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Editors’ Overview
The publication of the 50th issue of the

International Productivity Monitor (IPM)
marks an important milestone for the jour-
nal. Since its founding 25 years ago, the
IPM has now published 350 articles by
academics and policy practitioners from
around the world. The journal’s success re-
flects the leadership and dedication of An-
drew Sharpe. His founding role and long-
standing stewardship as Managing Editor
established the IPM as a respected forum
for international knowledge exchange on
productivity issues. We look forward to
building on the strong foundation he estab-
lished.

To inform the journal’s future direction,
we conducted a survey of IPM contributors
and readers. Respondents rated the jour-
nal highly, citing as key strengths its fo-
cus, empirical rigor, policy relevance, and
international perspective. The survey also
identified opportunities to further expand
the journal’s reach and impact, while pre-
serving its core strengths. These opportu-
nities include several new initiatives that
are underway, such as enhancing the dis-
semination of findings through accompany-
ing blogs, webinars, and podcasts, improv-
ing data accessibility, and modernizing the
journal’s design and website.

This 50th issue contains six contribu-
tions covering five broad themes: artificial
intelligence, intangible capital, manufac-
turing productivity, health care measure-
ment, and the high cost of living. Mar-
tin Baily, David Byrne, Aidan Kane
and Paul Soto open the issue with a
wide-ranging review article that examines
the potential for generative artificial intelli-

gence (GenAI) to provide a sustained pro-
ductivity boost. They argue that GenAI
exhibits characteristics of both a general-
purpose technology and an invention in the
method of invention. Based on the avail-
able evidence, they conclude that GenAI
could generate lasting future productivity
gains through widespread diffusion, com-
plementary innovations, and more efficient
research and development. However, the
authors also warn that productivity gains
from AI may be delayed or limited by slow
adoption, organisational hurdles, and risks
of over-investment.

The second article, by Ahmed Boun-
four, Kazuma Edamura, Takayuki
Ishikawa, Tsutomu Miyagawa, Al-
berto Nonnis and Konomi Tonogi, ana-
lyzes the productivity “J-curve” — the idea
that large investments in intangible assets
associated with digitalization may result in
official statistics underestimating total fac-
tor productivity (TFP) early in the invest-
ment boom. Examining empirical evidence
for five advanced economies, they find that
J-curve effects are largely unique to the
U.S. and have been much smaller in Europe
and Japan. Their estimates highlight the
role of software investments in the United
States and suggest that standard U.S. TFP
growth measures may be underestimated
by up to 1.6 percentage points annually.
The authors conclude by calling for more
aggressive investment in digital innovation
in Europe and Japan.

The next two articles, originating from
a CSLS session at the 2026 American Eco-
nomic Association Annual Meeting, exam-
ine why U.S. manufacturing productivity
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growth slowed so dramatically, falling from
an annual rate of 3.3 per cent during 1987-
2010 to -0.3 per cent during 2010-2023.

Robert Gordon and Kenneth Ryu
argue that the disappearance of productiv-
ity growth after 2010 can be traced back
a decade earlier, and partly attributed to
the surge in U.S. manufacturing imports
that began around 2000 — roughly the
time when China joined the World Trade
Organization. They show that increased
U.S. manufacturing imports came not only
from China, but also from other lower-
wage economies such as Mexico. They find
these imports ultimately weakened domes-
tic manufacturing production, capacity uti-
lization, profitability, investment and inno-
vation activities. Beyond import compe-
tition, the authors also point to diminish-
ing returns to innovation, regulatory dis-
tortions, and a shortage of skilled labour
as contributing factors.

Danial Lashkari and Jeremy Pearce
further examine the sources of the slow-
down by decomposing U.S. manufactur-
ing productivity growth into contributions
from leader and follower firms within fron-
tier and laggard industries. They demon-
strate that the slowdown was broad-based.
It occurred across productivity measures,
using multiple industry groupings, and for
both leaders and follower firms. The broad-
based nature of the slowdown raises the
question of whether the translation of re-
search and development (R&D) expendi-
tures into productivity gains has weakened,
as suggested by Gordon and Ryu. The au-
thors estimate an R&D production func-
tion at the industry and firm levels and find
that the elasticity of productivity with re-
spect to R&D is consistently larger in the

earlier period than in the full sample pe-
riod, even as R&D expenditure rose across
firms and industries. These results sug-
gest that the slowdown reflects declining re-
search productivity rather than reduced in-
novation effort and are consistent with the
“ideas getting harder to find” hypothesis.

The fifth article, by Calvin Ackley,
Abe Dunn, Eli Liebman and John
Romley, seeks to better understand health
care productivity in the United States.
Productivity is a critical issue for a sec-
tor that accounts for 17 per cent of U.S.
GDP. However, official statistics likely un-
derstate productivity growth by failing to
capture improvements in medical technol-
ogy and treatment quality. The U.S. Bu-
reau of Economic Analysis has developed a
Health Care Satellite Account (HCSA) to
try to address this gap by measuring spend-
ing by medical condition, thus moving from
an input to an output-based measurement
in health care. The authors present a
framework that combines the HCSA with
population health data to adjust output
prices for quality improvements. In this
framework, “output” is defined as marginal
health gains rather than traditional ser-
vice counts or hours worked. Their re-
sults suggest substantial quality-adjusted
productivity growth that is largely absent
in official statistics. They speculate that
health care productivity gains might be
even larger in other high-income countries,
where life expectancy has increased more
than in the United States while health care
spending has grown more slowly.

The 50th issue concludes with a com-
mentary by Claude Lavoie that studies
persistent concerns about the high cost of
living among Canadians. The issue is
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pervasive, despite macroeconomic indica-
tors showing that household income growth
has generally outpaced inflation in recent
years. Drawing on polling data, economic
statistics, and policy literature, the author
identifies housing affordability, slowing real
income growth, and social media–driven fi-

nancial perceptions as key drivers. The
commentary argues that policy responses
should prioritize housing supply, produc-
tivity growth, and stronger worker bargain-
ing power to help ensure that economic
gains translate into improved household
welfare.
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The Potential for Sustained
Productivity Impetus from GenAI

Martin Neil Baily, David M. Byrne, Aidan T. Kane and Paul E. Soto*

IPM Review Article

Abstract

With the advent of generative artificial intelligence (GenAI), the scope of AI has in-

creased dramatically, but its effect on labour productivity remains uncertain. Some inno-

vations raise labour productivity growth as adoption spreads but the effect fades when the

market is saturated. In contrast, two types of innovation — general purpose technologies

(GPTs) and inventions in the method of invention (IMIs) — have long-lasting effects on

productivity growth. GPTs (1) are widely adopted, (2) spur knock-on innovations, and (3)

show continual improvement, refreshing the innovation cycle. IMIs increase the efficiency

of the research and development process via improvements to observation, analysis, com-

munication, and organization. We conclude there is suggestive evidence that GenAI is both

a GPT and an IMI, a sign that its adoption will lead to higher labour productivity growth

in the future.

*Martin Neil Baily is Senior Fellow Emeritus and Aidan T Kane is a Research Analyst at The Brookings
Institution. David M. Byrne and Paul E. Soto are both Principal Economists at the Federal Reserve Board
of Governors. David Byrne is the corresponding author (email: david.m.byrne@frb.gov). Authors are listed in
alphabetical order, not in order of relative contribution. The views expressed here are not represented to be the
views of the staff or trustees of The Brookings Institution nor of the Federal Reserve. The authors are grateful
to Michael Chui, Leland Crane, Avi Goldfarb, Bob Gordon, Shane Greenstein, Anton Korinek, James Manyika,
Sid Srinivasan, Scott Stern, and Bill Whyman for helpful conversations.
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1. Introduction

In late 2022, OpenAI grabbed the
world’s attention with ChatGPT, a gen-
erative artificial intelligence (GenAI) pro-
gram that uses a computer model of human
discourse to respond to natural-language
questions (Figures 1-1 and 1-2). The scope
of AI expanded dramatically with the ad-
vent of GenAI, including to tasks previ-
ously seen as quintessentially human, such
as competition-level mathematics (Figure
2). Indeed, more and more challenging
benchmark tests have been needed to as-
sess the technology’s progress, as GenAI
has matched human performance on one
task after another. In another encourag-
ing sign, field test evidence of productivity
improvements from GenAI in practical ap-
plications has emerged, notably for writing,
computer programming, and responding to
call center inquiries. We supplement the
quantitative evidence with a qualitative as-
sessment of the properties of GenAI, with
a view to helping to predict its impact.1

We focus on two particularly impactful
types of innovation. Unlike discrete inno-
vations that temporarily raise productivity
growth as adoption spreads, “general pur-
pose technologies” (GPTs) and “inventions
in the method of invention” (IMIs) have
longer-lasting growth effects. GPTs are

widely adopted, spur knock-on innovations
— new products, process improvements,
and business reorganization — and refresh
this adoption cycle through ongoing im-
provement in the core technology (Lipsey et
al., 2005). IMIs yield a sustained increase
in productivity growth by lowering the cost
of research and development (Whitehead,
1925). We conclude there is suggestive ev-
idence that GenAI is both a GPT and an
IMI, a sign that its adoption will lead to
higher labour productivity growth in the
future.2

2. GenAI as a General Purpose
Technology

The future productivity impact of
GenAI will depend on whether (1) it is
widely adopted, (2) it spurs related innova-
tions, and (3) the technology continues to
improve. These are the three distinguish-
ing features of GPTs.

2.1 Diffusion

Analysis of job descriptions suggests that
AI can be used for a broad range of work-
place tasks, indicating high potential for
diffusion and rising use of AI (Eloundou et
al., 2024).3 We review evidence that this is
taking place. Although few of these indi-
cators are restricted to GenAI, the timing

1 For a more extensive discussion of the issues in this article, see Baily and Kane (2025a,b); Kane and Baily
(2025a,b).

2 There is a substantial literature on the question of whether machine learning (ML), which preceded GenAI, is
a GPT or an IMI, but little such work on GenAI. Eloundou et al. (2024), an exception, consider the prospects
for GenAI to be a GPT based on the prevalence of tasks that appear likely to benefit from GenAI. On ML
as a GPT, see Cockburn, Henderson, and Stern, 2019; Trajtenberg, 2018; Bresnahan, 2019; Goldfarb, Taska,
and Teodoridis, 2023; Bresnahan, 2024. Cockburn, Henderson, and Stern (2019) consider if ML is an IMI.

3 Yin, Vu, and Persico (2026) caution that measures of exposure to AI are highly sensitive to the assumptions
used.
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of their increases is consistent with GenAI
driving adoption upward. The level of AI
use varies across sources and depends on
the meaning one uses for adoption.

Large-scale firm surveys from the U.S.
Census Bureau and McKinsey provide
rather different pictures of adoption at first
glance (Figures 3-1 and 3-2). The Cen-
sus Bureau’s Business Trends and Outlook
Survey (BTOS) found that roughly 17 per
cent of firms used AI (GenAI and other
types of AI) as of March 2026.4 In con-
trast, McKinsey reported that 88 per cent
of firms did so in November 2025. Dif-
ferences in survey coverage likely explain
much of the gap. The BTOS is a represen-

tative sample of 200,000 U.S. firms, only
a handful of which are large corporations.
In contrast, the McKinsey survey is a con-
venience sample with heavy representation
from large corporations (McKinsey, 2024).
That is, large firms appear to use AI far
more than small firms.

Surveys of workers suggest significant AI
adoption with relatively few adopters re-
porting frequent use. Gallup, Inc. re-
ports 50 per cent of U.S. workers had used
AI at work as of the fourth quarter of
2025, though only 13 per cent of respon-
dents used it daily. Pew Research Center
reports that 21 per cent of U.S. workers
used AI for at least some of their work in

4 See Bonney et al. (2024) for details about the survey and Bonney et al. (2026) for a more comprehensive
exploration of its implications.
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September 2025. Bick, Blandin, and Dem-
ing (2024) ask specifically about GenAI
and find nearly 40 per cent of workers used
it in 2024. As new workers enter the labour
force, these numbers are expected to rise.
The Pew poll finds that 64 per cent of teens
have used an AI chatbot and more than
half of them have used them to search for
information and to get help with school-
work.

AI use varies significantly across indus-
tries. Both the BTOS and the McKinsey
survey show that use is particularly high
in the information sector, where computer
coding is prevalent. While our focus in this
article is not the labour market, we note
two indicators of the disruption caused by
AI in the information sector. Data from
Lightcast show that the share of job post-
ings in the information sector mentioning
AI and related skills was 31 per cent in
May 2026, up from 10 per cent in 2021,
and far higher than the average across all
sectors of 7 per cent (Figure 4). Crane and
Soto (2026) provide evidence that labour
demand growth for computer coders slowed
noticeably following the release of Chat-
GPT.5

Kane and Baily (2025a,b) provide indus-
try case studies summarizing the evidence
of GenAI adoption in four sectors — infor-
mation, healthcare, finance and electricity
generation and distribution. In some ex-
amples, such as computer coding, GenAI
has been adopted quickly, and in all these
sectors companies were experimenting with
ways to cut costs using GenAI. There are

often barriers to adoption, however, includ-
ing regulation, skill shortages, and high
adoption costs. In other cases, efforts to
use GenAI have proven disappointing so
far.

2.2 Knock-on Innovation

Knock-on innovations related to GenAI
include novel and improved software, more
efficient product and process design sys-
tems, and organizational changes to better
exploit GenAI capabilities.

A prominent example of knock-on in-
novation is ChatGPT itself, a user inter-
face (UI) for OpenAI’s GenAI models. UIs
provide a channel through which requests
and responses can pass between the GenAI
model and human users. ChatGPT, re-
leased in 2022, is a conversational interface
that made GenAI interactions significantly
more accessible relative to early approaches
that relied on Python programs or websites
such as the OpenAI Playground. In 2023,
OpenAI introduced custom GPTs, enabling
users to create domain-specific large lan-
guage models (LLMs), such as LegalGPT
for legal matters (OpenAI, 2023). In 2024,
OpenAI announced integration of their
ChatGPT model to Apple’s Siri voice as-
sistant and Google launched NotebookLM,
which made it easy to upload documents
and transform them into interactive discus-
sions (Johnson, 2024). In addition, there
are “copilots” that integrate AI into ex-
isting user workstreams, notably GitHub
Copilot (computer programming) and Mi-
crosoft 365 Copilot (office productivity).

5 On the labour market effects of AI, see Acemoglu et al. (2020), Brynjolfsson, Mitchell, and Rock (2018),
Felten, Raj, and Seamans (2019), Webb (2019), Eloundou et al. (2024).
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System interfaces are another key locus
of knock-on innovation for GenAI. These
allow hardware and software systems to ac-
cess the AI model. For example, Nvidia’s
Isaac Software Development Kit (SDK) fa-
cilitates the integration of AI into robotics.
Access to AI through the SDK helps the
robot with environmental integration prob-
lems, such as simultaneously tracking its
location and mapping its environment. De-
velopment of multimodal models — which
can take in inputs of different kinds (text,
images, sensor readings) and output in-
structions to the robot, such as the rotation
and torque for a joint — has pushed robot-
AI integration forward (Reed et al., 2022;
Brohan et al., 2023). System interfaces also
enable the design of agentic AI systems,
which collect information during operation,
interpret context, make decisions and act
autonomously to pursue goals (Park et al.,

2023). Innovations in production line op-
erations have followed GenAI advances as
well. Serradilla et al. (2022) provide an
overview of the use of deep learning, in-
cluding GenAI such as generative adver-
sarial networks, to optimize line configu-
ration, throughput, efficiency, and carbon
footprint. Predictive maintenance using
synthetic data and scenario simulation is
another application for GenAI in industry.

Another area of knock-on innovation has
been the creation of AI agents. Agen-
tic AI systems develop strategies to pur-
sue broad goals and recalibrate in response
to their environment, in contrast to tool-
based AI, which has a stable structure and
calibration, and is only equipped to re-
spond to carefully crafted requests. For ex-
ample, specialized agents can handle health
care paperwork including making appoint-
ments, following up on treatment protocols

INTERNATIONAL PRODUCTIVITY MONITOR 11



and submitting insurance claims. In soft-
ware development, agentic tools have ex-
tended the copilot approach further. Tools
such as Anthropic’s Claude Code allow pro-
grammers to delegate command-line coding
tasks, such as debugging, refactoring, and
test execution, with the agent reading and
modifying files autonomously rather than
suggesting individual lines of code.

2.3 Core Innovation

Importantly, labour productivity (eco-
nomic performance, as opposed to bench-
mark performance) only rises when more
can be accomplished while holding input
costs fixed. Accordingly, we focus below
on (a) how innovations in model architec-
ture raise GenAI model capabilities with-
out raising training costs, (b) how hard-
ware innovations lower the cost of compu-
tation, and (c) how richer datasets can be
brought to bear on training.

2.3.1 Model Development, Training, and
Deployment

Early in the development of modern
GenAI, advances in performance were at-
tained primarily by increasing model scale
(number of parameters), computational
power, and training data (Kaplan et al.,
2020). That is, output (benchmark perfor-
mance) was increased by adding more in-
puts (Figure 5). For example, GPT models
had 117 million parameters in 2018 (GPT-
1) and as many as 175 billion in 2020
(GPT-3) (Shree, 2020). More recently, in-
creasing attention has been given to using
these inputs more efficiently. These effi-
ciency gains appear in four distinct stages:

leveraging insights into algorithm design to
make better models, improving model pre-
training, fine-tuning of those models, and
strategies to reduce the cost of inference
(running the deployed models).

The Transformer, which enables GenAI
to efficiently pay attention to context when
interpreting text, was the seminal algorith-
mic innovation for modern GenAI (see Box
1). Further progress on this “attention
mechanism” has followed. An example is
Mamba (Gu and Dao, 2023). In the origi-
nal transformer, computational burden is
proportional to the square of the num-
ber of parameters; Mamba achieves sub-
quadratic costs using a state-space model.
Other innovations have focused on what
can be achieved with smaller scale mod-
els; models from Microsoft and Mistral AI
have shown strong performance relative to
their size (Jiang et al., 2023; Abdin et al.,
2024). Open-source model development
has played a central role in this process.

Pre-training brings algorithms to a
dataset to produce a broadly applicable
“foundation model.” Between 2018 and
2022, a key pre-training tactic in the ef-
fort to improve GenAI performance was to
increase model size. Remarkably, algorith-
mic innovation has more than offset the
resulting increase in computational com-
plexity: the cost of training a model of
a given size was halved approximately ev-
ery eight months through 2024 (Ho et al.,
2024). This focus on scale abated to some
degree over time: by 2022, diminishing re-
turns to model size for foundation models
had appeared and researchers have increas-
ingly explored performance improvements
in fine-tuning and inference (Zeff, 2024).
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Fine-tuning refines the foundation model
for a specific application. Fine-tuning in-
novations have included transfer learning
(adapting an already fine-tuned model to
a related task with domain-specific data),
instruction tuning (guiding the model to
recognize instructions, not just predict the
next word; Taori et al., 2023), and re-
inforcement learning from human feed-
back (aligning the model outputs with hu-
man preferences; Christiano et al., 2017;

Ouyang et al., 2022). Once pre-trained and
fine-tuned, the model is used in inference
(responding to user requests). The aggre-
gate cost of GenAI inference — in terms of
electricity, time, computation, and carbon
emissions — has risen with the popularity
of GenAI, leading to a focus on techniques
to make this step more efficient.6

Conversely, some recent models have de-
liberately extended inference time to im-
prove performance with such techniques

6Among these innovations are the Mixture of Experts (MoE) approach — only activating a subset of model
parameters (Jacobs et al., 1991; Shazeer et al., 2017); pruning — removing extraneous parameters (Cetin et al.,
2024); distillation — compressing large models into smaller ones (Hinton, Vinyals, and Dean, 2015); quantization
— reducing numerical precision (Wang et al., 2023); and token caching — storing reusable computations (Pope
et al., 2023).
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Box 1: The Transformer

The transformer architecture, introduced
by Vaswani et al. (2017), was a game-
changer in AI, particularly as the engine
behind GenAI models. Its key innovation,
the “attention mechanism,” steers models
to focus selectively on relevant parts of the
prompt, enabling more efficient and accu-
rate processing of language. This break-
through has powered major advancements
in natural language understanding, trans-
lation, and generation, forming the back-
bone of today’s most advanced GenAI sys-
tems.

Transformers process input data through a
series of layers (steps), each consisting of
an attention mechanism followed by a mul-
tilayer perceptron (MLP, defined below),
proceeding as follows.

First, a representation of the prompt (in-
put text) suitable for analysis by the model
is created. Specifically, the prompt is bro-
ken into tokens (smaller pieces which may
be phrases, words, or parts of words). The
tokens are converted into embeddings (nu-
merical vector representations) which en-
code the semantic and syntactic meaning of
each token. Loosely speaking, for each to-
ken, the closest of the other tokens, as mea-
sured by the distance between their embed-
dings, are the ones most important to un-
derstanding its meaning.

Second, the attention mechanism processes
the matrix of token embeddings using
three large matrices called the “query,” the
“key,” and the “value.” For each token in
the input, the query is compared to the
keys of all tokens to compute attention
scores, which are used to form a weighted
average of values. This step allows each
token’s representation to incorporate infor-
mation from other tokens in the prompt
based on their contextual relevance.

Third, the data passes through an MLP, a
type of neural network. While the atten-
tion mechanism focuses on pairwise inter-
actions between tokens, the MLP applies
nonlinear functions (in contrast to the lin-
ear attention mechanism) in refining the to-
ken representations.

This sequence—of computing the attention
mechanism followed by the MLP—is re-
peated multiple times depending on how
many layers are in the model (for example,
the Llama-3 model has 32 layers), enabling
the model to capture increasingly abstract
features of the input text.

The performance gains from scaling of
this system through increasing the size of
these matrices—along with larger train-
ing datasets and improvements in hardware
and processing algorithms—underpins the
rising ability to handle complex language
tasks.

as chain-of-thought reasoning (Wei et al.,
2022). A salient example of the cumulative
effect of these innovations is DeepSeek R1,
released in January 2025, which blended
several of these approaches, including MoE,
chain-of-thought reasoning, and reinforce-
ment learning and distillation, to achieve
frontier-level performance at a fraction of
the cost of comparable models (DeepSeek-
AI, 2024).

2.3.2 Hardware

In addition to the software and oper-
ational choices described above, GenAI
model training and inference costs rely crit-
ically on the state of electronic hardware.
Because the workloads generated by GenAI
training are best handled with massive
parallel computation, graphics processing
units (GPUs), which are designed for
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parallel processing, play a central role.7

Successive GPUs released by NVIDIA have
delivered leaps in AI performance through
improvements in processing core (CUDA)
design, the addition of on-chip tensor cores,
which accelerate matrix calculations, and
massive amounts of high-speed integrated
memory. In addition to these circuit de-
sign innovations, hardware cost improve-
ment depends on advances in basic and ap-
plied science that permit greater miniatur-
ization and power-efficiency for electron-
ics.8 While the engineering performance of
leading-edge GPUs has rocketed upwards
in recent years, prices have increased dra-
matically as well, but by less than per-
formance: In 2007, a $349 GPU provided
0.3 teraflops (TFLOPS) of compute and in
2024, a $299 GPU delivered 15.1 TFLOPS,
implying an average annual rate of price
decline of 24 per cent that persisted for 17
years (Figure 6). This example is represen-
tative of a broader trend.

More recently, NVIDIA’s Blackwell GPU
architecture, introduced in 2024, roughly
quadrupled the inference throughput of
LLMs (tokens per second) at comparable
power consumption, relative to prior mod-
els like the Hopper. Such hardware gains
amplify the algorithmic efficiency improve-
ments described above for training as well.
Given that agentic AI systems involve long,
multi-turn interactions in which input text

is reused across steps, these types of gains
are particularly consequential for the rise
of agents discussed in Section 2.2, where
inference costs rather than training costs
are binding constraints on adoption.

2.3.3 Datasets

GenAI models “learn” by adjusting pa-
rameters to best represent the content of
large amounts of text, allowing them to
choose the word that should appear next in
response to a user’s prompt. Figure 5 illus-
trates the increase over time in the size of
the datasets used in training and the asso-
ciated improvement in (benchmark) perfor-
mance. A crucial nuance to this aspect of
model improvement is that access to more
information, not more text, is needed to
continue to improve GenAI models. Di-
minishing marginal returns set in as devel-
opers move from information-rich content,
such as Wikipedia and scientific articles to
noisier text like social media posts.

One approach to mitigating the con-
tent constraint is transfer learning, where
a model pre-trained with public data is
improved by further training using propri-
etary data. Another approach is data aug-
mentation, such as incorporating small, lo-
calized modifications of the training data.
For example, the performance of an image
recognition model may be improved by

7 Specialized chips, such as tensor processing units (TPUs) customized for matrix multiplication, have increased
computational efficiency as well.

8 The frequent release of new generations of semiconductors belies the difficult challenges faced in achieving each
one. The Institute of Electrical and Electronics Engineers regularly publishes “roadmaps” detailing the prob-
lems that must be solved for continued improvement in electronics performance (see International Roadmap
for Devices and Systems (IRDS™) 2024 Edition https://irds.ieee.org/editions/irds2024/.)

9 This approach was taken by the developers of AlexNet, a model which revolutionized the field (Krizhevsky,
Sutskever, and Hinton, 2012).
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supplementing the training set of labeled
images with their mirror images.9 “Syn-
thetic data”, where generative models cre-
ate new data to emulate patterns and char-
acteristics of real data has been explored
as well (Liu et al., 2024).10 Last, datasets
can be augmented by harvesting informa-
tion collected with sensors, particularly in
physical environments such as industrial
robots and autonomous vehicles (Feng et
al., 2019).

3. GenAI as Invention in the
Method of Invention

Like other sectors, efficiency in the re-
search sector can be increased using ap-
propriate capital, such as inventions in the
method of invention (IMI). We consider be-
low whether GenAI is such an invention
and whether it can contribute to research
productivity beyond what is contributed by
predecessor AI technologies. We then re-
view broad indicators of AI’s role in

10 Some observers have raised concerns that training with synthetic data (and AI-generated text increasingly
present on the internet) will yield low-quality or even nonsensical results, a phenomenon known as “model
collapse” (Alemohammad et al., 2023; Shumailov et al., 2023). Others have argued that model collapse only
occurs when the original training text is replaced by model-generated text (Gerstgrasser et al., 2024).
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research: patent filings, the share of AI use
by workers in research roles, and new evi-
dence on AI references in company confer-
ence calls.

Eloundou et al. (2024) note that “scien-
tists and researchers” and “technologists”
are the job groups most highly exposed
to LLMs, suggesting substantial potential
for research and development (R&D) pro-
ductivity enhancement from GenAI. Prior
to GenAI, AI had already diffused widely
across scientific disciplines and improved
research efficiency (Carobene et al., 2024).
Cockburn, Henderson, and Stern (2019;
2023) note that pre-generative AI assists
with the “labour-intensive search with high
marginal cost of search” involved in many
types of R&D. Agrawal et al. (2018), em-
phasize that AI improves prediction, which
plays a central role in research; for exam-
ple, machine learning has also been used
extensively for predicting the properties of
novel metal alloys, economizing on physi-
cal experimentation and computer simula-
tions (Hart et al., 2021). Our focus is on
the question of whether GenAI enables ad-
ditional efficiencies in R&D beyond these
and other improvements provided by ma-
chine learning. We group IMIs into en-
hancements to observation, analysis, com-
munication, and organization.

3.1 Observational

Observational tools, such as micro-
scopes, telescopes, and cameras are central
to scientific advance (Mokyr, 2004). These
tools are invariably limited in that they

produce imperfect data due to defects in
their components and variation in the envi-
ronment. GenAI provides a tool to enhance
imperfect portions of data. For example,
generative techniques for image enhance-
ment perform better than techniques, such
as splines, relying solely on smoothness as-
sumptions (i.e., that nature does not make
leaps) (Liu et al., 2018; Lugmayr et al.,
2022). GenAI can approximate the man-
ifold of the data generating process, im-
plicitly accounting for the actual physics,
say, of a remote galaxy seen through an im-
perfect lens. More generally, imputation of
missing observations in datasets of all kinds
is possible in a fashion consistent with the
apparent properties of the underlying phe-
nomena.

3.2 Analytical

GenAI can be used as an analytical tool
as well. Caliskan, Bryson, and Narayanan
(2017), for example, find that “text cor-
pora contain recoverable and accurate im-
prints of our historic biases.” This new vis-
ibility may promote analysis of previously
intractable social science questions. There
has been an explosion of sentiment anal-
ysis and other forms of natural language
processing in recent years fueled by this
capability of GenAI.11 While the identifi-
cation of underlying sentiment (encoding)
is strictly speaking, a function of the LLM,
conveying the discovered sentiment to the
user is necessarily a generative process. Ko-
rinek (2023) documents a variety of poten-
tial roles for GenAI in the economic

11 Sentiment analysis is possible with earlier forms of AI but the capabilities of GenAI models are vastly greater
(Gentzkow, Kelly, and Taddy, 2019; Dell, 2025).
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research process; that GenAI may play a
similar role in many other fields is a rea-
sonable conjecture.

3.3 Organizational

The organization of science may benefit
from the use of GenAI. Institutional orga-
nization plays a central role in the effec-
tiveness of R&D (Mowery and Rosenberg,
1999), as do informal associations into pro-
fessional networks (Wang and Barabasi,
2021) and geographic clusters (Porter and
Stern, 2001). Consequently, the method
of invention for any given research pro-
gram properly includes the institutions in-
volved. Emerging applications of AI “digi-
tal twins” offer the prospect of R&D with a
reduced institutional footprint in many ar-
eas of study. Among these are drug discov-
ery (Bordukova et al., 2024), industrial re-
search (Tao, Zhang, and Zhang, 2024), and
materials science (Kalidindi et al., 2022).
GenAI tools can help with applied science
as well, such as designing products that
meet technical and aesthetic specifications.
Moreover, the design process itself can be
transformed to create a range of options,
not just one-off designs, together with de-
tailed manufacturing specifications (Saadi
and Yang, 2023).

3.4 Communication

Perhaps most obviously, GenAI is a com-
munication tool. Although empirical and
analytical stages of research projects focus
on measurement and calculation, many as-
pects of the research process involve manip-
ulating language. GenAI may be employed
in the writing tasks involved in the concep-
tual, planning, and dissemination stages of

research projects, such as drafting litera-
ture reviews, grant applications, and sem-
inar slides. Whether GenAI improves the
efficiency of such tasks on net, once the ef-
fort needed for review and editing of the
documents drafted by GenAI is accounted
for, is an open question. If so, GenAI may
play a similar role to the printing press and
word processing as a catalyst to the inven-
tion process.

3.5 Indicators of GenAI Research and
of GenAI Use in Research

Substantial suggestive evidence has
emerged that GenAI has enhanced research
performance. AI-related patents issued by
the United States Patent and Trademark
Office (USPTO) increased following the ad-
vent of GenAI, suggesting a related surge
in GenAI research (Figure 7) (Pairolero,
2025). The USPTO index of AI-related
patents began climbing in 2018, shortly af-
ter the publication of the seminal paper by
Vaswani et al. (2017) quickly reaching a
level 50 per cent higher, which it has sus-
tained since 2019. We also observe that
increases in patent activity for AI modali-
ties particularly related to GenAI — natu-
ral language processing, vision, speech, and
knowledge processing — have risen even
further. This suggests that the recent surge
in patenting activity is not merely a reflec-
tion of advancements in machine learning.

Handa et al. (2025) provide a rich
set of information on GenAI use in their
Anthropic Economic Index (AEI), assign-
ing millions of conversations from Claude
(Anthropic’s premier GenAI system) to
roughly 3,500 of the tasks defined by
the U.S. Department of Labor’s O*NET
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Dataset. Table 1 shows the estimated
share of prompts accounted for by occu-
pational groups, their employment share,
and the ratio of the two. (If prompts
were equally distributed across all work-
ers, these ratios would each be equal to
1.) “Computer and mathematical occupa-
tions”, which includes the computer pro-
grammers for whom GenAI use is especially
intense, have the highest ratio of prevalence
of GenAI use to occupational prevalence
and use intensity is nearly as high among
scientists. Other occupational groups with
high relative prevalence of GenAI use in-
clude “arts, design, sports, entertainment
and media”; “architecture and engineer-
ing”; and “educational instruction and li-
brary”. The remaining 87.6 per cent of em-
ployment is accounted for by occupations
which AEI found had a share of Claude
prompts roughly equal to or lower than
their share of employment, highlighting the
concentrated nature of GenAI adoption in

the economy at present.
Figure 8 illustrates significant automa-

tion and augmentation of tasks among our
groupings of research occupations: pro-
grammers exhibit the highest automation
rate, with over half of the requests han-
dled by GenAI being automation tasks. So-
cial science researchers show slightly lower
automation rates, with economists show-
ing over 23 per cent of their prompts be-
ing automation focused. Notably, for hard
science researchers (e.g., physicists, bio-
chemists), the share of their GenAI use for
automation is nearly 15 per cent higher
than their natural science counterparts.
This difference likely reflects AI’s strength
in data-intensive and simulation-based re-
search such as those found in hard sciences
like physics and materials science.

Firm communication also reveals
GenAI’s integration into the invention pro-
cess. Figure 9 plots the number of firms
referencing AI in the context of research,
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as indicated by the firms mentioning
an AI-specific term (“machine learning,”
“deep learning,” “artificial intelligence,”
“GenAI”, or “generative AI”) within a
research-related context (within 10 words
of “inventi-”, “research-”, or “discover”). A
sudden rise appears in 2023, with approx-
imately 60 public companies per quarter
mentioning such usage. This increased in-
tegration of AI with R&D illustrates the
role it plays in corporate innovation.

4. Tailwinds and Headwinds
for Productivity Growth from
GenAI

The qualities of GenAI and the limited
evidence on its application suggest that two
substantial tailwinds support a forecast of
a noteworthy increase in productivity from
the technology. GenAI has features typi-
cal of both a GPT — headed toward being
widely used, stimulating related

innovation, and displaying ongoing im-
provement in (economic) performance —
and an IMI — raising the efficiency of
R&D through improvements to observa-
tion, analysis, communication, or organi-
zation. Because both GPTs and IMIs pro-
mote productivity growth for extended pe-
riods, it is reasonable to expect GenAI will
have a noteworthy impact on productivity.
That being said, we note several headwinds
that should be taken into account.

First, whether the organizational change
needed for GenAI to be a true GPT will
take place is an open question. AI sys-
tems that preceded GenAI demonstrated
the need for cross-functional teams with
access to data that spans the enterprise,
breaking down barriers between business
units, optimizing supply chains, and real-
locating employees to de-emphasize repet-
itive writing tasks (Iansiti and Lakhani,
2020). Bresnahan (2024) observed that
adoption was concentrated in places where
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complementary innovation was less neces-
sary, such as in firms that were highly digi-
tized from their founding. These digital na-
tives will surely lead the charge for GenAI
as well. For other firms, the pace and suc-
cess of reorganization innovation will be a
key determinant of the scale and timing of
productivity effects from GenAI.

Relatedly, the reliance of GPTs on com-
plementary investment tends to damp the
effect on labour productivity growth. For
example, the effect on the productivity
level of solid-state computing was large,
but it played out over decades. Mas-
sive advances in computational technology,
including the invention of the solid-state
transistor and the fundamentals of system
design had accumulated by the end of the
1940s and a steady decline in computing

costs had begun (Nordhaus, 2007). The
surge in productivity attributed to infor-
mation technology arrived some fifty years
later.

Third, investment to develop and deploy
new technologies is fraught with risk. If
GenAI is a widely adopted “killer app” that
defines a new era of IT, the computing ca-
pacity needed to deliver GenAI to millions
of simultaneous users will be massive. An-
ticipation of this outcome helps explain the
recent wave of irreversible investment in
data centers and power generation (Figure
10). Historically, when such forecasts have
proven wrong, the negative consequences
of the resulting capital overhang have been
substantial.
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Fourth, the scope of application of
GenAI as an IMI remains to be seen as
well. For example, whether GenAI can
uncover fundamental features of phenom-
ena is a matter of some debate. Li et al.
(2022) present evidence that GenAI does
develop such knowledge in an “emergent
world model.” Others argue that GenAI
is employing a “bag of heuristics.”12 This
question is a crucial one in determining
the capabilities of GenAI to contribute to
science. Without a model of underlying
structure, one cannot articulate fundamen-
tal laws. This limitation may be inherent
to how GenAI is trained: humans learn sci-
entific fundamentals from textbooks, but
such laws may not form the rhetorical back-
bone of the verbal exchanges that dominate
training corpora.

Fifth, we expect that GenAI will boost
productivity growth relative to the counter-
factual economy without it, but the growth
effect of machine learning (and other IT in-
novations) may be waning. The impact of
GenAI will have to match the impact of
machine learning for the economy simply
to match the recent history of productivity
growth. In other words, the digital revo-
lution may be baked into the productivity
trend and GenAI is just its latest form.

5. Conclusion

The release of ChatGPT in late 2022 was
a stark inflection point in public interest in
GenAI and predictions of a first-order im-
pact on productivity in the future soon fol-
lowed, but its economic effects remain

uncertain. To complement the limited em-
pirical evidence, we ask what the charac-
teristics of GenAI suggest its future impact
on productivity may be. We conclude there
is strong evidence that GenAI has the po-
tential to be both a GPT and an IMI. We
therefore expect a noteworthy increase in
labour productivity from GenAI, though
the headwinds we cite suggest the range of
plausible outcomes is wide with respect to
both the magnitude and timing of the in-
crease.
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Despite major advances in technology, productivity growth has slowed across advanced

economies. Brynjolfsson, Rock and Syverson (2021) argued that, due to the large intangible

investments associated with digitalization, total factor productivity (TFP) growth may be

underestimated and be higher after the investment boom. The resulting gap between

standard and revised measures produces a J-shaped pattern, the “productivity J-curve”.

Building on this work, we examine productivity estimates for five advanced economies:

France, Germany, Japan, the United Kingdom and the United States. Using the estimated

coefficients on intangibles (research and development, software, and organizational capital)

in the value functions of listed firms over 2006-2020, we find that TFP underestimation

caused by large intangible investments was largely unique to the United States, and was

much smaller in Europe and Japan. This result is consistent with the recent productivity

rebound in the U.S. and reinforces the call for investment in innovation in Europe and

Japan.

*Authors are listed in alphabetical order and all contributed equally to this article. Ahmed Bounfour: Université
Paris-Saclay and Africa Business School/UM6P is the corresponding author (Email: ahmed.bounfour@universite-
paris-saclay.fr). Kazuma Edamura: Kanagawa University. Takayuki Ishikawa: Kanagawa University. Tsutomu
Miyagawa: RIETI and Gakushuin University. Alberto Nonnis: ESLSCA Business School Paris. Konomi Tonogi:
Rissho University. We thank anonymous referees for constructive comments. We thank Professors Abdul Erum-
ban, Cecilia Jona-Lasinio, Kenji Tanaka and Bart van Ark for their insightful suggestions and comments at
Gakushuin University, the 8th World KLEMS Conference, the Japan Economic Association 2025 Spring meeting
and the 10th Society for the Economic Measurement conference. This study is conducted as a part of the Project
“On Productivity Growth through Comprehensive Capital Accumulation” undertaken at the Research Institute
of Economy, Trade and Industry (RIETI). We would like to thank Dr. Kyoji Fukao, Dr. Eiichi Tomiura, and
Professor YounGak Kim of the RIETI DP Seminar for their helpful comments. Our study is supported by
Grants-in-Aid for Scientific Research from the Ministry of Education, Culture, Sports, Science and Technology
(No. 22KK0021 and 23K01381) of Japan, and the Japan Securities Scholarship Foundation. Support was also
provided by the European chair on intangibles of the Université Paris-Saclay, for the French team. Any remaining
errors should be attributed to the authors.

INTERNATIONAL PRODUCTIVITY MONITOR 27



1. Introduction

Digitalization in the 21st century has
revolutionized our lives and businesses.
While one would expect this profound dig-
ital transformation to lead to faster pro-
ductivity growth and higher living stan-
dards, productivity growth rates in the ad-
vanced countries have generally stagnated
since the 2010s (Fernald, Inklaar and Ruzic
(2025), Goldin, Koutroumpis, Lafond and
Winkler (2024) and Van Ark, de Vries and
Erumban (2024)). Over this time, two ma-
jor digital innovations have emerged: first,
the rise of platform organizations such as
Airbnb and Uber in the early 2010s, and
second, the development of generative ar-
tificial intelligence (AI) businesses such as
OpenAI. These seemingly conflicting de-
velopments — of faster digitalization and
slower productivity growth — have led to
academic and policy debates on the eco-
nomic effects of digitalization on produc-
tivity growth.

The issues can be framed within the
broader challenge of measuring the impact
of the digital economy, or any other techno-
logical revolution, on growth. As argued by
Aghion et al. (2019), official statistics do
not correctly capture prices. Because new
entrants tend to offer lower prices than in-
cumbents, true price levels are lower than
those published by official statistics, and
the true real value added is higher.

One specific challenge concerns the accu-
rate measurement of intangible capital in
the national accounts framework.

Following the standard measure, total fac-
tor productivity (TFP) growth is low dur-
ing periods of high investment in digitaliza-
tion, because increasing adjustment costs
associated with new investments depress
gross domestic product (GDP). As a result,
TFP growth decreases during the invest-
ment boom.

Brynjolfsson, Rock and Syverson (2021)
developed an alternative, finance-based ap-
proach to measuring intangibles. They
build on the standard neoclassical invest-
ment theory with adjustment costs — as
developed by Lucas (1967) and Uzawa
(1969) — which holds that capital forma-
tion requires additional expenditures (such
as employee training and organizational
change) which should be treated as capi-
tal investment, even though traditional in-
vestment treats them as temporary out-
lays. They then estimated the parame-
ters of adjustment costs of investment and
used them to revise the standard measure
of TFP growth.

Once the adjustment costs are recog-
nized as intangible investments, the revised
GDP does not fall and the revised TFP
growth rate becomes stable. Because the
standard TFP growth rate recovers after
the investment boom, the movements in
the gap between the standard TFP growth
rate and the revised TFP growth rate re-
semble the letter J. Hence BRS (2021)
called these movements the “productivity
J-curve”.1 They argued that this model
can explain the low productivity rate dur-
ing the investment boom in the platform

1 According to BRS (2021), Larry Summers pointed out that the shape of productivity resembles the J-curve in
the balance of trade literature.
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industry and AI. Miyagawa, Tonogi and
Ishikawa (2021) found that, in Japan, the
difference between standard and revised
TFP in information and communications
technology-intensive industries followed a
J-curve shape at least twice between the
late 1990s and the 2010s.

In this paper, we extend the approach to
measure intangibles and the revised TFP
growth rate developed by BRS (2021) to
several large countries in Europe as well
as the U.S. and Japan. As Goldin et al.
(2024) pointed out, not only Japan and
the U.S., but also many European coun-
tries suffered from a productivity slowdown
in the official statistics in the 2010s. How-
ever, the speed of digitalization and techno-
logical progress in the U.S. may have been
faster than in the other advanced countries.
For example, due to strict regulations, ride-
sharing services have not yet been permit-
ted in Japan, and the EU has regulated the
monopolistic behavior by gatekeepers such
as Amazon and Google.

The aim of our article is twofold. First,
we examine to what extent the produc-
tivity slowdown in the advanced countries
in the 2010s is overstated, by computing
TFP measures adjusted for intangible cap-
ital, and examining whether the resulting
gap follows a productivity J-curve pattern.
This allows us to evaluate whether TFP
growth during the 2010s is likely to have
been underestimated. Second, we aim to
clarify the scale and speed of digitaliza-
tion by measuring underestimation of TFP
growth induced by software investment.

Our empirical findings show that the
productivity slowdown observed in the
2010s may have been overstated, as TFP
was underestimated to some extent in all

advanced countries. When focusing on cap-
ital formation such as R&D, software and
organizational capital required to introduce
new technologies, we find that productiv-
ity growth in the U.S. is largely underes-
timated, consistently with what was found
by BRS (2021). In particular, rapid ac-
cumulation of intangible assets associated
with software investment generated under-
estimation of U.S. TFP growth. Com-
pared to the U.S., the scale of the un-
derestimation of TFP growth rates in Eu-
ropean countries and Japan is relatively
small. Our results imply that European
and Japanese firms depend on software cre-
ated by U.S. firms which make large outlays
to develop software. The low associated
costs with capital formation in organiza-
tional capital in European countries and
Japan imply that firms have been reluc-
tant to make large investments in organi-
zational change — which would have gen-
erated large adjustment costs, as was the
case in the United States.

This article consists of six sections. In
the next section, we review the literature
on measurement issues related to GDP and
intangibles, the productivity slowdown in
advanced countries, and capital formation
with multiple assets. In the third section,
we present our data and model to esti-
mate the parameters of adjustment costs
of investment. Using listed firms’ data in
five advanced countries (France, Germany,
Japan, the UK and the U.S.), we estimate
two types of equations where explanatory
variables consist of multiple assets: one
consists of four assets (construction and
buildings, machinery, R&D and software)
and the other of five assets by adding orga-
nizational capital.
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The fourth section shows our estimation
results. We find that many assets are ac-
companied by associated costs with invest-
ment. In particular, investment in R&D
assets is accompanied by high costs, for ex-
ample because of the need for highly paid,
high-skilled R&D workers. In the case
of the U.S., the estimated coefficients for
all assets suggest that capital formations
generate large expenditures for intangibles
which are consistent with BRS (2021).

The fifth section computes the revised
TFP growth rates, using the parame-
ters from these estimations, and examines
whether the resulting gap relative to the
standard TFP measures produces under-
and over-estimations compatible with the
J-curve theory. First, we revise TFP to ac-
count for intangibles associated with R&D,
software and organizational capital, which
are the key components of recent techno-
logical progress. As for R&D, we find that
the J-curve effects generated by this type of
asset are rather small, indicating minimal
measurement issues associated with R&D.
For software, we find that the U.S. incurred
substantial associated costs as rapid digi-
talization accelerated software investment
during the 2010s. Our results suggest that
the U.S. productivity growth rate is under-
estimated by up to 1.4 percentage points
when correcting for software, and 1.6 when
correcting for software, R&D, and organi-
zational capital. In France and Japan, we
find small underestimation of TFP growth
rate generated by the organizational cap-
ital, implying that those firms appear to

have avoided such costs by limiting organi-
zational investment. When we correct TFP
for all intangible types in our data collec-
tively, using the combined estimated coef-
ficients, we again find a large underestima-
tion of TFP growth in the United States.

In the last section, we summarize im-
plications obtained from our estimation
results and policy implications from our
study.

2. Related Literature

Our paper relates to multiple research
areas, such as measurement issues on GDP
and intangibles, the productivity slowdown
in advanced countries, and capital forma-
tion with multiple assets. Regarding the
measurement of GDP, Erik Brynjolfsson
and co-authors published at least three rel-
evant articles. For example, Brynjolfsson
et al. (2019) discuss the measurement of
GDP noting that, as official GDP is a mea-
sure from the production side, the value of
software provided for free is not counted in
the current GDP framework. Hence, they
suggest that GDP in the digital age should
be measured from the consumer side, which
they call “GDP-B”. Tambe et al. (2020)
measure digital capital based on the num-
ber of workers in digital firms, and find a
positive relationship between digital cap-
ital and productivity growth. Brynjolfs-
son, Rock and Syverson (2021, henceforth
BRS), which focuses on the measurement of
intangibles and TFP growth, was discussed
in the introduction as the central reference
for our study.2

2 Basu et al. (2003) suggested that adjustment costs in the neoclassical theory should be recognized as intangi-
bles.
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Coyle and Nakamura (2022) also argue
that GDP should be measured, not from
the production side, but the consumer side.
Hasegawa (2023) and Miyagawa (2024) re-
fer to the experimental measures of the dig-
ital economy by the Cabinet Office of the
Government of Japan which show that the
digital economy accounted for 8.6 per cent
of GDP in Japan in 2018. Miyagawa (2024)
also measured the scale of digitalized inputs
that are not recognized as assets in the cur-
rent System of National Accounts (SNA),
such as the cloud and AI procured services.
Finally, the World Bank estimates that the
digital economy contributes more than 15
per cent to global domestic product (Hayat,
2022).

There are many studies on the produc-
tivity slowdown in advanced countries. As
stated in the introduction, Aghion et al.
(2019) argue that true productivity would
be higher than official productivity growth,
if the statistics correctly captured the new
economy due to digitalization. In contrast,
Gordon (2016) argues that the recent U.S.
productivity slowdown is to be expected
because recent digital transformation has
been less effective in improving living stan-
dards compared to the main innovations
of the 20th century, such as running wa-
ter, electricity, automobiles and washing
machines. Acemoglu et al. (2014) argues
that slower U.S. productivity growth was
caused mainly by the decline in manufac-
turing employment, rather than technolog-
ical progress as a result of digitalization.
Goldin et al. (2024) examine which factors
affected the productivity slowdown in the
advanced countries by decomposing labour
productivity growth into the contributions
from capital deepening, labour

composition, and TFP growth. In the U.S.,
both capital deepening effects and TFP
growth slowed labour productivity growth,
while slower TFP growth was the ma-
jor factor behind the slowdown in France.
Mismeasurement and allocative inefficiency
had particularly large effects on French
TFP growth. In Japan, capital deepen-
ing has slowed significantly while spillover
effects from intangibles and trade are also
found to be a crucial factor for weaker pro-
ductivity growth.

The theoretical background of our pa-
per is based on the neoclassical theory of
investment with multiple assets. Follow-
ing the theory of investment with a single
asset (Lucas, 1967; Uzawa, 1969; Hayashi,
1982), the theory with multiple assets was
developed by Wildasin (1984). Hall (2001),
Miyagawa and Kim (2008) and Miyagawa,
Takizawa and Edamura (2015) show that
a firm’s value can be expressed as the
weighted sum of each asset under the as-
sumption of linear homogeneous produc-
tion and investment functions. Hall (2001)
argues that when Tobin’s q for a firm ex-
ceeds 1 it indicates the value of intangi-
bles. This indicates that the stock mar-
ket evaluates unmeasured intangibles in a
firm’s balance sheet. Following this argu-
ment, Miyagawa et al. (2015) show that
Tobin’s q, when only measured on the basis
of tangible capital, is greater than 1 for the
Japanese ICT firms. However, when con-
sidering unmeasured intangibles on these
firms’ balance sheets, the revised Tobin’s
q becomes closer to 1. This suggests that
unmeasured intangibles in ICT firms con-
tribute to increased firm valuations.
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3. Data

As noted by BRS (2021) and further de-
veloped by Miyagawa, Tonogi and Ishikawa
(2021) and Bijnens, Konings and Putseys
(2025), the introduction of a new General-
Purpose Technology (GPT) often triggers
an initial phase of investment in many asso-
ciated intangible assets which may go unac-
counted for, resulting in TFP mismeasure-
ment. This measurement problem could
arise from excluding certain intangible as-
sets from national accounts, which BRS
(2021) call “intangible correlates”. These
complementary, correlated intangible in-
vestments — such as those used to adapt
workers and business organizational struc-
tures to technological advancements — of-
ten do not appear in national accounts
because they lack physical form, have ad
hoc characteristics, are difficult to quantify,
and are often treated as expenses rather
than capitalized as investment (Bavdaž et
al., 2023; Bounfour and Nonnis, 2025; Non-
nis, Bounfour and Kim, 2023). As pointed
out by Brynjolfsson, Hitt and Yang (2002)
and BRS (2021), the stock market valua-
tion of firms differs from book values at
least partly due to the valuation of these
intangible correlates, which are not visible
in the books, but are reflected in the firm’s
overall market capitalization.

Assuming financial markets correctly
evaluate these intangible assets, their im-
plicit worth can be retrieved by estimat-
ing “market value regressions", where the
market value of the firm is regressed on its
tangible and intangible assets:

Vit = const. + a1TA1it−1 + a2TA2it−1

+ a3RDit−1 + a4SOFTit−1 + µt + vi + ϵit

(1)

Vit = const. + b1TA1it−1 + b2TA2it−1

+ b3RDit−1 + b4SOFTit−1 + b5ORGit−1

+ µt + vi + ϵit (2)

In equations (1) and (2), Vit is the firm
value of firm i at time t, with Vit = psitSit+
Dit, where psit is the share price, Sit is num-
ber of shares outstanding and Dit is debt
for firm i. TA1it and TA2it are the tangible
assets of buildings and construction, and
machinery. RDit, SOFTit, and ORGit, are
the research and development capital stock,
software assets, and organizational capital,
respectively.

We obtain all data, except for SOFTit

and ORGit, directly from the Orbis
dataset. The software variable SOFTit

for each firm i is calculated by multiply-
ing the total assets of firm i by the ratio
of software to total assets at the industry
level, obtained from the EUKLEMS/IN-
TANProd data released in 2023 (Bontadini
et al., 2023; 2024) and the Japanese Indus-
trial Productivity (JIP) 2023 database.

Some software programs such as AI and
online meeting tools are often on a sub-
scription basis, whose costs are not counted
as assets but as part of sales, general and
administration costs (SG&A). The Basic
Survey of Japanese Business Structure and
Activities (BSBSA) conducted by Ministry
of Economy, Trade and Industry shows that
the share of these ICT costs in the total
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SG&A costs is 3 per cent. Using this data,
and a depreciation rate of 33 per cent based
on the Japanese SNA, we capitalize infor-
mation and communication costs in SG&A.
Then, SOFTit is a sum of software stock
constructed from the industry-level data
(EUKLEMS/INTANProd Data), and cap-
italized assets are constructed from infor-
mation and communication costs data (BS-
BSA survey data).3

Although we use the SG&A data from
the Orbis dataset, we make additional ma-
nipulations to construct ORG.4 Hulten and
Hao (2008) and Eisfeldt and Papanikolaou
(2013) recognized 30 per cent of SG&A
costs as capital formation in organizational
capital. Therefore, while we recognize one-
tenth of the organizational capital defined
in previous studies as software investment,
we classify the remainder as investment in
our newly defined organizational capital.
We construct organizational capital stock
by the perpetual inventory method, with a
depreciation rate of 40 per cent based on
Corrado, Hulten and Sichel (2009).

Table A1 in the annex shows summary
statistics for firms in France, Germany,
Japan, the UK and the United States. We
expect all coefficients on each asset to be

positive. When the coefficient of an asset is
greater than its asset price, this shows that
capital formation in this asset is accompa-
nied by adjustment costs that are accumu-
lated as intangibles.5

4. Estimating Firm Value Func-
tions

We estimated equations (1) and (2) for
the period from 2006 to 2020 using both
pooled OLS and system GMM estimators
(Arellano and Bond, 1991; Arellano and
Bover, 1995; Blundell and Bond, 1998),
which allowed us to control for the poten-
tial endogeneity of the explanatory vari-
ables. In the GMM specification, we treat
firms’ investment decisions as fully endoge-
nous and use lagged variables starting from
at least the second lag as instruments. This
assumes that capital assets may be corre-
lated with current and past shocks, but un-
correlated with future shocks (Ackerberg,
Caves and Frazer, 2015).6 The lag struc-
ture in each estimation is selected in or-
der to satisfy the Hansen test for over-
identifying restrictions and the Arellano-
Bond AR(2) test for second order serial cor-
relation in the residuals.7

3 Although BSBSA covers only Japanese firms, we use the ratio of information and communication costs in the
total SG&A costs in all samples, because these subscription costs are not counted as assets in firms in the
advanced countries.

4 SG&A is widely used as a proxy for organizational capital measurement in finance literature (see Lev and
Radhakrishnan, 2003).

5 However, as price indices usually move around 1, we focus on whether an estimated coefficient is greater than
1 for the condition to draw a productivity J-curve.

6 Our endogeneity assumption is relatively strong, as it allows regressors to be correlated with current shocks.
A less restrictive assumption would treat regressors as predetermined, i.e. uncorrelated with current shocks,
and use lagged variables starting from the first lag as instruments, but resulted in unsatisfactory diagnostics
(Hansen and AR(2) tests).

7 We select estimations in which the Hansen test p-value is significant (above 0.10) but not too large, to avoid
the risk of instrument proliferation, ideally targeting values around 0.2.
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The estimation results for Equations (1)
and (2) are reported in Tables 1 and 2, re-
spectively. In each table, the model is esti-
mated for the full sample (columns 1-2) and
separately for each country (columns 3-12).
Odd-numbered columns are pooled OLS es-
timates, while even-numbered columns are
system GMM estimates.

Tables 1-1 and 1-2 show that almost
all coefficients are positive and significant.
This implies that all assets contribute posi-
tively to firm valuations. In the estimations
using data from all countries, all OLS coef-
ficients are positive, significant and greater
than 1, even though the coefficient of ma-
chinery assets is less than 1 in the GMM
estimation. The coefficients for intangibles
(R&D and software) are greater than 1 in
both estimations.

The country-level estimation results dif-
fer across countries. The results for the
U.S. (columns 11 and 12) indicate that all
assets contribute to the accumulation of
intangibles, as their coefficients are posi-
tive, significant and greater than 1. These
results are consistent with those for the
U.S. shown in BRS (2021). In the other
countries, the majority of R&D and soft-
ware coefficients are greater than 1, indi-
cating positive hidden adjustment costs or
correlated unmeasured intangibles. Follow-
ing BRS (2021), we interpret these coeffi-
cients as reflecting financial markets’ valu-
ation of intangible assets relative to their
theoretical investment costs. Occasionally,

country-specific coefficients fall below one
(e.g., R&D in Columns 5 and 10, or soft-
ware in columns 3, 4 and 7).8 In princi-
ple, this would imply that financial mar-
kets value the asset less than its theoretical
investment cost, suggesting rapid obsoles-
cence or inefficiency. However, given the in-
herent disruptive nature of these assets and
the prevalence of coefficients greater than
one in our estimations, we interpret these
lower values as anomalies, due to statis-
tical limitations of the econometric model
or financial market inefficiencies. There-
fore, rather than assuming a theoretically
implausible negative intangible investment,
we substitute these specific estimates with
their corresponding full sample baseline to
maintain economic consistency.9

The same rationale is applied to the es-
timation of Equation (2) in Table 2. While
the number of positive and significant coef-
ficients greater than 1 is lower than in Table
1, the U.S. estimates remain robust, with
all intangible coefficients positive, signifi-
cant and greater than 1. All coefficients
of software capital in Table 2 are smaller
than those in Table 1. Especially, software
coefficients in Japan are less than 1. As
for organizational capital, we find positive
and significant coefficients greater than 1,
except in column 10.

8 The low costs associated with software investment in Japan may be due to the large share of customized
software in Japan, which does not require additional training costs for employees.

9 As a robustness check, an alternative approach would be to constrain these coefficients to 1, assuming therefore
zero unmeasured intangible investment rather than negative. This test does not alter our final conclusions in
the next section.
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5. Revised TFP and Productiv-
ity J-Curves

Following BRS (2021), we revised TFP
measures to account for intangible corre-
lates using the estimated coefficients in
Equations (1) and (2). As explained in
Section 1, estimated coefficients include ad-
justment costs of investment. If an esti-
mated coefficient of an asset i divided by
price of asset i is higher than 1, we are able

to identify intangible correlates associated
with capital formation in asset i and revise
the standard measure of TFP growth rate
accordingly. The gap between the stan-
dard measure of TFP growth, gA, and the
adjusted measure, g∗

A, can be expressed as
follows:

gA − g∗
A = θgA − θ(gIZ − gK) (3)
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The gap evidenced in Equation (3) of-
ten results in a J-shaped curve (productiv-
ity J-curve), which is typical of the invest-
ment cycle of disruptive technologies. In
the equation, θ is the share of intangible
investment in value added, when includ-
ing intangible investment. When intangi-
ble investment, (gIZ), measured by includ-
ing the associated costs of capital forma-
tion, exceeds tangible capital growth, (gK),

the gap between the standard and revised
TFP growth becomes negative, meaning
that the standard TFP growth rate is un-
derestimated, due to the incorrect measure-
ment of intangible capital.

We construct four revised TFP measures
both by accounting for each intangible cap-
ital type individually, and all three (R&D,
software, and organizational capital) to-
gether. To do so, we use the GMM
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coefficients from Tables 1 and 2 if the
country-level coefficients are positive, sig-
nificant, and larger than the respective as-
set prices. If a coefficient does not meet
these conditions, we replace it with the

corresponding full-sample coefficient from
columns 1 and 2 in Tables 1 and 2, which
pools all countries together. The estimated
coefficients used to measure revised TFP
growth rate are listed in Table 3, where

10 In Table 3, we use estimated coefficients from GMM estimations in Table 1 for R&D and software and estimated
coefficients from GMM estimations in Table 2 for organizational capital. We do so to avoid using coefficients
that are not positive, significant, or larger than the respective asset prices. However, using different and more
consistent rules did not alter much our results and we do not report them in the main paper. We also measure
productivity J-curves using the pooled estimation results. In this case, we also have the same results as the
case using the GMM estimation results. When we estimate Equation (1) and (2) including outliers, some
estimations do not satisfy the Hansen test. However, productivity J-curves using parameters from pooled
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full-sample coefficients are marked with an
asterisk.10

Figures 1-4 show the difference between
standard TFP and the revised TFP based
on our estimates. When the curve is below
zero, the difference is negative, and TFP
was underestimated in that period. Con-
versely, when the curve is above zero, TFP

was overestimated. We begin by present-
ing the revised TFP curves for each indi-
vidual intangible asset. To a certain ex-
tent, our results align with those of BRS
(2021), even though we employ different
data and methodologies, particularly to
measure software and organizational cap-
ital.

estimations are similar to Figure 1 to 4.
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5.1 Research and Development

Figure 1 focuses on the effect of R&D.
Our results for the U.S. are similar to BRS
(2021) and in line with the arguments for-
warded by Aghion et al. (2019). The
R&D-adjusted TFP measure for the U.S.
diverges only slightly from standard TFP,
with differences of at most 0.4 percentage
points, despite a slight underestimation to-
wards the end of the sample. This pattern
is similar for the other countries studied
here, where the difference between the two
TFP measures is even smaller — confirm-
ing that “intangible-related challenges for
productivity estimation coming from R&D
are likely to be minimal at present” (BRS,
2021).

Specifically, we observe a slight underes-
timation of TFP growth in the U.S., par-
ticularly after 2010, and to an even lesser
extent in France during the late 2000s and
the early 2010s, and in Japan and Germany
during the early 2010s. We do not find any
underestimation in the United Kingdom.

5.2 Software

For software, a comparison with BRS
(2021) is more challenging due to method-
ological differences. While they suggest
a set of plausible values for the software-
related coefficient, we estimate adjustment
costs econometrically by creating a soft-
ware investment variable based on both in-
dustry and firm level data. Figure 2 shows
an under-estimation of TFP growth in the
U.S. comparable in timing to BRS’s
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finding, though less severe before 2015 and
more since. However, our estimated mag-
nitude of underestimation reaches 1.4 per-
centage points, which is significantly larger
than the peak of 0.7 percentage points in
the post-2006 period. This underestima-
tion appears unique to the U.S., likely due
to the large costs associated with software
investment in the 2010s, which is consistent
with the fact that many important digital
innovations such as AI and platform busi-
nesses are developed in the United States.

In Germany and in the UK, software-
related TFP underestimation seems negli-
gible, remaining below 0.4 percentage point
for most of the period. It even turns pos-
itive in recent years in the UK, resem-
bling a minor J-curve with smaller magni-
tudes, probably influenced by spillover ef-
fects from other countries. In Germany, the

low undervaluation may reflect the lower
intangible capital investment patterns of
the country, especially in software (Non-
nis, Roth and Bounfour, 2024), though a
change is observable after 2018. Addition-
ally, France and Japan show rather flat pat-
terns, due to coefficients of less than 1 as
obtained in Section 4, which do not allow
the identification of unmeasured intangi-
bles associated with software in these coun-
tries.

5.3 Organizational Capital

The results for organizational capital are
more mixed, but suggest again the unique-
ness of the U.S., where standard TFP
growth is underestimated throughout most
of the sample period, but without a J-curve
type of pattern. However, the J-curve is
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observable in the UK, where the difference
between the two measures becomes positive
after 2018, following a peak difference of 0.8
percentage points. In other countries, the
revised TFP measure shows no substan-
tial variations from standard TFP. How-
ever, the scale of mismeasurement by the
associated costs in capital formation in or-
ganizational capital is relatively small com-
pared to software. In particular, the un-
derestimations of TFP growth rate caused
by the associated costs of investment in or-
ganizational capital in continental Europe
and Japan are smaller than those in the
case of the UK and the United States.
These results imply that the firms in con-
tinental European countries such as France

and Germany and Japan seem to be more
reluctant to invest in organizational capi-
tal with large associated costs than those
in the United States.11

5.4 Combined Effects of All Intangi-
bles

To produce a revised TFP measure that
accounts for the additional intangible in-
vestment costs associated with R&D, soft-
ware and organizational capital together,
we use a combination of GMM coefficients
from Tables 1 and 2, as summarized in
Table 3. These coefficients are obtained
from the GMM estimations in Table 1, ex-
cept for organizational capital, where we

11 Although we conduct an alternative estimation using the measure of organizational capital developed by
Eisfeldt and Papanikolaou (2013), our main conclusions do not change.
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use country-level GMM estimates from
Table 2. As before, if any coefficient is not
positive, significant, or larger than the re-
spective asset price, we replace it with the
corresponding full sample estimate instead.
These replaced coefficients are marked with
an asterisk (*) in Table 3.

Figure 4 presents the combined effects of
intangible correlates associated with three
intangibles. Comparing these effects offers
better insights into the impact of GPTs like
AI on TFP, as it more accurately reflects
the next generation of investments, because
AI investment incorporates elements of all
three intangibles we considered (Fonteneau
et al., 2025).12

Figure 4 again highlights the unique-
ness of the U.S., as the under-estimation
of TFP is present for almost the entire pe-
riod, even reaching 1.6 percentage points in
2019. This suggests that the U.S. remains
in a phase of rapid intangible investment
growth, with positive effects on standard
measures of TFP to be more than offset by
further new investments. Germany, France
and the UK seem to follow similarly, but
with much smaller magnitudes. This im-
plies the presence of some J-curve effects
in these countries, though their impact is
much smaller. Consistent with Miyagawa,
Tonogi and Ishikawa (2021), the Japanese
curve seems to be flat except for the minor
underestimations in the early 2010s.

12 Although they argue the share of skills related to AI is the largest in the measurement of AI, we are not able
to capture this component from the firm-level data.
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6. Conclusions

Productivity growth has stagnated in ad-
vanced economies in recent decades, par-
ticularly the 2010s. Mismeasurement of
intangible capital has been identified as a
potential explanation for this productivity
slowdown. Productivity may have been un-
derestimated because the additional value
added and higher productivity induced by
new technologies, such as AI and platform-
based businesses, are not fully captured by
current statistics. This is partly due to
what BRS (2021) call intangible correlates,
which are intangible assets associated with
new technologies that are difficult to eval-
uate and account for.

Following BRS (2021), who constructed
TFP measures corrected for the adjust-
ment costs of intangibles, and observed

that the gap between standard and re-
vised TFP formed a J-shaped pattern (the
productivity J-curve), this paper extends
their analysis to European countries and
Japan, which also experienced a produc-
tivity slowdown despite digitalization. Us-
ing firm-level data from Orbis, covering
listed firms, and industry-level data from
sources such as EUKLEMS/INTANProd
and the Japanese Industrial Productivity
(JIP) database, we construct revised TFP
measures and assess whether the gap be-
tween standard and revised measures fol-
lowed a productivity J-curve pattern not
only in the U.S., but also in France, Ger-
many, the UK and Japan.

Our revised measures are adjusted by
three types of intangible capital (R&D,
software and organizational capital), con-
sidered both individually and aggregately.

INTERNATIONAL PRODUCTIVITY MONITOR 43



In line with what was observed by BRS
(2021) for the U.S., we find that while the
effects are small and negligible for R&D,
they are clear for software and organiza-
tional capital, but mostly limited to the
United States.

In particular, we show that most of the
observed effects come from software in the
United States. This result is consistent
with the fact that many important digital
innovations, such as AI and platform busi-
nesses, are developed in the United States.
As the costs associated with software in-
vestment are not reflected as intangibles
in the standard productivity statistics, the
standard measure of TFP growth is under-
estimated by up to 1.4 percentage points,
and 1.6 percentage points when consider-
ing all three intangibles. This result is in
line with the recent productivity trends ob-
served in the United States. The Bureau
of Labor Statistics Report (BLS, 2026) is-
sued in March 2026 shows an annualized
growth rate of 2.1 per cent in the busi-
ness cycle starting in the fourth quarter
of 2019, higher than that observed in the
previous business cycle (1.5 per cent). We
argue that this acceleration of productiv-
ity growth in the U.S. has been driven by
digitalization in the service sector, which is
compatible with the underestimations ob-
served in our measures.

We find the underestimation of TFP
growth rate caused by the associated costs
of investment in organizational capital to
be small in the continental European coun-
tries and Japan. These results imply the
management practices in continental Eu-
rope and Japan seem to have caused firms
to be more reluctant to invest in organiza-
tional capital than in the United States.

Our study shows that the effect of un-
accounted intangibles on the productivity
slowdown in advanced countries during the
2010s differs by country. We do not find a
large underestimation of TFP growth asso-
ciated with capital formation in intangibles
in the continental European countries and
Japan, while there is still large underesti-
mation of TFP growth rate in the U.S. in
the late 2010s. This implies the produc-
tivity gap after taking account of the ad-
justment costs of investment between the
U.S. and other advanced countries is even
larger than measured by the standard TFP
statistics.

These results do not directly reflect dif-
ferences in investment levels among the
countries in our sample. Countries that
appear to invest heavily in national ac-
counts data are not necessarily those that
have high intangible correlates. On the
contrary, countries that invest less in of-
ficial statistics may have more intangible
correlates if the lower investment is the re-
sult of the measurement errors or cross-
country methodological disharmonizations
highlighted in the cited papers: national
accounts do not record those intangi-
bles, but the BRS method captures them
through market value regressions. In other
words, financial markets value “invisible”
assets even when national accounts fail to
record them. This implies that unmea-
sured intangible correlates of different mag-
nitudes in each country are captured by the
adjustment costs in our econometric esti-
mations. This discrepancy between invest-
ment data and intangible intensity reflects
measurement difficulties that are evident
when examining official national statistics
and EUKLEMS/INTANProd data.
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For example, according to these data, Ger-
many has invested considerably less (10.7
per cent of value added) compared to other
European countries and the U.S. in recent
decades, while France has invested much
more (16 per cent of value added), reach-
ing levels comparable to the U.S. (16.3 per
cent). These stylized facts reflect potential
measurement issues pointed out in Nonnis,
Roth and Bounfour (2024, 2025), which the
BRS methodology overcomes.

The absence of a clear J-curve pattern
in some high investing countries should be
considered further. Nevertheless, it rein-
forces the call for a more focused invest-
ment, particularly in new technologies, as
emphasized by the recent European Com-
mission report by Mario Draghi (2024a,
2024b), which highlights that Europe is
lagging behind the U.S. and China in this
respect. Our results suggest that the pro-
ductivity gap arising from those differences
in investment behavior may be even larger,
as official productivity growth figures for
the U.S. may have been underestimated
due to intangible capital mismeasurements,
an effect we do not observe as strongly in
European countries and Japan.

While it is difficult to predict exact pat-
terns for the next generation of invest-
ments, including AI, some lessons can be
learned by looking at recent AI investment
trends across countries. According to the
Artificial Intelligence Index report (Maslej
et al., 2024), the U.S. leads in private AI
investment, investing nearly twice as much
as in the UK relative to its GDP over the
last ten years and at least four times more
than in the other countries. This suggests
that J-curve effects due to AI will likely
be much stronger in the U.S. than in other

countries, as a result of both the unique-
ness of the U.S. highlighted in this study,
and its superior investment levels in AI.
The intensive investment in AI in the U.S.
promises a higher TFP growth rate than
other advanced countries as Filippucci, Gal
and Schief (2024) estimated. To catch up,
continental European countries and Japan
should invest more aggressively in digital
innovation and in the associated costs of in-
novative capital formation, such as training
skilled workers (Bounfour, Nonnis, Yang,
2025), while also reforming conservative
management practices.
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Abstract

Why did U.S. manufacturing productivity stop growing after 2010? Productivity growth

actually disappeared, from an annual rate of +3.3 per cent during 1987-2010 to -0.3 per

cent from 2010 to 2023. This article shifts attention from 2010 as the start of the produc-

tivity growth slowdown to a decade earlier when output stopped growing. This cessation

of output growth in 2000 is attributed to the invasion of imports that closed domestic

plants, destroyed jobs, and squeezed profits. After 2000, a chain of causation followed that

ultimately undermined productivity growth — from falling capacity utilization, to lower

investment in fixed capital and research and development, and an erosion of innovation.

Beyond the import invasion, the disappearance of productivity growth is also attributed to

a general phenomenon of diminishing returns to innovation, the feeble influence of robots,

government regulations that distorted investment, and a shrinking supply of skilled labour

in the face of increasing skill demands.

1. Introduction

While the manufacturing sector pro-
duces only 10 per cent of U.S. gross do-
mestic product (GDP), it accounts for more
than half of U.S. research and development
(R&D) and produces most of U.S. exports,
fixed investment, and consumer goods. Yet
the former dynamism of that sector ap-

pears to have vanished. The growth rate
of labour productivity in U.S. manufactur-
ing in official data — produced by the Bu-
reau of Labor Statistics (BLS) and Bureau
of Economic Analysis (BEA) — was 3.3 per
cent per year over the 23 years between
1987 and 2010. But then growth disap-
peared, registering a negative rate of -0.3
per cent over the following 13 years

* Robert J. Gordon, Northwestern University. Email: rjg@northwestern.edu. Kenneth Ryu, Northwestern
University. Email: KennethRyu@u.northwestern.edu. We are grateful to Bart van Ark for helpful comments,
to David Byrne for suggestions on price deflation for the computer industry, to Chad Syverson for sharing the
detailed industry data on the Atalay et al. price adjustments, and to John Ma for superb background research.

1 Labour productivity is gross output from the BEA National Income and Product Accounts “GDP by Industry”
tables and hours are from the BLS productivity table “Total Factor Productivity by Major Industries.” The
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between 2010 and 2023.1 The vanishing of
productivity growth in U.S. manufacturing
raises deep questions about the historical
core of American prosperity.

How could productivity growth in the
entire manufacturing sector completely dis-
appear? Has U.S. manufacturing lost its
ability to compete? A substantial litera-
ture has emerged that examines numerous
possible causes of the productivity slow-
down. But those papers contrast produc-
tivity growth before and after 2010, with
little or no attention to profound changes
that occurred before 2010. Yet the deep
malaise of U.S. manufacturing began at
least a decade earlier. While productivity
growth was zero after 2010, manufacturing
gross output in the year 2000 began a 23-
year interval of zero annual growth.2 That
is, the level of manufacturing gross output
(which includes the value of intermediate
inputs) was the same in 2023 as in 2000,
while the level of real GDP (which nets out
the value of intermediate inputs) was 57 per
cent higher, a stunning contrast.

By what channels does a flood of im-
ported goods undermine the efficiency and
viability of domestic manufacturing firms?
We find that there is a strong negative
correlation across the 19 three-digit man-
ufacturing industries between the post-
1987 rise in import penetration and the
subsequent post-2000 stagnation of do-
mestic output. Foreign competition not
only causes plant closures in the most af-
fected industries like furniture, textiles,
and apparel, but squeezes profits through-

out other parts of the manufacturing sec-
tor, thus cutting funding for fixed invest-
ment as well as R&D. There is a striking
shift from positive to negative growth of
investment after 2000 in many manufac-
turing industries. Further, when innova-
tion originates from foreign producers of
imports, domestic firms lose touch with
leading-edge technology, are less able to
achieve their own technological advances,
and are less able to obtain critical inputs
from domestic sources.

There are limits to the import/offshoring
explanation of the productivity growth
slowdown. By 2018, import penetration
(defined as imports divided by imports plus
domestic production) had reached 30 per
cent or above in half of the manufacturing
industries. Averaged across the 19 indus-
tries, import penetration increased from 13
per cent in 1988 to 28 per cent in 2018; in
the latter year import penetration ranged
all the way from 5 per cent in petroleum to
97 per cent in apparel. Yet the productivity
growth slowdown was larger for petroleum
than for apparel, suggesting that offshoring
and imports provide only a partial explana-
tion of productivity growth patterns.

We broaden the investigation by examin-
ing symptoms of a deeper malaise that ex-
tends beyond manufacturing into the rest
of the American economy. A recent New
York Times editorial reports decades dur-
ing which the American shipbuilding indus-
try has delivered ships billions of dollars
over budget, years behind schedule, that
fail to perform as specified. The U.S.

output data are subsequently adjusted below for alternative price deflators.

2 The 2000-23 annual growth rate of manufacturing output in the BEA data is -0.05 per cent.
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aircraft industry takes 12 years to deliver a
new military fighter or bomber. “America’s
defense industry, like much of the econ-
omy, has lost the ability to build quickly
and effectively” (New York Times Editorial
Board, 2025).

This article begins with measurement
issues. A recent paper by Atalay et
al. (2025) convincingly argues that the
Producer Price Index (PPI) used by the
BEA to deflate output in a given cate-
gory of goods systematically rises faster
than the corresponding Consumer Price In-
dex (CPI), due at least in part to more
extensive correction for quality change in
the CPI. We incorporate their price adjust-
ments for all of the 19 industries except the
computer and electronics industry, where
we rely instead on the original research of
David Byrne and his coauthors. Because
the Atalay-Byrne price adjustments are of
roughly the same magnitude before and af-
ter 2010, they do not explain any of the
productivity growth slowdown, in fact the
reverse.

We differ from the previous literature
along two other dimensions. Unlike previ-
ous papers, including Atalay et al. (2025),
that examine the slowdown of total factor
productivity (TFP) growth, we focus in-
stead on labour productivity growth, de-
fined as growth in gross output per hour
instead of real value-added per hour. Sev-
eral previous papers have shown that the
difference between these two, i.e., interme-
diate inputs, is subject to “offshoring bias”
that can cause the growth of inputs to be
understated, and hence the derived growth
of value added and TFP to be overstated
(Houseman et al. 2011). A second differ-
ence with other research is that we choose

2005 rather than 2010 as the break year to
define the slowdown for reasons related to
the timing effects of the 2008-09 recession.

The article begins with measurement is-
sues and continues with an examination of
differences in the magnitude of the slow-
down across the 19 manufacturing indus-
tries. We then study the channels by which
growing import penetration contributed to
the cessation of output growth after 2000
and productivity growth after 2010. Next,
we examine the sources of declining inno-
vation as a side-effect of shrinking public
R&D, changing corporate strategies about
private R&D, and the evidence of diminish-
ing returns to R&D in creating innovation.
Finally, we examine three additional causes
of the slowdown, including the robot puz-
zle; the role of government regulations in
distorting investment and reducing produc-
tivity; and the persistent shortage of skilled
labour in manufacturing.

2. Measurement: Inflation
Bias, Break Date, and Off-
shoring Bias

2.1 Price Deflator Bias

For many decades economists have
demonstrated that price indexes — partic-
ularly for durable goods — overstate in-
flation by failing to take account of qual-
ity change and the value of new products.
A comprehensive set of new measures of
durable goods prices was provided by Gor-
don (1990). Gradually over the years the
BLS has incorporated into its price indexes
better measures of quality change, but ev-
idence is not usually available to extend
the quality adjustments backwards in time.

INTERNATIONAL PRODUCTIVITY MONITOR 51



This leads to a presumption that the extent
of upward inflation bias in deflators, and
the resulting downward bias in the growth
of real output, diminishes over time. Iron-
ically this measurement issue would tend
to make pre-2010 productivity growth rates
too low, since less accurate price measure-
ment would make pre-2010 output growth
rates understated more than their post-
2010 counterparts.

A recent attempt partially to address
the inflation bias issue has been provided
in a much-noticed paper by Atalay et al.
(2025). They argue that the BLS devotes
more resources to making quality adjust-
ments in the CPI than the PPI and Im-
port Price Index that are currently used to
deflate gross output and intermediate in-
puts. To reduce this quality change bias,
the authors carry out the complex task of
using input-output tables to match CPI
products with specific industries. We ac-
cept the Atalay corrections for all of the
19 industries except for the computers and
electronic products industry.3 For that we
adopt price change corrections suggested
by David Byrne based on research by him-
self and coauthors.4 The Byrne correc-
tions for computers and electronics alter
the growth rate of the BEA deflators by
-6.9 per cent per year for 1987-2010 and by
-5.4 per cent for 2010-23.

For total manufacturing, the CPI substi-
tution raises output growth by 1.6 per cent

per year for 1987-2010 and by 1.0 per cent
for 2010-23. The adjustments for durable
goods are 2.7 and 2.2 per cent respectively,
much of which is due to the computer in-
dustry. When this industry is excluded the
durable goods adjustments drop to 1.8 for
both intervals. The nondurable goods ad-
justments are 1.0 and 0.5 per cent. Except
for durables excluding computers, all of
these adjustments are smaller for post-2010
than pre-2010, implying that the Atalay re-
visions do not help explain the productivity
growth slowdown at all, but rather make it
slightly larger. What they do accomplish
is to eliminate, if only slightly, the puz-
zle of “disappearing” productivity growth
in manufacturing, as the 2010-23 produc-
tivity growth rate is boosted from -0.3 to
+0.7 per cent per year. All productivity
growth numbers cited in this article hence-
forth use only the Atalay-Byrne adjusted
data.5

2.2 Implications of Offshoring Bias

As emphasized in the 1996 Boskin Com-
mission report, a source of upward bias in
the CPI has long been “outlet substitution
bias.” When the price quote for a given
product sold at a full-price merchant like
Macy’s is replaced by the lower price sold
at a rising discount merchant like Walmart,
the CPI methodology links out the price
decrease and so the benefit to the consumer

3 Chad Syverson kindly provided detailed annual price change adjustments by industry for 1998-2023. We ex-
tended these by applying the average adjustment from 1998-2005 uniformly to each year between 1988 and
1997.

4 Byrne’s papers provide suggested corrections to BEA deflators for industry 334 for three time intervals: 1978-
95, 1995-2004, and 2004-14. We have extended his suggested bias corrections to 2023; details of this translation
are provided in the Data Appendix.

5 Table 1 that follows compares the two alternative series.
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is not captured in the index. Houseman et
al. (2011) identified a parallel price index
bias that occurs for the same reason but,
rather than involving domestic full-price
and discount merchants, instead contrasts
intermediate materials previously sold by
high-cost domestic producers which are re-
placed by lower-cost imported materials.
The price quotes for the former high-cost
domestic producer are not directly linked
to the new lower price quote from the for-
eign supplier. Thus the actual price decline
is missed in the deflator for intermediate
materials.

This “offshoring bias” leads to an up-
ward bias in the price change of interme-
diate goods and corresponding downward
bias in the growth of real intermediate ma-
terials inputs. This matters because real
gross output change is based on original
data (subject to the price measurement is-
sues discussed above). But everything else
in growth accounting is a derived num-
ber. If offshoring bias is significant, then
the growth of real value added (RVA, that
is, gross output growth minus intermediate
materials growth) is overstated. Because
TFP growth is calculated as RVA growth
minus the contributions of capital deepen-
ing and labour composition, TFP growth is
overstated as well. To the extent that cap-
ital input production shifts from domestic
to foreign sources, the upward bias in TFP
measures is compounded.

Most of the recent literature on the
productivity slowdown, including the Ata-
lay paper, focuses on comparisons of TFP
growth before and after 2010, and thus
is subject to this source of overstatement
of TFP growth. Whether this makes the
TFP slowdown greater or smaller depends

on whether offshoring bias was more or
less important after 2010. One approach
to assess its impact is to compare the
growth of RVA which is altered by off-
shoring bias and gross output which is not.
In our Atalay/Byrne-adjusted data RVA
grows faster than gross output by 1.2 per
cent per year in 1987-2010 and 0.8 per
cent faster during 2010-23, so offshoring
bias explains 0.4 annual percentage points
of the slowdown in TFP growth leaving
aside anything extra from capital deepen-
ing. To avoid the inaccuracy introduced by
offshoring bias, our article examines only
changes in labour productivity defined as
gross output per hour and makes no fur-
ther mention of RVA or TFP growth.

2.3 Break Year

We choose a different break year for
defining the slowdown. Most of the recent
literature uses 2010 as the break year, com-
paring 1987-2010 or 1997-2010 with 2010-
23. This is understandable, since the puz-
zle of near-zero productivity growth begins
when average growth rates are calculated
starting with the 2010-11 annual change.
That choice skews the outcome of the slow-
down investigation, because the literature
generally ignores the fact that the annual
rate of change of labour productivity for
the single year change of 2009-10 was 8.0
per cent for total manufacturing and 11.6
per cent for durable goods.

Gordon-Sayed (2025) have examined this
jump in productivity in quarterly data
where the large positive growth occurs in
the last three quarters of 2009. Their
explanation is that the rapid collapse of
output in the fall of 2008, particularly in
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durable goods manufacturing, led firms to
overreact and reduce work hours with a lag
by a greater percentage than the decline in
output, differing from previous recessions
when the percentage change in hours was
always less than in output. In their study
of the business sector, they show that the
“extra layoffs” of 2008-09 and correspond-
ing temporary jump in productivity growth
were followed by a rehiring reversal starting
in 2010. They conclude that this artifact
of the 2008-09 recession leads productivity
growth to be overstated in 2008-09 in quar-
terly data and correspondingly understated
in 2010-19 compared to the underlying de-
terminants of trend productivity growth.

To avoid this cyclical distortion, we de-
fine the slowdown with 2005 as the break
year instead of 2010. Given our desire
to avoid any effect of the 2008-09 re-
cession, we could have chosen 2007 in-
stead of 2005. However, 2005 has the
appeal that it makes our pre/post slow-
down intervals an equal 18 years in dura-
tion (1987-2005 compared with 2005-23).
The selection of 2005 as the cutoff year
is reinforced by the previous research that
identifies a structural break in U.S. TFP
growth around 2004–2005 (2004Q4), mark-
ing the end of the late-1990s/early-2000s
ICT-driven surge (Fernald, 2015).

The effects of our price adjustment and
break year choices are summarized in Ta-
ble 1. The top frame uses the break
year 2010 for the official BEA/BLS growth
rates. Two lines are shown for total man-
ufacturing with and without the computer
and electronic products industry. All pro-
ductivity growth rates are defined as the
average annual growth rate of gross output
for a given interval minus the correspond-

ing growth rate of labour hours.
In the top frame the two growth slow-

downs are 3.6 and 2.9 per cent per year,
respectively. We will find throughout the
article that when the computer industry is
excluded the magnitude of the productivity
growth slowdown is substantially reduced.
The 2010-23 productivity growth rates are
negative for both lines in the top frame.

The next frame of Table 1 shows the
same growth rates after the Atalay/Byrne
price deflator adjustments are applied. The
pre/post 2010 growth rates are boosted
by about the same amount and so the
magnitude of the slowdown is changed
only slightly by +0.5 and +0.2 percentage
points respectively. That is, the alterna-
tive price deflators raise the magnitude of
the slowdown for both rows. The post-2010
growth rates of productivity are boosted
enough to become positive rates. Thus,
the price adjustments “solve” the puzzle of
why productivity growth in manufacturing
completely disappeared after 2010 but do
not shed any light on the magnitude of the
slowdown.

The bottom frame of Table 1 calculates
the same growth rates when the break
year is switched from 2010 to 2005. The
growth rates for 1987-2005 are slightly
higher than for 1987-2010, simply because
the growth rates in the 2005-10 subinterval
are lower than the pre-2005 growth rates.
But the 2005-10 growth rates are substan-
tially higher than for 2010-23, raising the
resulting 2005-23 growth rates by between
0.9 and 0.7 per cent annually compared to
2010-23 for total manufacturing with and
without the computer/electronic industry,
respectively.
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The switch of break dates accomplishes
a small part of our goal to explain as much
as possible of the productivity growth slow-
down. The choice of the 2005 break date
reduces the slowdown by 0.6 percentage
points for both rows. Overall, the price-
adjusted slowdown for total manufacturing
of 4.1 percentage points is reduced to 3.5
points by switching the break year, and to
2.5 points by excluding the computer in-

dustry. These two changes achieve a 39 per
cent reduction in the overall magnitude of
the slowdown ((4.1-2.5)/4.1).

How is the evolution of labour produc-
tivity divided between its output numer-
ator and hours denominator? The top
frame of Figure 1 displays index numbers
(1987=100) for output in red and hours in
blue, with the corresponding index number
for labour productivity as the green lines
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in the bottom frame. Dashed lines repre-
sent the official BEA/BLS series for output
and productivity, while the solid lines plot
the series after applying the Atalay/Byrne
price adjustments. By depicting the year-
by-year evolution of the data, Figure 1 pro-
vides additional insight into the timing of
the phenomena that we need to explain.

The previous literature has focused on
the post-2010 productivity growth slow-

down but has generally not noticed another
stark slowdown ten years earlier, that of
output growth after 2000. The official BEA
output series, shown by the dashed red line,
stagnates after 2000, with a 2000-23 an-
nual growth rate of -0.1 per cent, sharply
down from the 3.3 per cent annual growth
rate that occurred during 1987-2000. The
price adjustments raise the 2000-23 growth
rate of output slightly to a positive 1.3 per
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cent per year, but the sharp downturn from
1987-2000 to 2000-23 is roughly the same,
from 4.7 to 1.3 per cent. We shall return
to the theme below that the seeds for the
near-disappearance of productivity change
after 2010 were planted a decade earlier in
2000 when the import invasion began to
swamp domestic industries.

Figure 1 also shows that the 2000-10
decade was different from either pre-2000
or post-2010. The price-adjusted output
series shown by the solid red line grew
at only 1.0 per cent per year, while em-
ployment collapsed, registering an annual
growth rate of -4.0 per cent per year.
Thus, the apparent similarity of produc-
tivity growth in 1987-2000 and 2000-2010,
4.7 and 5.0 per cent respectively, dis-
guises a stark change from healthy out-
put growth and stable employment before
2000 to stagnant output and rapidly col-
lapsing employment during 2000-10. To
the extent that the surge of imports caused
the post-2000 transition, plant closings of
low-productivity plants changed the mix
within those industries to higher produc-
tivity plants and firms. This is part of the
reason that productivity growth remained
positive after 2000 through 2010. We re-
turn to this theme below.

In Figure 2 the solid lines are the same
as in Figure 1, while the dashed red and
green lines plot the price-adjusted index
numbers for output and productivity when
the computer industry is excluded. The
most important element of Figure 2 is the
dashed red line showing that when com-

puters are excluded, output stagnated af-
ter 2000, achieving an annual growth rate
between 2000 and 2023 of only 0.7 per cent
per year after growing at 3.0 per cent per
year during the 13 years prior to 2000. For
the 2000-10 decade this measure of output
growth was 0.1 per cent per year. Thus for
18 of the 19 manufacturing industries the
phenomenon of complete stagnation of out-
put growth after 2000 remains valid even
with the price adjustments and becomes
one of the most interesting facts that needs
to be explained. To what extent does the
import invasion explain this output stagna-
tion, and does the disappearance of output
growth help explain, in turn, why produc-
tivity growth transitioned after 2010, when
prices are adjusted and computers are ex-
cluded?

The lower frame in Figure 2 contrasts the
index of manufacturing productivity with
and without computers. With the 2010
break date excluding the computer indus-
try explains 24 per cent of the productiv-
ity growth slowdown, while using the al-
ternative 2005 break date, the computer
contribution is an almost identical 29 per
cent.6 Using conventional BEA/BLS data
and a 1997-2023 time span with a 2011
break year, a recent report by Chittoor et
al. (2025), found a computer industry con-
tribution of 16 per cent.

6 For total manufacturing productivity growth slows from 5.1 to 1.6 per cent, for a slowdown of 3.5 per cent
per year. With computers excluded those three numbers are 3.5, 1.0, and 2.5. The computer contribution is
((3.5-2.5)/3.5) or 29 per cent.
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3. Dimensions of Difference

If the productivity growth slowdown
were accounted for by just a few industries
and not by the rest of the 19 three-digit in-
dustries, then we could focus on a limited
set of causes unique to those industries and
not to others. But that approach does not
work for the U.S. manufacturing productiv-
ity growth slowdown, because every one of

the 19 industries experienced a post-2005
slowdown in labour productivity growth.

The price-adjusted productivity growth
rates for 1987-2005 (dark blue bars) are
contrasted with 2005-23 (light blue bars)
in the twin charts of Figures 3 and 4. The
magnitude of the slowdown is visible as the
difference between the length of the dark
and light blue bars. Durable goods indus-
tries are shown in Figure 3, and the
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computer industry is excluded to avoid dis-
torting the scale. The ten durable goods in-
dustries in Figure 3 are ranked in descend-
ing order of the post-2005 slowdown.

An interesting feature of the ranking in
Figure 3 is that the industries at the bot-
tom with the smallest slowdowns achieved
this standing not just because their pro-
ductivity growth was higher after 2005 but
because it was lower before 2005. On aver-
age the bottom four industries slowed from
a pre-2005 growth rate of 4.4 per cent to a
post-2005 growth rate of 3.2 per cent, or a
slowdown of 1.2 per cent. In contrast the
four industries at the top of Figure 3 had

a higher average pre-2005 growth rate of
4.9 per cent and lower post-2005 growth of
1.5 per cent, resulting in a slowdown of 3.4
per cent per year. A noticeable difference
is that most of the industries at the top of
Figure 3 with the largest slowdowns pro-
duce relatively complex products, includ-
ing electrical equipment, machinery, and
autos, while most of the industries with
smaller slowdowns at the bottom of the
figure produce relatively simple products,
such as primary metals, nonmetallic min-
eral products, and wood products.

Figure 4 shows the same display for non-
durable goods. Here the pattern is
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different, with all nondurable industries
having productivity growth rates close to
zero for 2005-23, so that the chart’s order-
ing by slowdown rank is the same as the
rank of 1987-2005 growth rates. The only
exception is the food industry, which had
very slow pre-2005 productivity growth and
negative growth post-2005. For the non-
durables in Figure 4 it is hard to discern
any relationship between the slowdown by
industry and the complexity of that indus-
try’s products. The largest slowdown was
in the petroleum and coal products indus-

try, which experienced a remarkable 6.0
per cent slowdown (between 6.0 per cent
growth pre-2005 to -0.1 growth post-2005).

While production in petroleum refineries
is relatively complex with a large capital
investment required, the next two ranked
industries – textiles and apparel – are not
capital intensive nor complex. These two
industries are the poster children of the im-
port invasion, particularly apparel where
the import penetration ratio had reached
97 per cent by 2018. Apparel productivity
growth during 1987-2005 appears to be at
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a relatively healthy 5.1 per cent, but that
rate was achieved only because hours dis-
appeared at a much faster annual rate (-6.9
per cent) than output (-1.8 per cent). Ap-
parel productivity growth declined to 0.9
per cent after 2005.

The computer and electronic products
industry was omitted from Figure 3 due
to its extended horizontal scale and is
shown separately in Figure 5. The top
four bars trace its steady decline in pro-
ductivity growth from 19.4 per cent during
1987-2000 to 7.2 per cent in 2010-23. Next
on the chart are the dark and light blue
bars recording the decline in productivity
growth from 18.7 during 1987-2005 to 9.4
per cent in 2005-23. The bottom pair of
two bars show the difference made when
the Byrne price adjustment is excluded and
we return to the original BEA/BLS growth
rates that are 6.5 and 6.3 per cent slower,
respectively.

The stark 9.3 per cent post-2005 decline
in productivity growth for the computer in-
dustry has rightly attracted more attention
than in any other manufacturing industry.
We return below to Moore’s Law and its
evolution over time along with other factors
related to import competition that help as
explanations. Here we note that, second
only to the 97 per cent of the apparel in-
dustry, by 2018 the import penetration ra-
tio for the computer and electronics indus-
try had reached 84 per cent. The decline
of this industry is inseparable from its mass
offshoring migration to Asia.

4. The Import Invasion and Its
Implications

Our primary focus is on the effects of im-
port competition starting in the late 1990s
as an important explanation of the produc-
tivity growth slowdown that is usually in-
terpreted as starting a decade later. Figure
6 illustrates the expansion of imports from
China, Mexico, Canada, and the rest of the
world not as a percentage of all imports,
but rather as a percentage of domestic U.S.
manufacturing output. The import mea-
sure encompasses both intermediate goods
and final goods that physically arrive in
the United States. These ratios are shown
for 1991, 2000, 2010, and 2023. Using the
abbreviations IM for nominal imports and
GO for nominal gross output, the import
ratios in Figure 6 are IR = 100*IM/GO.

Figure 6 shows that for all countries the
IR increased between 2000 and 2023 from
28 to 45 per cent.7 The decade 2000-
2010, when so many domestic manufactur-
ing jobs were destroyed, deserves the term
“China Shock,” in the sense that the IR
for China more than tripled during that
decade, growing by 5.4 per cent of U.S.
manufacturing output. China alone ac-
counted for slightly more than half of the
10.1 percentage point increase in the IR for
all countries during that decade. By com-
parison the Mexico IR in the same decade
increased by only 1.4 percentage points.
By 2023, however, the Mexico IR ratio in-
creased by another 2.4 points from 2010
while the China ratio actually decreased by

7 The IP ratio (IM/(IM+GO)) is not redundant and is useful in an industry like apparel where domestic sales
consisted of 3 per cent domestic production and 97 per cent imports. In this example the IP ratio is 97 per
cent whereas the IR of 97/3, or 3200 per cent, is a ratio that is intuitively meaningless.
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1.4 points, and Mexico achieved the dis-
tinction of becoming the top importer to
the United States.

4.1 Import Invasion and Output
Stagnation

We can validate the role of rising imports
as a major explanation for the disappear-
ance of output growth after the year 2000.
As shown in Figure 2 above, for the 18 in-
dustries excluding computers and including
the price adjustments, the annual growth
rate of output declined from 3.0 per cent
per year in 1987-2000 to 0.1 per cent in
2000-10. Was the transition to post-2000
output stagnation related to the import in-
vasion? The 2000-10 growth rates of out-
put in the 18 industries are significantly
negatively correlated with the rise of the
import penetration ratio in each industry.
The correlation coefficient is -0.69 of the in-
dividual industry 2000-2010 output growth
rates with the 1989-2005 change in the IP
ratio, and this is significant at the 1 per
cent level.

The import surge not only reduced out-
put growth in the 2000-10 decade and dec-
imated hours and employment, but it had
other effects as well on investment, R&D,
and the pace of innovation. The displace-
ment of domestic demand was the most
obvious of these channels. Standardized
goods impacted by low-cost foreign compe-
tition were purchased by consumers look-
ing for the lowest prices, and in industries
like textiles, apparel, toys, consumer appli-
ances, and furniture, the demand for do-

mestic production melted away. Between
2000 and 2010 output fell by 71 per cent
in the domestic apparel industry, by 50 per
cent in textiles, 38 per cent in furniture,
and 33 per cent in electrical equipment and
appliances.8

Not just in these most-exposed indus-
tries but in many others, import competi-
tion exerted intense pressure on prices and
profit markups. Feenstra and Weinstein
(2017) document the downward pressure
on markups after 2000. Declining markups
and profits directly reduce the resources
available for capital investment and R&D,
thus creating an indirect channel of causa-
tion from expanding imports to a decline
in capital deepening and innovation.

Many firms responded to this profit pres-
sure by offshoring the supply chain to
reduce costs, in addition to their cost-
reducing reductions of employment. This
in turn resulted in the offshoring bias, as
discussed above. As we have seen this leads
to the overstatement of growth in RVA and
TFP. Since most of the offshoring bias oc-
curred during the 2000-10 decade, it raised
the growth rate of TFP during that decade
more than after 2010. This implies that
studies of the TFP growth slowdown that
use a 2010 break date (like Atalay et al.,
2025) overstate TFP growth pre-2010 rela-
tive to post-2010 and thus exaggerate the
magnitude of the TFP slowdown. This oc-
curs in addition to the overstatement of the
post-2010 slowdown caused by the 2009-10
cyclical distortion discussed above.

8 These percentages come from our data file on price-adjusted gross output for the 19 individual industries. See
the Data Appendix.
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4.2 Reallocation and the 2000-10
Productivity Surge

We previously noted in the context of
Figures 1 and 2 above that growth in
both output and hours slowed by the same
amount between 1987-2000 and 2000-10,
implying that productivity growth exhibits
no slowdown between those two intervals.
But after 2000 the manufacturing economy
suddenly shifted gears from healthy output
growth with stable hours, to a very differ-
ent regime of stagnant output with evapo-
rating hours. Autor et al. (2013) explain
why the employment decline was so persis-
tent. Many of the plants most affected by
the import invasion were located in rela-
tively small cities and towns with few al-
ternative employment opportunities. Dis-
placed workers often could not afford to
move, in part because the closing of the
local factory decimated the local housing
market and evaporated home equity, pre-
venting moves to higher-cost locations.

The post-2000 transition changed the
main source of productivity growth from
innovation and capital deepening to reallo-
cation when low-productivity plants closed
and the mix within firms and industries
shifted to higher productivity plants and
firms. This mechanism is validated both
theoretically and empirically by Bernard
et al. (2006). The gain in productiv-
ity observed in our industry data does
not represent healthy innovation but rather
the closing of low productivity plants and
the shift in production to higher efficiency
plants. These authors document the im-
pact of trade on the closing of ineffi-
cient plants. While productivity growth,
whether through rising output or falling

labour input, is not a concern in and of it-
self, efficiencies gained from mass closures
of domestic plants pose welfare concerns for
affected regions. Not only did single plants
close but so did entire firms in the textile,
apparel, and furniture industries, as well as
such iconic firms as RCA and Zenith in con-
sumer electronics. Melitz (2003) provides
additional evidence on the intra-industry
reallocation effect.

Bloom, Draca, and Van Reenen (2016)
found the same effect in Europe, where a
similar wave of Chinese imports caused in-
efficient plants to close and the more effi-
cient plants to restructure, often by shed-
ding labour. Kim (2019) reported a sim-
ilar finding with the firm-level data in
the Canadian manufacturing sector that
showed rising import penetration from
China shifting economic activities towards
high productivity firms which offset the de-
clines of TFP within firms. Thus, both
in Europe and North America productivity
growth during 2000-10, which appears to
provide evidence of continuing healthy in-
novation as before 2000, actually may have
been partly or largely due to plant clos-
ings and compositional effects. Since our
data are totals for each of the 19 indus-
tries without intra-industry firm detail, we
cannot measure the within-industry reallo-
cation effects. There is little cross-industry
correlation between the post-2000 change
in output or productivity growth and the
level of 2000 output per hour, indicating
that the reallocation effect occurred within
industries rather than between industries.
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4.3 Investment, R&D, and Innova-
tion

Competition from imports squeezed
profits not only in the most exposed indus-
tries but throughout manufacturing. The
negative impact on domestic investment
was augmented by uncertainty and the in-
creasingly attractive option of offshoring
production and supply chains. Autor et al.
(2020) document that firms most exposed
to imports were most likely to reduce capi-
tal expenditures. By choosing not to invest
in the newest and most efficient automa-
tion and manufacturing technologies, these
firms lost the chance to implement innova-
tions that were occurring in their particular
industries.

As discussed above in our summary of
Figure 1, the average annual growth rate
of manufacturing output (including com-
puters and price adjustments) slowed from
4.1 per cent in 1987-2005 to 1.3 per cent
in 2005-23. Over the same period the aver-
age growth rate of real investment declined
by about the same amount, from 5.0 to
1.0 per cent per year. Pierce and Schott
(2017) highlight the role of the post-2000
Chinese import explosion in reducing in-
vestment in the subset of industries most
exposed to import competition. Offshoring
of the production process also played an
important role in declining investment. A
large literature on trade (Bernard, Jensen,
and Schott, 2006; Acemoglu et al., 2016)
documents that increasing imports led to
a decrease in capacity utilization and low-
ered the necessity of additional capital in-
vestment within the U.S.

Another cause of lower investment
growth in the early 2000s can be traced to
the increasing financialization of the U.S.
firms. Lazonick (2014) argues that cor-
porations shifted towards a “downsize-and-
distribute” regime that redirected earnings
to financial interests instead of investment
in production capacities, a trend that took
off especially after the 2003 Securities and
Exchange Commission rule change that
made stock repurchases easier. Gutiérrez
and Philippon (2017) show that 80 per cent
of the decline in investment after 2000 can
be accounted for by the amount firms spend
on share buybacks.

The process by which low-cost import
competition reduced investment had a sim-
ilar effect on domestic R&D. Industries
such as consumer electronics and primary
metals shifted R&D activities abroad or
concentrated them in large multinational
firms that located R&D facilities in foreign
countries rather than in the United States.
There was also a process by which innova-
tion shifted out of manufacturing to firms
in the information technology industry like
Apple, which developed software in Silicon
Valley and other domestic locations while
outsourcing the implementation of manu-
facturing process innovation to the Asian
locations where the hardware device pro-
duction was concentrated.

Using pre-2007 data from manufactur-
ing patenting, Autor et al. (2020), show
a decline in U.S. inventors’ patenting be-
tween 2000 and 2007 (which is the end of
their sample period) can be linked to im-
port competition. They find that this ex-
posure leads to a decline in private firms’
R&D expenditure and a decline in patent
applications. However, it is not clear that
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offshoring necessarily leads to fewer innova-
tions. The authors also find that the neg-
ative impact of imports on innovation per-
formance is larger in less profitable and less
capital-intensive firms.

More broadly there are three possi-
ble reasons why offshoring may lead to
a decline in manufacturing productivity
growth. First, offshoring renders re-
searchers and engineers unfamiliar with the
manufacturing process, hindering further
innovation. As the vice president of Gen-
eral Electric bluntly puts it in an inter-
view with MIT Technology Review (2012),
“you can design anything you want but if
no one can manufacture it, who cares?”
Consequently, offshoring is not simply mov-
ing low-skilled jobs abroad, but also makes
“businesses dependent on someone else’s
innovation for next generation products.”
Leveraging an unexpected bilateral trade
deal between U.S. and China in 1999, Bena
and Simintzi (2025) find that offshoring re-
duces the willingness of firms to develop
labour-saving technology for existing prod-
ucts.

Second, import competition also leads
to a reallocation of researchers from man-
ufacturing to service industries. Xu and
Gong (2017) identify 47 science and engi-
neering occupations. They find that for
research occupations more exposed to im-
port competition, researchers tend to shift
from manufacturing to service industries
(finance, personal services, business and re-
pair services). For example, one standard
deviation increase in occupation-level im-
port competition leads to an 11.5 per cent
increase in the share of researchers working
in business and repair services.

Third, even if import competition real-
locates research effort to firms with more
market power, it does not always follow
that more dominant firms become more
efficient, and smaller, less efficient firms
exit the market. There has been a decline
in business dynamism in the US, and the
dominant firms may have become less effi-
cient over time (Gutierrez and Philippon,
2020; Covarrubias et al., 2019). Decker et
al. (2016), show that within the manufac-
turing sector, the contribution of labour re-
allocation to TFP growth has declined.

4.4 Outsourcing of the Computer In-
dustry to Asia

As we have seen, the import penetra-
tion ratio of the computer industry (NAICS
334) in 2018 had reached 84 per cent, al-
most as high as low-tech apparel at 97 per
cent. The departure of the U.S. indus-
try with the most rapid rate of produc-
tivity growth is a central element in the
process by which the import tsunami re-
duced productivity growth in U.S. manu-
facturing. While the offshoring of apparel,
furniture, toys, and other basic consumer
products was primarily due to lower labour
costs abroad, the surrender of the computer
industry is a more complex tale, combin-
ing technological shifts, under-investment,
U.S. managerial priorities and shortsight-
edness, and scale effects as ever-increasing
Asian production further reduced costs
through economies of scale while the re-
verse process took place in the residual pro-
duction that remained in the United States.

The primary driver of computer off-
shoring, unlike the case of apparel and
toys, was not low labour costs. Dedrick,
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Kraemer, and Linden (2010) have shown
that labour represents only about five per
cent of the cost of manufacturing computer
hardware. The offshoring of computer
production bears some similarity to the
auto industry, where in the 1980s Japanese
firms pioneered the “just-in-time” produc-
tion system that produced automobiles
that were not just less expensive but were
of higher quality and were more reliable.9

Asian makers of computer components ex-
celled in “process engineering.” Firms in
Japan, South Korea, and Taiwan learned
to excel at continuous improvement, rapid
defect detection, and tight tolerances. Ad-
ditional sources of electronics offshoring to
Asia include government subsidies, the ge-
ographical clustering of the supply chain,
and greater support for worker training.

5. Innovation and Diminishing
Returns

5.1 Declining Innovation

The diminished contribution of innova-
tion to productivity growth can be divided
into three separate causes, all involving
R&D. The first is the decline of public re-
search, the second the retreat of corporate
research from basic science, and the third
and perhaps most important, decreasing
returns to R&D investment. This set of
factors is particularly important for un-
derstanding the manufacturing slowdown,
since that sector of the economy accounts
for two-thirds of R&D expenditure and the

related problems are more acute in manu-
facturing than in the rest of the economy.

Public R&D expenditure declined
steadily from its peak of 2.0 per cent of
GDP in 1964 to only around 0.7 per cent
of GDP in recent years. Gruber and John-
son (2019) argue that revitalizing public
research is crucial for future productivity
growth, based on the traditional role of
positive externalities. In contrast private
firms often shun long term projects that
are potentially beneficial to society. For
instance, Pfizer terminated its R&D efforts
on Alzheimer’s and Parkinson’s diseases in
early 2018, not because of a lack of funds,
but because the patent protection period
was too short for the firm to make a profit.
In contrast, public research has a long-
term horizon. Azoulay et al. (2019) and
others point to the army-sponsored Ad-
vanced Research Projects Agency (ARPA)
which has played a substantial role in the
early stages of high-profile inventions, in-
cluding the internet, personal computers,
lasers, and Microsoft Windows.

The decline in public research was ag-
gravated by the retreat of corporate re-
search. Arora et al. (2019), emphasize that
U.S. research prior to the 1980s was char-
acterized by giant corporate labs, such as
the Bell Lab of AT&T, and research units
of DuPont and Xerox, all of which were
manufacturing firms. These corporate re-
search clusters focused on general purpose
technologies and worked across disciplines
on a large scale. However, large compa-
nies shifted from general basic science to

9 Consumer Reports magazine in its 2025 automobile quality and reliability rankings awards the top 5 places to
Japanese and Korean brands, with cars made by American firms perennially relegated to the bottom of the
list.
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narrow commercial development starting in
the 1980s. As Arora et al. (2015) show,
companies became less willing to invest in
basic science in part because the results
could benefit business rivals.

In recent years attention has shifted to
the third factor, diminishing returns to re-
search investment. This in part reflects the
influence of a much-cited paper by Bloom
et al. (2020), claiming that “new ideas are
getting harder to find.” Their two main ex-
amples are the development of new drugs
by pharmaceutical companies and, for com-
puters, Moore’s Law showing that the num-
ber of transistors on a semiconductor chip
doubles every two years. The steady ex-
ponential growth embodied in Moore’s law
has required an increase in the number of
research workers by a factor of 18 over the
previous four decades.

5.2 Fading Pharmaceuticals

Our 19-industry database covers three-
digit industries including chemicals
(NAICS 325) but not four-digit industries
including pharmaceuticals (industry 3254).
BLS (2018) shows that this four-digit in-
dustry makes the fourth-largest contribu-
tion to the manufacturing TFP slowdown
from 1992-2004 to 2004-2016. Growing
R&D costs and a higher termination rate
of projects are two prominent corollaries
of the slowdown. Anticipating in part the
Bloom et al. (2020), research, Deloitte
(2018) estimates that the average R&D
costs of developing a compound from dis-
covery to launch almost doubled from 2010
to 2018.

The slowdown in pharmaceutical innova-
tion may have started much earlier. Gor-
don (2016) notes that the decades between
1940 and 1970 witnessed the invention or
the widespread usage of many important
drugs and medical techniques (such as an
array of antibiotics, computed tomographic
imaging, polio vaccine, and many others),
but the rate of innovation slowed down in
the decades that followed. Bloom et al.
(2020), provide empirical evidence that the
research productivity in medical research,
defined as the ratio of years of life saved to
the number of publications, first increased
from 1975 to the mid-1980s and then fell.
These authors measure the average annual
growth rate of research productivity to be -
0.6 per cent for all cancers, -6.8 per cent for
breast cancers, and -3.7 per cent for heart
disease. The same authors show that lives
saved per million in clinical trials per real
dollar of research expenditure fell over the
same period by a factor of eight for breast
cancer research and by a factor of 16 for
all cancer research. More recent research
has christened “Eroom’s Law” (Eroom =
Moore spelled backwards); this shows that
drug approvals per billion dollars of real re-
search expenditures declines by half every
nine years. Taking the results for comput-
ers and pharmaceuticals together, they im-
ply that 60 per cent of total manufacturing
R&D expenditure is suffering from dimin-
ishing returns.

A straightforward cause of this phe-
nomenon is that it has become increasingly
challenging to improve the understanding
of basic science. The lab-based process
of discovering new drugs and compounds
makes it challenging to predict the behav-
ior of materials and requires
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multiple lab experiments which are costly,
time-consuming, and unpredictable. Fur-
ther, chemical companies face an increas-
ing number of long-term disruptions in the
form of more foreign competition, rapid
shifts in end-market demand and a grow-
ing burden of environmental regulation.

5.3 Automobile Recalls Reduce Pro-
ductivity

A higher frequency of car recalls since
2012 has reduced industry productivity
growth. The cause of increasing recalls
may be the increasing complexity of vehi-
cles (Harbour et al., 2015). In addition,
researchers at McKinsey conjecture that
since many companies now have common
product platforms and supply-chain part-
ners, one defect on a single module can
negatively affect multiple vehicle models
(Aragon et al., 2019).

Auto recall services, if they cannot be
carried out by dealer service departments,
negatively affect car manufacturers’ pro-
ductivity, since the factories have to make
replacement parts, which raises labour
costs and labour input for a given num-
ber of vehicles produced. Moreover, car
recalls can be costly in themselves. For
example, in 2016, GM recalled 23 million
vehicles in the U.S. which cost GM $4.1
billion; in 2015, automakers and their sup-
pliers together paid $17.5 billion on claims
and warranty accruals (Automotive News,
2018). This issue relates to our previous
comments about the persistent low relia-
bility scores of automobiles produced by
American-owned firms as tallied by Con-
sumer Reports.

5.4 Productivity Shrinkage in the
Food Industry

As shown in Figure 4 above, the food and
beverage industry has recorded negative -
1.5 per cent annual productivity growth
since 2005. Day-Rubenstein and Fuglie
(2012) argue that in recent years, new
product development has been driven by
consumer demand, as opposed to reducing
costs or reducing resources needed for pro-
duction. “An estimated 20,000 new food
products are introduced in the U.S. annu-
ally. While some of these new products em-
body technical change, only about 10 per
cent are thought to be true innovations.
The average lifespan of a new food prod-
uct is relatively short.”

6. A Catalog of Causes

In addition to resulting from the im-
port invasion and a slowing of innovation,
the productivity growth slowdown in U.S.
manufacturing has additional causes. Fur-
ther contributing factors include (1) the
failure of robotics to boost productivity
growth in the industries where the pop-
ulation of robots has expanded rapidly,
(2) environmental and other government
regulations, and (3) a persistent short-
age of skilled labour. In this section we
identify these causes and provide exam-
ples for the six industries that make the
highest numerical contribution to the post-
2005 productivity growth slowdown: com-
puters, petroleum, pharmaceuticals, autos,
machinery, and food. Together these six
industries explain 71 per cent of the post-
2005 slowdown.
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6.1 Robotics and Automation

The use of robots expanded rapidly in
the past 15 years in some manufactur-
ing industries but did not prevent them
from recording zero or minimal produc-
tivity growth. Why did the increase in
the adoption of robotic technology fail to
boost productivity growth? The first an-
swer is the most important. Despite its
continued growth, robotics accounted for
only 1.1 per cent of total equipment in-
vestment expenditure in the manufacturing
sector in 2021 (Annual Capital Expendi-
ture Survey). Thus, the gains from robotics
automation were swamped by other fac-
tors such as lower output demand or falling
utilization or required responses to regula-
tions, all of which tended to mask the effect
of added robots.

What are the other reasons why robots
have had a disappointing effect on man-
ufacturing productivity growth? Based
on the task-based model of Acemoglu
and Restrepo (2019), numerous articles
have shown that increased robot use raises
labour productivity. Graetz and Michaels
(2018) find that increased adoption of
robots from 1993 to 2007 contributed 0.36
percentage points to annual labour pro-
ductivity growth using panel data of sev-
enteen countries. Acemoglu and Restrepo
(2020) use the same data but focus on the
U.S. labour market and find that one more
robot per thousand workers reduces the
employment-to-population ratio by 0.2 per-
centage points, which seems to match the
narrative of the task-based model where
automation displaces low- to middle-skill
labour.

On the other hand, Benmelech and Zator
(2025) find using cross-country and Ger-
man administrative data that firms invest
in robots when they face difficulties in find-
ing workers and subsequently increase em-
ployment after the investment. This limits
the economic impact of robots. Moreover, a
significant portion of the increased robotics
use is concentrated in the auto industry,
which has mainly invested in robotics to
drive its electric vehicle transition and re-
spond to labour shortages (IFR, 2024).
Given that the auto industry was respon-
sible for one-third of the annual installa-
tions of industrial robots in 2024, it may be
that other issues that reduce auto-industry
productivity growth have offset the benefits
that robots would be expected to provide.

A key challenge in automation is to en-
sure a smooth integration of new tech-
nologies to existing production facilities.
Knoess et al. (2017), highlight that au-
tomation and robotization do not necessar-
ily lead to productivity gains for all firms.
Over the past two decades, the leading auto
factories only automate “the simplest, most
repetitive processes” such as the paint and
body shops where they see the greatest
gains from automation.

Skill shortages, which we discuss below,
could partly be responsible for the unim-
pressive productivity impact of industrial
robots in recent years. Between 2015 and
2024, the robot density defined as the num-
ber of industrial robots per 10,000 workers
in the manufacturing sector almost dou-
bled in the United States from 176 to 307,
whereas China with its excess supply of
STEM graduates saw a ten-fold increase
from 51 to 567 within the same period
(Müller, 2025). The lack of skilled workers
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who can manage these robots could be ex-
erting downward pressure on the U.S. robot
adoption rate.

6.2 Regulatory Burdens

Regulation changes that may impact
productivity growth include tighter envi-
ronmental laws, stricter pollution controls,
and added safety standards. Heavy man-
ufacturing industries such as petroleum,
chemicals, and motor vehicles were most
exposed to regulations that redirected cap-
ital investment or increased compliance
costs. The food and beverage industry also
faced tighter controls because of increased
concern for public health and food safety in
recent decades. In contrast the machinery
and computer industries were largely unaf-
fected by changes in regulations.

The Clean Air Act Amendment of 1990
called for the reformulation of motor fu-
els to reduce emissions from motor vehi-
cles, which required firms to process gaso-
line with a higher percentage of oxygen.
Between the late 1990s and early 2000s,
EPA significantly expanded enforcement of
regulations that discouraged firms from in-
vesting in new refineries or modifications
to existing refineries as needed for capacity
growth. The New Source Review (NSR)
program, for example, required permitting
before construction or modification of ma-
jor stationary sources, including oil refiner-
ies, to ensure installation of pollution con-
trol equipment. NSR enforcement and in-
terpretive uncertainty imposed both delays
and cost increases on refinery projects, dis-
couraging capacity expansion and adding
permitting burden (Senate Hearing 107-
868).

The Food Safety Modernization Act in
2011 was a significant shock to the regula-
tory framework for the food and beverage
industry that changed the regime from re-
sponding to food contamination to requir-
ing preventive measures by manufactur-
ers. These included Hazard Analysis and
Risk-Based Preventive Controls (HARPC)
plans and increased inspection frequency
and extra regulatory authority by the FDA.
Firms responded to this change by increas-
ing non-production labour for quality con-
trol, documentation of plans, and compli-
ance, which would have minimal impact on
output expansion. Our price-adjusted data
record an output growth rate for the food
industry of just 0.2 per cent per year be-
tween 2010 and 2023 while capital input in-
creased by 2.1 per cent per year and invest-
ment grew by 3.2 per cent. This is consis-
tent with a redirection of investment from
the achievement of output and productivity
growth to the compliance with regulatory
requirements.

The main channel of regulatory conse-
quences on labour productivity of the mo-
tor vehicle industry has occurred through
changes in the fuel economy and emission
standards. The change in the fuel economy
standards imposed a binding constraint on
auto manufacturers and forced them to en-
act engineering changes rather than com-
plying through controlling the product mix
of passenger cars and trucks. Moreover,
added pollution controls required advanced
catalytic converters and engine controls
which increased vehicle cost and complex-
ity and capital investment without much
output effect (Wang and Miao, 2021).

The chemical industry was significantly
impacted by the set of regulatory changes
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after 2000. Firms were required to invest
heavily in end-of-pipe abatement, scrub-
bers, and monitoring systems. A series
of papers already studied the effect of en-
vironmental regulation on manufacturing
productivity. Greenstone, List, and Syver-
son (2012) use the 1972-1993 plant-level
Census of Manufactures data to show that
plants located in the non-attainment areas
that faced much stricter regulation exhib-
ited lower total factor productivity growth
rates than the plants in the attainment ar-
eas. They estimate that the organic chemi-
cals industry experienced a TFP decline of
roughly 17 per cent. Shapiro and Walker
(2018) show that increased regulatory bur-
den on the manufacturing sector through
pollution taxes led to abatement invest-
ment rather than productivity-enhancing
technology development.

6.3 Skill Shortages

The BLS reported for 2025Q3 that more
than 400,000 positions in the manufactur-
ing sector remained open and were not
filled. A survey by the National Associa-
tion of Manufacturers (NAM) shows that
attracting and retaining talent has been
ranked as the primary business challenge
consistently since 2017 (Deloitte, 2024).
This shortage of skilled workers in manu-
facturing is not a new phenomenon. In-
stead, it has developed over the past two
decades through the interplay of structural
changes in the labour force, educational
preferences biased against manufacturing
jobs, and the evolving economic environ-
ment and advances in technologies.

The skill gap can be dated back to 2001,
when 80 per cent of manufacturers reported

a moderate to serious shortage of qualified
job applicants in a survey by the NAM.
This was followed by the earliest wave of
retirement of skilled workers in the 2000s
who entered the workforce in the hiring
boom of the 1970s and 1980s (National
Academies of Sciences, 2017). Their exit
meant losses in tacit knowledge and skills
accumulated over decades, but U.S. firms
increasingly stopped training workers inter-
nally and shifted the burden of preparing
occupational skill and knowledge to schools
and students, which widened the skill gap
even more (Cappelli, 2015). The Great
Recession of 2008-09 also contributed to
this trend by permanently altering the skill
pipeline, as the entry-level positions disap-
peared and did not fully recover (Mullins
and Forbes, 2015).

In part because of the aging and retire-
ment of the skilled workforce, the supply of
qualified workers stagnated. From 2011 to
2022, there was no growth in the number of
associate degrees, which prepare graduates
for high-skilled trades. More high school
students chose to go to college instead of
trade schools, as the educational system
placed more weight on college attendance.
The impression of manufacturing jobs as
dangerous or dirty further discouraged stu-
dents, though these perceptions were of-
ten misconceived or outdated (Stockman,
2025). While the supply of skilled work-
ers has stagnated, the demand has contin-
ued to expand in response to recent ad-
vances in technology and the complexity of
machinery. Overall, the difficulty of find-
ing high-skilled workers in recent decades
suggests bottlenecks and complications in
production processes which contributed to
the productivity growth slowdown across so
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many of the component industries within
manufacturing.

The auto industry has been hit hard-
est in terms of the shortages of skilled
labour, especially positions such as indus-
trial maintenance technicians, automation
and controls machinists, and tool and die
makers. These occupations are difficult to
fill as they require a long period of training
and combine knowledge from multiple dis-
ciplines in mechanical, electrical, and soft-
ware engineering. With the skill pipeline
broken after the Great Recession, manu-
facturers in the auto industry have consis-
tently reported difficulty in obtaining high-
skilled workers for their factories. More
recently, another source of skill shortage
emerged from a geographic mismatch be-
tween areas where internal combustion en-
gine vehicles manufacturing jobs are be-
ing lost and where new battery electri-
cal vehicles manufacturing jobs are emerg-
ing, which highlights multi-faceted strug-
gles in the search of skilled labour (Saha
et al., 2025). Both petroleum and chem-
icals sectors rely on high-skilled plant op-
erators who facilitate continuous-flow pro-
duction, which exposes them to the skill
shortage problem due to decreases in ap-
prenticeship programs and the retirement
of experienced workers. Moreover, the two
industries are heavily capital-intensive and
safety-constrained, hence the loss of skills
in these industries often shows up as lower
utilization, not lower employment. The
tightened regulations and safety standards
in recent years also contributed to the high
demand for instrumentation and control
technicians who are essential to ensure safe
operation under the constraints imposed by
environmental rules.

7. Conclusion

Official BEA/BLS measures show that
U.S. manufacturing labour productivity
growth disappeared after 2010, collapsing
from +3.3 per cent per year during 1987-
2010 to -0.3 per cent per year between 2010
and 2023, representing a slowdown of 3.6
per cent per year. How could a sector that
had propelled American growth since the
founding of the Republic stumble so badly
into apparent stasis? An emerging liter-
ature has attempted to explain this slow-
down by changes that occurred after 2010.

This article starts the story ten years
earlier. Over the decade 2000-2010 man-
ufacturing employment fell by 44 per cent
from 17.3 to 11.5 million. The wave of im-
ports that caused this employment evapo-
ration was christened by David Autor and
his co-authors as the “China shock”, but we
refrain from using this term because over
the longer period 1991 to 2023 China ac-
counted for only 22 per cent of the increase
in the ratio of imports to domestic manu-
facturing output. Reflecting the fact that
nations worldwide have increased the pen-
etration of imports into the U.S., we prefer
the term “import invasion.”

Just as stark as the disappearance of pro-
ductivity growth after 2010 was the disap-
pearance of output growth ten years ear-
lier. As one U.S. industry after another
witnessed its sales melt in the face of im-
port competition, the response was not just
to cut employment and close plants but
also to experience a squeeze on profits, a
decline in capacity utilization, a decline in
investment both in fixed capital and R&D,
and indirectly a decline in the pace of in-
novation. In many cases suppliers of
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components moved offshore before produc-
ers of final goods, leading to emerging gaps
in the domestic supply chain. While mea-
sured productivity growth during the 2000-
2010 decade was the same as during 1987-
2000, it occurred in a completely different
industry environment. The same produc-
tivity growth that in 1987-2000 was the dif-
ference between healthy growth in output
and zero growth in hours of work, instead
in the 2000-10 decade was the same arith-
metic difference between stagnant output
and evaporating hours.

Our measure of the productivity growth
slowdown makes three changes from most
of the literature that uses BEA/BLS data
to assess the slowdown that begins in 2010.
We adjust the deflators of the BEA gross
output data by incorporating into our out-
put measures the deflator adjustments pro-
posed by Atalay et al. (2025), to improve
the treatment of quality change in existing
deflators. These boost the growth rate of
output and productivity in total manufac-
turing and a few durable goods industries,
with little effect for other durables and
most nondurable goods industries. The
switch to these deflators does not help ex-
plain the slowdown but rather increases
the puzzle, as the price adjustments boost
the post-2010 manufacturing productivity
slowdown from -3.6 per cent to -4.1 per cent
per year.

Our second change is to switch the break
date for the slowdown from 2010 to 2005,
due to the unusual positive bubble of pro-
ductivity growth in 2009-10 resulting from
recession-caused shedding of labour. This
switch in the break year reduces the mag-
nitude of the slowdown from -4.1 per cent
when dated as starting in 2010 to -3.5 per

cent when the break date is 2005. We join
other authors in pointing to the computer
and electronic products industry as respon-
sible for a disproportionate share of the
slowdown. When measured for 18 of the 19
manufacturing industries, excluding com-
puters, the slowdown declines from -3.5 to
-2.5 per cent per year. Thus, we eliminate
39 per cent of the slowdown ((4.1-2.5)/4.1)
prior to the start of our substantive analy-
sis. While this might seem to be defining
away the problem, the sources of the com-
puter industry slowdown are better under-
stood than for most of the remaining 18
manufacturing industries.

Another difference with some past re-
search is that we focus on labour productiv-
ity rather than TFP. A measurement issue
called “offshoring bias” leads to an under-
statement of growth in intermediate inputs.
Since value added growth is obtained by
subtracting from gross output growth the
understated growth in these inputs, growth
in both value added and TFP is overstated.
Since the offshoring bias was most signif-
icant when imports were expanding most
rapidly, this implies that the growth in
TFP is overstated more before 2010 than
afterwards, leading to an exaggeration of
the TFP slowdown when 2010 is the break
year for defining the slowdown. This source
of overstatement of the slowdown is avoided
in this article by limiting our attention to
labour productivity growth, defined as the
growth in gross output per hour.

We examine differences in the post-2005
slowdown across the 19 three-digit manu-
facturing industries, ranging from -12 per
cent per year for computers to -0.2 per
cent for wood products. For durable goods
the extent of the slowdown is greatest for
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complex products like computers, autos,
electrical equipment, and machinery, and
smaller for less complex products like fur-
niture, wood, and nonmetallic minerals.
No such pattern emerges for nondurable
goods, where the largest slowdowns are
for the most capital-intensive industry –
petroleum – and the two least capital inten-
sive – textiles and apparel. The fact that
14 of the 19 industries experienced a post-
2005 slowdown of more than -2 per cent
suggests that the underlying causes of the
slowdown are largely common to many in-
dustries rather than specific to each indus-
try.

Our discussion of the import invasion es-
tablishes a causal chain between the import
invasion and the post-2000 disappearance
of output growth. Across the 18 indus-
tries excluding computers there is a highly
significant negative correlation between the
post-2000 growth of industry output and
the 1987-2005 growth of that industry’s im-
port penetration ratio. We trace a channel
of causation from the arrival of imports to
declining domestic sales and employment,
lower profits and capacity utilization, and
less investment in fixed capital and R&D.

The effect of imports on domestic in-
novation is more complex. Some authors
point to a shift of innovation activity to-
ward larger leading firms both inside and
outside of manufacturing, in which case in-
novation shifts its location rather than ex-
periencing a decline. Others argue that do-
mestic manufacturing and innovation are
complements; when production of com-
ponents is offshored the growing distance
from the production process inhibits fur-
ther improvements that combine design
and process innovation.

The computer and electronic products
industry, which contributed most to man-
ufacturing productivity growth slowdown,
largely offshored production to Asia after
2005. By 2018 its import penetration ra-
tio had reached 84 per cent. This did
not occur primarily because of lower labour
costs, as labour makes up only five per
cent or less of manufacturing cost for most
electronic products. Instead, the attrac-
tion of Asia was its emphasis on process
innovation. “Manufacturing optimization”
leads to the ability to ramp up production
quickly at massive scale. Further expla-
nations include government subsidies, geo-
graphically concentrated supplier clusters,
and support for worker training.

The article then turns to factors that
help to account for the declining contribu-
tion of innovation to productivity growth.
These include a reduction in public sup-
port for R&D, and a shift in emphasis of
private R&D from basic science and pro-
cess improvement to brand extensions and
product copying. A third factor is dimin-
ishing returns to research effort as demon-
strated in recent research that “new ideas
are getting harder to find.” Even though
Moore’s Law in the computer industry may
continue its pace to some degree, the num-
ber of research workers needed to maintain
that pace has increased multifold in the last
four decades. Similarly, a given number of
research workers in the pharmaceutical in-
dustry produces ever fewer patents, drug
approvals, and lives saved.

We emphasize the interplay between in-
vestment and regulation. Import compe-
tition reduced profits and investment di-
rectly. Beyond that regulations and other
structural changes diverted
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investment from improving productivity to
adhering to regulatory demands. Auto
makers had to divert resources to rais-
ing fuel economy and convert to electric
vehicles, drug makers had to wait longer
for FDA approvals, the chemicals industry
faced safety and anti-pollution regulations,
the food industry grappled with new safety
regulations, and petroleum refineries had
to retool to process newly developed frack-
ing supplies and ethanol requirements.

A separate issue involving investment
was the apparent failure of the rapidly ex-
panding robot population to boost produc-
tivity growth in the auto industry, where
robots are most heavily used. One ex-
planation is straightforward —- robot in-
vestment constitutes only one to two per
cent of total manufacturing equipment in-
vestment. Another involves diminishing re-
turns –– robots are already widely used in
auto body and paint shops but cannot yet
do sensitive assembly work requiring hu-
man hands and dexterity, particularly as
electronic controls and devices make autos
ever more complex.

Our introduction to this article cited
increasing concern at delays and de-
faults in American industry more gener-
ally, from military hardware to infrastruc-
ture projects like high-speed rail. Our
analysis identifies a combination of failings
of government and private industry. The
government has retreated from basic re-
search and until recently has abandoned
industrial policy that might have created
a coordinated effort to match Asian excel-
lence in process innovation. Private corpo-
rate research has switched from basic sci-
ence to duplicative product extensions. In-
vestment in automation and productivity-

enhancing capital has been partly set aside
by share buybacks and short-term profit
maximization. Government and private
firms have jointly failed to anticipate a
growing shortage of skilled labour and have
set up a comprehensive set of training and
apprenticeship programs.

Finally, we return to the import inva-
sion. To date, the literature has focused
on the post-2010 decline in TFP growth.
Equally important was the post-2000 dis-
appearance of output growth. Further
study is warranted about intra-industry re-
allocation from closed plants to more pro-
ductive plants and firms to explain at least
in part why productivity growth contin-
ued during the 2000-10 decade, despite the
import invasion that eroded the compet-
itiveness of American manufacturing dur-
ing the same decade. The many issues ad-
dressed here support skeptics who doubt
that a broad-based regime of tariffs can re-
vive American manufacturing output, em-
ployment, and productivity growth. It may
already be too late.
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Abstract

U.S. manufacturing labour productivity growth fell from roughly 3.5 per cent per year

over 1987–2007 to near zero over 2010–2022. Growth in total factor productivity (TFP) also

fell to near zero over the same period. This article examines the sources of that slowdown by

decomposing manufacturing productivity growth into contributions from leader and follower

firms within frontier and laggard industries. We find that the slowdown is broad-based:

both for labour productivity and TFP, productivity growth declined among both leaders and

followers, across alternative weighting methods, and multiple industry groupings. Standard

models of economic growth treat research and development (R&D) as the primary channel

through which firms generate productivity growth. The broad-based nature of the slowdown

raises the question of whether the translation of R&D expenditures into productivity gains

has weakened. We estimate an R&D production function at both the industry and firm

levels and find that the elasticity of productivity with respect to R&D is consistently larger

in the earlier period than in the full sample, even as R&D expenditure has risen across

firms and industries. These results suggest that the slowdown reflects declining research

productivity rather than reduced innovation effort.
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1. Introduction

Historically, the U.S. manufacturing sec-
tor has been a pivotal driver of aggregate
productivity growth, with labour produc-
tivity, defined as output per hour, growing
at over 2 per cent per year through most of
the twentieth century. More recently, how-
ever, manufacturing has experienced a pro-
nounced productivity slowdown. Labour
productivity fell from roughly 3.5 per cent
growth per year over 1987–2007 to near
zero over 2010–2022. Growth in total factor
productivity (TFP, which is the residual
output after accounting for labour, capital,
and intermediate inputs), fell from roughly
1.3 per cent to near zero over the same pe-
riods. This slowdown is part of a broader
deceleration in aggregate labour productiv-
ity across the U.S. economy (Fernald, 2015;
Syverson, 2017; Byrne et al., 2016; Sharpe
and Chittoor, 2025; Atalay et al., 2025)
and is particularly puzzling given that the
manufacturing sector still accounts for the
majority of private-sector research and de-
velopment (R&D) expenditures (Lashkari
and Pearce, 2024).

The existing literature points to several
possible sources. Industry-level analyses
emphasize the role of leading sectors, in
particular Computer and electronic prod-
ucts (North American Industry Classifica-
tion System, or NAICS, 334), whose rapid
productivity growth in the late 1990s and
early 2000s has collapsed after the Great
Recession (Atalay et al., 2025; Syverson,
2017). Firm-level accounts, including those
that emphasize divergence between frontier
firms and others, suggest that the slow-
down should be concentrated in follower
firms that are falling behind. In many of

those theories, the frontier firms continue
to advance (Andrews et al., 2015; Aghion
et al., 2023; Andrews et al., 2019; Ak-
cigit and Ates, 2023; Olmstead-Rumsey,
2022). This “best-versus-rest” narrative
has become an influential framing of the
productivity slowdown, linking it to ris-
ing dispersion between frontier and laggard
firms. In contrast, the competing “ideas
getting harder to find” hypothesis implies
a broad-based slowdown affecting all firms
and industries, perhaps roughly in propor-
tion to their research intensity (Bloom et
al., 2020).

Two natural questions emerge from this
literature. First, is the slowdown broad-
based across categories of firms and indus-
tries, or is it concentrated in particular
groups? Second, how is the slowdown re-
flected in R&D activity: is R&D spending
itself declining, or is R&D becoming less ef-
fective at generating productivity growth?

This article addresses both questions by
extending our previous work along several
dimensions. In Lashkari and Pearce (2026),
we introduce a decomposition framework
that links firm-level information from Com-
pustat to industry-level aggregates from
the U.S. Bureau of Labor Statistics (BLS)
and study the trends in R&D intensity
and productivity. The present article ex-
tends that analysis in three ways. First, we
broaden the industry split beyond NAICS
334 to a wider set of frontier indus-
tries. Second, we broaden the definitions
of leader firms to include both revenue
and productivity definitions of leadership.
Third, we move beyond documenting the
R&D–productivity disconnect and directly
estimate the changes in the relationship be-
tween R&D spending and subsequent
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productivity growth at both the industry
and firm levels.

Our first finding is that the slowdown
is broad-based across frontier and lag-
ging industries and across firms. When
leader firms within each industry are de-
fined by employment or revenue, which are
both relatively persistent measures of firm
size, both leaders and followers slow down.
This result holds across different weighting
methods, both for labour productivity and
TFP, and across multiple industry splits.
The main exception emerges when classi-
fying leader firms by productivity, a more
volatile measure. Under this alternative
definition, the most productive firms do not
slow down, but these firms are not partic-
ularly large in terms of employment and
revenue, which limits their contribution to
the aggregate slowdown (Section 3.4).

Turning to R&D patterns, we provide
evidence that the productivity payoff to
R&D spending has weakened over time.
We first show that R&D intensity broadly
rose across firms and industries, even as
productivity growth declined. Because
R&D is the primary channel through which
firms invest in future productivity, this dis-
connect motivates a direct test of whether
the translation of R&D expenditures into
productivity gains has weakened. Estimat-
ing an R&D production function at both
the industry and firm levels, we find that
the elasticity of productivity with respect
to R&D is consistently larger in the pre-
period (1987–2006) than in the full sample
(1987–2022), a pattern that holds across
both productivity measures (TFP, labour
productivity), different specifications, and
multiple weighting schemes. These pat-
terns are consistent with the “ideas get-

ting harder to find” hypothesis and suggest
that the slowdown may stem from shifts in
the nature of the R&D process rather than
changes in innovation effort.

2. Data and Measurement

This article begins by documenting ag-
gregate trends and then decomposes them
using more detailed firm- and industry-
level data. We decompose aggregate man-
ufacturing productivity into contributions
across two groups of firms within each in-
dustry, which we label leader and follower
firms, and across two groups of industries,
which we refer to as frontier and laggard
industries.

We consider three definitions for leader
firms: employment (the baseline, captur-
ing a fairly persistent proxy for size of
inputs), revenue (highly correlated with
employment but proxying size of output),
and productivity (similar to the defini-
tion considered by Andrews et al. (2019)
in the ‘best-versus-rest’ narrative). We
use the average of the previous and cur-
rent period (period-average) weights as
the baseline and find similar results using
either current-period and previous-period
weights. We study the top-four fron-
tier industries defined by labour produc-
tivity growth in the pre-period, 1987–2007,
which are Textile mills (NAICS 313), Com-
puter and electronic product manufactur-
ing (NAICS 334), Electrical equipment,
appliance and component manufacturing
(NAICS 335) and Transportation equip-
ment manufacturing (NAICS 336). In the
Appendix, we provide additional details for
NAICS 334 as the sole frontier industry.
We evaluate both labour productivity and
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TFP throughout the analysis. The reason
for these different splits is to understand
how pervasive the slowdown is given dif-
ferent productivity definitions and different
cuts of the data.

2.1 Data Sources

Our analysis bridges industry-level and
firm-level data for U.S. manufacturing
(NAICS 31–33) over the 1987–2022 pe-
riod. At the industry level, we draw
on the BLS detailed industry productiv-
ity accounts (Bureau of Labor Statistics,
2025a,b) at NAICS 4-digit level, which pro-
vide labour productivity and TFP indices
(both 2017=100), hours worked, sectoral
output, and output price deflators. The
BLS indices incorporate detailed-industry
deflators, including hedonic adjustments
for NAICS 334. At the firm level, we
use Compustat North America (Standard
& Poor’s, 2025), drawing on revenue, em-
ployees, PP&E (Property, Plant, & Equip-
ment), R&D (Research & Development),
and cost of goods sold, restricting the sam-
ple to firms with non-missing employment
and revenue and dropping bare 2-digit
NAICS codes. For PP&E, we use histor-
ical prices consistent with financial state-
ments and the existing R&D data come
from U.S. Bureau of Economic Analysis
(BEA) fixed-asset investment by industry
(U.S. Bureau of Economic Analysis, 2025)
and from Compustat at the firm level.

We deflate Compustat revenues by BLS
NAICS 3-digit gross-output deflators, cap-
ital by major industry capital deflators,

and R&D by college-educated male wages
(Bloom et al., 2020; U.S. Census Bureau,
2025). Details are in Appendix A.

To bridge the two data sources, we
build explicit aggregations from the firm
to the industry level and from the indus-
try level to the level of the entire manu-
facturing sector. The firm-to-industry ag-
gregation uses employment-share weights
for labour productivity and revenue-share
weights for TFP; industry-to-aggregate ag-
gregation uses BLS hours shares for labour
productivity and nominal output shares for
TFP (see Appendix B.1 for details on the
log-additive aggregation procedure). We
construct aggregate manufacturing TFP as
the weighted average of NAICS-4 digit in-
dustry TFP growth rates, with each indus-
try weighted by its period-average share of
total nominal manufacturing gross output.
This procedure more closely aligns with
how BLS calculates (sectoral output) TFP,
and closely tracks the aggregate in Figure
1.1 As we show below, the BLS and Com-
pustat measures are closely aligned, which
enables more granular analysis: the firm-
level data can be used to decompose the
industry-level trends without introducing
measurement discrepancies.

2.2 Time Periods, Industries, and
Firm Groups

This analysis primarily focuses on
two time periods: the high-growth pe-
riod (the “pre-period”) in manufacturing
(1987–2007) and the low-growth period
(2010–2022). We exclude the Great

1 More details on the output measures are discussed in Eldridge and Powers (2023), who note the advantages of
using sectoral output as the proper TFP measure.
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Recession years 2008–2009. We thus refer-
ence 1987 as the initial date for the anal-
ysis. We then partition the data along
two dimensions: an industry dimension
that separates high-growth frontier indus-
tries from the rest of manufacturing, and a
firm dimension that separates leaders from
followers within each industry.

The firm and industry partitions serve
as the main cuts of our analysis. The
baseline industry split defines the top four
NAICS 3-digit sectors by pre-period labour
productivity growth as frontier industries,
with the rest of manufacturing as laggard
industries; see Section 3.2. As a robust-
ness check, we also consider a narrower
split that isolates Computer and electronic
product manufacturing, which is by far the
fastest-growing industry over 1987–2007
(Atalay et al., 2025), as the sole frontier
industry (Appendix C.2).

As for the two firm types, within each
4-digit NAICS code-year cell, we classify
the top 10 per cent of firms as leaders
(or the single largest firm if fewer than 10
are present); the remainder are followers.
We consider three ranking variables. Em-
ployment (the baseline) captures scale and
is persistent over time; revenue captures
market position and is highly correlated
with employment. Both are more per-
sistent than productivity rankings (Pearce
and Wu, 2025). Productivity (labour pro-
ductivity or TFP) captures the technolog-
ical frontier but is much less persistent:
smaller firms are often the most productive.
For defining leaders, we base our measure
on an average of the current and previous
period.

2.3 Productivity and R&D

We measure labour productivity at the
firm level as deflated revenue per employee.
At the industry level, we use the BLS
labour productivity index (2017=100) and
the BLS Total Factor Productivity index.
These measures are relevant for our indus-
try analysis.

For firm-level TFP, we follow the same
approach used by De Ridder et al. (2026),
who estimate a gross-output production
function with two inputs: a variable input
(cost of goods sold, absorbing both materi-
als and labour payments) and a fixed input
(net PP&E). Specifically, we define:

ln TFPft = ln Yft − β̂X,j ln Xft − β̂K,j ln Kft,

(1)

where Yft is deflated revenue, Xft is de-
flated cost of goods sold, Kft is deflated
net PP&E, and the elasticities (β̂X,j , β̂K,j)
are estimated at the NAICS 3-digit indus-
try codes following the De Ridder et al.
(2026) procedure. As for the industry-level
productivity measures, we directly use the
BLS TFP Index rather than aggregating
firm-level estimates, so that industry-level
productivity in the R&D regressions (Sec-
tion 4) is measured independently of the
Compustat data.

We measure R&D intensity as real R&D
per worker, or R&D relative to revenue.
These measures are discussed in greater
detail in Section 4. For R&D expendi-
tures, the BEA only provides details at the
NAICS 3-digit level as far as we are aware.
In order to get more granular industry anal-
ysis, we extend to NAICS 4-digit level using
Compustat data.
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3. Productivity Trends across
Firms and Industries

This section documents the aggregate
manufacturing productivity slowdown and
decomposes its drivers at the industry and
firm levels. Using the four-group frame-
work introduced in Section 2, we examine
whether the slowdown is concentrated in
particular groups or spread across the dis-
tribution. The central finding is that the
slowdown is pervasive: under size-based
rankings (employment or revenue), both
leaders and followers slow down. Section
3.4 examines the alternative productivity-
based ranking, which yields a different pat-
tern.

3.1 Aggregate Slowdown

We begin by documenting the aggregate
slowdown. Figure 1 plots labour produc-
tivity and TFP indices for both BLS and
Compustat, each initialized to 100 in 1987.
For our BLS series (Figures 1A and 1C), we
plot our industry-level aggregation, with
current shares and fixed shares as well as
the two BLS aggregates for labour produc-
tivity and TFP. We find that our aggrega-
tion shows a very similar trend to the BLS
aggregate manufacturing method.

The picture is striking: labour produc-
tivity grew at an annualized rate of roughly
3.5 per cent per year over the 1987–2007
period, approximately doubling in level by
2007, and then stagnated, with annual-
ized growth falling to near zero over the
2010–2022 period. TFP grew at roughly
1.3 per cent per year through 2007 and then
flattened. The slowdown is visible in every
panel of Figure 1: all productivity indices

rise steeply through the pre-period, and the
change in slope around 2007 marks the on-
set of the slowdown across both productiv-
ity measures and both data sources. The
two data sources are closely aligned under
both measures, confirming that the Com-
pustat sample of publicly traded firms cap-
tures the same broad trends as the BLS
universe.

Table 1 quantifies the slowdown. An-
nualized labour productivity growth fell
by roughly 4 percentage points from the
pre-period (1987–2007) to the post-period
(2010–2022), whether measured from BLS
or Compustat. TFP slows by 1.1–1.4 per-
centage points, consistent with the labour
productivity pattern but more muted.
Both BLS and Compustat TFP are near
zero or slightly negative in the post-period.
Which firms and industries account for the
flattening?

3.2 Within-Group Trends

We start by focusing on industry- and
firm-level splits in accumulated growth
from 1987–2022. This section focuses
on overall trends and average growth
within each group before turning to each
group’s contribution to aggregate produc-
tivity growth, which depends on its size.

Figures 2 and 3 plot each group’s
own labour productivity and TFP trajec-
tories under period average weights for
employment- and revenue-ranked leaders,
using the top four frontier industries ver-
sus the rest. The common trend is imme-
diately apparent: all four groups (leader
and follower firms in both the frontier and
laggard industry) rise together through the
pre-period and flatten together after 2007.
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No single group pulls away or collapses
on its own. The narrower 334-only in-
dustry split yields qualitatively similar re-
sults (Appendix C.2). Section 3.4 examines
what happens when leaders are instead de-
fined by productivity. The qualitative re-
sults are the same under different weight-
ings and leading firm definitions (see Ap-
pendix C.1 and Figure 12 for additional ro-
bustness checks).

Table 2 reports within-group growth
rates for the top four versus rest industry
split. Under employment rankings (Table

2), all four groups slow down. The fron-
tier industries (both leaders and followers)
grew rapidly in the pre-period and then
sharply decelerated. Leaders and followers
in laggard industries also slowed. For TFP,
the pattern is qualitatively similar: frontier
firms slowed substantially while laggard-
industry firms slowed more modestly. The
slowdown is present in both leaders and fol-
lowers in laggard industries.
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3.3 Decomposing the Aggregate
Slowdown

The trajectory figures show that all
groups slow down in productivity, but these
groups differ in their contribution to aggre-
gate growth in manufacturing. To assess
how much each group contributes to the
aggregate slowdown, we next turn to de-
compositions of aggregate productivity to
each of these groups.

Figure 4 presents the central result for
the top four industries versus rest split.
Each panel shows the decomposition of ag-

gregate labour productivity. The visual
message mirrors the trajectories: all four
bands rise together and flatten together.
Both leaders and followers contribute to
the rise and to the subsequent stagnation.
Figure 5 repeats the exercise for TFP;
the same pattern holds throughout. The
narrower 334-only split yields qualitatively
similar results (Appendix C.2). These
patterns persist across different weighting
methods (see Appendix C.1, Figures 9–10
for current-period, previous-period, and
period-average weights side by side).

We decompose aggregate productivity
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growth using the log-additive approxima-
tion, which enables us to aggregate the
separate contribution of each group ignor-
ing the reallocation term. The method is
consistent with the fact that aggregate log
productivity growth is close to a weighted
sum of group-level log productivity growth,
∆ log LPt ≈

∑
g ωgt, ∆ log LPgt, where ωgt

is group g’s share of aggregate hours. Each
group’s contribution to aggregate growth
is then its hours share times its own pro-
ductivity growth. Slowdown shares, de-

fined as each group’s share of the preto-
post change in aggregate growth, sum to
one by construction. This is only an
approximation, but the small differences
between initial-share productivity growth
and evolving shares in Table 1 indicate it
is unlikely to generate strong divergence.
As a robustness check, we also report a
level-additive (exact) decomposition in Ap-
pendix B.1. The qualitative conclusions are
the same under both methods.

These results are robust to the choice of
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weighting scheme.2 The qualitative results
are the same under all three schemes (see
Appendix C.1, Figures 9–10). To assess the
extensive margin directly, Appendix C.1 re-
ports a Foster et al. (2001) decomposition
that explicitly separates the contributions
of entering, exiting, and continuing firms.

All groups contribute to the slowdown.
Leader firms in the frontier industries ac-
count for about a quarter of the labour
productivity slowdown and nearly half the
TFP slowdown, but leaders and followers
in laggard industries together account for
roughly 70 per cent of the labour produc-
tivity slowdown (see Table 10 in Appendix
C.2 for the full breakdown). We next fo-
cus on a split that has been discussed in
the literature, that of looking at the most
productive firms rather than the largest in
a given industry.

3.4 Comparing to Andrews et al.
(2019)

The preceding analysis defined leaders
by employment or revenue, both of which
are persistent measures of firm size. An
alternative, proposed by Andrews et al.
(2019), defines the frontier by productiv-
ity itself. Under this definition, the pat-
tern changes: the most productive firms
continue to grow, while followers stagnate.
However, productivity-ranked leaders are a
different set of firms than size-ranked lead-

ers: they are smaller, less persistent from
one period to the next, and command a
much smaller share of aggregate employ-
ment and revenue. Their continued growth
therefore contributes little to any aggregate
dynamics.

Figure 6 presents the four-group de-
composition under productivity ranking for
labour productivity and TFP. The follower
bands dominate: they account for nearly
all of the rise and the subsequent stagna-
tion, while the leader bands remain thin.
The most productive firms in the top four
industries actually offset the slowdown,
contributing positively after 2007. This
contrasts with Figures 4–5, where lead-
ing firms also experienced significant slow-
downs.

Table 3 quantifies the contrast.
Productivity-ranked leaders in the fron-
tier industries still grew in the post-period,
though at a substantially lower rate than in
the pre-period. Productivity-ranked lead-
ers in laggard industries experienced a rel-
atively modest slowdown. Meanwhile, pro-
ductivity ranked followers in laggard indus-
tries actually declined in the post-period.
For TFP, the shift is even more striking:
TFP-ranked leaders in laggard industries
actually accelerated, offsetting the slow-
down elsewhere. Follower firms account
for 88 per cent of the labour productivity
slowdown under this ranking (Table 11 in
Appendix C.2).

2 Our method restricts the sample to continuing firms, since entrants and exiters lack the lagged or current
shares needed to form the average. Our restriction implicitly attributes to entrants and exiters the same
productivity growth as the continuing-firm average. If entry and exit patterns shifted between the pre- and
post-periods, the period-average decomposition would miss this channel. Under current-period weights, en-
trants appear with their current share but contribute zero within-firm growth; the between term then picks
up some entry/exit composition effects but conflates them with reallocation among incumbents. Whereas in
Lashkari and Pearce (2026) we use current-period weights as the baseline, here we switch to period-average
weights. See Appendix C.1 for further discussion.

INTERNATIONAL PRODUCTIVITY MONITOR 89



90 NUMBER 50, Spring 2026



The key reason productivity-ranked
leaders matter less for the aggregate is me-
chanical: they command a small share of
aggregate employment, so their continued
growth has little weight in any decompo-
sition. This finding is inconsistent with
a “frontier exhaustion” story in which the
most productive firms run out of ideas, and
more consistent with broad-based mecha-
nisms affecting the bulk of the firm distri-
bution.

4. R&D and Research Produc-
tivity

The preceding section established that
the productivity slowdown is generally
broad-based. In Lashkari and Pearce
(2026), we documented that R&D intensity
rose even as productivity growth stalled,
but we did not examine whether there has
been a change in the innovation production
function that maps R&D expenditures into
productivity growth. In this section, we ex-
pand our analysis of the trends in R&D in-
tensity and further study the relationship
between R&D spending and productivity
growth.

4.1 Trends in R&D Intensity

Figure 7 decomposes R&D intensity
into contributions from frontier industries
(top 4) and laggard industries, using both
industry-level (BEA/BLS) and firm-level
(Compustat) data. The top row measures
R&D intensity at the industry level, divid-
ing the BEA fixed-asset measure of R&D
investment by BLS gross output (panel
a) and BLS employment (panel b), with
shaded areas distinguishing the contribu-
tion of frontier (green) and laggard (blue)

industries. The bottom row applies the
same decomposition at the firm level using
Compustat data, further splitting each in-
dustry group into leader and follower firms
within each NAICS 4-digit industry.

Several patterns emerge from Figure 7.
First, R&D intensity rose broadly: the
intensity in every group in every panel
is higher in 2022 than in 1987, confirm-
ing that the productivity slowdown can-
not be attributed to a decline in relative
innovative effort. Second, the industry-
level panels reveal that frontier industries
consistently maintained higher R&D inten-
sity than laggard industries, with the gap
widening after 2000, particularly in R&D
per worker (panel b). Third, the firm-
level decomposition adds a within-industry
dimension: in laggard industries, follower
firms (light blue) account for most of the
R&D intensity growth, while leader firms
within those industries grew more mod-
estly. In frontier industries, the pattern
is reversed, with leader firms (dark green)
driving the increase. Fourth, the R&D-
to-gross-output ratio in panel (a) shows a
pronounced dip around 2010 in frontier in-
dustries, mirroring the dot-com bust pat-
tern from 2001, but recovers sharply after-
ward. Together these panels establish that
the post-2007 productivity slowdown coin-
cided with continued, and in most measures
accelerating, growth in R&D effort across
all groups. The natural question is there-
fore not whether firms stopped investing in
innovation, but whether those investments
became less effective at generating produc-
tivity gains.
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4.2 Estimating the R&D–Productivity
Connection

The preceding sections document two
facts: the productivity slowdown is broad-
based, and R&D intensity has risen even
as productivity growth stalled. The nat-
ural question is whether these two facts
are connected: has R&D become less ef-
fective at generating productivity growth?
To answer this question, we need a frame-
work that links R&D spending to sub-
sequent productivity growth, controlling
for the persistence of productivity itself.
The dynamic panel literature provides such
a framework (Arellano and Bond, 1991;
Blundell and Bond, 1998).

We model the relationship as an R&D
production function in which current R&D
impacts the evolution of productivity in the
next period following:

ln Zi,t+1 = α ln Rit + ϕ ln Zit + ηi + uit

(2)

where t indexes consecutive 4-year peri-
ods beginning with 1987–1990, Zit is the
mean productivity of unit i over period t

(labour productivity LP or total factor pro-
ductivity TFP), Rit is the mean real R&D
expenditure over the same period (deflated
by skilled wages following Bloom et al.
2020), and ηi is a unit fixed effect. The
coefficient α captures the
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elasticity of next-period productivity with
respect to current R&D, controlling for the
persistence of productivity (ϕ). A decline
in α from the pre-period to the full sam-
ple would indicate that a given increase in
R&D spending translates into less produc-
tivity growth than it did before, consistent
with the “ideas getting harder to find” hy-
pothesis (Bloom et al., 2020).3

Estimating (2) by OLS with unit fixed
effects would introduce Nickell bias: the
within-group transformation mechanically
correlates the lagged dependent variable
with the error, biasing ϕ downward and
potentially contaminating α (we report
OLS estimates in Appendix D for compar-
ison). We address this issue using the sys-
tem GMM estimator of Arellano and Bond
(1991) and Blundell and Bond (1998). The
idea is to estimate the model in two forms
simultaneously. In first differences, the unit
fixed effect ηi drops out, and lagged levels
of ln Zit and ln Rit serve as instruments for
the differenced regressors. In levels, lagged
differences of ln Zit and ln Rit serve as in-
struments, exploiting the assumption that
these differences are uncorrelated with the
fixed effect. Combining both sets of mo-
ment conditions yields more efficient esti-
mates than either alone, particularly when
the series are persistent, as productivity
tends to be.

We estimate (2) at both the firm and the
industry level. We note, however, that the
industry level estimation has the advantage
of capturing not only within-firm returns

to R&D but also spillovers and business-
stealing effects that operate across firms
within an industry; a decline in α at the
industry level therefore reflects a weaken-
ing of the overall effect of R&D on industry
productivity, inclusive of these channels.

At the industry level, the unit of observa-
tion is a 4-digit NAICS industry code, pro-
ductivity is measured directly from BLS in-
dices, and R&D expenditure is aggregated
from Compustat to the 4-digit NAICS
level. We consider three BLS productivity
measures: TFP, real output per hour (the
BLS’s preferred labour productivity mea-
sure), and real output per worker (more
directly comparable to the firm-level mea-
sure). At the firm level, the unit of ob-
servation is a Compustat firm, and we esti-
mate the model for both TFP, computed as
a Solow residual following De Ridderet al.
(2026), and labour productivity (deflated
revenue per worker).

We estimate each specification under
several variations to ensure robustness. We
report unweighted and weighted estimates
(using hours, employment, or nominal out-
put weights at the industry level, and em-
ployment or revenue weights at the firm
level), with and without time-period fixed
effects, and under two instrument sets: all
available lags (two or more) and only the
first two available lags (two to three), the
latter guarding against instrument prolif-
eration (Roodman, 2009). For each speci-
fication, we report the Arellano and Bond
(1991) tests for first- and second-order

3 The magnitude of our industry-level elasticities is broadly consistent with Doraszelski and Jaumandreu (2013),
who estimate firm-level R&D elasticities below 0.05 using Spanish manufacturing data. Other studies report
somewhat different magnitudes depending on the time period, country, and whether they focus on within-firm
returns or broader spillover channels (Peters et al., 2013; Fieldhouse and Mertens, 2023; Dyevre, 2024).
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serial correlation in the differenced residu-
als (significant AR(1) is expected by con-
struction, while significant AR(2) would
signal misspecification) and the Sargan and
Hansen tests for joint instrument validity.

We estimate the model over the full sam-
ple (1987–2022) and then re-estimate it for
the pre-period alone (1987–2006, to match
the 4-year period definitions). Compar-
ing estimates of α across the two samples
is the central exercise: if R&D has be-
come less effective, the pre-period estimate
should exceed the full-sample estimate. We
do not estimate the model separately for
the post-period because we are left with
a short panel in this period (only three
non-overlapping 4-year periods after ex-
cluding 2008–2009), leaving the GMM mo-
ment conditions underpowered and lead-
ing to generally implausible parameter es-
timates with wide standard errors.

4.3 Estimation Results

Table 4 reports GMM estimates of the
specification in Equation (2) at the indus-
try level, comparing the pre-period to the
full sample for total factor productivity.
We report the specification for labour pro-
ductivity in Appendix D. The results are
similar across both specifications.

The R&D coefficient α̂ is larger in the
pre-period in all specifications, declining
by roughly one-third to one-half when the
sample is extended to include the post-
period. Results using output per worker
are reported in Appendix D and are simi-
lar.

The diagnostic tests support the GMM
specification. The AR(2) test, which is
the key check on whether the moment con-

ditions are valid, fails to reject the null
hypothesis in all specifications for both
labour productivity and TFP, indicating
no evidence of second-order serial corre-
lation in the differenced residuals. The
Sargan test rejects the null hypothesis
throughout, but this is expected: the Sar-
gan statistic assumes homoskedastic er-
rors and is known to over-reject in the
presence of heteroskedasticity (Roodman,
2009). The Hansen test, which is robust
to heteroskedasticity, passes in specifica-
tions that include time fixed effects, but
rejects in some specifications without time
fixed effects. Since the point estimates
of α are stable across specifications with
and without time fixed effects, and the
AR(2) test uniformly passes, we interpret
the Hansen rejections as reflecting residual
heteroskedasticity rather than fundamental
instrument invalidity.

We present the full set of firm-level re-
sults in Appendix D. The firm-level re-
sults also exhibit patterns similar to the
industry-level results, albeit somewhat less
uniformly. The decline in α̂ is clear in spec-
ifications without time fixed effects (for in-
stance, the unweighted labour productivity
baseline drops from 0.103 to 0.066). When
time fixed effects are included, they absorb
common temporal variation and compress
α̂ toward zero in both periods, so the pre-
versus-full gap narrows. The firm estimates
may be less reliable, because spillovers from
R&D expenditures are significant and thus
less responsive to firm-level decisions than
industry-level changes.

We also estimate Equation (2) using
OLS with unit and time-period fixed ef-
fects (see Appendix D). The OLS point es-
timates of α are smaller than the GMM
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estimates, as expected given Nickell bias,
but the pre-period estimates still exceed
the full-sample estimates at the industry
level across all specifications.

The decline in α̂ from the pre-period to
the full sample is the central finding of
this section. At the industry level, the
pattern is pervasive: it holds across all
three productivity measures, all weighting
and instrument choices, with and without
time fixed effects, and under both GMM
and OLS. At the firm level, the decline
is present in specifications without time
fixed effects, but it is attenuated when time
fixed effects absorb the common slowdown.
Whether the decline reflects a structural
shift in the knowledge production function

or a compositional change (for instance,
R&D shifting toward harder problems or
toward activities that are not well captured
by standard productivity measures) is a
question these reduced-form estimates can-
not resolve. What they do establish is that
the relationship between R&D spending
and subsequent productivity growth has
weakened. Combined with the rising R&D
intensity documented in Figure 7, this sug-
gests that the manufacturing productivity
slowdown reflects declining research pro-
ductivity rather than reduced innovation
effort.4

5. Conclusion

This article asks two questions about

4 Alternatively, Ando et al. (2025) find that ideas are not getting harder to find. Higher rates of knowledge
obsolescence or lower spillovers would be consistent with this story and declining productivity growth.
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the U.S. manufacturing productivity slow-
down. First, does it emerge broadly among
large and small firms and among frontier
and laggard industries? The answer is
yes; the slowdown is evident across both
groups of industries and across both leader
and follower firms. This finding is robust
across different weighting methods, differ-
ent productivity measures (labour produc-
tivity and TFP), and multiple definitions
of frontier/laggard industries or leader/fol-
lower firms. Firms selected in each period
as most productive in their respective in-
dustries are an exception in that they do
not exhibit a productivity slowdown, how-
ever, they only account for a small share of
aggregate employment and revenue, limit-
ing their role in any aggregate decomposi-
tion.

Second, does the slowdown reflect de-
clining R&D effectiveness? R&D intensity
rose across firms and industries even as pro-
ductivity growth declined. System GMM
estimates of an R&D production function
at both the industry and firm levels show
that the elasticity of productivity growth
with respect to R&D expenditures is con-
sistently weaker in the full sample than in
the pre-period. These findings are consis-
tent with the “ideas getting harder to find”
hypothesis and suggest that the problem is
not reduced innovation effort, but reflects
a weakening link between R&D spending
and productivity growth.

The key contrast in our findings is be-
tween two narratives. Leader-divergence
theories (Andrews et al., 2019; Aghion
et al., 2023) predict that the slowdown
originates in follower firms, who fall fur-
ther behind advancing technological lead-
ers. Defining the frontier by productiv-

ity indeed yields a decomposition con-
sistent with this story, but productivity-
ranked leader firms are small and account
for a negligible share of aggregate employ-
ment and revenue, implying that the di-
vergence narrative does not explain the ag-
gregate productivity slowdown. Similarly,
rising-concentration accounts (Olmstead-
Rumsey, 2022; Klenow et al., 2019) pre-
dict that the slowdown should be concen-
trated among smaller firms losing ground
to dominant ones; our decomposition shows
that both large and small firms slow down
under size-based rankings. The broad-
based pattern is instead more consistent
with mechanisms that affect the entire firm
distribution, as in the declining-dynamism
framework of Akcigit and Ates (2023) or
the “ideas getting harder to find” view of
Bloom et al. (2020). Our R&D produc-
tion function estimates provide direct evi-
dence for the latter channel: the problem
is not that firms stopped investing in re-
search, but that a given dollar of R&D buys
less productivity growth than it once did.

Two questions follow naturally. First,
can manufacturing productivity bounce
back? Our findings suggest that the de-
clining effectiveness of R&D is a structural
feature of the past two decades, however,
the arrival of general-purpose technologies,
such as artificial intelligence, has the po-
tential to revitalize the frontier. Second,
might the same patterns eventually hold for
services, or will service-sector productivity
continue to grow? This article cannot an-
swer these questions, but it does provide an
angle, linking Compustat firm-level data to
industry-level aggregates, that can be ap-
plied to other sectors and time periods as
data become available.
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Abstract

Understanding health care productivity is critical, as the sector accounts for about 17

per cent of U.S. gross domestic product. However, official statistics likely understate pro-

ductivity growth by failing to capture improvements in medical technology and treatment

quality. The Health Care Satellite Account (HCSA), developed by the U.S. Bureau of Eco-

nomic Analysis, addresses this gap by measuring spending by medical condition, enabling

more meaningful output measurement. We present a simple framework that combines the

HCSA with population health data to adjust prices and output for quality improvements.

Output is defined as marginal health gains rather than service counts, consistent with

prior recommendations. This approach approximates more comprehensive methods while

remaining tractable. Our results suggest substantial quality-adjusted productivity growth

that is largely masked in official statistics, implying a downward bias of about 1.5 percent-

age points per year, with a range from 0 to over 5 percentage points. Productivity gains

may be larger in other high-income countries, where life expectancy has increased more and

spending has grown more slowly.
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1. Introduction

U.S. medical care spending has grown
from 5 per cent of Gross Domestic Prod-
uct (GDP) in the 1960s to 17 per cent
in 2023.1 Because health care is such
a large share of the economy, measures
of health care inflation, output, and pro-
ductivity can have meaningful effects on
the corresponding economy-wide measures,
which are used by policymakers setting
budgets, businesses making investment de-
cisions, and other users of official statis-
tics, including those used in monetary pol-
icy decisions. While U.S. government sta-
tistical agencies apply quality-adjustment
methods to measure prices and output in
other high-tech sectors of the economy,
such as computers and smartphones, there
is no comparable quality adjustment for the
health sector. However, since the 1960s,
life expectancy has increased by about nine
years, much of which is thought to be
driven by spending on innovations that
improve health outcomes.2 For example,
more effective treatments for cardiovascu-
lar conditions, cancers, hepatitis C, HIV,
and rheumatoid arthritis have extended life
expectancy and improved quality of life
around the world. If medical care is driving
these changes in life expectancy, then many
prominent papers argue that this spending
is “worth it” and productivity is increas-
ing rapidly, at least in some circumstances

(Cutler and McClellan, 2001; Cutler et al.,
1998; Hall and Jones (2007); Murphy and
Topel, 2006). However, the unadjusted
measures for health care imply weak or neg-
ative productivity growth for the past sev-
eral decades. According to U.S. Bureau of
Labor Statistics (BLS), annual total factor
productivity growth from 1990 to 2019 for
health care and social assistance (NAICS
62) has fallen by 0.6 per cent per year.3

Currently, official statistics on health
care track spending across broad service
categories like hospitals, physicians, or pre-
scription drugs, which provide limited in-
sights into many key developments in the
health sector. Namely, these aggregate fig-
ures obscure wide variation in treatments
as individual diseases are associated with
distinct treatment technologies. For in-
stance, while treatments for the common
cold have changed little over the past cen-
tury, therapies for other conditions, such as
cancers, cystic fibrosis, and multiple scle-
rosis, would not be recognizable from three
decades ago. Grouping such diverse con-
ditions and treatments into the same cate-
gory is akin to combining the agricultural
and high-tech sectors of the economy —
it conceals fundamental shifts and innova-
tions. This service-based framework has
two main shortcomings. First, it fails to
capture substitution patterns across medi-
cal industries in the treatment of particu-
lar conditions. For instance, shifting from

1 The growth in the share of spending by the health care sector is from BEA (https://www.bea.gov/sites/defa
ult/files/2024-04/1959-2023-BEA-Data-Applying-NHEA-Framework.xlsx).

2 See the National Center for Health Statistics (https://www.cdc.gov/nchs/data/hus/2020-2021/LExpMort.p
df).

3 In more recent years, total factor productivity growth has been flat for NAICS 62, with an annual growth of
0.16 per cent over the 2000–2019 period, but hospital and nursing care productivity (NAICS 622–623) has
continued to fall. See https://www.bls.gov/productivity/tables/.
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costly inpatient hospital care to outpatient
visits can substantially reduce treatment
costs, yet such changes are not reflected
in official statistics (Aizcorbe and Nesto-
riak, 2011). Second, it ignores the unique
technologies associated with each condi-
tion, limiting the potential to make mean-
ingful quality adjustments.

This limitation of official statistics led
to the development of the Health Care
Satellite Account (HCSA) at the Bureau
of Economic Analysis (BEA). Unlike tradi-
tional statistics that primarily track health
care inputs (e.g., hospitals, physician of-
fices, and prescription drugs), the HCSA
redefines output to be the treatment of a
condition, essentially treating each condi-
tion as its own industry (National Research
Council, 2011; Cutler et al., 2022). Under
traditional accounts, output rises with ser-
vice volume; but under the HCSA, output
rises with number of patients treated. The
account tracks spending, the price of treat-
ment, and output for about 260 medical
conditions (Dunn et al., 2015). This frame-
work appropriately treats hospitals, physi-
cians, and prescription drugs as inputs into
the treatment of a disease, rather than out-
puts, and allows for detailed insights into
the diverse patterns of health care spending
across different conditions. Indeed, health
economists and measurement experts have
long advocated for measuring the health
sector output by the treatment of a condi-
tion for these reasons (Berndt et al., 2000;
National Research Council, 2011). How-
ever, a current limitation of the HCSA is
that it does not account for quality changes
brought about by improved technology.

In this article, we first derive key
measurement concepts, such as quality-

adjusted prices, output, and productivity.
We define nominal output as expenditures
on medical treatments, and apply a price
index derived by Cutler et al. (1998) and
Fisher and Shell (1972) to measure real
output. This utility-based price index cap-
tures the compensating variation necessary
for patients to maintain the same level of
utility across periods. Consistent with Cut-
ler et al. (1998) and Cutler et al. (2022), the
utility derived from medical care includes
benefits (e.g., improved health due to treat-
ment) and costs of treatment. While the
HCSA is consistent with United Nations
System of National Accounts (SNA) 2025
goal of creating extended accounts that of-
fer more detailed insights into the health
care sector, the approach we take in this
article deviates from the standard SNA
methodology and is closer in spirit to the
GDP-B framework outlined in Brynjolfsson
et al. (2019), which aims to better capture
the full benefits of economic production.
More specifically, the work more closely fol-
lows the recommendations of National Re-
search Council (2011) and Sheiner and Cut-
ler (2024) that outline methodologies for
improving measurement in the health care
sector.

We then demonstrate how to construct
approximate quality-adjusted estimates of
prices, output, and productivity using
publicly available data. Our quality-
adjusted price index is constructed using
estimates of the price of treatment from
the HCSA, per capita health expenditures
from the National Health Expenditure Ac-
counts (NHEA), and life expectancy esti-
mates from the National Center for Health
Statistics (NCHS). In our analyses, we use
aggregate (i.e., across all conditions) life
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expectancy improvements to quality ad-
just our aggregate price and output mea-
sures. The life-expectancy measure may
reflect changes in population health due to
non-medical factors.4 To account for non-
medical determinants of life expectancy,
we incorporate information from Cutler et
al. (2022), which develops a methodology
for disentangling changes in health due to
medical care from other factors.

This article builds on a much broader
agenda to improve the measurement of
health and health care (National Re-
search Council, 2011; Sheiner and Mali-
novskaya, 2016), which includes numer-
ous contributions in health-related liter-
atures.5 More specifically, this article
builds on work by Cutler et al. (2022)
and Weaver et al. (2022) who have devel-
oped in-depth methodologies which cap-
ture disease-specific changes in quality.
However, these studies require complex
methodologies and very detailed data. Our
contribution is to demonstrate an approxi-
mation to these studies with readily avail-
able data sources to provide top-line analy-
sis. In theory, this provides a starting point
for more timely and transparent estimates,

which is an important goal of statistical
agencies. Furthermore, we extend Cutler
et al. (2022), which focuses on the aged
65 and over population (due to data avail-
ability), to the entire population. We find
that measuring the entire age distribution
makes a large difference in our productiv-
ity estimates. Much of the medical care we
consume at earlier ages extends or improves
life beyond the age of 65. In productivity
terms, many of the health production func-
tion inputs occur before 65, while many of
the outputs (health improvements) accrue
to those older than 65. Hence, our results
suggest that a productivity measure should
capture inputs made throughout the life-
cycle.

Our central estimates show that quality-
adjusted prices fall by about 1.3 percent-
age points per year relative to economy-
wide inflation over the period from 2000 to
2019. This is about 1.7 percentage points
below the official index for the sector (the
Personal Consumption Expenditure (PCE)
health price index), indicating output and
productivity are understated by a similar
amount.6 Adjusting the baseline estimate
of productivity from BLS to account for the

4 It is important to recognize that health outcomes are determined by numerous factors (including but not
limited to behaviour and genetics), and that research suggests that medical care accounts for a fraction of the
variation in health outcomes. For example, health care (or lack thereof) explains something like 10 per cent of
premature mortality in the U.S.; see, among others, Schroeder (2007), Nolte and McKee (2011), and Kaplan
and Milstein (2019). The social determinants of health (e.g., housing stability) are an important driver of
outcomes, and have received considerable scholarly attention (Marmot and Wilkinson, 2006; Sheiham, 2009;
Braveman et al., 2011; Bhat et al., 2023).

5 This includes literatures in cost effectiveness, health services, health policy, and health economics. For ex-
ample, the seminal Dartmouth Atlas of Health Care has documented and investigated widespread variation
in how health care is delivered across the United States, in turn motivating a wide range of studies in allied
health fields (Wennberg et al., 1996; Fisher et al., 2003 a; Fisher et al., 2003 b). This geographic variation has
raised critical questions about why certain areas perform differently than others, leading scholars to assess,
among other things, the role of low-value care (see, e.g., Chant et al., 2023).

6 The BEA’s PCE health price index tracks prices for health care goods and services consumed by households
and reflects payments by consumers, insurers, and government programs, and is used to measure inflation in
the health sector within the national accounts.
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improvement in quality, we estimate pro-
ductivity growth of about 1.7 per cent per
year, which is substantially higher than the
official estimate of 0.16 per cent per year
for health care and social assistance sec-
tor.7 The estimate is sensitive to the value
placed on a healthy year of life, as well as
assumptions about how much of the change
in health is due to medical care versus other
factors. Over a wide range of assumptions,
our estimates of the quality-adjusted price
index range from 0.2 per cent to -7.6 per
cent per year, relative to economy-wide in-
flation. However, the range of spending per
healthy life year saved is between $70,000
and $115,000, suggesting sizable financial
cost for improved health, which should be
of key interest to policymakers that must
consider both limited budgets and the op-
portunity cost of these expenditures. Al-
though it is important to note that the
higher cost is arguably “worth it” as these
amounts are substantially below the typical
value placed on a healthy life year, which
is typically over $150,000 (Kearsley, 2024).

The approximation presented here pro-
vides a top-line estimate which relies on
more aggregate assumptions, providing an
independent range of estimates to better
understand the productivity of the sector.
If we apply our estimates to the over-65
population, we find productivity growth es-
timates that are much larger than our base-
line findings. The likely reason is that the
share of health spending for those under 65

is relatively large compared to the improve-
ment in health outcomes they experience.
Those under 65 account for 53 per cent of
the lifetime health care spending. Mean-
while, most of the health gains in life ex-
pectancy go to those 65 and over. Over the
period we study, life expectancy increased
1.7 years for the 65 and over population,
and 2.0 years for the full population, only
an additional 0.3 years. One interpreta-
tion is that medical care spending under 65
is less productive. However, medical care
spending under 65 is often an investment
to lengthen one’s life or improve life after
65, as in the seminal paper by Grossman
(1972). For this reason, one would want
to measure health care spending across the
entire age distribution to measure produc-
tivity. While this is a small extension, it
makes a meaningful impact in our price in-
dex and productivity estimates: our price
index estimate grows -2.1 per cent per year
when using only the 65 and over population
versus -0.7 per cent annually when measur-
ing the entire age distribution.8

As an alternative to using population
health outcomes, Eggleston et al. (2020),
Dunn et al. (2022), Cutler et al. (2022), and
Dunn et al. (2024) use measures of clinical
effectiveness of technologies from the med-
ical literature to measure quality changes.
Additional evidence based on acute health
conditions, where the role of medical tech-
nology is more clear, also provides addi-
tional supporting evidence of the

7 This productivity figure is for the period 2000 to 2019, while the negative productivity growth mentioned in
the first paragraph is from 1990 to 2019. More generally, the productivity for the sector is typically flat or
declining slightly.

8 This number differs from the -1.3 per cent number in the previous paragraph because it assumes a VSLY of
$100k to match Cutler et al. (2022).
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productivity change (see Cutler et al.,
1998; Romley et al., 2020; and Dauda et al.,
2022). We find that these alternative ap-
proaches are generally consistent with the
approximation presented in this article.

The estimates presented in this arti-
cle are useful to better gauge the poten-
tial bounds of mismeasurement in aggre-
gate statistics, as well as understanding the
costs of health improvement in the aggre-
gate. However, these aggregate estimates
do not reveal heterogeneous productivity
differences in health care spending across
populations or conditions, limiting their
usefulness for health care management de-
cisions.

While significant progress has been made
in this literature, there are several impor-
tant caveats. The first is that this measure
of productivity is based on utility theory
and consumer welfare, and is distinct from
methods applied elsewhere in the accounts
(see Dynan and Sheiner, 2018). The focus
on welfare measurement more closely aligns
with the GDP-B approach of Brynjolfsson
et al. (2019). This approach departs some-
what from the SNA 2025 that focuses on
the measurement of outputs from economic
activity rather than outcomes. However,
the distinction between output and out-
comes blurs in the health sector as the
quality-adjusted price and output depend
on the expected outcome of treatments, al-
though not (as a conceptual matter) out-
comes due to non-medical factors. This
distinction is important as policy implica-
tions for changes in outcome due to medical
care are different for changes in outcomes
due to changes in population health. A sec-
ond caveat is related to the interpretation
of the estimates. Evidence that productiv-

ity is improving does not necessarily im-
ply that health spending is optimal from a
welfare, budgetary, or incentive standpoint.
Although the benefits appear to exceed the
cost in our baseline estimates, this does not
preclude the existence of alternative sce-
narios — such as lower spending or bet-
ter health outcomes — that might gener-
ate even greater productivity gains. Addi-
tionally, policymakers may interpret these
estimates differently based on their policy
objectives. Some may focus primarily on
short-term consumer welfare, while others
might prioritize ensuring adequate incen-
tives for firms to invest and innovate that
could potentially lead to larger long-run
welfare gains. Despite potentially differ-
ent interpretations, providing such statis-
tics equips policymakers with crucial infor-
mation to make more informed decisions.

2. Health Care Satellite Ac-
count

Each medical condition warrants dis-
tinct treatments, underscoring the value of
condition-specific data in the HCSA. The
HCSA estimates begin with nationally rep-
resentative survey data from the Medical
Expenditure Panel Survey (MEPS), which
collects detailed information on about
30,000 individuals per year, their treatment
expenditures, medical conditions, and asso-
ciated expenditures across all service types.
While the sample size may seem large,
it is actually relatively small when ana-
lyzing trends for specific conditions (see
Dunn et al., 2015). For this reason, the
HCSA combines MEPS data with large
claims databases. For the privately in-
sured population, BEA uses the Merative™
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MarketScan® Research Databases claims,
which is a convenience sample of the pri-
vately insured population. For Medicare
beneficiaries, the HCSA uses claims data
from the Center for Medicare and Medicaid
Services (CMS). For the remaining pop-
ulation, including Medicaid enrollees and
the uninsured, the HCSA uses MEPS data.
Each claims data source adds millions of
enrollees and billions of claims to the esti-
mates, and population weights are applied
to maintain the representativeness of the
estimates. The large sample size is neces-
sary for capturing patterns for conditions
that are costly but relatively rare in the
population, such as cystic fibrosis.

In addition to tracking nominal spending
by condition, the HCSA includes a price
index that measures the cost of treating a
condition. It is measured as the total ex-
penditures to treat a patient over one year.
For example, for heart disease, the treat-
ment price for a patient includes all care
received in a year, such as doctors’ visits,
labs, scans, hospital visits, and prescrip-
tion drugs. Figure 1 shows trends in treat-
ment costs for select conditions, deflated
by the aggregate PCE deflator. The fig-
ure shows that the price of treating medi-
cal conditions can vary substantially over
time. For example, treatment costs for
rheumatoid arthritis, hepatitis, and cystic
fibrosis surged as new, higher-quality drugs
entered the market, followed by a sharp
decline in hepatitis spending around 2015
due to increased competition among inno-
vative drugs. In contrast, spending pat-

terns for diabetes and heart disease were
relatively flat and actually declined relative
to economy-wide inflation.9

Understanding spending patterns by
condition is useful for many questions that
have important policy implications. What
conditions account for the greatest share
of spending? What conditions are driving
expenditure growth, and which are slow-
ing it down? How do these changes re-
late to regulations, innovations, popula-
tion health, or other trends in the mar-
ket? Another important use of this infor-
mation is to improve measures of output
and productivity to better understand the
value of medical care spending. Condition-
specific data make it easier to improve mea-
sures of output and productivity, as treat-
ment technologies — and their associated
costs and quality improvement — are often
unique to each condition. This, in turn, al-
lows for a more accurate assessment of the
value of medical care spending. In addi-
tion, the HCSA more appropriately han-
dles inefficient spending, relative to tradi-
tional methods. The traditional methods
count output as growing as more services
are provided, so inefficient spending leads
to higher output. The HCSA output grows
only with the number of patients, so an in-
crease in inefficient spending per patient
leads to a higher price of treatment and
does not increase output.

One advantage of the condition-based
price measure over traditional service-
based price index measures is that it re-
defines the output to be the treatment of

9 This decline for heart disease coincides with a period over which many drugs to treat heart disease lost
patent protection. This pattern is also consistent with Lichtenberg (2024), which finds that in the long run,
pharmaceutical innovations can lead to lower costs of treatment.
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a condition, which better handles substi-
tution patterns across different types of in-
puts, as highlighted by Aizcorbe and Nesto-
riak (2012).10 Aizcorbe and Nestoriak
(2012) demonstrate that shifts could lead
to cost savings, leading condition-based
price indexes to grow more slowly than tra-
ditional indexes (e.g., shift from expensive
inpatient services to outpatient services).11

Alternatively, if more expensive new
technologies are used in treatment, this
could lead the condition-based index to
rise more quickly than the traditional PCE
health price measure. Specifically, if an ex-
pensive new treatment enters the market
in year 2, it will not be added to the PCE

index in tracking price changes from year
1 to year 2, as it tracks a fixed basket of
goods and services and excludes the new
treatment. In contrast, the HCSA will in-
crease in year 2 when the new treatment
replaces older, cheaper treatments. If the
new and higher price technology is also of
higher quality, both indexes will be biased,
but the HCSA may appear to have a larger
bias, as the new technology leads to a big-
ger increase in the index, relative to the
PCE health measure.

Theoretically, either effect (e.g., shift-
ing services to cheaper settings, or new
innovative treatments raising costs) could
dominate, but as shown in Figure 2, the

10 Aizcorbe and Nestoriak (2012) is the first paper to construct condition-based estimates using claims data,
providing an important foundation for the development of the HCSA.

11 In this case, if there is no quality change, then the condition-based index would more accurately capture
inflation, relative to the official PCE health price index, which measures the cost of a basket of specific goods
and services year over year.
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condition-based price index tends to grow
faster than the traditional PCE health
price index, highlighting the role of tech-
nology likely driving up the cost of treat-
ment. In fact, the condition-based price
index grows faster in many cases because
of the adoption of newer and costlier tech-
nologies, such as for the treatment of sev-
eral of the conditions shown in Figure 1. At
the same time, micro evidence shows shifts
toward higher quality treatments. Dunn
et al. (2024) examine innovations for 13
health conditions and show that there is
a tendency for consumers to gravitate to-
ward higher quality new treatments, even if
those treatments are substantially more ex-
pensive. Chandra et al. (2016) show that
patients gravitate toward higher quality
hospitals over time, even for acute health
conditions. This evidence highlights the
need to properly quality adjust condition-
based price indexes.

3. Cross-Country Differences

This article focuses on the U.S. experi-
ence, but there is broad international inter-
est in this topic due to both the importance
of health and the growing share of gov-
ernment budgets across economies. Cross-
country comparisons further highlight the
link between economic measures and health
outcomes. Deaton and Schreyer (2022)
show a strong positive correlation between
national accounts aggregates — particu-
larly actual individual consumption — and
life expectancy. While this relationship is
evident, what remains largely unmeasured
is how such health outcomes connect to
the output and productivity of the health
care sector, despite their clear significance
for both economic performance and overall
well-being. A key challenge is isolating the
contribution of medical care from broader
non-medical determinants of health
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(Sharpe et al., 2007; Schreyer, 2012; Na-
tional Research Council, 2011; and Sheiner
and Cutler, 2024).

One fact that stands out from these com-
parisons is that the U.S. spends substan-
tially more on health care than most other
economies, yet health outcomes measured
by life expectancy and some other met-
rics are substantially worse (Peter G. Pe-
terson Foundation, 2020). There are a
variety of theories regarding what drives
these differences, including administrative
costs, pricing, adoption of high cost tech-
nologies, heterogeneity in treatment across
the population, and differences in underly-
ing population health (Garber and Skinner,
2008; Cutler and Ly, 2011; Chandra and
Skinner, 2012; and Einav and Finkelstein,
2023). While aggregate statistics suggest
that the U.S. health sector is less efficient,
several studies suggest that higher obesity
rates may contribute substantially to lower
life expectancy, complicating these com-
parisons (Preston and Stokes, 2011; and
Mokdad et al., 2024). To compare the pro-
ductivity of health systems over time or
across countries, it is necessary to account
for the differences in population health af-
fecting both outcomes and spending to bet-
ter isolate the effects of the health care sec-
tor on health outcomes and spending. In
this article, we focus on the productivity in
the United States over time.

4. Literature

This section highlights key insights rel-
evant to measuring productivity in the
health sector. For a more comprehen-
sive review of the literature, see Hall
(2017), Sheiner and Malinovskaya (2016),

and Sheiner and Cutler (2024).
This article focuses on a utility-based

measure of productivity, where we show the
change in output per treatment depends
on improved health. Alternative meth-
ods tend to greatly understate the value
of health improvements, as highlighted in
several recent papers (Sheiner and Mali-
novskaya, 2016; Dauda et al., 2022; and
Dunn et al., 2022). Additionally, hedonics
used in other industries, such as comput-
ers or smartphones, are poorly suited to
the health care sector, where there are nu-
merous market distortions and consumers
rarely face the marginal cost of treatment
(Berndt et al., 2000).

There is broad evidence that the qual-
ity of treatments is improving over time,
leading to improved health outcomes. This
evidence comes from studies using popu-
lation health to measure quality, analy-
sis based on the clinical literature, and
studies examining acute health conditions
(see Sheiner and Cutler, 2024, for a recent
overview). Outside of the United States,
recent evidence from Park et al. (2025)
shows large quality improvements in South
Korea, likely attributable to improvements
in the health sector. Eggleston et al. (2020)
show quality-adjusted prices falling for di-
abetes care across several countries. While
many papers in this literature focus on spe-
cific health conditions, the goal of this ar-
ticle is to estimate an aggregate quality-
adjusted price index for the United States.

The methodology used to derive a
quality-adjusted price and productivity re-
lies on the dollar value placed on improved
health (see Viscusi, 2020, for a review). Re-
cent estimates of a value of a life in the
U.S. range from $6 million to $20 million
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(Kearsley, 2024), but the exact magnitude
is important for assessing the productivity
gains in the sector. Using the dollar value
of health from Kearsley (2024), the value
for a year of health is $150,000 or more.12

Our analysis follows Cutler et al. (2022)
and uses a value of $100,000 for compara-
bility. However, given the uncertainty and
higher range implied by the literature, we
also provide estimates using $150,000 and
$250,000 per statistical life year.

5. Measuring Output and Pro-
ductivity in the Health Care
Sector

Understanding both the benefits and the
costs of treatment is fundamental for mea-
suring the productivity of the health sec-
tor, but numerous distortions in health care
markets complicate standard approaches
for measuring quality change. Seminal
work by Cutler et al. (1998) addresses this
issue by developing a framework based on
utility theory that is robust to market dis-
tortions in the health care sector. This
section presents basic formulas for price,
output, and productivity derived from this
utility-based framework.

5.1 Quality-Adjusted Price Index

Following Cutler et al. (1998), Sheiner
and Malinovskaya (2016), and Dauda et
al. (2022), let P j

0,t be the quality-adjusted
price index for a condition j from time pe-
riod 0 to t. We apply a Laspeyres-type
price index that uses a compensating varia-
tion welfare formula to adjust for quality.13

The quality-adjusted price index measures
the growth in treatment expenditure from
period 0 that would be necessary to main-
tain the same level of utility in period t,
holding technology constant. Let Sj

t be
the lifetime expenditure for treatment of
condition j at time t.14 Let Hj

t be the in-
cremental amount of health produced from
treatment at time t for disease j. Hj

t is of-
ten measured in terms of quality-adjusted
life years (QALYs) that account for both
the number of years alive and the qual-
ity of those years, where one QALY is one
year of life in perfect health.15 Impor-
tantly, Hj

t is not the actual health out-
come, but the amount of health due to
treatment and not other factors (e.g., diet
or exercise). Both Sj

t and Hj
t are typically

risk-adjusted to account for the age and
health conditions of the patient, so that
changes in expenditures and health out-
comes are the changes from medical care,
and not changes from other factors. In

12 Recent estimates in the literature, such as Cutler et al. (2022), do not apply discounting to spending or health
improvements, which would lead to a statistical life year of $150,000 for a low-end estimate based on figures
from Kearsley (2024).

13 A similar Paasche-type price index could also be applied, as shown in Dauda et al. (2022).

14 Spending needs to be measured in expected lifetime units to match the QALY measurement, which is in terms
of the gain in health over a lifetime.

15 For instance, a health condition that leads to a disability will reduce the QALY of a patient, even if the life
expectancy does not change.
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order to quality adjust the price of treat-
ment, a value is needed to convert units of
health into dollars. Typically, researchers
apply measures from external studies that
derive estimates of the value of a statisti-
cal life year, as discussed previously. Here
we let the dollar value of a statistical life
year be represented as $V QALY (Value of
a Quality-Adjusted Life Year), and we con-
sider the range from $100,000 to $250,000.
The change in quality of treatment is then
∆Hj

t = Hj
t − Hj

0 , so the dollar value of the
change is: $V QALY · ∆Hj

t .
We follow Dauda et al. (2022) and

Sheiner and Malinovskaya (2016) to com-
pute a quality-adjusted price P j

0,t for con-
dition j at time t. The price index is an
index of the growth in price from the base
period 0 to the end of our sample t. Intu-
itively, the quality-adjusted price asks how
much spending in period 0 would be needed
to deliver the same utility as treatment in
period t. In order to hold technology con-
stant, the quality improvements must be
subtracted from the unadjusted treatment
price, Sj

t , in period t.

P j
0,t = Sj

t − $V QALY ∆Hj
t

Sj
0

(1)

= Sj
t

Sj
0

− $V QALY ∆Hj
t

Sj
0

(2)

The second row of the index shows that
without any change in the quality of treat-
ment, the price index measure would be a
measure of the unadjusted price of treat-
ment, Sj

t

Sj
0
, which is the price index in the

HCSA. Quality improvements lead to re-
ductions in the quality-adjusted price of
treatment through the adjustment term
in the numerator, $V QALY ∆Hj

t . The
derivation is in the appendix, but this for-
mulation is intuitive. Consider the example
of the price change from the introduction of
the drug Sovaldi in 2014 used to treat Hep-
atitis C discussed in Dunn et al. (2022).
They consider the price change compared
to the prior drug interferon. Based on cost-
effectiveness studies, the price of Sovaldi
was $105,488, while the price of interferon
was $81,211. The Quality-Adjusted-Life-
Years (QALYs) from treatment is 9.4 for
Sovaldi and 8.28 for interferon. As an il-
lustrative example, they place a relatively
low value on the QALY of just $50,000.

16 The value is derived as: 0.61 = ($105,000 - $50,000*(9.4-8.28))/$81,000.

17 Note that sufficiently large quality improvements can potentially yield a negative price index. There are three
primary ways to address this issue. First, Dauda et al. (2022) apply chaining, which effectively scales down
incremental quality gains at each step relative to costs. A second approach is to expand on the conditions over
which quality adjustments are applied. By increasing total treatment expenditures, this helps ensure that the
resulting price index remains positive. If chaining is not feasible and the application requires condition-specific
price indexes, then a common solution is to use a reservation price index. Dunn et al. (2022) and Ackley et al.

(2026), building on Trajtenberg (1990), use a reservation price index of the form: P j
0,t = S

j
t

S
j
0+

$V QALY ∆H
j
t

S
j
0

,

where the quality adjustment enters the denominator. This index ensures that improvements in technology do
not generate negative prices because the denominator represents the reservation price that leaves individuals
in the base period indifferent between the new and prior technologies. While all three approaches are theoret-
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Based on these estimates and the utility-
based price index formula, the price in-
dex falls by 39 per cent.16 Intuitively,
the average person is receiving $56,000 =
$50,000*(9.4-8.28) of value for the health
they are purchasing, at an incremental cost
of $24,000 = $105,000 - $81,000, hence
quality adjusted prices are falling.17

One seemingly intuitive alternative price
adjustment is to scale the price by the qual-
ity change, for example, Pt = St

S0
H0
Ht

. Intu-
itively, one can view this as the change in
the price of a QALY. However, as pointed
out in a number of recent papers (Sheiner,
2016; Dunn et al., 2022; and Dauda et al.,
2022), scaling price changes by the growth
in quality of treatment does not account
for the value of a QALY. Here is a stylized
example to highlight this. Suppose an in-
dividual with high cholesterol in 1980 has
a baseline life expectancy of 10 years and
their cholesterol medication cost $1,000.
By 2015, statins have entered the market
and gone off patent. Suppose that the
same individual would now have 15 years
of life expectancy, and their statins cost
$2,000. This index suggests that quality
adjusted prices have risen by 33 per cent
($2,000

$1,000 × 10
15), placing an implicit value of

the health gain of around $670.18 However,
most economists would argue that a 5-year
increase in life expectancy is worth more

than several hundred dollars. Our measure
differs because it places an explicit value
on a year of life, while the price-per-QALY
approach is orthogonal to changes in the
value of a life year, as that term cancels
out of the ratio H0/H1.

Others in the literature have pointed out
the differences between these two intuitive
ways of quality adjusting health spending
(Sheiner, 2016; Dunn et al., 2022; and
Dauda et al., 2022). Specifically, Sheiner
and Malinovskaya (2016) points out that
if one assumes that the price-per-QALY is
roughly the VSLY, then our indexes are
the same.19 While this type of assump-
tion is valid in many contexts, it is often
violated in health care markets. Some very
cheap technologies, like generic drugs, can
provide a lot of health benefits at very low
costs. But, in many cases, it is not possi-
ble to buy more health, even with very high
levels of expenditure, due to technological
constraints.

5.2 Growth in Real Output

Real output per case (i.e., per patient),
Y j

t , is obtained by dividing spending per
case by the quality-adjusted price index.20

Using equation 1, we have Y j
t = Sj

t

P j
0,t

=
Sj

t ·Sj
0

Sj
t −$V QALY ∆Hj

t

. Let the number of cases
be N j

t in period t and N j
0 in period 0.

ically valid, they differ in the underlying baseline utility and technology being held fixed. The approximation
used in this article follows the third approach.

18 The unadjusted price index is 2 (i.e., $2, 000/$1, 000), while the adjusted price index that scales the price by
the quality change is 1.33 (i.e., $2, 000/$1, 000 · 10/15 = 1.333). If this adjustment is capturing the correct
reservation price, then the expenditures necessary to make an individual indifferent to the new technology is
just $1,333, so the dollar adjustment is $670 for five additional years of life.

19 The price per QALY formula is: Pt = St
S0

H0
Ht

∼= St
S0

(
1 − ∆H

H0

)
= St

S0
− ∆H

S0
St
H0

. If $V SLY = St
H0

, then this
formula matches equation 1.

20 As applied in the U.S. National Accounts, deflators are applied to obtain real output.
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Total real output in period t is N j
t · Y j

t

and the real output in the base period is
N j

0 · Y j
0 = N j

0 · Sj
0. Therefore, the in-

dex of quality-adjusted total real output
growth, reflecting real personal health care
consumption, is:

N j
t · Y j

t

N j
0 · Y j

0
= N j

t · Sj
t

N j
0 · Sj

0 · P j
0,t

= N j
t · Sj

t

N j
0 · (Sj

t − $V QALY ∆Hj
t )
(3)

The index measure of real output growth
is an increasing function of the health
gained from the treatment: ∆Hj

t that is
scaled to a dollar value, times the growth
in the number of cases. If the quality
does not change, then the output growth
does not depend on the amount spent on
treatment, but only the number of treat-
ments. If quality does change, then an ad-
justment is needed to convert output per
case in the base period to the output per
case in period t. It is worth emphasizing
that this is a stark difference from more
traditional output measures. Holding the
number of cases Nt = N0 constant, then
the quality-adjusted output measure only
increases when health from treatment im-
proves, while traditional measures increase
as more goods and services are provided
(e.g., doctors visits or prescription drugs).

The growth in output is not proportional
to the growth in health. It depends on the
increase in health relative to the amount
spent on the treatment.21 For countries
that do not measure output growth by de-
flating expenditures, the adjustment could
be applied directly to an output per case
growth measure in equation 3.22

5.3 Productivity

The productivity change is determined
by the growth in real output relative to the
growth in inputs. Let CN,j

t be the nom-
inal (input) cost per case, then to obtain
the real cost per case, CR,j

t , we divide by
an input price index. The cost includes
the associated cost of inputs (e.g., capital,
labour, and materials), and may differ from
Sj

t if more output can be produced with the
same level of costs. The index of real input
growth is then CR,j

t

CR,j
0

. Productivity growth
is the growth in real output divided by the
growth in real input:

ProductivityIndexj
0,t = NtY

j
t

N0Y j
0

/
NtC

R,j
t

N0CR,j
0

= Y j
t

Y j
0

/
CR,j

t

CR,j
0

Inserting the formula for growth in real
output and growth in costs we have:

21 For example, suppose a treatment cost $20,000 in period t, but the health produced from a treatment changed
from 0.5 QALY to 0.6 QALY and $V QALY = $100, 000, then based on the formula the output doubles, even
though QALY increased by 20 per cent. The intuition is straightforward, as relative to the $20,000 in output
received in period t (the numerator), the output is the base period is $10,000 in value after accounting for the
lower quality of treatment received in the base period. Patients are getting twice the output per dollar spent.

22 Note that volume measures applied internationally are often counts for particular places of service (e.g., hos-
pital volume or physician visit volume), whereas the volume measure here is the number of patients treated
for the condition, across all places of service.
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ProductivityIndexj
0,t =

Sj
t

Sj
t −$V QALY ∆Hj

t

CR,j
t

CR,j
0

(4)

Equation 4 shows that the quality ad-
justment enters through the output price
index, so one way to adjust the official mea-
sure of productivity is to apply an adjust-
ment to the output price index (see Dunn
et al., 2022), which is the approach we take
in the empirical section below. More pre-
cisely, we are essentially changing the de-
flator applied to output by multiplying the
official growth in real output by the ratio of
the corresponding official deflator, divided
by the quality-adjusted price index.

6. Empirical Evidence

6.1 Estimates Based on the Health
Care Satellite Account

This section reports estimates of the
quality-adjusted price index and productiv-
ity index, based on the formulas developed
in the previous section. To avoid distor-
tions from COVID-19, we focus our esti-
mates on the period 2000–2019.

We present an aggregate quality-
adjusted price index that is a simplified
version of Cutler et al. (2022). At an ag-
gregate level, the analysis can be simplified
as it avoids explicit allocation across con-
ditions, where it may be challenging to

match spending to health outcomes. For
instance, suppose a patient dies with re-
nal failure and heart disease, two serious
conditions that often appear together. In
this case, it is challenging to attribute this
change in health across these conditions,
as both likely contributed to the death. A
similar allocation is necessary for spend-
ing across the two conditions. To address
this issue, Cutler et al. (2022) use a com-
plex propensity score methodology that
requires detailed micro data on conditions
and health outcomes. However, we can ob-
serve changes in aggregate health, which
avoids the complexities of attribution, and
is sufficient for aggregate measures of pro-
ductivity.

Key inputs are shown in the top panel
of Table 1. All inputs are deflated by
the aggregate PCE index and all of the
expenditure computations in Table 1 are
lifetime computations from birth. The
first row shows that the PCE health in-
dex grows faster than overall inflation by
0.45 per cent per year. The condition-
based price index increases considerably
faster, as discussed previously, 1.4 per cent
per year faster than economy-wide infla-
tion, consistent with Figure 2. The next
three rows show the life expectancy for
2000 and 2019, along with the gain in
life expectancy. Life expectancy increased
by roughly 2 years during our sample pe-
riod. The base period lifetime spending in
2000 is $512,877.23 Multiplying the HCSA
condition-based price index by the base

23 This is computed using estimates of spending per capita by age from CMS combined with life expectancy
tables for the year 2000 from the Center for Disease Control National Vital Statistics Report. In principle one
could construct this again in 2019, but an advantage of the HCSA is that it holds the prevalence of conditions
fixed across time, essentially holding the health of the population constant.
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period lifetime spending implies hypotheti-
cal lifetime spending of $673,483 in 2019, or
an increase of $160,607 in lifetime spending
for a population of similar health in 2019,
relative to 2000.

Using this information, we form a vari-
ety of estimates to better gauge the value
of medical care spending. We start with
a simple but important benchmark, Sce-
nario (1), where we assume all of the life
expectancy change may be attributable to
the health care sector. Scenario (1) on
the bottom panel of Table 1 also ignores
disability and assumes that the QALY
gains equal the life expectancy change. In
this scenario, spending change per year of
life expectancy gained equals $80,303, be-
cause life expectancy rose by 2 years and
spending by $160,607. For a $VQALY of
$100,000 this implies an annual quality-
adjusted price decline of 0.42 per cent, rel-
ative to economy-wide inflation.24 Using
$VQALY from $150,000 or $250,000, which
is a range more consistent with recent es-
timates from Kearsley (2024), we find the
price index falling substantially faster, from
about 1.66 per cent to 5.55 per cent per
year.

In the next row (Scenario 2), we re-
duce the growth in quality-adjusted life ex-
pectancy, reflecting the fact that the addi-
tional life years that individuals gain may

be in less than perfect health. We follow
Cutler et al. (2022) who find that QALY
gains are 30 per cent less than the life ex-
pectancy gains over the period of study.
This adjustment reduces the value of med-
ical care spending substantially. With a
VSLY of $100,000, we find that quality-
adjusted prices rise by 0.21 per cent an-
nually, rather than fall by 0.42 per cent in
Scenario (1).

Finally, in the last two rows, we assume
that the underlying health of the popula-
tion has worsened for non-medical reasons,
implying the observed change in health due
to medical care is understated. This as-
sumption is consistent with trends in un-
derlying population health in the U.S. Due
to rising obesity rates and drug abuse (see
Mokdad et al., 2024), it may be argued
that the underlying population health has
declined over time due to non-medical fac-
tors. For the 65 and over population, Cut-
ler et al. (2022) decompose how much of the
change in health is due to medical and non-
medical factors. Over the period from 1999
to 2012, they find that the gains in health
due to medical care are larger than gains in
health generally, as obesity, among other
factors, has reduced health. Because of
this, they find changes in quality-adjusted
life expectancy understate the impact of
medical care by about 60 per cent for the

24

P =
St

S0
−

$V QALY ∆Ht

S0

=
$673, 483
$512, 877

−
$100, 000 · (2 Years)

$512, 877

= 0.92

The value 0.92 is the index value over the entire time period. Annualized over the 19 years, the value is 0.9958,
so the annualized price change is -0.42%.
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65 and over population. Given that we are
analyzing spending and outcomes at birth,
this estimate from Cutler et al. (1998) may
not apply directly. Therefore, we analyze
a range of estimates. In the last two sce-
narios (3 and 4) we assume gains in health
from medical care are understated by 30
per cent or 60 per cent, relative to Sce-
nario 2. We choose 30 per cent as our
preferred estimate, in addition to 60 per
cent, as we are analyzing a younger, poten-
tially healthier population. Based on these
adjustments, the central estimates show
the quality-adjusted price index falling for
most scenarios. Interestingly, across all
four scenarios the quality-adjusted price in-
dex falls below the PCE health price index
growth of 0.45 per cent per year over this
period, implying a potential bias in the of-
ficial price measure in the sector across the
range of scenarios. The bias is the differ-
ence between the current PCE health price
index and the quality-adjusted price index.
For example, for our preferred Scenario (3)
assuming the VSLY of $150,000, correct-
ing for the bias would decrease the price
index by 1.74 per cent (= 0.45% - -1.29%)
per year. As the price indexes are sensi-
tive to the VSLY, the last column reports
the change in spending per life year saved
as a measure of the growth in expenditures
per quality improvement. In all scenarios,
the spending per QALY increase is over
$70,000, which may be of interest to poli-
cymakers considering the opportunity costs

of these expenditures.
To check whether our approximation

methodology provides plausible estimates,
we compare our results to the much
more in-depth estimates from Cutler et al.
(2022). One important difference between
our papers is that Cutler et al. (2022) fo-
cuses solely on the 65 and over popula-
tion, while all of our calculations in Ta-
ble 1 are lifetime calculations from birth.
To make our results comparable, we re-
calculate life expectancy at 65 and life-
time spending at 65 in 2000, using age
specific death rates and health care spend-
ing.25 The HCSA does not currently sepa-
rate spending for those above or below 65,
so we assume spending growth is similar
for these two populations, which is an ar-
guably strong assumption that we discuss
below. After making these adjustments,
the base period lifetime spending of a 65
year old is $295,738, the change in lifetime
spending is $92,610, and the change in life
expectancy is 1.7 years. This corresponds
to a quality-adjusted price index decline of
2.09 per cent in Scenario 4, with a VSLY of
$100,000. With the same assumptions re-
garding the VSLY and the share of health
improvements due to medical care, we ap-
ply our formula to estimates from Cutler et
al. (2022) and find that the implied quality-
adjusted price index falls by about 3.5 per
cent per year.26 This is a bit lower than
our estimates, but the over-65 population
in the U.S. is insured by Medicare, which

25 See the appendix for specific calculations for the over-65 age group.

26 Specifically, we use their estimate of the change in lifetime spending and QALYs from Table 5 of Cutler et
al. (2022). We compute base period lifetime spending using our methodology (but for 1999, which is the
beginning of their sample period), as they do not report this number. We adjust all their numbers to be in
2019 dollars, rather than 2010 dollars.

116 NUMBER 50, Spring 2026



has regulated prices that grow less quickly
over our study period. Private insurance is
the most common insurance for those un-
der age 65.27 If we factor in the lower price
growth in the Medicare population, which
grows over 1 percentage point slower than
private insurers, then our estimate matches
closely to those of Cutler et al. (2022).28

There are large differences in the quality-
adjusted price index for the full population
analyzed in Table 1, relative to the 65 and
older population analyzed in Cutler et al.
(2022). The reason for this large differ-
ence is that the health gains go primarily
to those over 65, but the lifetime health
spending is shared roughly evenly between
the under and over-65 populations, so it ap-
pears that the value of medical care spend-
ing for the over-65 population is quite high.
More precisely, about 85 per cent of the
improvement in life expectancy is occur-
ring for those older than 65, while about
53 per cent of the spending growth oc-
curs below 65. One possibility is that the
increase in spending is much more effec-
tive for the over-65 population. However,
we think that the more likely reason for
this difference is that health is an invest-
ment good, as in Grossman (1972), so that
the spending below age-65 leads to better
health outcomes post-65, highlighting the
potential importance of studying the dy-
namics of the full population.

These estimates have implications for
productivity measurement. To understand
the implications, we adjust existing pro-
ductivity estimates for health care from
BLS. Analogous to equation 4, we can write
the BLS Multifactor Productivity index as:

ProductivityIndexBLS
0,t =

Nt·St
N0·S0

Output Price Deflator0,t

NtCR
t

N0CR
0

(5)

where Nt · St is nominal output for health
care in period t, N0 · S0 is nominal output
in period 0, and Output Price Deflator0,t

is the BLS price deflator for health care.
To account for the changes discussed above
(e.g., quality adjustment and defining the
output as the treatment of a condition),
one could replace the BLS price deflator
with our quality-adjusted price index by
multiplying the productivity measure in
equation 5 by Output Price Deflator0,t

P0,t
.

The top panel of Table 2 shows the in-
puts to this calculation. The BLS multi-
factor productivity change for the sector is
relatively flat, with an increase of just 0.16
per cent per year. The output price defla-
tor grows by 0.24 per cent per year rela-
tive to economy-wide inflation. Note that
the BLS price measure we use is Health
Care and Social Assistance (NAICS 62),
which varies from the BEA measure of PCE
Health. This sector includes hospitals and

27 Based on estimates from the Bureau of Labor Statistics for hospitals, prices for individuals with private in-
surance grew by about 4 per cent per year, while prices for individuals with Medicare insurance grew 2.5 per
cent per year.

28 Specifically, as an alternative we lower the disease specific price by half the price difference between private and
Medicare price growth (about 0.7 percentage points a year) to account for the slower growth of Medicare prices,
and we find the associated quality-adjusted price falls by 3.5 per cent. After these adjustments, the similarity
between our estimates provides some evidence that our methodology to approximate a quality-adjusted price
index is reasonable. Details of this calculation are shown in the appendix, Section 8.3.

INTERNATIONAL PRODUCTIVITY MONITOR 117



ambulatory care, but unlike PCE Health,
it excludes pharmaceuticals and includes
the category of social assistance.29 These
differences are among the reasons that the
BLS price deflator grows slower, 0.24 per
cent versus 0.45 per cent, relative to the
PCE health price index.

Table 2 shows how this adjustment im-
pacts productivity measures. In Scenario
(3), assuming a VSLY of $150,000, we cal-

culate that the annual productivity growth
is 1.69 per cent from 2000 to 2019, about
a ten-fold difference in productivity. This
implies a bias of 1.53 per cent (= 1.69%
- 0.16%) per year. One can see that with
this adjustment, the productivity estimate
mirrors the quality-adjusted price index
change. For example, in Scenario (4), as-
suming a VSLY of $100,000, our productiv-
ity estimate is 1.09 per cent per year, which

29 However, social assistance accounts for less than 10 per cent of this category, so it primarily reflects productivity
of the health sector.
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implies a bias of 0.93 per cent (= 1.09% -
0.16%) per year, or a seven-fold difference
in productivity.

Limitations: While we view this ap-
proach as providing a useful estimate for
a quality-adjusted price, there are some
important limitations. Most importantly,
the paper relies on external information
on population health and assumptions re-
garding how much of the population health
change is due to medical care or other
factors. The recent work by Cutler et
al. (2022) provides some guidance suggest-
ing that population health in the U.S. has
likely worsened in recent years. The in-
crease in disease prevalence in the HCSA
is also indicative of worsening popula-
tion health. Consistent with these esti-
mates, Romley et al. (2020) examine eight
health conditions around this time pe-
riod and finds a health status index that
worsens for seven out of eight conditions
studied. There are also challenges with
measuring health improvements based on
population life-expectancy. For example,
life-expectancy measures may not capture
more complex dynamics, such as treat-
ments that only have effects on health sev-
eral years into the future.

Another important limitation is that our
approach does not address the issue of clin-
ical risk factors, like high cholesterol or di-
abetes, that can lead to more serious condi-
tions, such as heart disease, that can lead to
morbidity and death. If hypertension and
high cholesterol increase in the population,
this can lead to more heart disease cases.
An important contribution of Cutler et al.
(2022) is to develop an accounting system
to reallocate spending and health changes
from direct health conditions to risk fac-

tors like hypertension and high cholesterol.
This more appropriately lines up spending
and associated outcomes for each condi-
tion. Our analysis attempts to address this
limitation by using health information from
Cutler et al. (2022).

Another limitation of the analysis is its
focus on aggregate estimates. We do not
have health information at the condition
level, which can be informative regarding
the quality-adjusted prices and productiv-
ity of different treatments. More disag-
gregated information, by condition, geogra-
phy, and demography, is necessary to bet-
ter understand why productivity is chang-
ing. However, the benefit of our approach is
that it can more quickly be applied to pro-
vide a more timely top-line measure. The
estimate presented here is just an approx-
imation, and more information is needed
to improve the accuracy of these estimates.
While comprehensive estimates are chal-
lenging due to the vast data required, Cut-
ler et al. (2022) has demonstrated the fea-
sibility for the over-65 population and the
Institute of Health Metrics and Evaluation
also demonstrates the feasibility of produc-
ing comprehensive estimates by providing
disease outcome information for 204 coun-
tries (Vos et al., 2020).

6.2 Additional Evidence

A key limitation of the HCSA-based ap-
proach presented here and by Cutler et al.
(2022) is that there may be numerous un-
observed risk factors affecting the health of
individuals with a particular condition. For
instance, the health of a person with dia-
betes may be very different across individ-
uals and over time, but individuals with a
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more severe case are often coded the same
as someone with a less severe case. Detailed
risk factors of the person may be difficult
to account for using only population health
data. There are a few complementary ap-
proaches that have been taken that gener-
ally support the findings presented here.

One approach is to produce estimates
based on the expected quality from disease
models, which use evidence in the clinical
literature to predict health outputs based
on information about health inputs and pa-
tient health (National Research Council,
2011). Cutler et al. (2022) introduces an al-
ternative analysis using a disease model for
cardiovascular treatment. This approach
does not rely on population health out-
comes and finds results consistent with the
population-based approach for cardiovas-
cular conditions. Eggleston et al. (2020)
use disease models to examine the value
of treatment for diabetes patients in four
countries, and find the benefit of health im-
provement typically exceeds the cost.

Related to the disease model approach,
Dunn et al. (2024) study 13 health condi-
tions and use information on quality from
the medical literature from the Tufts’ Cost
Effectiveness Analysis Registry (CEAR).
Specifically, they combine quality infor-
mation from clinical studies with actual
spending and treatment information using
micro claims data. Many of the 13 con-
ditions studied have expensive treatments
that are patent protected, and quality-
adjusted prices rise over the study period,

highlighting that quality-adjusted prices do
not necessarily fall. However, they project
that in the long run, when drugs lose patent
protection, quality-adjusted prices fall sub-
stantially for 12 of the 13 conditions.30 A
potential advantage of the approach taken
in these papers is that quality is not mea-
sured based on observed outcomes; it is
based on the clinical literature that pro-
vides a measure of predicted health out-
come. A disadvantage of this approach is
that it does not directly explain health out-
comes observed in the population. More-
over, as Hall (2017) points out, it may be
challenging to model every separate con-
dition and associated outcome. See Hall
(2017) and Sheiner and Cutler (2024) for
more detailed discussions of other papers
in this literature.

Focusing on acute health conditions is
another approach to help address this is-
sue, as the acute health event itself and
associated diagnosis codes provide key in-
formation about patient health. Due to
the severity of these conditions, the out-
come and the spending soon after the
event can more readily be attributed to
the health sector. This literature typi-
cally finds quality-adjusted prices declin-
ing rapidly (Cutler et al., 1998, for heart
attacks; Dauda et al., 2022, for heart at-
tacks, pneumonia, and heart failure). Ex-
amining eight health conditions, Romley et
al. (2020) finds evidence of broad produc-
tivity improvement.

30 Similar to this study, Dunn et al. (2022) use available information from the medical literature to approximate a
quality-adjusted price, but at a more aggregate level. Specifically, they use information on advances in medical
technologies from cost-effectiveness literature, proxies for the diffusion of medical technology, and combine this
information on the cost of treatment by medical condition from the HCSA. They also find quality-adjusted
prices declining, similar to the population-based approach discussed in this article.
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7. Conclusion

Accurately measuring productivity in
the health care sector is essential for under-
standing the value of medical care spend-
ing, informing policy, and interpreting
broader economic trends. However, tra-
ditional approaches do not adequately ac-
count for improvements in health outcomes
and the substantial quality gains driven by
medical innovation. This article demon-
strates how the BEA’s health care satel-
lite accounts can be combined with exter-
nal data on health and life expectancy to
produce quality-adjusted price indexes that
better reflect changes in real output and
productivity in the sector.

Consistent with a growing body of lit-
erature, our results indicate that quality-
adjusted health care prices have declined
relative to conventional price indexes, im-
plying significant unmeasured productivity
growth. Our estimates suggest that offi-
cial statistics may understate real output
growth in the health sector by roughly 1
per cent per year or more, depending on
the value placed on health gains and ad-
justments for underlying population health
trends.

These findings carry important implica-
tions. First, failing to account for health
improvements can distort measures of sec-
toral productivity and bias assessments of
living standards over time. Second, under-
standing how much of rising health care
spending translates into improved health
is central to ongoing debates over health
care efficiency, pricing, and innovation pol-
icy. Improving these estimates could help
better identify areas where productivity is
lagging and where appropriate policy tools

may be deployed. Finally, the framework
presented here highlights the usefulness of
condition-based health accounts and inte-
gration of health outcome data to sup-
port more accurate and actionable eco-
nomic statistics.

While challenges remain, such as how to
disentangle medical and non-medical con-
tributors to health outcomes, the method-
ology outlined in this article provides a
new, practical approach for improving the
measurement of the health care sector.
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Addressing Canada’s High Cost of
Living: The Role of Productivity

and Bargaining Power
Claude Lavoie*

IPM Commentary

Abstract

This commentary examines persistent concerns about the cost of living among Cana-

dians, a phenomenon also observed across many developed economies. Despite macroeco-

nomic indicators showing that household income has generally grown faster than prices in

recent years, approximately 60 per cent of Canadians identify the cost of living as a primary

concern. Drawing on polling data, economic statistics, and policy literature, the analysis

identifies housing affordability, slowing real income growth, and social media–driven finan-

cial perceptions as key drivers. The commentary concludes that policy responses should

prioritize housing supply, productivity growth, and stronger worker bargaining power to

ensure that economic gains translate into improved household welfare.

1. Introduction

The cost of living has emerged as the pre-
dominant concern for Canadian citizens,
with 62 per cent identifying it as a top is-
sue in October 2025, according to Abacus
polling data. This represents a consistent
pattern, as similar polling in 2019 and in
2015 showed 55 per cent to 60 per cent
of Canadians expressing the same concern
(Table 1). The persistence of this anxi-
ety, both before and after the COVID-19
pandemic, suggests structural rather than
cyclical causes.

This concern is not unique to Canada.
Approximately 45 per cent of French citi-

zens identify cost of living as a primary is-
sue (also in line with the pre-pandemic pe-
riod), while similar patterns appear across
the United States and other European na-
tions. The international scope of this phe-
nomenon suggests that broader economic
forces, rather than country-specific poli-
cies, are at play.

This commentary examines the sources
of widespread concern about cost of living.
It is unclear how people, when surveyed,
define the “cost of living” and what specifi-
cally concerns them. This commentary as-
sumes, consistent with the literature, that
such concerns arise when households feel
that the prices of day-to-day consumption

* Claude Lavoie is a Former Director General in the Economic and Fiscal Policy Branch at Finance Canada.
Email: claudeblavoie@gmail.com
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are rising faster than their current (or ex-
pected) income. This commentary seeks to
find the potential sources of these concerns,
rather than determine whether a true cost
of living crisis exists.

2. Potential Causal Factors

2.1 Inflation: A Limited Explanation

When citizens express concern about
cost of living, they primarily reference the
prices of everyday goods and services. The-
oretically, rapid price increases — high in-
flation — should correlate with such con-
cerns. However, Canada’s inflation perfor-
mance does not support this hypothesis.

Canada has maintained inflation close to
its 2 per cent target, averaging 2.1 per cent
since 1995 and 2.3 per cent since the 2009
financial crisis. While pandemic-era infla-
tion exceeded 3 per cent annually, pushing
prices approximately 6 per cent above tar-
get trajectory, cost of living concerns pre-
ceded this period (Figure 1). In 2019, when

inflation measured only 1.7 per cent, 60 per
cent of Canadians already identified cost of
living as their primary concern. Further-
more, these concerns remain even though
inflation expectations have since normal-
ized, with consumers anticipating inflation
rates near the 2 per cent target going for-
ward. These patterns suggest that general
inflation cannot explain the persistent and
widespread anxiety about the cost of living.

2.2 Housing Affordability: A Signifi-
cant Contributor

Certain price categories receive dispro-
portionately more attention in household
budgets, particularly necessities such as
food, shelter, and transportation. As
Schembri (2020) notes, consumers’ percep-
tions of inflation may be higher than offi-
cially measured inflation rates if the prices
of frequently-purchased goods are rising
faster than generalized inflation, or if they
put more weight on some goods and ser-
vices whose prices are rising. Higher
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inflation for these products may raise an
alarm about the broader affordability of ba-
sic necessities. Analysis of these categories
reveals differential patterns (Table 2).

Food and gasoline prices accelerated
post-pandemic but remained relatively
modest during the pre-pandemic period
when such concerns already existed. Hous-
ing presents a more complex picture. Con-
sumers’ perceptions of inflation are likely
influenced by the prices of houses, while the
CPI measures the prices of housing — more
specifically, the costs associated with home
ownership, which includes rent and mort-
gage payments but not directly the price of
a house.

The costs of renting or owning a house
have followed a similar pattern to those
of food and gasoline but house purchase
prices increased approximately 5 per cent
annually over the past decade, both pre-
and post-pandemic. Metropolitan rental
markets — particularly Toronto, Vancou-
ver, and Ottawa — also experienced simi-

lar growth rates despite more moderate na-
tional trends.

However, the two-thirds of Canadians
who own homes generally benefit from
house price appreciation through increased
wealth. In principle, this should make them
feel they have higher purchasing power, all
else equal, rather than reduce affordability.
The remaining third, comprising renters
in high-cost markets, prospective first-time
buyers, and those who over-extended fi-
nancially during purchase, experience gen-
uine affordability pressure. This segment
broadly corresponds to the 34 per cent
identifying housing affordability as a top
concern (Table 1), suggesting housing con-
stitutes a significant but not comprehensive
explanation for broader cost of living anx-
iety.

2.3 The Income-Perception Paradox

As noted earlier, cost of living concerns
arise when households feel that the prices

INTERNATIONAL PRODUCTIVITY MONITOR 131



of day-to-day consumption items are rising
faster than their income, in other words
when their real income is perceived to
be declining. Yet, most Canadians expe-
rienced real income growth, despite this
widespread perception of the contrary (Fig-
ure 2).

Real disposable income for households in
every income decile — except the lowest
— was higher in 2023 than in 2019 (pre-
pandemic) and substantially higher than in
2010 (post-recession). The temporary ele-
vation of pandemic-era incomes, driven by
exceptional government transfers, cannot
explain current sentiment, as cost of living
concerns preceded COVID-19, and no rea-
sonable expectation existed for permanent
continuation of emergency support.

Households do not directly observe dis-
posable income without some calculation,
which may cause perceptions to diverge
from reality. Assessing disposable income
requires aggregating multiple components,
including earnings, taxes, and transfers.
People may also suffer from money illu-
sion and, as Krugman (2025) notes, may
see their pay increases, not as reflecting
higher inflation, but instead as reflecting

their hard work. Still, people do observe
the wage they receive and the prices they
pay. Real hourly market wages increased
across most occupations during both 2019-
2025 and 2010-2025 periods. Declines oc-
curred in certain occupations, but these
were modest and affected only 10-15 per
cent of the labour force. Additionally,
occupational mobility suggests that some
workers in affected sectors may have tran-
sitioned to alternative employment, partly
mitigating individual wage declines.

Aggregate data do not appear to con-
ceal significant population groups experi-
encing acute cost-of-living pressures. Real
income growth of younger cohorts, particu-
larly those aged 25-34, lagged behind older
citizens but did not experience absolute de-
cline. Young families, whose head of the
household is aged between 25 and 34, and
who represent approximately 15 per cent
of the population, saw median real income
remain flat between 2019 and 2023 — es-
sentially with no gains, but also no losses
for this group overall. Moreover, the pro-
portion of households experiencing signifi-
cant income decline (exceeding 10 per cent
over five-year periods) remained stable at
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approximately 30 per cent since the mid-
2000s (Figure 3).

Cost of living rising faster than incomes
should be expected to deplete Canadians’
financial wealth. A January 2025 RBC poll
(Royal Bank of Canada, 2025) found that
over half of Canadians describe themselves
as "financially paralyzed."

But net worth statistics contradict these
narratives. Over roughly the past decade,
households across all income deciles expe-
rienced significant real net worth increases

(Figure 4). This growth reflects not only
housing and pension asset appreciation,
but also increases in non-pension financial
assets net of non-mortgage debt, as net fi-
nancial worth, which excludes them, also
improves across all deciles. International
evidence suggests similar patterns exist in
other developed nations.
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2.4 The Growth Deceleration Hy-
pothesis

While income grew faster than prices for
most Canadians, the pace of improvement
decelerated markedly (Figure 5). House-
holds in most income deciles experienced
real disposable income growth approxi-
mately 50 per cent slower during 2009-2023
compared to 1995-2009. Real hourly wages,
median incomes, and age-cohort income
data corroborate this deceleration pattern.

This phenomenon extends beyond
Canada. International Monetary Fund
Managing Director Christine Lagarde char-
acterized the post-2010 period as "the new
mediocre," acknowledging widespread pro-
ductivity and growth slowdowns across de-
veloped economies (Lagarde, 2014).

People have thus had harder times ac-
cumulating wealth for their retirement and
for major purchases, such as housing or ve-
hicles. More than two-thirds of Canadi-

ans are worried they will not have enough
money for retirement according to various
surveys conducted in 2025. Worrying that
your future income will not be sufficient to
cover your living costs fits the definition of
cost of living concerns.

Moreover, economic research on subjec-
tive well-being, including work by Becker
and Rayo (2007), demonstrates that what
matters for happiness is how your real in-
come compares to your expectations, and
not your absolute real income level. Indi-
viduals and societies accustomed to faster
real growth trajectories may experience de-
celeration as relative deprivation, even ab-
sent absolute decline. Current workers
comparing their trajectory to their par-
ents’ experience, or to their own earlier ca-
reer progression, may perceive themselves
as falling behind despite objective improve-
ment.

The proliferation of social media plat-
forms has fundamentally altered financial
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reference groups and consumption norms.
Extensive research documents how social
media creates unrealistic financial compar-
isons through curated content emphasizing
luxury goods and aspirational lifestyles.

Humans are inherently social beings for
whom relative social position matters sig-
nificantly. Social media algorithms encour-
age users to perceive portrayed lifestyles
as representative of peer groups, distort-
ing perceptions of "normal" consumption

and "necessary" expenditures. This can
generate feelings of financial inadequacy,
so-called financial dysmorphia, and pres-
sure to emulate displayed lifestyles, poten-
tially leading to overconsumption and fi-
nancial anxiety. A study conducted by In-
tuit Credit Karma (2024) shows that more
than 40 per cent of Gen Z and Millennial re-
spondents experience money dysmorphia.
A separate study by Hartford Funds found
that 82 per cent of Americans who
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experience money dysmorphia feel behind
on their finances. The number of people us-
ing social media has quintupled since 2010,
according to an analysis by Kepios. This
suggests that increasing exposure to social
media may contribute to perceived finan-
cial insecurity independent of actual eco-
nomic circumstances.

3. Policy Evaluation and Rec-
ommendations

Political leaders across Canada and
other developed nations have pledged to
address cost of living concerns. Prime Min-
ister Carney has made reducing costs and
helping Canadians "get ahead" as a top pri-
ority. However, the analysis above suggests
that different policy interventions vary dra-
matically in effectiveness, and some popu-
lar proposals may prove counterproductive.
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3.1 Ineffective Approaches: Tax Cuts
and Subsidies

Targeted measures such as Goods and
Services Tax (GST) exemptions for first-
time homebuyers may assist specific bene-
ficiaries but generate negative externalities.
By stimulating housing demand without
addressing supply constraints, such policies
increase prices for all market participants,
potentially worsening overall affordability.

Broad-based tax reductions, such as gen-
eral GST cuts, present similar challenges.
First, only a portion of tax reductions
translates into lower consumer prices; the
remainder accrues as increased business
profits, with the distribution determined by
demand elasticity. Second, reduced govern-
ment revenue necessitates either decreased
public services and transfers — negatively
affecting household real income — or in-
creased public debt. Financing current
consumption through higher public debt
raises intergenerational equity concerns.

Government subsidies intended to create
"well-paying jobs" and increase household
income often rest on questionable economic
logic. Subsidies to specific industries or
regions are unlikely to create net employ-
ment; they merely reallocate workers from
unsubsidized to subsidized sectors. This
is because, in equilibrium, labour force ex-
pansion in preferred sectors requires draw-
ing workers from elsewhere in the economy.

There is limited empirical evidence to
suggest that subsidized firms treat em-
ployees better, share profits more eq-
uitably, or provide more skill develop-
ment or higher-wage opportunities than
other firms. Industrial policies increas-
ing demand for higher-educated, better-

compensated workers do not suddenly en-
able lower-educated workers to fill these po-
sitions or incentivize return to educational
institutions.

3.2 Housing Affordability: Necessary
but Difficult Reforms

Housing affordability challenges affect
OECD countries broadly, with over 60 per
cent of Canadians believing no level of
government adequately addresses the issue.
Deregulation, financialization, and govern-
ment withdrawal from rental and afford-
able housing construction have increasingly
transformed real estate from primarily shel-
ter into primarily an investment vehicle.

Land fundamentally differs from other
capital assets: it confers spatial monopoly
power over an essential input for produc-
tion and living. Unlike other capital, land
is immobile, fixed in supply, and essential
for diverse applications including housing,
commerce, industry, and recreation.

House price appreciation in desirable ur-
ban areas results not from homeowner ef-
fort but from government investments and
economic development making cities in-
creasingly attractive. Despite not causing
these value gains, homeowners capture fi-
nancial benefits tax-free.

Economic theory suggests treating land
analogously to natural monopolies or nat-
ural resource ownership: taxation, removal
of entry barriers, and in some cases, po-
tential nationalization. Countries imple-
menting such approaches (such as Singa-
pore to give one example) demonstrate su-
perior housing affordability outcomes.

Widespread agreement exists that in-
creased taxation on land and housing
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value appreciation would improve out-
comes through two mechanisms: lowering
prices by reducing speculative demand and
increasing equity by redistributing gains
to those without property wealth. How-
ever, political implementation faces signif-
icant obstacles when two-thirds of Canadi-
ans own homes purchased under assump-
tions of tax-free capital gains.

Direct government involvement in hous-
ing supply represents a critical interven-
tion. Prior to 1980s reforms, governments
in many countries invested heavily in pub-
lic social housing. Canada’s withdrawal
from rental and affordable housing con-
struction in the 1990s, intended to ex-
pand private market roles, produced dras-
tic declines in investment for lower-income
households. Over 80 per cent of existing so-
cial and affordable housing in Canada pre-
dates the mid-1990s.

Public housing offers distinct advan-
tages: value appreciation accrues to tax-
payers, and government can ensure rea-
sonable rents and healthy tenant mix-
ing. Research demonstrates that com-
munities where low-income families inter-
act with high-income families improve eco-
nomic mobility for those born in poverty.
The Build Canada Home initiative shows
promise. The new federal agency aims to
construct affordable housing at scale while
supporting income diversity. Planned part-
nerships with municipalities, Indigenous
communities, non-profit organizations, and
co-operatives align with evidence-based
practices. However, effectiveness and ef-

ficiency remain uncertain pending imple-
mentation.

Finally, governments should enhance
competition among landowners through ef-
ficient transit system development and zon-
ing law reform that eliminates incumbent
protections.

3.3 Productivity Enhancement: The
Fundamental Solution

Labour productivity improvement con-
stitutes the primary long-run mechanism
for increasing real income, and hence, en-
hancing perceived prosperity. More pro-
ductive firms achieve lower production
costs and prices, increasing product de-
mand. Higher demand raises labour de-
mand, boosting wages. Because of produc-
tivity gains, firms can afford higher wages
without price increases, resulting in real
wage growth.1

Productivity growth typically stems
from organizational, procedural, or tech-
nical innovations rooted in research and
learning. Innovation rates depend on
numerous interacting factors including
social context, cultural norms, educa-
tional systems, regulatory frameworks, and
government support effectiveness. Few
economists possess reliable prescriptions
for accelerating long-term growth — it re-
mains a "hard nut to crack."

However, comparative analysis can iden-
tify factors potentially explaining Canada’s
productivity underperformance relative to
other countries, particularly the United
States. Rosell et al. (2023) identify six key

1 For a more nuanced discussion of the long-term relationship between median wages and labour productivity
in Canada, see Andrew Sharpe and James Ashwell (2021).
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factors: small and dispersed markets, reg-
ulatory framework deficiencies, large pres-
ence of small and zombie firms, grow-
ing productivity gaps between frontier and
non-frontier firms, skills and skill mis-
matches, and management education inad-
equacies. These factors can be grouped
into two broad categories: weaker compet-
itive environments and lower entrepreneur-
ship skills.

International organizations and numer-
ous Canadian commissions have proposed
potential remedies, which can be catego-
rized by implementation difficulty:

• Politically difficult but valuable poli-
cies include removing foreign investment
limits (excluding national security con-
cerns), shifting tax burden toward con-
sumption, and eliminating ineffective busi-
ness support programs. These face re-
sistance because they harm specific con-
stituencies while delivering benefits primar-
ily in the long term.

• Design-challenging but worthwhile
policies include making the Competition
Bureau fully independent (Guttierrez and
Philippon, 2018), reforming procurement
systems (including eliminating industrial
and technology benefits policies), address-
ing non-financial training barriers, improv-
ing merit-based educational support, en-
hancing business advisory services, facili-
tating access to government programs, and
improving credential recognition.

• Empirically ineffective policies in-
clude subsidies, reducing environmental
protections, and lowering corporate taxes.
Canada ranks first among G7 nations on
the International Tax Competitiveness In-
dex, offers among the most generous re-
search and development subsidies, and

maintained lower effective marginal tax
rates on investment than the United States
for decades. Yet productivity continues
lagging. Excessive subsidies for small- and
medium-sized businesses enable poorly per-
forming companies to survive, depressing
overall productivity. When capital con-
sumption allowances are generous, as in
Canada, corporate taxes primarily capture
economic rents without distorting invest-
ment decisions (Furno, 2021; Gechert and
Heimberger, 2022). Research consistently
finds that higher capital gains taxes do not
harm economic performance and primarily
affect high-income taxpayer savings.

3.4 Ensuring Workers Benefit from
Productivity Gains

In perfectly competitive markets, pro-
ductivity increases translate directly into
real wage growth. However, the Cana-
dian economy has become increasingly con-
centrated, with certain firms controlling
substantial market shares and employing
large portions of workers in specific occu-
pations or regions. These firms can earn
significantly above-competitive profits and
possess disproportionate bargaining power
with employees. Productivity gains in such
firms may therefore increase profits rather
than wages or reduce prices.

Empirical evidence confirms this pattern
(Figure 6). Between 1997 and 2007, labour
productivity grew at 1.6 per cent annually
while real average wages (deflated using
producer prices) grew only 0.6 per cent an-
nually. Real wage growth similarly lagged
productivity growth following the Great
Recession. Had real wages grown at pro-
ductivity rates throughout these periods,
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average real Canadian income would be
12 per cent higher—a meaningful improve-
ment.

Ensuring Canadian households benefit
from productivity gains requires strength-
ening worker bargaining power to prevent
gains from accruing exclusively to domestic
and foreign shareholders.

Economists, business leaders, and
market-oriented enthusiasts since the
Thatcher, Reagan, and Mulroney eras have
accused unions of undermining economic
growth and have systematically weakened
workers’ bargaining power. Private-sector
unionization has plummeted from roughly
30 per cent in the early 1980s to just 15
per cent in 2023.

Interventions include facilitating union-
ization, streamlining certification pro-
cesses, and enabling sectoral bargaining.
While economic theory suggests unioniza-
tion may harm growth, empirical evidence
(Doucouliagos et al. 2017) reveals a dif-

ferent story: unions may negatively af-
fect corporate profitability and investment
but reduce earnings inequality, improve
worker well-being, and demonstrate virtu-
ally no impact on productivity or economic
growth.

Additional measures include ensuring
all provinces adopt federal standards for
mandated paid sick days, recognizing gig
workers as employees, and implementing
stronger anti-scab legislation.

3.5 Supporting Vulnerable Popula-
tions

Most Canadians expressing financial
anxiety can nonetheless afford necessi-
ties and maintain decent living standards.
However, some individuals face genuine
hardship, confronting choices between feed-
ing children and paying rent.

Creative destruction drives economic
growth, and government should not impede
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this process. However, creative destruction
disrupts existing structures, leaving some
individuals negatively affected for extended
periods. Consider workers in their mid-
40s with twenty years of occupational ex-
perience who lose employment to artificial
intelligence. Finding new employment at
that age proves difficult, particularly when
experience and skills relate to declining sec-
tors. Research shows that laid-off workers
who find new employment earn, on average,
10-20 per cent less than projected earnings
in previous positions after five years.

Government support cushions economic
disruption impacts and facilitates business
and employee adaptation to shocks, limit-
ing income variability. Canada’s support
generosity ranks low among OECD coun-
tries (OECD, 2018).

The current Employment Insurance (EI)
system inadequately serves workers dis-
placed by structural economic change.
These workers typically maintained long
employment histories before displacement
and often earned above maximum insur-
able earnings. EI benefits may reduce in-
come by more than half, while housing and
food costs remain constant and employ-
ment prospects remain uncertain. Many
countries have adopted benefit adjustments
based on employment history, providing
enhanced support for long-tenured workers.

Additional initiatives include personal-
ized guidance and wraparound supports
for long-tenured displaced workers, at-risk
youth, single low-skilled adults, and other
vulnerable populations.

4. Conclusion

High cost of living concerns dominate
Canadian public opinion and appear con-
sistently across many developed nations.
This anxiety predates the COVID-19 pan-
demic, indicating structural rather than
cyclical or country-specific causes.

Macroeconomic data reveal that, out-
side of the pandemic spike, inflation has
generally remained near inflation targets,
while most citizens experienced income
growth exceeding cost of living increases.
These aggregate statistics cannot explain
widespread anxiety.

The evidence suggests three potential
drivers: 1) declining housing affordability;
2) decelerating real income growth rates;
and 3) social media-induced financial dys-
morphia. While government cannot easily
control social media usage, evidence-based
solutions exist for housing affordability and
income growth challenges.

Housing interventions should include in-
creased government involvement in afford-
able housing supply, public transit invest-
ment, and zoning law reforms eliminat-
ing incumbent protections.Income growth
interventions include removing foreign in-
vestment limits, shifting taxation toward
consumption, eliminating ineffective busi-
ness subsidies, reforming procurement sys-
tems, facilitating access to government
programs, increasing Employment Insur-
ance generosity for long-tenured workers,
enhancing support for displaced workers
and vulnerable populations, and facilitat-
ing unionization and sectoral bargaining.

These policies defy simple left-right po-
litical categorization. Economic prosper-
ity requires open, competitive markets —
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necessitating the removal of barriers, sub-
sidies, and inefficient regulations. How-
ever, the economy also requires balanced
bargaining power between workers and em-
ployers, support for those negatively af-
fected by economic change, and govern-
ment intervention where markets fail to de-
liver desired social outcomes.

Effective policy must address both the
objective economic challenges facing spe-
cific populations and the broader subjec-
tive anxieties affecting most citizens, even
those experiencing improved material cir-
cumstances. Only through this compre-
hensive approach can governments mean-
ingfully respond to the cost of living crisis
while promoting sustainable, equitable eco-
nomic growth.
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