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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.
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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
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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,

INTERNATIONAL PRODUCTIVITY MONITOR 19



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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