lead to significant productivity gains.
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The pandemic-induced shift to remote work has prompted further research, and post-pandemic
studies provide a more nuanced view on the productivity effects of remote work. Gibbs and others
(2023) analyzed skilled professionals performing cognitive and collaborative work at a large Asian IT
services company during the pandemic. They found that although employees increased their total
hours worked, including outside normal business hours, average output slightly declined, leading to
a productivity drop of 8-19 percent. The decline was more pronounced for employees with
children at home. The study also highlighted that employees with less company experience had a

harder time adapting to remote work.

Other studies suggest that the productivity effects of remote work may vary depending on the type
of remote work arrangement and the nature of the work itself. Analyzing white-collar workers at a
large Italian company, Angelici and Profeta (2023) found that a hybrid work arrangement (one day
of remote work per week) led to increased productivity compared with traditional, fully office-based
work. The authors attribute these gains to reduced absenteeism and improved self-reported
productivity, driven by better work-life balance and well-being. In contrast, Emanuel and
Harrington (2024) found that fully remote work decreased productivity by 4 percent compared
with office-based work for call center employees, largely because less productive workers were more

likely to choose remote jobs.

The pandemic has altered perceptions of remote work’s practicality and productivity effects.
Barrero, Bloom, and Davis (2021) reported improved perceptions of “work-from-home” and
stabilized work-from-home rates in 2023 at about four times the 2019 level. These higher rates
suggest a more positive assessment of remote work’s effects on productivity, potentially leading to a
persistent increase in remote work. Indeed, data from Kastle Systems indicates that the average office
occupancy rate across the largest 10 cities in the United States has stabilized at around 50 percent

since 2023 (compared with about 97 percent before the pandemic).

Some studies highlight potential trade-offs between short-term output and long-term skill
development in remote work settings. For example, Burdett and others (2024) and Emanuel,
Harrington, and Pallais (2023) find that proximity to coworkers can facilitate valuable mentoring
and feedback, particularly for women and junior employees, but may come at the cost of reduced

short-term output. These findings suggest that hybrid approaches that balance independent work
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with collaboration and mentorship may be necessary to optimize both short-term productivity and

long-term human capital development.

In sum, evidence suggests that remote work can potentially drive productivity growth over time, but
its effects vary across work types and individuals. Researchers have observed significant productivity
gains from remote work for routine and independent tasks, while the results for collaborative and

cognitive work seem more mixed.

Artificial intelligence and productivity

Recent advancements in Al particularly the development of generative Al such as ChatGPT, have
also sparked discussions about AI’s potential to drive productivity growth. Al generally refers to

computer algorithms and programs capable of performing tasks that traditionally required human
intelligence (Chui and others 2023). Proponents argue that Al can automate tasks, freeing workers

to focus on more complex and strategic aspects of their jobs, thereby boosting productivity.

Multiple surveys indicate that Al use is growing. Chart 3 presents current and expected Al adoption
rates across U.S. sectors using data from the U.S. Census Bureau’s Business Trends and Outlook
Survey, as reported in Bonney and others (2024). The chart shows a general increase in the use of Al
since 2023, with significant sectoral variation. For example, in October 2024, 23 percent of surveyed
companies in the information sector currently used AI (purple bar), while 31 percent anticipated
adopting Al by April 2025 (blue patterned bar). In Denmark, Humlum and Vestergaard (2024)
report higher Al adoption rates, from 34 percent for financial advisors to 79 percent for software
developers, suggesting rapid Al adoption by individual workers./”/ The difference between the two
studies likely reflects that Humlum and Vestergaard focus on highly exposed occupations while
Bonney and others examine the broader economy. Additionally, worker-level surveys may capture

incidental AT use that firm-level surveys miss.
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Chart 3: AI Adoption Rates in the United States and Selected Sectors
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Note: Chart shows percentages of companies that answered yes to two questions: “In the last two weeks, did this business use
Artificial Intelligence (AI) in producing goods or services?” (current Al use) and “During the next six months, do you think this
business will be using Artificial Intelligence (AI) in producing goods or services?” (expected Al use).

Source: U.S. Census Bureau.

Experimental studies on Al indicate significant potential for productivity gains, particularly in
routine tasks and for lower-skilled workers. Brynjolfsson, Li, and Raymond (2023) find that advice
based on OpenAl’s generative pre-trained transformer (GPT) model increased technical support
agents’ productivity by 14 percent, as measured by the number of chats handled per hour. Notably,
the productivity gains were more pronounced among less-skilled workers, who experienced a 34
percent increase in chats handled per hour. The authors suggest that this disparity may be due to the
AT tool’s ability to disseminate the knowledge and skills of experienced workers to those with less

experience, allowing them to perform at a higher level.
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Research suggests some productivity gains for cognitive and higher-skill occupations as well. In an
experiment involving mid-level professional writing tasks, Noy and Zhang (2023) observe a 40
percent reduction in task completion time and an 18 percent improvement in output quality for

professional writing tasks aided by AL Notably, participants who initially performed worse on the

preliminary task without ChatGPT saw greater improvements when using ChatGPT, indicating
that less-skilled writers benefit more from using the tool. Similarly, Peng and others (2023) examine
GitHub Copilot’s effects on developers and find a 55.8 percent increase in coding task completion
speed without a significant drop in success rates./”/ The study also finds that less-experienced, busier,
and older developers experience more substantial productivity gains from using Copilot./ ol
However, the benefits of Al are not universal. In a field experiment with Boston Consulting Group,
Dell’ Acqua and others (2023) assess AI’s effects on nonroutine tasks performed by high-skill
“knowledge workers.” Specifically, the authors categorize tasks into those they believe to be within
AT’s capabilities (“within the frontier”) and those beyond its capabilities (“outside the frontier”). For
tasks within the frontier, such as creative idea generation and qualitative market analysis, Al
assistance resulted in a 12.2 percent increase in tasks completed, a 25.1 percent reduction in task
completion time, and a 40 percent improvement in quality. These benefits were more significant for
below-average performers. Conversely, for complex tasks outside the frontier, such as strategic
recommendations based on detailed data, Al assistance led to solutions that were 19 percentage
points less likely to be correct. Finally, Kreitmeir and Raschky (2024) use Italy’s brief ban of
ChatGPT in April 2023 as a natural experiment, analyzing data from GitHub on programmers in
Italy, Austria, France, and Spain. They find that less experienced workers produced higher-quality
output during the ban, while more experienced workers saw little difference—suggesting
inexperienced coders may spend more time fixing issues generated by ChatGPT than they save using

the tool.
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Macroeconomic forecasts of AD’s effects on productivity

Although studies show AT has the potential to boost productivity, translating these findings into
broader macroeconomic effects is challenging. Private-sector forecasts offer varying predictions
about AT’s effects on productivity in the longer term. Goldman Sachs predicts a 15 percent increase
in labor productivity over the next decade, attributing this increase to Al-driven automation across
two-thirds of U.S. occupations and suggesting that most occupations will experience significant,
though not complete, automation of their workload (Briggs and Kodnani 2023). McKinsey &
Company, on the other hand, forecasts an annual productivity boost ranging from 0.5 percent to
3.4 percent through 2040, with generative Al contributing 0.1 percent to 0.6 percent annually
(Chui and others 2023).

In contrast to these optimistic views, Acemoglu (2024) estimates a more modest effect of Al on TFP
growth.[ 71 Using a framework developed with Pascual Restrepo and incorporating estimates from
studies by Brynjolfsson and others (2023) and Noy and Zhang (2023), Acemoglu calculates an
upper bound on the boost to TFP growth at around 0.06 percentage points per year, totaling 0.66
percent over 10 years. Alternative estimates range from 0.5 percent to 0.9 percent over the same
period. Although these estimates are lower than other reports, Acemoglu emphasizes their
significance when placed in historical context, as TFP grew by about 7 percent during the 2010s
(Fernald 2014). The gap between Acemoglu’s estimates and those of Goldman Sachs and McKinsey
highlights the uncertainty surrounding AI’s long-term effects. One factor contributing to this
discrepancy is the optimism regarding labor reallocation and new task development cited by
Goldman Sachs. Depending on how increased AI usage plays out, these estimates might be

reconciled in the future.

Addressing the productivity paradox—why productivity growth has slowed despite technological
advances—is also crucial. Brynjolfsson, Rock, and Syverson (2019; 2021) suggest that lags in
implementing general-purpose technologies such as AI could explain this phenomenon. These
technologies often require significant investments and time to mature and fully integrate into the
economy. During this period, productivity growth might stagnate, even though substantial
advances could occur later. Judging AI’s future effects solely on its early effects may overlook the

potential for significant long-term gains.
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Initial implications of remote work and Al for productivity

Research on remote work and Al suggests these factors have the potential to drive productivity
gains, particularly for certain sectors, types of work, and workers. However, the gains are generally
context-dependent and may be limited for some industries and tasks. Macroeconomic forecasts of
AT’s effects on productivity vary widely, reflecting different assumptions about the capabilities of Al
technologies and the speed at which these technologies will be developed and adopted across

industries.

The ongoing debates about the roles of remote work and Al in productivity growth underscore the
need for continued research and careful monitoring. Optimizing AI and remote work will require
human oversight to mitigate errors, tailored hybrid work arrangements, and strategic investments in

complementary technologies and infrastructure.

Conclusion

The United States recently experienced a notable increase in productivity growth, driven by a
modest contribution from total factor productivity (TFP) growth, followed by contributions from
capital deepening and labor composition. A combination of cyclical factors (for example, firms
enhancing efficiency amid worker shortages) and structural changes driven by the accelerated

adoption of remote work and Al appear to have contributed to productivity growth.

However, the sustainability of this productivity growth remains uncertain due to structural
headwinds, including slowing improvements in educational attainment, demographic shifts, and the
paradox of slowing productivity growth despite ongoing innovation. These factors suggest that
neither a return to the sluggish productivity growth of the pre-pandemic era nor a sustained

productivity boom is yet assured.

Our review of research on remote work and Al adoption highlights the potential of these
developments to drive productivity gains but also underscores the nuances and limitations of their
effects. Evidence suggests that remote work can significantly enhance productivity for certain types
of work, particularly routine and independent tasks, but its effects vary across different work

arrangements and individual circumstances. Similarly, Al has shown promise in automating routine
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tasks and supporting more complex work processes, but its ability to drive productivity gains
depends on the nature of the tasks and the skill level of the workers involved. Moreover, the full
macroeconomic effect of AI remains uncertain, with empirical estimates of its potential to boost
productivity varying widely based on different assumptions about AI’s capabilities and adoption
rates across industries. Translating the productivity gains observed in specific studies and
occupations to the broader economy will likely take time and require ongoing investment in

complementary technologies, infrastructure, and workforce adaptations.

Appendix: Growth Accounting for Labor Productivity

Chart 1 presents the decomposition of labor productivity growth into three components as outlined
by Fernald (2014), using data published by the Federal Reserve Bank of San Francisco. The

decomposition follows the equation:

Aln LP = a(Aln K — Aln H — Aln LQ) + Aln LQ + Aln TFP,

where LPis labor productivity, « is capital’s share of income, K is capital input, A is hours worked,
LQis labor composition, and TFP is total factor productivity. We define capital deepening as 2(Aln

K — Aln H - Aln LQ). Labor productivity is defined as Aln Y= Aln H, where Y'is output.

Capital input is obtained from quarterly National Income and Product Accounts (NIPA) data
using the perpetual inventory method. Data on hours worked for the business sector are sourced
from the U.S. Bureau of Labor Statistics (BLS). Labor composition is interpolated from BLS data
and calculated following Aaronson and Sullivan (2001), which involves rolling Mincer wage

regressions to weight workers by observable skill levels. TFP is calculated using the methodology

described in Fernald (2014).
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Endnotes

1]

2]

3]

4]

5]
l6]

7]

The rate refers to compound annual growth rate. The corresponding calculation is as follows: (100
* (1 +0.0284)720 = 174.9).

Capital services are the productive output derived from capital assets. Essentially, capital services
serve as the appropriate measure of capital input in production analysis, reflecting how effectively
capital contributes to economic output over time.

We use a growth accounting framework for the decomposition, details of which can be found in
the appendix.

These rates are based on surveying 100,000 workers across 11 exposed occupations from
November 2023 to January 2024.

Copilot is a specialized version of OpenAI’s GPT models that is tuned for use in coding.

Other studies have explored AI applications beyond large language models. For example,
Kanazawa and others (2022) studied the use of Al to provide route information to Tokyo taxi
drivers, resulting in a 5 percent reduction in search time, with even greater benefits for less-skilled
drivers.

Acemoglu’s estimates focus on TFP growth, not labor productivity.

References

Aaronson, Daniel, and Daniel G. Sullivan. 2001. “Growth in Worker Quality.” Federal Reserve

Bank of Chicago, Economic Perspectives, vol. 25, no. 4, November.

Acemoglu, Daron. 2024. “The Simple Macroeconomics of Al.” National Bureau of Economic

Research, working paper no. 32487, May. Available at https://doi.org/10.3386/w32487

Angelici, Marta, and Paola Profeta. 2023. “Smart Working: Work Flexibility Without Constraints.”

Management Science, vol. 70, no. 3, pp. 1680-1705, March. Available at
https://doi.org/10.1287/mnsc.2023.4767

Basu, Susanto, John G. Fernald, and Miles S. Kimball. 2006. “Are Technology Improvements

Contractionary?” American Economic Review, vol. 96, no. 5, pp. 1418-1448, December.
Auvailable at https://doi.org/10.1257/aer.96.5.1418

Barrero, Jose Maria, Nicholas Bloom, and Steven J. Davis. 2023. “The Evolution of Work from

Home.” Journal of Economic Perspectives, vol. 37, no. 4, pp. 23-50. Available at:
https://doi.org/10.1257/jep.37.4.23

Beaudry, Paul, David A. Green, and Benjamin M. Sand. 2016. “The Great Reversal in the Demand

for Skill and Cognitive Tasks.” Journal of Labor Economics, vol. 34, no. S1 part 2, January.
Auvailable at https://doi.org/10.1086/682347

ECONOMIC REVIEW | Federal Reserve Bank of Kansas City |

17


https://doi.org/10.3386/w32487
https://doi.org/10.1287/mnsc.2023.4767
https://doi.org/10.1257/aer.96.5.1418
https://doi.org/10.1257/jep.37.4.23
https://doi.org/10.1086/682347

Bengali, Leila, Evegeniya Duzhak, and Cindy Zhao. 2023. “Men’s Falling Labor Force Participation
across Generations.” Federal Reserve Bank of San Francisco, Economic Letter no. 2023-26,
October 10.

Bernanke, Ben S. 2006. “Productivity.” Speech to Leadership South Carolina, Greenville, SC,
August 31.

Bloom, Nicholas, James Liang, John Roberts, and Zhichun Jenny Ying. 2015. “Does Working From
Home Work? Evidence From A Chinese Experiment.” Quarterly Journal of Economics, vol 130,
no. 1, pp. 165-218, February. Available at https://doi.org/10.1093/gje/qju032

Bonney, Kathryn, Cory Breaux, Cathy Buffington, Emin Dinlersoz, Lucia S. Foster, Nathan
Goldschlag, John C. Haltiwanger, Zachary Kroff, and Keith Savage. 2024. “Tracking Firm Use
of Al'in Real Time: A Snapshot from the Business Trends and Outlook Survey.” National
Bureau for Economic Research, working paper no. 32319, April. Available at:
https://doi.org/10.3386/w32319

Briggs, Joseph, and Devesh Kodnani. 2023. “The Potentially Large Effects of Artificial Intelligence
on Economic Growth.” Goldman Sachs Economics Research, March 26.

Brynjolfsson, Erik, Danielle Li, and Lindsey R. Raymond. 2023. “Generative Al at Work.” National
Bureau of Economic Research, working paper no. 31161, April (revised November). Available
at https://doi.org/10.3386/w31161

Brynjolfsson, Erik, Daniel Rock, and Chad Syverson. 2021. “The Productivity J-Curve: How
Intangibles Complement General Purpose Technologies.” American Economic Journal:
Macroeconomics, vol 13, no. 1, pp. 333-372. Available at
https://doi.org/10.1257/mac.20180386

———.2019. “Artificial Intelligence and the Modern Productivity Paradox: A Clash of
Expectations and Statistics,” in Ajay Agrawal, Joshua Gans, and Avi Goldfarb, eds., The
Economics of Artificial Intelligence: An Agenda. National Bureau of Economic Research, May.

Burdett, Ashley, Ben Etheridge, Li Tang, and Yikai Wang. 2024. “Worker Productivity During
COVID-19 and Adaptation to Working from Home.” Enropean Economic Review, vol. 167.
Available at: https://doi.org/10.1016/j.euroecorev.2024.104788

Chui, Michael, Eric Hazan, Roger Roberts, Alex Singla, Kate Smaje, Alex Sukharevsky, Lareina Yee,
and Rodney Zemmel. 2023. “The Economic Potential of Generative Al: The Next Productivity
Frontier.” McKinsey & Company, June 14.

Cook, Lisa D. 2022. “The Economic Outlook and U.S. Productivity.” Speech to the Detroit
Economic Club, Detroit, MI, November 30.

Dell’Acqua, Fabrizio, Edward McFowland III, Ethan Mollick, Hila Lifshitz-Asaf, Katherine C.
Kellogg, Saran Rajendran, Lisa Krayer, Frangois Candelon, and Karim R. Lakhani. 2023.
“Navigating the Jagged Technological Frontier: Field Experimental Evidence on the Effects of
AT on Knowledge Worker Productivity and Quality.” Harvard Business School Technology &
Operations Management Unit, working paper no. 24-013, September (revised June 2024).
Auvailable at https://doi.org/10.2139/ssrn.4573321

Emanuel, Natalia and Emma Harrington. 2024. “Working Remotely? Selection, Treatment, and the
Market for Remote Work.” American Economic Journal: Applied Economics, vol. 16, no. 4, pp.
528-559, October. Available at https://doi.org/10.1257/app.20230376

ECONOMIC REVIEW | Federal Reserve Bank of Kansas City |

18


https://doi.org/10.1093/qje/qju032
https://doi.org/10.3386/w32319
https://doi.org/10.3386/w31161
https://doi.org/10.1257/mac.20180386
https://doi.org/10.1016/j.euroecorev.2024.104788
https://doi.org/10.2139/ssrn.4573321
https://doi.org/10.1257/app.20230376

Emanuel, Natalia, Emma Harrington, and Amanda Pallais. 2023. “The Power of Proximity to
Coworkers: Training for Tomorrow or Productivity Today?” National Bureau of Economic
Research, working paper no. 31880, November. Available at https://doi.org/10.3386/w31880

Fernald, John. 2014. “A Quarterly, Utilization-Adjusted Series on Total Factor Productivity.”
Federal Reserve Bank of San Francisco, working paper no. 2012-19, April. Available at
https://doi.org/10.24148/wp2012-19

Fernald, John G., and Charles I. Jones. 2014. “The Future of U.S. Economic Growth.” American
Economic Review, vol. 104, no. 5, pp. 44—49, May. Available at
https://doi.org/10.1257/aer.104.5.44

Fernald, John, and Huiyu Li. 2022 “The Impact of COVID on Productivity and Potential
Output.” Federal Reserve Bank of San Francisco, working paper no. 2022-19, August. Available
at https://doi.org/10.24148/wp2022-19

Fernald, John G., and J. Christina Wang. 2016. “Why Has the Cyclicality of Productivity Changed?
What Does It Mean?” Annual Review of Economics, vol. 8, pp. 465-496, October. Available at
https://doi.org/10.1146/annurev-economics-080315-015018

Gibbs, Michael, Friederike Mengel, and Christoph Siemroth. 2023. “Work from Home and
Productivity: Evidence from Personnel and Analytics Data on Information Technology
Professionals.” Journal of Political Economy Microeconomics, vol. 1, no. 1, February. Available at
https://doi.org/10.1086/721803

Gordon, Robert J. 2024. “The Future of U.S. Productivity Growth: A Skeptical View.”
Presentation to the Federal Reserve Bank of New York Symposium: “U.S. Productivity
Growth: Looking Ahead,” February 16.

Gordon, Robert J. 2018. “Declining American Economic Growth Despite Ongoing Innovation.”
Explorations in Economic History, vol. 69, pp 1-12, July. Available at
https://doi.org/10.1016/j.eeh.2018.03.002

Gordon, Robert J., and Hassan Sayed 2022. “A New Interpretation of Productivity Growth
Dynamics in the Pre-Pandemic and Pandemic Era U.S. Economy, 1950-2022.” National
Bureau of Economic Research, working paper no. 30267, July. Available at
https://doi.org/10.3386/w30267

Humlum, Anders, and Emilie Vestergaard. 2024. “The Adoption of ChatGPT.” University of
Chicago Becker Friedman Institute for Economics, working paper no. 2024-50, May. Available
at https://doi.org/10.2139/ssrn.4807516

Jones, Charles I. 2024. “The A.I. Dilemma: Growth versus Existential Risk.” Standford Graduate
School of Business, working paper no. 4179, April.

Kanazawa, Kyogo, Daiji Kawaguchi, Hitoshi Shigeoka, and Yasutora Watanabe. 2022. “Al, Skill,
and Productivity: The Case of Taxi Drivers.” National Bureau of Economic Research, working
paper no. 30612, October. Available at https://doi.org/10.3386/w30612

Kreitmeir, David H., and Paul A. Raschky. 2024. “The Heterogenous Productivity Effects of
Generative AL” June 3. Available at https://doi.org/10.48550/arXiv.2403.01964

Noy, Shhttps://doi.org/10.1126/science.adh2586akked, and Whitney Zhang. 2023. “Experimental
Evidence on the Productivity Effects of Generative Artificial Intelligence.” Sczence, vol. 381, no.
6654, pp. 187-192. Available at https://doi.org/10.1126/science.adh2586

ECONOMIC REVIEW | Federal Reserve Bank of Kansas City |

19


https://doi.org/10.3386/w31880
https://doi.org/10.24148/wp2012-19
https://doi.org/10.1257/aer.104.5.44
https://doi.org/10.24148/wp2022-19
https://doi.org/10.1146/annurev-economics-080315-015018
https://doi.org/10.1086/721803
https://doi.org/10.1016/j.eeh.2018.03.002
https://doi.org/10.3386/w30267
https://doi.org/10.2139/ssrn.4807516
https://doi.org/10.3386/w30612
https://doi.org/10.48550/arXiv.2403.01964
https://doi.org/10.1126/science.adh2586

Peng, Sida, Erini Kalliamvakou, Peter Cihon, and Mert Demirer. 2023. “The Impact of Al on
Developer Productivity: Evidence from GitHub Copilot.” Available at
https://doi.org/10.48550/arXiv.2302.06590

Philippon, Thomas. 2022. “Additive Growth.” National Bureau of Economic Research, working
paper no. 29950, April. Available at: https://doi.org/10.3386/w29950

Publication information: Vol. 109, no. 9
DOI: 10.18651/ER /v109n9CakirMelekGallin

The views expressed are those of the authors and do not necessarily reflect the positions of the

Federal Reserve Bank of Kansas City or the Federal Reserve System.

To view this article in your browser, go to:

The Future of U.S. Productivity: Cautious Optimism amid Uncertainty

https://www kansascityfed.org/research/economic-review/the-future-of-us-productivity-cautio
us-optimism-amid-uncertainty/

ECONOMIC REVIEW | Federal Reserve Bank of Kansas City |

20


https://doi.org/10.48550/arXiv.2302.06590
https://doi.org/10.3386/w29950
https://www.kansascityfed.org/research/economic-review/the-future-of-us-productivity-cautious-optimism-amid-uncertainty/
https://www.kansascityfed.org/research/economic-review/the-future-of-us-productivity-cautious-optimism-amid-uncertainty/
https://www.kansascityfed.org/research/economic-review/the-future-of-us-productivity-cautious-optimism-amid-uncertainty/

