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Abstract

Scientific progress is a key driver of economic growth and prosperity. There is great excitement
- but also concerns - about the impacts of AI on science, but so far little data. We provide
early insights on this from three data sources: a sample of 15 million Gemini interactions, an
inventory of over 2,600 specialized AI models across disciplines, and a survey of over 600
scientists. We map these data to a new taxonomy of scientific tasks to study how scientists are
using AI. Four main findings emerge. First, we find broad adoption and coverage: scientists
use AI more than most other occupations. Specialized AI models have broad disciplinary
coverage and are highly cited. Nearly half of the scientists surveyed report using some form
of AI every day. Second, we document evidence that LLMs (proxied through Gemini usage)
and specialized models act as complements—LLMs are used for general analysis, coding, and
manuscript preparation, while specialized models provide domain-specific predictions, data
generation and classification. Third, scientists report large productivity gains from using AI:
a saving of nearly 7 hours per week, time which is primarily re-invested in more research.
Finally, we show that AI is already changing the scientific process. As some stages of scientific
research become easier, bottlenecks shift downstream. Scientists report an increased backlog
of untested hypotheses and substantial demand for output verification. Our findings suggest
that AI holds significant potential to increase scientific productivity. However, as with
other sectors, its ultimate impact will be governed by complex task interdependencies and
investment into the elimination of emerging bottlenecks.
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1 Introduction

Scientific discovery is one of the primary drivers of long-run progress and economic growth
(Romer, 1990; Mokyr, 1992; Aghion and Howitt, 1992; Jones, 1995; Akcigit et al., 2021). Yet
concerns of decreased research productivity or “ideas getting harder to find” have been raised in
recent years (Bloom et al., 2020; Park et al., 2023). The rapid development of AI has fueled
optimism that the technology could reverse this trend and speed up scientific progress (Wang
et al., 2023; Amodei, 2024; Curto Millet, 2025; Hassabis and Manyika, 2026; Agrawal et al.,
2026). Specialized AI models, such as DeepMind’s AlphaFold 2 (Jumper et al., 2021; Hassabis,
2022) have already been recognized as Nobel-caliber breakthroughs. Meanwhile, general-purpose
LLMs are rapidly diffusing across day-to-day research workflows (Van Noorden and Perkel, 2023;
Wiley, 2025).

If AI acts as an “IMI”, an Invention of a Method of Invention (Aghion et al., 2017; Cockburn
et al., 2018; Crafts, 2021; Cunningham et al., 2026), it would create a durable acceleration to
productivity growth over time.1 Much is riding on AI’s potential for economic growth and
progress, as increasing government debt and aging populations threaten to disrupt the balanced
growth path of roughly 2 percent annual expansion per capita over the last 150 years in the US
(Jones, 2026); AI’s role in science may be key for overcoming these headwinds and accelerating
growth.

Yet the optimism around AI’s potential to increase scientific progress is not universal. Some
worry that a deluge of AI-generated content, hallucinations, and “illusions of understanding”
will strain peer review and validation (Birhane et al., 2023; Messeri and Crockett, 2024). Others
argue that models optimized on the existing literature will steer researchers toward incremental,
well-known paradigms rather than high-risk, high-reward discoveries (Duede, 2025), or that
steep compute and capital requirements will widen the gap between well-funded laboratories
and under-resourced institutions (Thompson et al., 2022; Ahmed et al., 2023; Besiroglu et al.,
2024). Some also worry that AI might accelerate the production of low-quality research that
merely appears scientific (Luo et al., 2025; Gyevnár et al., 2026). But these debates have thus
far evolved with little empirical evidence.2

Prior academic research about AI adoption and its impact on science has primarily relied on
open scientometric records such as publication and citation trends, patent filings, and traces of
LLM-assisted writing (Kusumegi et al., 2025; Renault et al., 2026; Trišović et al., 2025; Duede
et al., 2024). These are finalized outputs that arrive with a lag and track adoption imperfectly.
Frontier AI labs hold real-time telemetry on how researchers actually use models, but the studies
built on such logs have so far focused on aggregate labor market patterns (Chatterji et al.,

1Even short of being an “IMI”, an increase in the rate of growth could happen even if it just allows scientists
to harness more computational capital in their research (Besiroglu et al., 2023). At the other end of the spectrum,
there is increasing discussion of recursive self-improvement or “RSI”, a stage at which AI models will not only
help speed up scientists’ workflow but will be able to design, code, or even train their own successors (e.g., Good,
1965; Huang et al., 2023; Lu et al., 2024).

2While an emerging literature has begun characterizing AI’s role as an emerging “general method of invention”
(Bianchini et al., 2022, 2024), documenting some of the rapid cross-disciplinary diffusion and citation premia of AI
research (Gao and Wang, 2024), examining the implications of automating research (Evans and Duede, 2025;
Duede, 2025) and emerging impacts of significant developments such as AlphaFold 2 (Hill and Stein, 2026; Gans
and Mohnen, 2026; Qian, 2026; Cavalli, 2026), systematic empirical evidence on real-time, day-to-day adoption
remains scarce.
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2025; Appel et al., 2025; Handa et al., 2025; Iscenko et al., 2026), with relatively little focus on
science.3

This paper inaugurates a new research program on the impact of AI on science by combining
insights from three new data sources: a sample of 15 million Gemini interactions, bibliometrics
data for more than 2,600 specialized AI models across academic disciplines (from protein
structure prediction to materials discovery and weather forecasting), and a survey of more than
600 scientists. We map all three data sources to a new taxonomy of scientific tasks developed by
MIT FutureTech, which gives task-level granularity across OpenAlex scientific subfields (Emmens
et al., 2026).

The analysis reveals four findings. First, scientists lead other occupations in the use of AI;
scientific occupations are overrepresented in Gemini usage relative to their share of employment.
Nearly half of surveyed scientists report using AI every day as part of their workflow. But
looking at LLM use alone would miss much of the picture. Surveyed scientists use specialized
models about as much as coding assistants. These models are also heavily cited in scholarly
work. AI adoption in science is also geographically concentrated, with usage scaling with a
country’s scientific workforce. Second, LLMs and specialized models are economic complements
with a clear division of labor between them: the former are primarily used broadly across tasks
including coding and writing, while the latter are used for more specialized generation, prediction,
and simulation, with limited overlap in tasks between the two model categories. Third, scientists
report substantial productivity gains from AI, with average time saving of just below 7 hours per
week. The time is mostly put back into research. Researchers also report greater cross-field and
interdisciplinary insights. Fourth, while some tasks—for example, quantitative, computational
work—may be accelerated, the bottlenecks to scientific output shift downstream into physical
experimentation and validation. Scientists report a backlog of untested hypotheses, substantial
time spent verifying AI outputs, and a tilt toward safer questions.

To give more detail on the methodology, our first data source comes from the Google ATLAS
1.0 project (Iscenko et al., 2026) which consists of about 15 million anonymized interactions
across the conversational surfaces (Gemini App and AI Mode), and Gemini API. Scientific work
is isolated through a three-stage pipeline. First, a classifier removes non-work and educational
interactions; then, a filter restricts the sample to the detailed occupations where research is
concentrated; finally, as these occupations often contain non-scientists, a new science classifier is
built on the OECD Frascati (2015) and UK Research and Innovation (2025) using the content of
interactions to classify if they are likely part of a scientist workflow. This leaves us with 360,000
science interactions.

But how does one map LLM interactions to specific tasks? Standard taxonomies exist for
occupational tasks (O*NET) and time use (ATUS). But when applied to scientific research,
these tools are insufficient. Generic categories like “analyzing data” or “writing reports” flatten
the domain-specific activities that define research, from hypothesis formulation to molecular
construct design or assay optimization. Measuring AI’s impact on science requires a common
metric that separately captures what researchers do across disciplines and which of those tasks
AI tools help, enable, or automate. To accomplish this, we used our custom hierarchical discovery
and classification engine - Observation Clustering and Taxonomy Organisation (OCTO, Iscenko

3Recent work on potential impacts especially has focused on generative AI as a category including chatbots
and early examples of AI agents (Eloundou et al., 2024; Massenkoff and McCrory, 2026; Chatterji et al., 2025).
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et al. (2026)) - to map scientific LLM interactions to two science-based taxonomies: the OpenAlex
scientific disciplines and the three levels of the new MIT FutureTech task taxonomy.

The second data source comes from a newly-compiled inventory of over 2,600 specialized
models published since 2012. These include models from many disciplines including biology
(e.g., AlphaFold (Hassabis, 2022) predicting protein folding), material science (e.g., GNoME
(Merchant et al., 2023) predicting stable crystal structures), chemistry (e.g., MatterGen (Zeni et
al., 2025), a generative diffusion model for inorganic compound design) and more. We assembled
the inventory by combining a bottom-up deep agentic search over web sources, publications, and
code repositories with Epoch’s AI model database (Epoch AI, 2026), then enriched the output
using metadata from OpenAlex. OCTO was then used to extract the research tasks that each
model enables (e.g., predicting protein structures), which were then mapped to the respective
tasks in the FutureTech and OpenAlex taxonomies, as done with the log data. This exercise
puts the LLM and specialized model usage on a common metric, which allows us to empirically
study the division of labor between these categories of models. We have tracked 460,000 unique
citations to these models to trace diffusion and knowledge flows across scientific fields.

Our final data source is an original survey of 637 active researchers in the US and UK carried out
in July-August 2026. The sample included Principal Investigators (PIs) in academia, industry
researchers, and early career scientists across four major scientific domains. The survey allows
us to fill the gaps that neither log telemetry nor publication data can speak to, such as perceived
time saved, bottlenecks, priorities, and changes in the scientific workflow. Together, the three
data sources let us follow AI from capability, to adoption, to its effect on how science gets done.

Looking at the LLM interaction data, we find extensive penetration of AI in science. Use of
LLMs in science is overrepresented relative to its share of US employment; for example, in the
US, the Standard Occupational Classification (SOC) 19 job category roles (containing a set
of Life, Physical and Social Sciences occupations) are about 2.7 times more likely to use AI
compared to employment baseline. While more quantitative fields such as computer science and
engineering lead in adoption, other specialties such as political science, medicine, and agricultural
sciences are also significant adopters of AI. Specialized models are present across most disciplines,
though the share varies substantially by field of study. They are also highly cited. Nearly
half of the papers that introduce specialized models are in the top 1% of citations within their
respective fields. Usage in science is not sparse, with almost half of surveyed scientists using AI
as part of their daily workflow. Looking at geographic variation in adoption, a one percentage
point increase in a country’s share of the world’s researchers is associated with a 0.9 percentage
point increase in its share of science LLM interactions, and specialized model development is
concentrated in the U.S., China, the UK, the EU, Korea, and Canada. Some lower-income
countries cite these models heavily without developing them, which suggests that open models
can diffuse widely even where the capacity to build them does not.

Importantly, LLMs and specialized models appear to act as economic complements, filling
out and potentially enhancing the capabilities of the other. While at the top level of the task
taxonomy the two types of models look alike—quantitative data analysis and modeling dominates
both—the similarity disappears once tasks are disaggregated further. The correlation in usage
across tasks falls monotonically between the most aggregated and most granular tasks, and at the
finest level there is almost no overlap. LLMs are used broadly across tasks such as writing and
troubleshooting research code, statistical analysis, literature review, and helping with drafting
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documents. Specialized models are relatively more common in health and life sciences and are
used to predict disease outcomes, engineer molecular constructs, and run complex simulations.
Therefore both model families seem to reinforce one another in the production of scientific
knowledge, limiting the extent to which one technology can at this point substitute for the other.
Survey data tells a similar story: scientists split usage in both LLMs and specialized models.

Scientists also report seeing real productivity gains from AI. Around three quarters of researchers
report time savings, with the average amount clocking in at almost 7 hours saved a week. That
time goes back into research—into more output. About 8 in 10 report higher lab output over the
past three years and 89% expect further increases. The gains extend beyond speed. About 68%
of scientists report more access to insights from other disciplines, consistent with hopes that
AI may lower the burden of knowledge that pushes researchers into ever-narrower specialties
(Jones, 2009).

But bottlenecks remain, which can explain why localized productivity gains have not yet
translated into an explosion of new discoveries and applications. More than 4 in 10 of surveyed
scientists report that their primary constraint has moved downstream over the past two years,
into lab execution, clinical validation, and field data collection. AI tools may have increased the
number of viable theories and hypotheses but not necessarily the means to test them. That has
led 41% to report a growing backlog of untested hypotheses. Verification absorbs a large share
of the dividend: 89% of those who save time spend more than a tenth of it checking AI outputs,
and 46% spend more than a quarter. Most concerning for the long run, 49% of scientists say
AI pushes them toward safer, more incremental projects where benchmarks are established and
results are reliable, against 28% who say it lets them take on riskier questions. If AI mainly
lowers the cost of incremental work, it could raise the volume of papers while not meaningfully
advancing the scientific frontier.

This paper represents an early snapshot into how AI is affecting science right now. The division of
labor between LLMs and specialized models points to where this could go: an LLM orchestrator
that plans experiments, calls specialized models such as AlphaFold or a materials model, and
interprets the results. That system is still work in progress. Delivering it and realizing its
promise requires solving the bottlenecks that scientists identify and directing investment to
physical experimentation and validation capacity, to verification tools, and to the data and
benchmarks that would let AI take on riskier questions rather than safer ones.

The remainder of this paper is structured as follows. Section 2 details our data sources and
measurement. Section 3 shows some early signals of LLM adoption in science using Google
ATLAS data (Iscenko et al., 2026) mapped to scientific workflows and fields via the MIT
FutureTech Scientific Task Taxonomy (Emmens et al., 2026). Section 4 analyzes the fields,
downstream task relevance, and early signals of spillovers of the specialized scientific AI models.
Section 5 presents survey findings on researchers’ time allocation, perceived bottlenecks, and
expected productivity impacts. Finally, Section 6 outlines our limitations and discusses the
results.
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2 Data and Measurement

2.1 Preliminaries & Scope

To build the basis of a comprehensive evaluation of AI in science, we combine three complementary
data sources and two taxonomies: (i) a large-scale corpus of Gemini interaction logs classified
into scientific use cases, (ii) an extensive inventory of specialized AI for science models, (iii)
a primary survey of researchers, (iv) a new taxonomy of scientific tasks developed by MIT
FutureTech, and (v) publication and citation records from OpenAlex.

In order to measure “science” we have to define it. Throughout this paper, we adopt an
intentionally broad definition of science. First, we include academic, industry, non-profit and
government roles. Our data spans many fields including computer science, electrical engineering,
molecular biology, animal science and zoology, sociology, and psychology: all are applied,
computational, or theoretical. Second, we are informed by internationally recognized definitions
of science (UK Research and Innovation, 2025; UK Science Council, 2026; OECD Frascati,
2015) and define science as any pursuit within these roles likely to generate new knowledge
and understanding through investigation, computation, experimentation, or theoretical work.
This is in line with the UK Science Council definition of a scientist (UK Science Council, 2026):
“a scientist is someone who systematically gathers and uses research and evidence, to make
hypotheses and test them, to gain and share understanding and knowledge.”

To process, structure, and categorize the large-scale text, our pipeline relies on OCTO. This
was previously used in Iscenko et al. (2026), and is described in more detail there. At a basic
level, OCTO integrates vector embeddings, clustering algorithms, and frontier Gemini LLMs to
map unstructured text into structured representations at scale. OCTO serves as the method
that classifies both logs and publication (abstracts) from our specialized AI model inventory
against both the tasks and scientific fields hierarchies in a reproducible manner.

2.2 Data Sources & Taxonomies

2.2.1 Gemini Interaction Logs (Google ATLAS)

To quantify science engagement with Gemini, we draw on the Google ATLAS 1.0 corpus (Iscenko
et al., 2026): approximately 15 million anonymized interactions across the Google Gemini App,
Google AI Mode, and API interfaces, sampled in early April 2026.4

We isolate likely scientific use cases through a three-stage filtering pipeline: (i) we use the ATLAS
initial work versus non-work classifier to discard all non-work classified interactions (e.g. personal,
leisure, and educational/homework inquiries); (ii) we use the ATLAS predictions of the likely
occupations, applying a filter that restricts the sample frame to six 2-digit Standard Occupational
Classification (SOC) categories spanning physical, life, social, computer, engineering, and health

4This sample does not currently contain paid use of Gemini API, which includes enterprise usage via Google
Cloud. This limits our insights into LLM interactions in firms that signed under enterprise terms. This refers to
specifically contracts signed under enterprise terms, and not e.g. accounts under institutional email addresses
where no such contract was signed.
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disciplines where research activities concentrate; and (iii) within this sample, we create a custom
“science” classifier operationalizing the above definition of science. This step isolates, based on
the content and context of the interactions between the user and the AI responses that are
likely to be part of a scientist workflow.5 The resulting corpus yields about 360,000 science
Gemini interactions. Using the OCTO classification framework (Iscenko et al., 2026), we map
this corpus across two complementary taxonomies: the OpenAlex disciplinary hierarchy and
the MIT FutureTech Scientific Task Taxonomy (Emmens et al., 2026) across three hierarchical
levels. Full sampling, procedure, validation and inherent limitations and uncertainties given the
limited information for these predictions are provided in Appendix 1.

2.2.2 Specialized AI for Science Model Inventory

Alongside general-purpose LLMs, many scientists are relying on specialized AI models, such as
deep learning and generative models for specific purposes like predicting protein folding. To
track the development, diffusion, and task exposure of these tools, we constructed a curated
inventory of 2,690 notable AI models for science.6 The inventory was assembled through agentic
search across scientific repositories and literature, augmented by Epoch AI’s Foundation Model
database, and enriched with publication, citation, and institutional metadata from OpenAlex.
Despite the efforts to make this comprehensive and unbiased in terms of domains covered, this
is a work in progress dataset that should not at this point be treated as a ground truth dataset
or exhaustive registry of specialized AI for science models.

To evaluate how these models could augment scientific research, we once again use the OCTO
semantic classification tool to extract the downstream capabilities and tasks enabled by each
model in the inventory (e.g., “predicting protein structures” or “simulating fluid dynamics”) from
its canonical publications’ abstracts and map them directly to the MIT FutureTech Scientific
Task Taxonomy and OpenAlex disciplinary hierarchy. Rather than capturing AI development
activities, i.e. what the developers claim to be doing, our extraction focuses on downstream
research tasks that can be “touched” (e.g. enabled, accelerated, or automated) by their model
outputs. Full details regarding inventory construction, de-duplication, task-extraction and
mapping heuristics, and validation are provided in Appendix 2.

2.2.3 Scientist Survey

Since LLM logs and specialist AI model development and citations do not directly capture
researchers’ time budgets, potential bottlenecks in using AI, or perceived impacts (qualitatively,
and quantitatively) we complement the data with a survey of more than 600 active scientists.
The survey was run by a third-party provider through the More in Common online panel between
27 July and 11 August 2026 and aimed at researchers in the US and the UK. Participants were
identified as scientists according to four criteria (detailed in the Appendix), which included that

5Nonetheless, we acknowledge a limitation of this design which is that we do not know the identity of the user
so it is not possible to know if a task is performed by a scientist or not unless the context hints at that, leading to
potentially different biases in recovering different tasks (e.g. data analysis with data from an experiment will be
easier to recover as science than some routine tasks helping debug equipment the scientist works with).

6The full inventory contains 5,501 models but we focus our analysis on models linked to an OpenAlex publication,
published since 2012 and linked to an official code repository.
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their main job involves working directly in science and technology, clinical or health research,
life sciences, or social science research, and that they identify as someone who satisfies the
aforementioned definition of science.

These scientists span all of the primary scientific domains, including physical sciences, health
sciences, life sciences, and social sciences and work in both academia/non-profits and industry.
The survey collects detailed information on demographics, fields of research, and AI (incl. LLM
and specialized models) adoption intensity. The survey also elicits self-reported time allocation
across research tasks, expected and forecasted time savings from AI and perceived qualitative
impacts on interdisciplinarity, tackling new questions, or bottlenecks. We note that due to the
uncertainty and difficulty around capturing “scientific” usage, these survey results should not
be interpreted as representative of the universe of scientists or to have a field or demographic
breakdown in accordance with this universe. We present more details in Appendix 3.

2.2.4 MIT FutureTech Scientific Task Taxonomy

Our fourth data source is the MIT FutureTech Scientific Task Taxonomy, built from approximately
3.8 million Lightcast (2026) scientific research job adverts posted after 2010. In their work,
Emmens et al. (2026) define a scientific research job as one whose primary responsibility is to
generate, or support the generation of, new scientific knowledge, therefore closely matching
the definition applied when classifying Gemini interaction logs. The adverts are also classified
into the OpenAlex subfield and field taxonomy covering academia, government, industry and
non-profit research.

To build the taxonomy, Emmens et al. (2026) develop a pipeline that first extracts over 64
million task instances from the corpus of scientific job adverts. Often the same task is expressed
in many near-identical ways across adverts, and therefore semantically equivalent task instances
are consolidated into approximately 210,000 representative tasks. These representative tasks are
organized under a global taxonomy of 12 Level-1 areas, 114 Level-2 areas, and 2,433 Level-3
groups. The hierarchy is built by combining hierarchical clustering of high-dimensional task
embeddings, and LLM analysis. This taxonomy covers a range of responsibilities from broad
areas such as “Analyze and model quantitative research data” to responsibilities outside of the
lab such as “Manage research projects and operational processes”. The taxonomy then maps
from intermediate areas such as “Analyze high-throughput experimental data”, to specific groups
such as “Analyze PCR amplification and assay data”. More details about this taxonomy and its
limitations and validation can be found in Emmens et al. (2026), as well as in Section 6.

We also note that the fields in the MIT FutureTech Scientific Task Taxonomy are derived from
the OpenAlex (see below) list of scientific fields. For the purposes of this paper, we only focus
our analysis on 217 scientific subfields that have research activities across both commercial
(industry R&D) and non-commercial (academia, government, non-profit) sectors, covering 92%
of all OpenAlex works, and 96.5% of citations. Compared to OpenAlex, we exclude non-R&D
subfields and aggregate other subfields where the domain boundaries were not very sharp between
fields, as also done in Emmens et al. (2026). These exclusions and aggregations comprise mainly
general umbrella classifications (e.g. Tourism and Hospitality, Industrial Relations) that also
lack sufficient empirical R&D job postings.
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2.2.5 OpenAlex Publication Database

Finally, we use bibliometric records from OpenAlex (Priem et al., 2022). OpenAlex provides
comprehensive metadata on scientific works, including publication dates, author affiliations,
funding sources, citations, and concept classifications. We use these data to help create our
specialized model inventory, as well as measure the diffusion of AI across disciplines. The
MIT FutureTech Science Task Taxonomy is built on the subfield taxonomy developed in this
database which facilitates comparisons across both sources. To address known issues in OpenAlex
classifications (e.g., Alperin et al. (2024); Culbert et al. (2025)), we audit and clean metadata.
For example, in section 4, we use OCTO to reclassify papers (based on their content) into
OpenAlex’s subfields to address its tendency to disproportionately assign computational and
data-driven papers under Computer Science.

3 Use of LLMs in Science

3.1 Approach and Preliminary Observations

We start by analyzing the Google ATLAS 1.0 sample (Iscenko et al., 2026), containing 15 million
anonymized user interaction logs across the conversational (Gemini App, and Google AI Mode)
and Gemini API. We filter this focusing on work interactions for six major SOC categories where
research activities concentrate (see sub-section 2.2.1 and Appendix 1 for additional information).

Our first descriptive finding is that the SOC codes that are likely to contain scientific interactions
are significantly over-represented in the ATLAS sample compared to the general workforce. We
measure this through an occupational over-representation ratio, calculated as an occupational
group’s U.S. share of total Gemini conversation volume divided by its baseline share of U.S.
employment, calculated based on Occupational Employment and Wage Statistics (OEWS)
data (Bureau of Labor Statistics, 2025). Across all six research-intensive occupational families
combined, Gemini interaction volume was about 1.8 times higher than their share of the U.S.
labor force. The concentration is most pronounced in the core scientific occupations (SOC
19-Life, Physical, and Social Science), where LLM usage is about 2.7 times higher than their
employment baseline.7 These numbers are even higher in core STEM fields.8

Since existing taxonomies are not geared towards identifying scientific work or workflows and
we also do not know the identity or employer of our users, we implement on top of this filtering,
the science classifier described in section 2.2.1 with the goal of capturing a broad set of scientific
or research activities (including academia, industry, government) which, based on the context
and content of the interactions, are likely to represent scientific activities.

From the initial sample of 15 million Gemini interactions, about 360,000 were classified as science
7The core STEM detailed occupations within SOC 15, 17, and 19, had an over-representation ratio that was

even higher, at 5.8x.
8These findings are in line with equivalent data from Anthropic’s Economic Index (Appel et al., 2025), where

Life, Physical, and Social Science (SOC 19), as measured in June 2026 were also heavily over-represented (an
over-representation ratio of about 4.5x in the US, and relatively close to the ATLAS v1.0 (Iscenko et al., 2026)
LLM interaction shares globally).
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LLM interactions. This is the sample we will focus on for the remainder of this section. We
present more information about this sample in Appendix 1.

We find the proportion of science LLM interactions varies across occupational groups, ranging
from 4.5% in General Management (SOC 11) to 66.5% in Life, Physical, and Social Science
occupations (SOC 19). If we compare the science LLM interactions with the average work
conversation, they are on average about +7% more multimodal, about +19% higher in token
usage, about +11% higher in number of turns, and measure +26% higher domain expertise score
(which measures in a categorical variable language sophistication and apparent domain knowledge;
more details in Iscenko et al. (2026)).9 This suggests that these science interactions—perhaps in
line with other frontier cognitive tasks—are more likely to be sophisticated compared to other
Gemini work usage.

3.2 Gemini Science Interactions Characteristics Across Fields

We now proceed to discuss variation across fields. We first map interaction clusters into the
scientific disciplines of interest that are common and well-represented in the OpenAlex and MIT
FutureTech Scientific Task Taxonomy using the OCTO classification algorithm. To carry out
this work, we enrich the OpenAlex field descriptions with keywords and types of papers within
each cluster, as well as contrastive language. For the MIT FutureTech Science Task Taxonomy
we leverage the hierarchy and representative tasks by making use of analogous and distinct
examples to delineate subfields.10

Using the Iscenko et al. (2026) strict privacy-preserving thresholds, we observe LLM usage in
195 of the 217 most granular scientific subfields.11 This seems to suggest that AI adoption spans
most scientific disciplines. Figure 1 shows the breakdown by core scientific fields and domains.
In Panel A, we show that science LLM interactions are led by Physical Sciences (including
Computer Science), which account for more than half (55.3%) of the scientific interactions.
Social Sciences are the second-largest domain at 21.4%, followed by Health Sciences, at 14.1%
and Life Sciences at 9.2%. At the field level (Panel B), we show that Computer Science tasks
lead all fields, accounting for nearly three out of every ten science LLM interactions, with
Engineering (also a physical science), second at 14.1%.12 Nonetheless, science-LLM interactions,
as observed by our classifier, extend beyond the physical sciences. General Social Sciences
(which includes Political Science, Sociology & Anthropology) have around 12% of interactions,
ahead of Medicine, Agricultural & Biological Sciences, and Arts & Humanities. The remaining
interactions span fields such as Materials Science, Chemistry, Mathematics, but also Economics
& Finance, Psychology, and Archaeology. At the bottom, we observe less usage in fields such as
Dentistry and Veterinary Science.

9This is based only on conversational surfaces (Gemini App and AI Mode) for which this data is universally
available in order to be able to make these comparisons.

10We acknowledge some limitations of this approach in section 6, primarily that in the absence of knowing the
user’s identity prompts lacking specific context may be mapped to methodological fields (e.g., Computer Science
or Mathematics) rather than the researcher’s true field.

11The privacy-preserving multi-user threshold was set at 25 distinct users. This means that for the remaining
22 subfields, we can not distinguish if/what usage occurred.

12It is perhaps unsurprising that these fields come on top, as previous research tracing LLM-writing found both
relative and absolute high adoption, particularly in Computer Science and related areas (Liang et al., 2024, 2025;
Yu et al., 2026).
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This descriptive field breakdown does not take into account the number of potential researchers
or how active these scientific fields are. One possible adjustment is to account for the number
of unique researchers having at least one publication in OpenAlex in these fields. Here we
acknowledge at least three limitations: a) this benchmark is only valid for scientists who publish
their work, therefore underestimating the number of authors in fields with, for example, more
industry employment and b) this benchmark does not account for differences in publication
frequencies between fields, c) OpenAlex has several issues regarding mapping of scientific works
(as will be discussed later in the scientometrics section).

After normalizing usage by OpenAlex unique authors, we observe that a 1 percentage point
increase in 2022 researcher share of a scientific field in OpenAlex data is correlated with an
approximately 0.7pp increase in the share of the field in science-related Gemini interactions.
Researcher shares explain just below 30% of the variance in science Gemini interactions shares,
reflecting that while the underlying number of researchers explains some field level variation,
most AI usage is driven by other factors, likely including AI fit to particular tasks and researcher
AI-openness. Physical Sciences and Social Sciences are generally over-represented in scientific
Gemini interactions relative to their share of all science researchers13, whereas Life Sciences and
Health Sciences are under-represented.14

Figure 1: Scientific Domain Representation in Gemini Interactions (including API)
Notes: This figure shows the distribution of science LLM interactions across scientific domains and fields. Panel A
shows the disciplinary breakdown across four Level-1 domains (Physical Sciences, Social Sciences, Health Sciences,
and Life Sciences). Panel B reports interaction shares for top 10 scientific fields. To distinguish the field from the
overarching domain, the social sciences OpenAlex field (which includes political science, sociology, anthropology,
education, public administration, etc.) is labeled Political Science, Sociology & Anthropology.

Having now split the usage by field, we can look at heterogeneity along the intensive margin (i.e.
unrelated to changes in the quantity of research) of usage as well (Figure 2). As expected, we
find that physical sciences, life sciences, and health sciences tend to have higher multimodal
average use than the average work interaction, while social sciences and computer sciences have
comparatively lower shares (Panel A). Using the domain expertise score, as implemented in

13Computer Science sees more than 4x usage in science LLM interactions relative to its 2022 researcher count,
leading field over-representation rankings.

14Note that we only know the absolute numbers of requests, rather than having measures of interactions that
are equivalent total labor hours. We also do not see task completion or saved time.
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Iscenko et al. (2026),15 we find that science Gemini interactions have higher expertise scores
than average (Panel B) across all fields. Here, we take expertise to reflect user’s prompt writing
sophistication and domain impacts of AI in terminology fluency.

If we aggregate the number of unique OpenAlex authors in 2022 at the country/region level, we
find that science LLM usage scales proportionally with the size of the science workforce. On
average, a 1 percentage point increase in a country’s/region’s share of researchers is associated
with an almost 0.9 percentage point increase in its share of science LLM interactions. Relatedly,
in Figure 3, we show some per-capita heterogeneity. This simple regression explains about three
quarters of the cross-country variance in science LLM interactions. Major hubs, like the US,
South Korea, Japan, Australia, Singapore and Netherlands have high adoption. Conversely,
countries/regions with smaller science workforce, including those in Africa, Central and South
Asia, show lower science AI interactions.

Figure 2: Differences in Multimodal Use and Expertise by Gemini Interactions Scientific
Domain

Notes: This figure calculates science AI conversation (Gemini App and AI Mode) characteristics against average
work conversations. The two metrics are: (1) Multimodal Usage (% of conversations retrieving or generating
images/video); (2) Domain Expertise Score (categorical scale across all interactions calculated as in Iscenko et al.
(2026), a classifier that evaluates whether the query shows low, medium, or high domain knowledge). Computer
Science is disaggregated from the remainder of Physical Sciences. Metrics are weighted using ATLAS sampling
weights. Standard errors are computed via the delta method.

3.3 Tasks Breakdown

Mapping LLM interactions to the MIT Scientific Task Taxonomy, we find that LLMs are used
across the entire science workflow. “Analyze and model quantitative research data” has the
largest individual share (about 42% of science interactions), containing both code and theoretical
work. This is especially high for Gemini used via the API. The second largest set of interactions,
about 14%, are under “Communicating research findings and stakeholder information”. We note
that we think that this is likely a lower bound, as such queries may have been more likely to be
filtered out by the custom science classifier or the work-in-progress task mapping.16

15This is not to be mistaken with the task expertise score developed based on Autor and Thompson (2025),
which we plan to work with in the next iterations of this program.

16First, based on the data from the synthetic validation, our pipeline tends to over-predict writing tasks as
“analyze and model quantitative research data” when these also include attachments or data mentioned. Second,
routine writing (especially not related to work e.g. in personal emails), tone polishing, proofreading prompts may
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Figure 3: Global Geography of Per-Capita Gemini Science Query Intensity
Notes: This map shows the global diffusion of Gemini science interactions across countries/regions with ≥ 1
million inhabitants and where data was available. China is excluded. Countries/regions are categorized into five
intensity quintiles (Q1 Lowest to Q5 Highest). Data for population comes from the World Bank (2024).

Beyond communication and working with data, scientists also use Gemini as cognitive partners in
physical tasks, teaching, and operations. Tasks in the “Develop products, prototypes, and process
technologies” have 11.4% of usage. “Conduct experimental and sample processing operations”
have 9.8% of usage. Scientists use AI for teaching and training (about 6.4%), managing research
projects (just below 4%), and even to conceptualize research and manage and coordinate clinical
studies.

Lastly, we find that science LLM usage is heterogeneous across disciplines (some evidence
in Table 1). Interactions about clinical studies are nearly 5 times more likely to appear
as a share of activity in Health Science relative to baseline. Ensuring quality, compliance
and regulatory documentation, as well as research proposal design are also significantly over-
represented task types. In Life Sciences, experimental and sample processing tasks are over 3
times as prevalent. Social scientists use Gemini disproportionately for collecting research data
(often using multimodal capabilities), teaching and training, as well as project management.
Computer Science has a higher share of usage in troubleshooting software and for quantitative
data analysis (coding), whereas Physical Sciences (excluding Computer Science) has relatively
more usage for prototype and process technologies, as well as data analysis. We note that these
metrics do not adjust for baseline workload shares across domains, so these figures may reflect
workflow differences rather than differential task-level adoption propensities. Nonetheless, this
provides some additional insight into how scientists use Gemini.

be more likely to be filtered out as generic text editing or misclassified in the wrong SOC, especially when they are
short/without context. We plan to iterate on further improving this pipeline in the next iteration of this project.
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Figure 4: Level-1 Task Representation in Gemini Interactions (including API)
Notes: This figure shows the breakdown of scientific tasks performed with Gemini, based on the scientific
interactions sample as described above. Each scientific conversation cluster is classified into one of 12 Level-1 broad
scientific task domains from the MIT FutureTech Scientific Task Taxonomy. Shares are weighted by conversation
cluster weights (reflecting ATLAS interaction volume) and normalized to sum to 100%.

Table 1: Most Relative Over- and Under- Represented Tasks by Scientific Domain/Field

Scientific Domain Over-Represented Tasks Under-Represented Tasks

Computer Science
(CS)

Develop and troubleshoot research
assays and software; Analyze and
model quantitative research data

Conduct experimental and sample
processing operations; Coordinate
clinical study execution and partici-
pant operations

Physical Sciences
(excl. CS)

Develop products, prototypes, and
process technologies; Ensure quality,
compliance, and regulatory documen-
tation

Collect research data and partici-
pant information; Coordinate clinical
study execution and participant op-
erations

Social Sciences Collect research data and participant
information; Teach and train stu-
dents and research staff

Conduct experimental and sample
processing operations; Develop prod-
ucts, prototypes, and process tech-
nologies

Health Sciences Coordinate clinical study execution
and participant operations; Ensure
quality, compliance, and regulatory
documentation

Develop products, prototypes, and
process technologies; Develop and
troubleshoot research assays and soft-
ware

Life Sciences Conduct experimental and sample
processing operations; Manage re-
search projects and operational pro-
cesses

Collect research data and partici-
pant information; Coordinate clinical
study execution and participant op-
erations

Notes: This table shows tasks where AI adoption is relatively higher (most over-represented) or lower (most
under-represented) compared to average researcher activity across disciplines. Tasks are defined using the 12
Tier-1 task areas from the MIT FutureTech Scientific Task Taxonomy (Emmens et al., 2026). Relative adoption
intensity is calculated as the domain task share divided by the baseline average across the five domains (with
Computer Science disaggregated from Physical Sciences), using ATLAS sampling weights. For each domain, the
top 2 most over-represented and bottom 2 most under-represented tasks are reported.
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4 Specialized AI Models in Science

4.1 Model Inventory and Field Representation

We also analyze specialized AI model use in science. To do this, we have compiled and analyzed
a set of 2,690 unique models that were published after 2012 and linked to a code repository
suggesting that they could be used by the scientific community.17 This inventory, which is similar
to work on foundational models by Trišović et al. (2025), was built through an agentic web
search over public code repositories and scientometric databases, and augmented with the Epoch
AI Models dataset (Epoch AI, 2026). We specifically include a broad set of both domain-specific
AI models (e.g. protein structure predictions, genomic models, neural climate models, etc.)
and deep learning models (e.g. neural networks, diffusion models, vision transformers) that
could help scientific discovery, while excluding general statistical ML (e.g., regularized regression,
random forests, etc.) and general software/ML frameworks (e.g., PyTorch, TensorFlow). See
Appendix 2 for additional details.

The models in the inventory cover all 26 scientific fields in the OpenAlex taxonomy and 83% of
the subfields. Figure 5 shows the percentage of models in each OpenAlex domain (panel A) and
field, focusing on the top 10 fields (panel B). Although Physical Sciences / Computer Science
dominate the inventory (as was the case in LLM use), Life and Health Sciences domains and
fields within them account for more activity here – almost 36% of all models vs. 23% in the
LLM use data. Just above 10% of the specialized models belong to Biochemistry, Genetics and
Molecular Biology, a field that was not present in the top 10 fields in the LLM use data, and
where it has been argued that AI has particularly large potential (Topol, 2025; Kohli, 2026).

Figure 5: Scientific Domain and Field Representation, Specialized Model Inventory
Notes: Panel A shows the share of models in the specialized inventory by OpenAlex domain focusing on models
published since 2012 and an official code repository link. OpenAlex domains are based on an OCTO analysis of
abstracts to avoid biases towards computer science and AI labeling in the OpenAlex data. Panel B shows the
share of models in the specialized inventory by OpenAlex field focusing on the top 10 fields by overall level of
activity. Each bar is colored by the domain where it sits. More information in Appendix 2.

17Depending on the model this might include details on model implementation and training, access to model
weights and code to reproduce the publication where the model was introduced. We note that the size of this
dataset is comparable to Trišović et al. (2025), also based on Epoch AI data.
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4.2 Specialized Model Tasks

We used OCTO to extract 4,475 tasks that specialized models help scientists perform based on
their publication abstracts. These tasks are formatted using the same structure as the MIT
FutureTech Scientific Task Taxonomy (verb / object / context). In total, specialized models
are associated with over 200 unique “actions”, highlighting the diversity of areas where AI can
contribute to the research process.

Figure 6 displays the top 10 action verbs associated with all models (top bar) and those in the
top 10 fields by activity. It shows that specialized models are primarily used for prediction,
generation and classification. Field heterogeneity seems to reflect variation in the relevant use
cases in different fields. For example, specialized models in Computer Science are often used
to generate text or images and video, while models in Medicine provide segmentation and
classification capabilities for imaging data. Solving (mathematical proofs and theorems) is more
important in Mathematics, and Analysis in the Social Sciences.

Figure 6: Top Actions Performed by Models in Different Fields, Top 10 Actions and Fields
Notes: This stacked bar-chart shows the distribution of model task action verbs extracted from publication
abstracts over scientific fields focusing on the top 10 fields by overall activity in the specialized model inventory,
and top 10 actions. Actions in other categories have been relabeled as “Other.” Overall distribution of tasks is
presented in the top bar. Social Sciences here refers to the general field (including Political Science, Education,
Sociology & Anthropology, etc.)

We then map the scientific tasks extracted from model abstracts to the MIT FutureTech
Scientific Task Taxonomy with the goal of understanding what tasks and fields could benefit or
be augmented with specialized model outputs and capabilities. When we look at the taxonomy
as a whole, we find that 17.6% of its Level 3 tasks are covered by models in the inventory. When
we exclude operational and teaching tasks unlikely to be mentioned in publication abstracts we
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are extracting model tasks from, the percentage rises to 24.3%.18 This means that almost 1 in 4
substantive research tasks in the taxonomy are covered by AI capabilities in our inventory.19 Of
course this measure of “coverage” does not capture AI effectiveness in supporting a task. This
would require analyzing model performance compared to established methods, an important
avenue for future research.

Figure 7 shows the percentage of extracted tasks mapped to taxonomy Level 1 Tasks. As it
was the case with Gemini usage (Figure 4), “Analyze and model quantitative data” is the most
common specialized model task. Looking at the more granular level into this category, one of the
primary roles of specialized AI models appears to be the prediction and simulation of data (such
as protein structures, genomic modalities and weather forecasts) that can be used in downstream
analysis. In contrast to the Gemini log data, tasks related to research administration, operation
and facilities or training are virtually absent from the specialized model inventory. We analyze
this more formally in the next subsection.

Figure 7: Share of Specialized AI Models in MIT FutureTech Scientific Task Taxonomy Level 1
Notes: This bar-chart shows the share of specialized model tasks in MIT Level 1 domain categories. All domains
with less than 1% of activity in the data have been reclassified as “Other.” For more information, please check
Section 4 and Appendix 2.

4.3 Division of Labor with LLMs

When we consider the high-level task taxonomy, it looks like researchers tend to use specialized
AI and general LLMs for similar task categories—the top usage category is data analysis and

18We define here, in this context, operational tasks to include MIT Level 1 task domains such as “Manage
research projects and operational processes”, “Teach and train students and research staff”, and “Coordinate
clinical study execution and participant operations.”

19Because specialized model capabilities are extracted from publication abstracts, they reflect the capabilities
claimed by model authors rather than actual usage.
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modeling for both. But if we zoom in on specific, detailed tasks, the picture changes completely.
First, Gemini usage (as can be seen in Figure 4) includes tasks much more spread out across the
entire scientific workflow: this includes writing, operations, and teaching. As we drill down into
detailed tasks, the overlap between tasks covered by specialized models and Gemini becomes
weaker. In practice, this means a scientist within the life sciences might use both specialized
AIs and general LLMs under the broad umbrella of “Data Analysis” (Level-1). But at the
more granular level (Level-3), some of the most over-represented fields in specialized models are
“Recombinant protein & therapeutic engineering”, while for Gemini usage more common are
tasks such as “Statistical analysis & hypothesis testing”.

In Figure 8 we compare the distribution of Emmens et al. (2026) level 3 tasks in the Gemini logs
(blue) and specialized models (yellow) datasets. Points along each line indicate an individual
Level 3 task’s share of total activity within that corpus, plotted on a logarithmic scale. Tasks are
clustered circumferentially by Level 1 domain, oriented with specialized-model-dominant domains
to the right and LLM-dominant domains to the left. Tasks with zero activity in both datasets
are omitted, and Level 1 domains with less than 1% share in both sources are pooled into “Other
Tasks”. The non-overlapping contours of the radar plot show that specialized models and Gemini
usage concentrate on different tasks of the scientific workflow. For example, specialized models
(yellow) have a large spike within a concentrated cluster of quantitative data analysis tasks on
the right. General LLMs (blue) form a perimeter across in different areas, which becomes more
apparent in the “other” category that includes communication, teaching, and general operational
support on the left.20

The log-log elasticity relating specialized model shares to general LLM usage shares drops
monotonically as we increase the level of task resolution. The log-log elasticity is just above
0.6 at the most aggregate level, drops to 0.5 at Level-2, and is 0.2 at Level-3 when we only
include tasks with positive shares across both specialized models and Gemini logs. If we include
all tasks that show positive shares in at least one of the Gemini or specialized models, the
elasticity remains 0.6 at the most aggregate level, drops to just below 0.5 at Level-2 and turns
slightly negative at Level-3.21 This suggests that rather than being substitutes, general LLMs
and specialized AI models may operate more as complements: researchers can deploy general
LLMs as multimodal tools, coding assistants, and synthesis tools, while relying on dedicated
domain models for the complex domain-specific hypotheses, data generation and simulations.

4.4 Citations to specialized models

The models in our inventory are highly cited, with more than 1.3 million total citations accrued
since 2012, and almost half a million since 2020. This result is not driven by “super-star” models

20As an example, some of the most over-represented tasks for specialized models are in disease and clinical outcome
prediction, molecular construct and reagent engineering, and computational molecular modeling. Conversely,
LLMs predominantly absorb a relatively higher share of simple hypothesis and statistical analyses and software
troubleshooting and engineering. This is of course, in addition to the writing, communication, and workflow-
support tasks like drafting manuscripts, and synthesizing literature, that are generally over-represented in all
domains in Gemini logs compared to specialized models that don’t generally help with such activities—as discussed
in the main text.

21We caution that part of this decline is partially driven by attenuation bias: as granularity increases, classifier
accuracy declines. While trying to adjust for this econometrically suggests that the elasticity remains lower even
after accounting for attenuation, the nominal differences we present should be interpreted rather as upper bounds
and in conjunction with the descriptive evidence in Figure 8.
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Figure 8: Distribution of Science Tasks in LLM Interactions vs. Specialized AI Models
Note: This radar plot compares the distribution of Emmens et al. (2026) Level 3 tasks in the Gemini usage (blue)
and specialized models (yellow) datasets. Each point in the blue or yellow lines represents the share of all Gemini
usage / specialized model tasks accounted for that Level 3 task. Tasks are arranged by the Emmens et al. (2026)
level 1 domain they belong to. Level 1 domains are arranged by relative dominance of LLMs (left) or specialized
models (right). We use a logarithmic scale and exclude Emmens et al. (2026) tasks that are not present in LLM
logs or specialized models. We have combined all L3 tasks in L1 domains with less than 1% of tasks in logs or
specialized model inventory into an “Other” category. Note that when calculating the percentage of Emmens et
al. (2026) Level 3 tasks in each Level 1 domain we remove Level 3 tasks classified as “Other”—as these could be
different qualitatively, which creates some divergences with the percentages reported in Figure 7, where we report
all Level 1 tasks including their constituent Level 3 tasks classified as Other.
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or different citation norms across disciplines—49% of the models in our inventory are in the top
1% normalized citations in their field, and 83% in the top 10%.22

We have collected 460,000 unique citations to these models since 2020 and explored knowledge
flows from disciplines that develop AI models to disciplines that cite models (an imperfect proxy
for use); through this, we want to understand whether models and their allied outputs and
techniques are diffusing into their “home” domains and / or flowing into other areas of science.

We find that over a quarter of all citation links jump across scientific domain boundaries,
suggesting a mix of within and between fields knowledge flows. Models developed in Health, Life
and Social Sciences exhibit the strongest cross-domain knowledge flow—for example, almost half
of citations to Health Sciences models come from Physical Sciences (dominated by Computer
Science) and 10% from the Life Sciences. Models with applications in the Social Sciences have
over seven in ten of their citations into the Physical Sciences. By contrast, Physical Sciences
models are more insular, with 85% of citations from other Physical Sciences research. In Figure 9,
we show some of these interdisciplinary citations flows across the most dominant fields.

There are several possible interpretations for disciplinary crossover: One could be reabsorption
of domain-specific techniques into computer science; as an example, the case of the U-Net
architecture (Ronneberger et al., 2015; Çiçek et al., 2016), which was originally designed for
medical lesion segmentation but has since become popular across volumetric computer vision.
In other cases, we might be capturing diffusion of knowledge between basic and applied fields,
e.g. Life Sciences models such as AlphaFold, and health applications (Hill and Stein, 2026). We
might also be capturing use of domain-specific data to benchmark architectures and techniques
developed in Computer Science. Understanding the nature of spillovers and complementarities
between specialized AI model development in different domains is an important question for
further research.

4.5 Global geography of specialized model development and citations

We conclude by considering the geography of specialized AI model development and citations,
based on the country/region of the last author of specialized model publications, and research
articles citing AI models.23

As Figure 10 shows, there is a strong concentration of specialized model development in the
US, China, UK, EU Countries, Korea and Canada. In fact, the top 10 model developing
countries/regions account for 84% of the models in our data - this is in line with the Gemini
log analysis showing that countries/regions with larger scientific workforces participate in more
scientific AI interactions. Low and Middle Income Countries (LMICs) are scarcely represented
in the inventory with the exception of China, raising concerns that LMICs lack capabilities and
resources to develop AI for science models tailored to their unique context, opportunities, and

22We note, however, that high citation counts could be partly built into our sampling frame: both our agentic
search for notable tools and the Epoch AI database have either explicitly or implicitly a high impact or notability
criteria in their sample. Rather than providing a definite quantification, we view these figures as qualitative
evidence (or, even, a lower bound if there are more such models) of the significant reach and diffusion of specialized
models across science.

23The results are broadly similar when we assign papers to their lead author or to the majority country among
a publication’s authors.
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Figure 9: Interdisciplinary Citation Flows
Notes: Citation flows from model inventory to citing papers recorded in OpenAlex. Papers were reclassified into
scientific disciplines based on OCTO. We show these flows at the field level. To show the patterns of interdisciplinary
knowledge transfer, fields with low citation counts are grouped into broader domain-level categories (e.g. “Physical
| Other”) and the sankey is further refined to exclude the flows with fewer than 5,000 citations. Computer Science
is formally included in Physical Sciences.
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challenges.

The picture changes when we consider the geography of countries/regions citing AI models,
which we treat as a rough proxy for specialized model usage. When we do that, we find that
China accounts for around 40% of citations of AI models and other LMICs such as India play
a more active role in the data. This is also illustrated in the bivariate heatmap in Panel B of
Figure 10, where a number of LMICs in Latin America, South-East Asia and Africa display
a relatively low propensity to develop AI models but a higher propensity to cite them. One
interpretation for this result worth exploring further is that while some LMICs might lack the
resources to develop specialized models, they might still be able to use them in their research
when these models are openly accessible.

Figure 10: Geography of Specialized Model Development and Citations
Notes: Panel A shows the share of publications linked to specialized models (blue), and citations to specialized
models (yellow) by country/region or income group, focusing on the top 10 countries/regions in the specialized
model inventory or the specialized model citation dataset. Some countries/regions are present in both categories
so the total number of countries/regions represented is less than 20. LMIC categories encompass the share of
activity accounted for by Low and Middle Income Countries/regions according to the 2026 World Bank (2026)
Definition including all and excluding China. Panel B shows a bivariate choropleth where each country/region
is colored according to its joint position in the specialized model inventory and citation to specialized model
distribution. Countries/regions above the median in both categories (e.g. US) are colored green, Countries /
regions above the median in citations but not specialized model inventories are colored in yellow (e.g. Mexico).
Countries/regions below the median (referred to as ‘low’) in both are colored grey (e.g. Libya). Countries /
regions in white are missing from the dataset.

5 Survey Data on AI Impact on Science

5.1 Survey Sample

Sections 3 and 4 show two parts of AI adoption in science based on the task and field distribution
of the usage in general LLMs and specialized AI models. Yet in order to assess the broader
economic and organizational impact of AI, we need more information beyond usage patterns.
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To gather these data, we partnered with an independent third party to collect a survey of 637
active scientists across the United States and the United Kingdom, spanning all the scientific
domains previously discussed (Physical Sciences, Life Sciences, Health Sciences and Social
Sciences) and across the whole career ladder (including Principal Investigators, professors, lab
directors, industry R&D managers, mid-level and junior research scientists). We used a four-level
screening pipeline to isolate actual scientists (in accordance with the definitions in the other
sections of the paper), but note that the sample may not be fully representative of the scientific
population as a whole. Because global population-level administrative benchmarks across these
diverse fields and ladders do not exist, we report unweighted results. More information can be
found in Appendix 3.

5.2 AI Usage and Extensive Margin Impact of AI

We begin by examining if and how scientists interact with AI tools in their day-to-day work.
In Figure 11 we plot the frequency of AI use in our sample. We explicitly try to cover a broad
definition of AI: including chatbots and document integrated LLMs, specialized AI tools and
coding agents. We find that almost 47% of the surveyed researchers use some form of AI daily,
while another 31% use it weekly.24 Surveyed researchers spend about 70% of their time using
general LLMs, split across General-Purpose Chat & Document LLMs, which account for 41%
of total AI working time and the rest in Coding Agents and AI Code Assistants (previously
studied in work such as Lyttelton et al. (2026)). Specialized models account for around 30% of
self-reported time spent using AI, in our sample.

We also asked scientists how they are spending their work time in an average week. Looking
at their responses highlights one possible reason why we may not yet see the propagation of
task-level AI productivity improvements to more macro impacts on discoveries. According to
our survey, in a typical working week scientists invest just under a fifth of their time on data
analysis and interpretation (about 7 hours per week)—the set of tasks most associated with
AI use (as discussed in Section 3 and 4). Surveyed scientists spend a large chunk of weekly
time on data collection and experimentation (just below 8 hours per week), followed by writing
and dissemination (about 5 hours per week), methodology and design (about 5 hours per week)
and knowledge acquisition (about 5 hours per week). The rest of the working week is spent in
conceptualization, as well as operational tasks such as funding & administration (e.g. grants,
management) that receive (together) about 9 hours in total.

AI tools are self-reported to generate substantial net time savings in our sample. Following the
established methodology of measuring firm productivity impacts of AI (Yotzov et al., 2026), we
find that just below three quarters of respondents report that AI saves them time on net in their
working week, compared to only 6% reporting net time lost. The average scientist’s time savings
are around 6.9 hours per week.

When asked how this saved time is reinvested, researchers report directing the dividend primarily
24While a lot of previous research primarily focused on LLMs (e.g., Naddaf, 2026; Liang et al., 2024), our

questionnaire also includes specialized AI models. While we prompted scientists to think of specialized AI
models as tools or portals where they can access for example domain-specific AI, such as AlphaFold, GNoME, or
DeepVariant (Poplin et al., 2018), we cannot rule out that some may have also included other areas not covered by
Section 4, for example, traditional ML (e.g., random forests/clustering), computational software, or domain-tuned
LLM wrappers (e.g. AI literature search engines) in their self-reported usage.
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Figure 11: Self-Reported Frequency of AI Use in the Sample of Scientists
Notes: Survey of 637 scientists in the UK and US conducted by More in Common in July-August 2026. The
survey asked: “How intensively do you currently use Artificial Intelligence (AI) tools—including Large Language
Models (LLMs), specialized models, and coding assistants—in your scientific research?”. Response categories were:
“None at all” and “Rarely / Occasional experimental use”, which were merged in the category “Rarely or Never”
for display purposes; “Sometimes / Used regularly for specific tasks”; “Frequently / A regular, integrated part of
weekly workflow”; “Very intensively / Core to daily workflow across multiple tasks” and “Almost exclusively /
Research relies fundamentally on AI tools” which were merged together in the “Intensively” category.

into increasing overall research volume and output (just below 30%), conducting physical lab
execution and data collection (about 21%), and tackling harder, more ambitious scientific
problems (about 19%). An additional about 18% report improved work-life balance and fewer
total working hours, while 12% spend the saved time on teaching, mentoring, and admin tasks.

Consistent with evidence on the firm side (Babina et al., 2024), over the past three years, about
84% of surveyed scientists report a net increase in own lab or professional outputs (Figure 12),
which includes more papers, patents, discoveries, and completed projects, with just below 47%
reporting a moderate or significant increase in outputs of 10% or more. Looking forward over
the next three years, about 9 in 10 scientists expect output increases, with the share anticipating
the highest level of increases (25% or more) moving from about 7% to about 18%.

5.3 Bottlenecks, Verification Costs and Scientific Research Question Impacts

As with other parts of the economy, the science production function can be characterized by
bottlenecks at different stages of the research process. In our survey, we first asked researchers
to identify their current primary rate-limiting bottleneck across seven research phases. Physical
experimentation and data collection emerged as the largest bottleneck (24% overall, and 30% in
Physical Sciences & Engineering), followed by data analysis and interpretation (about 21%), and
writing and dissemination (about 14%). We then asked whether this bottleneck had shifted over
the past two years. Our survey provides empirical evidence of a downstream shift. In Figure 13A
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Figure 12: Realized (past 3 years) and Expected AI (next 3 years) Impact on Lab Outputs
Notes: This figure compares the self-reported impact of AI on own laboratory and professional output over
the past three years (realized, blue bars) and anticipated impact over the next three years (expected, orange
bars) across surveyed scientists. The exact question we asked was “How has the adoption of artificial intelligence
technologies affected the number of professional outputs (papers, patents, discoveries, projects completed, etc.) in
your lab over the past three years?”. Percentages reflect valid responses excluding ‘Other’ (0.6% in the realized
question; 0.3% in the forecast question).

we see that about 44% of respondents report that their primary bottleneck moved downstream
to tasks such as physical wet-lab work or manuscript drafting, outnumbering those that say
the past two years brought an upstream shift (about 14%) by more than 3 to 1. For 42% of
respondents, the primary bottleneck remained in the same research phase.

One interesting potential effect of this downstream shift is that about 41% of scientists report
that their backlog of untested hypotheses has increased, compared to about 25% who reported a
decrease (Figure 13B). One potential explanation is that AI accelerates hypothesis generation
and computational predictions far faster than physical facilities can execute experiments to
validate them, or the speed at which they themselves can verify the output. Indeed, a parallel
change in workflow and new tasks is that AI outputs may impose substantial auditing and
validation overhead (Figure 13C), with around 46% of the surveyed scientists who saved time by
using AI reporting that they spent more than 25% of this saved time auditing and verifying AI
outputs. Interestingly, this verification tax is particularly high in the Life Sciences. All these
outcomes are positively correlated with AI use.25

Finally, we asked scientists their perceived impact of AI on dimensions other than the quantity
of scientific work. Their responses are displayed in Figure 14. Looking at scientists’ perceptions
of their field, about 68% report AI increased access to insights from other disciplines, perhaps
indicative of AI’s ability to lower search costs across domains. Similarly, about 67% report an

25The downstream shift and untested hypothesis backlog growth are both statistically and economically very
strongly correlated with AI use (in a series of linear probability models) on self-reported AI usage intensity,
while the higher verification tax produces less robust, marginally statistically significant results, depending on
specification.
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Figure 13: Workflow Bottlenecks, Untested Hypotheses Backlog, Time Spent Auditing
Notes: Panel A shows the responses of question: “Has this primary bottleneck shifted for you over the last two
years?” (asked immediately after surveyed scientists have identified their current rate-limiting bottleneck across
seven research phases). Panel B shows responses to the question: “Compared to three years ago, how has the size
of your ‘untested hypothesis backlog’ changed?” We aggregated the increased (and decreased) moderately and
significant categories in just one bar. Panel C shows the responses to the question: “Thinking about the time you
save using AI tools to generate text, code, or scientific hypotheses, approximately what percentage of that saved
time is spent verifying, debugging, or fact-checking the outputs?”.

increase in the ambition of questions tackled due to AI, and about 65% report an increase in the
breadth of their research agendas. At the same time, a significant number of surveyed scientists
were concerned that AI is increasing the number of low quality papers (with 40% saying that
their number increased vs. 35% who say these low-quality papers numbers decreased). Views on
the effort to publish are also mixed: 45% report increased effort per paper with some concerns
for higher reviewer standards and validation requirements, while 31% report decreased effort.
Most concerning is that when evaluating their own work, a plurality of surveyed scientists said
AI made them focus on incremental, safer questions, with 49% seeing an increase in these safer
questions vs. 28% reporting an increase in higher risk work. Perhaps this is indicative of a
“Streetlight Effect” (Nagaraj and Tranchero, 2023; Hoelzemann et al., 2024; Hao et al., 2026)
where AI disproportionately lowers the cost of work in data-rich, tractable, benchmark-able
problems while crowding out the exploration of the more unstructured, higher-risk questions
where training data are scarce and (physical) validation is more costly.

Overall, this supports the idea that the impact of AI in science is not just about “more” output
but also about “different” output: for example, we may expect to have both more interdisciplinary
and ambitious outputs, but simultaneously we may also see lower quality or incremental papers
as well. We plan to explore these questions further in follow-up work.

6 Discussion and Next Steps

6.1 Limitations

Several limitations in our data, measurement, and scope must be acknowledged. First, our log
analysis (section 3) considered a sample of 15 million interactions drawn exclusively from Google’s
ATLAS (Iscenko et al., 2026) dataset. Enterprise data was excluded from this investigation.
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Figure 14: Perceived Impact of AI on Science on Selected Outcomes
Notes: For the top six intensive margin impact questions, surveyed scientists were asked: “Over the last two
years, how has AI changed each of the following in your field, if at all?”. Respondents were given a five-point
change scale. For the first four questions, blue bars show total increased (which is a combination of “Increased a
lot” + “Increased a little”), grey/darker slate bars show total decreased (“Decreased a little” + “Decreased a lot”),
and neutral (“No real change”) which were excluded. For visualization purposes, for the fifth and sixth question
(the effort required per paper and number of low-quality papers) we reversed the axis to show the favorable
outcome (e.g. decreased effort) in blue and the unfavorable one (e.g. increased effort) in grey for consistency. For
the last question the question was: “How has your use of AI tools affected the risk profile of the research projects
you choose to pursue?” The blue bar shows the percentage saying “It has encouraged me to pursue higher-risk,
non-standard, or highly ambitious scientific questions”, while the grey/darker slate bar shows those saying “It has
encouraged me to focus on safer, more incremental questions where data and AI capabilities are well-established”.
Neutral responses are excluded.
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Generalization should be done with caution as Gemini users may skew toward specific scientific
disciplines or have distinct use patterns from other proprietary and open models. For example,
scientists in more regulated areas like health sciences may be relatively more likely to use
enterprise accounts or specialized solutions, which we cannot observe. It is also worth noting that
our analysis excludes agentic AI tools like Antigravity where scientists can use Gemini and other
LLMs to leverage specialized model capabilities (e.g., Applebaum et al., 2026)—incorporating
agentic data into our analysis is an important next step for our research program.

Second, our specialized model inventory is an initial step towards capturing the wealth of
domain-specific AI models in science, but at this point should not be considered representative.
For example, we currently focus on notable models that are easier to detect through web
searches, bibliometric platforms and coding repositories, but miss bespoke models designed
during individual studies building on open source frameworks or fine-tuning open weight models,
as well as commercial models. The specialized model inventory and the citation analysis
building on it are also inherently lagging which means we are capturing a snapshot in a dynamic
landscape. It could be that long-term citation patterns evolve differently as peer-review standards
for AI-assisted papers change.

Our third data source—the scientist survey—could suffer from selection bias. In particular
those scientists who are already enthusiastic about or frequently use AI might be more likely to
respond to a survey about AI in science. This could potentially overestimate the real adoption
rate and the average weekly time savings. Our sample size also limits our ability to explore
disciplinary differences in key questions such as shifting bottlenecks in downstream validation
(e.g., physical experimentation and clinical trials), which could vary by discipline.26

We rely on MIT FutureTech’s Scientific Task Taxonomy to integrate our analysis of LLM
interaction log and specialized model inventory data. Deriving a task taxonomy from job
postings has limitations. Defining the line between science research and the broader STEM
economy is challenging, and there will be some false negatives and positives in the science
research job postings used (and hence extracted tasks). The taxonomy will continue to be
improved as we fine-tune the ability to characterize the tasks performed across scientific subfields.

The mapping procedure we use to classify logs and tasks extracted from specialized models into
the MIT FutureTech Scientific Task Taxonomy also has limitations. Our classifier currently
has the inherent issues associated with trying to disambiguate what tasks are science (and all
downstream field/task classifications) using LLMs, without knowing user identity. For example,
we are explicitly trying to assign a “science” label (through the LLM making this classification)
only when the content of the conversation seems to suggest it. As a result we may systematically
omit implicit or loosely framed scientific work differentially across task types (e.g. context may
be less prevalent when scheduling meetings, and more prevalent when doing data analysis for a
paper).

Additionally, and leaving aside classification error emerging from the need to assign noisy
descriptions of scientific activity “in the wild” to ambiguous and in some case overlapping

26While chemistry and medicine could face large capital/temporal barriers in physical validation, disciplines
like computer science or mathematics can validate hypotheses entirely in-silico (computationally). Our aggregate
findings, as a result, may over-represent the physical bottlenecks of “wet” sciences compared to “dry” computational
sciences.
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labels in a large taxonomy, our classification procedure maps each log/model task to a single
MIT task, ignoring the fact that, for example, some specialized tasks might be relevant for
multiple downstream scientific activities, or multiple tasks might be performed in a single Gemini
conversation. It might also be the case that scientists “find their own use” for open source
models, leveraging them for tasks that the developers had not anticipated or mentioned in the
model descriptions. We plan to address these limitations and improve our classification and
filtering procedure in future work.27

We also note our paper captures a snapshot of AI adoption through the early and mid-period
of 2026. This may matter for some of our findings. For example, we found a clear division
of labor between LLMs and specialized models in this period. However, this may be subject
to change. The emergence of new frontier LLMs (and specialized models) increasingly able to
solve difficult problems in fields like mathematics, genomics or life sciences (e.g., Anthropic,
2026; Callaway, 2026; OpenAI, 2026; Romera-Paredes et al., 2023) creates uncertainty about the
future evolution in the division of labor between different types of model. We plan to track this
in future iterations of our work.

Finally, our results establish associations rather than causality. Future work is needed to isolate
the causal impact of using AI tools on scientific productivity.

6.2 Discussion

Notwithstanding these limitations, we believe that our findings provide an important early look
into how AI is reshaping science. Rather than a simple story of labor substitution or runaway
productivity gains from automated discovery, our evidence points to a more nuanced picture.

AI usage is widespread across scientific disciplines, so it is perhaps unsurprising that scientists
appear more over-represented in terms of AI usage relative to other occupations. Of course,
the diffusion of AI in science is closely related to other distributions (and capacity to make
investments, e.g. Brynjolfsson et al. (2021)) in computational or intangible capital. Gemini usage
scales roughly in proportion to national researcher populations and the creation of specialized AI
models is mostly concentrated in a small group of developed economies. Cutting-edge scientific
AI often requires complements like compute availability and domain specific human capital.
This suggests a risk that without policy action under-resourced or developing regions could
fall behind. The frontier of AI-augmented science might require investment to mitigate global
disparities in research capacity.

In terms of task analyses, specialized AI models and Gemini usage appear similar. Both have the
primary use category in quantitative modeling and data analysis. But when we dig into specific
types of analysis, we start seeing evidence of model specialization and a division of labor within
the scientific production function. Specialized models function as a kind of domain-specific
capital—generating synthetic data, predicting molecular properties, and executing simulations—
tasks that seem better served by a specialized model instead of a general LLM (at least for now).

27Our reliance on abstracts to extract specialized model tasks is also likely to neglect a long tail of tasks
involved in the design and implementation of scientific methodologies. Our decision to focus our specialized model
analysis on the AI model capabilities being produced rather than the R&D activities to build those capabilities
will under-represent back-end AI and ML development tasks that are becoming more important as AI is adopted
across science. We will give these tasks more attention in future work.
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Meanwhile, general-purpose models absorb a wider range of tasks like writing code, synthesizing
literature and operations. Similar to the way in which researchers specialize across disciplines or
workflow components, AI tools may be specializing as well.

Where adopted, AI seems to deliver meaningful productivity dividends. Researchers report
substantial net time savings that they recycle back into other projects. However, these changes
enabled by AI in science will not only be on the extensive margin. About half of surveyed
researchers report that AI directs them toward safer, incremental questions where clean data
and benchmarks exist. Only 28 percent instead pursue riskier projects–despite evidence that
most important scientific progress relies on high-risk exploration (Azoulay et al., 2011) and novel
hypotheses (Uzzi et al., 2013). It remains to be seen whether AI models will lead researchers
toward more incremental work, enable “moonshot” projects, or possibly both; future work should
examine the relationship between AI usage and the risk profile of scientists. It might be that AI
delivers a “Streetlight Effect” (Hoelzemann et al., 2024; Nagaraj and Tranchero, 2023) where
the costs of executing incremental work drops relative to higher-risk projects. Incremental
work made easy by AI could grow as a proportion of research output overall, at least in the
short-run.28 On the other hand, scientists report that AI enables more interdisciplinary work,
potentially acting as a translator helping researchers recombine ideas more effectively (Fang and
Evans, 2026) and helping overcome the burden of knowledge (Jones, 2009).

Despite widespread task-level time savings, macro-level scientific discovery rates remain bound
by workflow task dependencies. These hidden scientific “organizational” complementarities are
similar to AI’s impact on work in a general sense (Demirer et al., 2026; Gans and Goldfarb,
2026; Kremer, 1993). For example, it may be that computational modeling and data analysis
are accelerated by AI tooling or that specialized AI models provide more promising biological
structures to test, but the residual tasks in the bundle of scientific work are harder to scale and
absorb the time savings. This bundling and task interlock for scientific work means that broader
productivity gains may require redrawing job boundaries, and for some types of work the task
bundling is stronger than others (Garicano et al., 2026). Enhanced productivity in data analysis
might, for example, push the queue of work into hard-to-automate, physical stages that become
a bottleneck (Jones, 2025).

Furthermore, AI outputs are not necessarily “turn-key”. Almost 90 percent of researchers who
report time savings spend a meaningful share of their saved time verifying AI outputs, and about
46 percent spend more than a quarter of their saved time doing so. As with software engineering,
scientists who adopt AI tools may be pushed toward auditing, debugging, and quality screening.
Especially in the case of scientific work, being correct is of paramount importance. Lowering the
marginal cost of hypothesis generation, code generation, analysis, or testing will create a high
complementary marginal value of verifying results (or, perhaps, human judgment e.g., Agrawal
et al. (2019)). This high “verification tax” likely arises from the high value of reliable and correct
output in science.

The division of labor we document also suggests what the scientist of the near future might
look like. Today a researcher moves between tools by hand: a chatbot for code and drafting,
AlphaFold or a materials model for prediction, a spreadsheet or a lab notebook in between.
The next step may be an LLM that orchestrates the specialized models directly, planning the

28This is not necessarily a negative outcome—for example, incremental “normal science” that enhances the
understanding of disease mechanisms contributes to evidence on drug development (McNamee et al., 2017).
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experiment, calling the right model for each step, checking outputs against each other, and
returning a candidate answer for the scientist to judge. The human’s job shifts toward choosing
the question, setting the standard of evidence, deciding what is worth the cost of a physical
test. Our data say we are not there yet: verification still consumes a large share of the time AI
saves and the backlog of untested hypotheses is growing. The hope, in the end, is larger than
time savings. When AlphaGo (Silver et al., 2016) played its 37th move against Lee Sedol in
2016, it played a move that its own model estimated a human would make about one time in
ten thousand, and it won. The promise of more advanced AI systems in science is that they will
eventually make moves of that kind: discoveries beyond the limit of what human researchers
would have tried on their own.

Our work here has provided some initial measurements of the adoption of AI tools in science, its
potential impact and bottlenecks that could limit this impact. As these limitations arise, so do
new opportunities for cross-disciplinary work and new directions of inquiry in computationally
demanding domains. Scientific production shares many of the features of other kinds of production.
The rapid integration and adoption of AI tools by scientists combined with the substantive
importance of breakthrough discoveries makes this an ideal domain to understand opportunities
posed by AI. By continuing this work over time, we can watch the experimenters experiment,
learning from scientific successes and failures to unlock AI-driven productivity gains in scientific
R&D and elsewhere in the economy.

31



References

Aghion, Philippe and Peter Howitt, “A Model of Growth Through Creative Destruction,”
Econometrica, March 1992, 60 (2), 323.

, Benjamin Jones, and Charles Jones, “Artificial Intelligence and Economic Growth,”
Working Paper 23928, National Bureau of Economic Research October 2017.

Agrawal, Ajay, Joshua S. Gans, and Avi Goldfarb, “Exploring the impact of artificial
Intelligence: Prediction versus judgment,” Information Economics and Policy, 2019, 47, 1–6.
The Economics of Artificial Intelligence and Machine Learning.

Agrawal, Ajay K., John McHale, and Alexander Oettl, AI in Science, University of
Chicago Press, March 2026.

Ahmed, Nur, Muntasir Wahed, and Neil C. Thompson, “The growing influence of
industry in AI research,” Science, March 2023, 379 (6635), 884–886.

Akcigit, Ufuk, Douglas Hanley, and Nicolas Serrano-Velarde, “Back to Basics: Basic
Research Spillovers, Innovation Policy, and Growth,” The Review of Economic Studies, 01
2021, 88 (1), 1–43.

Alperin, Juan Pablo, Jason Portenoy, Kyle Demes, Vincent Larivière, and Stefanie
Haustein, “An analysis of the suitability of OpenAlex for bibliometric analyses,” 2024.

Amodei, Dario, “Machines of Loving Grace: How AI Could Transform the World for the
Better,” Dario Amodei Essay 2024.

Anthropic, “Claude Science: An Integrated AI Workbench for Research,” Technical Report,
Anthropic 2026.

Appel, Ruth, Peter McCrory, Alex Tamkin, Miles McCain, Tyler Neylon, and
Michael Stern, “Anthropic Economic Index report: Uneven geographic and enterprise AI
adoption,” 2025.

Applebaum, Taylor, Žiga Avsec, Yannis Assael, Souradeep Basu, David Belanger,
Ottavia Bertolli, Lara Román Castellanos, Jun Cheng, Alexey Cherepanov, Winnie
Chow, Lucy Colwell, Pavol Drotár, Doug Fritz, Andreea Gane, Adam Gayoso,
Alexander Karollus, Serhii Kashubin, Pushmeet Kohli, Oleg Kovalevskiy, David La,
Natasha Latysheva, Michael V. LeVine, Victor Martin, Tanya Marwah, Sebastian
Nowozin, Michael O’Neill, Joshua Pan, Filip Radlinski, John Reid, Luca Schulz,
Sukhdeep Singh, Jamie Smith, Artem Sobolev, Kyle Taylor, Fei Tian, Ashok
Thillaisundaram, Zoi Tsangalidou, Kathryn Tunyasuvunakool, Niels uit de Bos,
Jue Wang, Tom Ward, Wei-Hung Weng, Lindsay Willmore, Zachary Wu, Yunhan
Xu, and Augustin Žídek, “Science Skills for Antigravity: Towards Efficient and Reliable
Scientific Workflows,” Technical Report, Google DeepMind May 2026.

Autor, David and Neil Thompson, “Expertise,” Working Paper 33941, National Bureau of
Economic Research June 2025.

32



Azoulay, Pierre, Joshua S. Graff Zivin, and Gustavo Manso, “Incentives and creativity:
evidence from the academic life sciences,” The RAND Journal of Economics, 2011, 42 (3),
527–554.

Babina, Tania, Anastassia Fedyk, Alex He, and James Hodson, “Artificial intelligence,
firm growth, and product innovation,” Journal of Financial Economics, 2024, 151, 103745.

Besiroglu, Tamay, Nicholas Emery-Xu, and Neil Thompson, “Economic impacts of
AI-augmented R&D,” 2023.

, Sage Andrus Bergerson, Amelia Michael, Lennart Heim, Xueyun Luo, and Neil
Thompson, “The Compute Divide in Machine Learning: A Threat to Academic Contribution
and Scrutiny?,” 2024.

Bianchini, Stefano, Moritz Müller, and Pierre Pelletier, “Artificial intelligence in science:
An emerging general method of invention,” Research Policy, December 2022, 51 (10), 104604.

, Moritz Müller, and Pierre Pelletier, “Drivers and Barriers of AI Adoption and Use in
Scientific Research,” 2024.

Birhane, Abeba, Atoosa Kasirzadeh, David Leslie, and Sandra Wachter, “Science in
the age of large language models,” Nature Reviews Physics, April 2023, 5 (5), 277–280.

Bloom, Nicholas, Charles Jones, John Van Reenen, and Michael Webb, “Are Ideas
Getting Harder to Find?,” American Economic Review, April 2020, 110 (4), 1104–1144.

Brynjolfsson, Erik, Daniel Rock, and Chad Syverson, “The Productivity J-Curve:
How Intangibles Complement General Purpose Technologies,” American Economic Journal:
Macroeconomics, January 2021, 13 (1), 333–72.

Bureau of Labor Statistics, “Occupational Employment and Wage Statistics May 2024
National Data,” U.S. Department of Labor 2025.

Callaway, Ewen, “How DeepMind’s genome AI could help solve rare-disease mysteries,” Nature,
2026.

Cavalli, Gabriel, “How Scientists Capitalize on Advances in AI: The Impact of AlphaFold 2,”
2026. Working paper, Copenhagen Business School.

Chatterji, Aaron, Thomas Cunningham, David J Deming, Zoe Hitzig, Christopher
Ong, Carl Yan Shan, and Kevin Wadman, “How People Use ChatGPT,” Working Paper
34255, National Bureau of Economic Research September 2025.

Çiçek, Özgün, Ahmed Abdulkadir, Soeren S. Lienkamp, Thomas Brox, and Olaf
Ronneberger, “3D U-Net: Learning Dense Volumetric Segmentation from Sparse Annotation,”
2016.

Cockburn, Iain M., Rebecca Henderson, and Scott Stern, “The Impact of Artificial
Intelligence on Innovation,” NBER Working Papers 24449, National Bureau of Economic
Research, Inc Mar 2018.

Crafts, Nicholas, “Artificial intelligence as a general-purpose technology: an historical per-
spective,” Oxford Review of Economic Policy, 09 2021, 37 (3), 521–536.

33



Culbert, Jack H., Anne Hobert, Najko Jahn, Nick Haupka, Marion Schmidt, Paul
Donner, and Philipp Mayr, “Reference coverage analysis of OpenAlex compared to Web
of Science and Scopus,” Scientometrics, April 2025, 130 (4), 2475–2492.

Cunningham, Tom, Lukas Althoff, Basil Halperin, Brian Jabarian, Andrew Koh,
Arjun Ramani, Phil Trammell, Parker Whitfill, and Cheryl Wu, “The Economics of
Recursive Self-Improvement,” Working Paper July 13, 2026, Elasticity Institute 2026.

Curto Millet, Fabien, “Will AI-Powered Scientific Discovery Catalyze Economic Growth?,”
Google Public Policy Essay 2025.

Demirer, Mert, John J Horton, Nicole Immorlica, Brendan Lucier, and Peyman
Shahidi, “Chaining Tasks, Redefining Work: A Theory of AI Automation,” Working Paper
34859, National Bureau of Economic Research February 2026.

Duede, Eamon, “AI and the Decentering of Disciplinary Creativity,” 2025.

, William Dolan, André Bauer, Ian Foster, and Karim Lakhani, “Oil & Water?
Diffusion of AI Within and Across Scientific Fields,” 2024.

Eloundou, Tyna, Sam Manning, Pamela Mishkin, and Daniel Rock, “GPTs are GPTs:
Labor market impact potential of LLMs,” Science, 2024, 384 (6702), 1306–1308.

Emmens, Joseph, Jingnan Liu, Ana Trišović, and Neil Thompson, “Scientific Work,”
Working Paper, MIT FutureTech Working Paper 2026.

Epoch AI, “Notable AI Models Database,” 2026.

Evans, James and Eamon Duede, “After science,” Science, November 2025, 390 (6774).

Fang, Hongbo and James Evans, “Generalization and the Rise of System-level Creativity in
Science,” 2026.

Gans, Joshua S and Avi Goldfarb, “O-Ring Automation,” Working Paper 34639, National
Bureau of Economic Research January 2026.

Gans, Joshua S. and Myra Mohnen, “How AI Impacts the Quest for Knowledge: Evidence
from AlphaFold2,” Working Paper 2026.

Gao, Jian and Dashun Wang, “Quantifying the use and potential benefits of artificial
intelligence in scientific research,” Nature Human Behaviour, October 2024, 8 (12), 2281–2292.

Garicano, Luis, Jin Li, and Yanhui Wu, “Weak Bundle, Strong Bundle: How AI Redraws
Job Boundaries,” CEPR Discussion Papers 21453, Centre for Economic Policy Research May
2026.

Good, Irving John, “Speculations Concerning the First Ultraintelligent Machine,” in Franz L.
Alt and Morris Rubinoff, eds., Franz L. Alt and Morris Rubinoff, eds., Vol. 6 of Advances in
Computers, Elsevier, 1965, pp. 31–88.

Gyevnár, Bálint, Atoosa Kasirzadeh, and Nihar B. Shah, “Distributed Denial of Science:
How Indirect Data Poisoning of AI Systems Can Industrialize Scientific Fraud,” 2026.

34



Handa, Kunal, Alex Tamkin, Miles McCain, Saffron Huang, Esin Durmus, Sarah
Heck, Jared Mueller, Jerry Hong, Stuart Ritchie, Tim Belonax, Kevin K. Troy,
Dario Amodei, Jared Kaplan, Jack Clark, and Deep Ganguli, “Which Economic
Tasks are Performed with AI? Evidence from Millions of Claude Conversations,” 2025.

Hao, Qianyue, Fengli Xu, Yong Li, and James Evans, “Artificial intelligence tools expand
scientists’ impact but contract science’s focus,” Nature, January 2026, 649 (8099), 1237–1243.

Hassabis, Demis, “AlphaFold reveals the structure of the protein universe,” Google DeepMind
Blog 2022.

and James Manyika, “AI as the Ultimate Tool for Science: A Conversation with Demis
Hassabis,” Daedalus, 06 2026, 155 (1-2), 34–44.

Hill, Ryan R and Carolyn Stein, “How Artificial Intelligence Shapes Science: Evidence from
AlphaFold,” Working Paper 35143, National Bureau of Economic Research April 2026.

Hoelzemann, Johannes, Gustavo Manso, Abhishek Nagaraj, and Matteo Tranchero,
“The Streetlight Effect in Data-Driven Exploration,” Working Paper 32401, National Bureau
of Economic Research May 2024.

Huang, Jiaxin, Shixiang Gu, Le Hou, Yuexin Wu, Xuezhi Wang, Hongkun Yu, and
Jiawei Han, “Large Language Models Can Self-Improve,” in Houda Bouamor, Juan Pino,
and Kalika Bali, eds., Proceedings of the 2023 Conference on Empirical Methods in Natural
Language Processing, Association for Computational Linguistics Singapore December 2023,
pp. 1051–1068.

Iscenko, Zanna, Scott Strand, Yiyuan Chen, Guillaume Aimard, Mihai Codreanu,
Vivek Sampathkumar, Alex Imas, Julian Jacobs, Evalyne Muiruri, Juan Mateos-
Garcia, Jia Jen Ng, Samirah Javed, Josh Martin, Omar Ajmeri, Denis Calin,
Andrew Kim, Fabien Curto Millet, and James Manyika, “Google’s AI & Economy
ATLAS v1.0: Mapping Gemini Usage in the Economy,” 2026.

Jones, Benjamin, “The Burden of Knowledge and the “Death of the Renaissance Man”: Is
Innovation Getting Harder?,” Review of Economic Studies, January 2009, 76 (1), 283–317.

, “Artificial Intelligence in Research and Development,” Working Paper 34312, National
Bureau of Economic Research October 2025.

Jones, Charles, “R&D-Based Models of Economic Growth,” Journal of Political Economy,
1995, 103 (4), 759–84.

, “AI and Our Economic Future,” Journal of Economic Perspectives, August 2026, 40 (3),
3–22.

Jumper, John, Richard Evans, Alexander Pritzel, Tim Green, Michael Figurnov,
Olaf Ronneberger, Kathryn Tunyasuvunakool, Russ Bates, Augustin Žídek, Anna
Potapenko, Alex Bridgland, Clemens Meyer, Simon A. A. Kohl, Andrew J.
Ballard, Andrew Cowie, Bernardino Romera-Paredes, Stanislav Nikolov, Rishub
Jain, Jonas Adler, Trevor Back, Stig Petersen, David Reiman, Ellen Clancy,
Michal Zielinski, Martin Steinegger, Michalina Pacholska, Tamas Berghammer,
Sebastian Bodenstein, David Silver, Oriol Vinyals, Andrew W. Senior, Koray

35



Kavukcuoglu, Pushmeet Kohli, and Demis Hassabis, “Highly accurate protein structure
prediction with AlphaFold,” Nature, 2021, 596 (7873), 583–589.

Kohli, Pushmeet, “Understanding Life at Every Scale,” LinkedIn Article 2026.

Kovalevskiy, Oleg, Juan Mateos-Garcia, and Kathryn Tunyasuvunakool, “AlphaFold
two years on: Validation and impact,” Proceedings of the National Academy of Sciences,
August 2024, 121 (34).

Kremer, M., “The O-Ring Theory of Economic Development,” The Quarterly Journal of
Economics, August 1993, 108 (3), 551–575.

Krizhevsky, Alex, Ilya Sutskever, and Geoffrey E. Hinton, “ImageNet Classification with
Deep Convolutional Neural Networks,” Advances in Neural Information Processing Systems,
01 2012, pp. 1097–1105.

Kusumegi, Keigo, Xinyu Yang, Paul Ginsparg, Mathijs de Vaan, Toby Stuart, and
Yian Yin, “Scientific production in the era of large language models,” Science, December
2025, 390 (6779), 1240–1243.

Liang, Weixin, Yaohui Zhang, Mihai Codreanu, Jiayu Wang, Hancheng Cao, and
James Zou, “The widespread adoption of large language model-assisted writing across society,”
Patterns, December 2025, 6 (12), 101366.

, , Zhengxuan Wu, Haley Lepp, Wenlong Ji, Xuandong Zhao, Hancheng Cao,
Sheng Liu, Siyu He, Zhi Huang, Diyi Yang, Christopher Potts, Christopher D
Manning, and James Y. Zou, “Mapping the Increasing Use of LLMs in Scientific Papers,”
2024.

Lightcast, “Lightcast Global Job Postings Database (2010–2026),” 2026.

Lu, Chris, Cong Lu, Robert Tjarko Lange, Jakob Foerster, Jeff Clune, and David
Ha, “The AI Scientist: Towards Fully Automated Open-Ended Scientific Discovery,” 2024.

Luo, Ziming, Atoosa Kasirzadeh, and Nihar B Shah, “The more you automate, the less
you see: Hidden pitfalls of AI scientist systems,” Accepted at the Proceedings of the National
Academy of Sciences (PNAS), 2025.

Lyttelton, Thomas, Maxim Massenkoff, and Nathan Wilmers, “Coding Agents in the
Social Sciences,” 2026.

Massenkoff, Maxim and Peter McCrory, “Labor market impacts of AI: A new measure
and early evidence,” 2026.

McNamee, Laura M., Michael Jay Walsh, and Fred D. Ledley, “Timelines of translational
science: From technology initiation to FDA approval,” PLOS ONE, May 2017, 12 (5), e0177371.

Merchant, Amil, Simon Batzner, Samuel S. Schoenholz, Muratahan Aykol, Gowoon
Cheon, and Ekin Dogus Cubuk, “Scaling deep learning for materials discovery,” Nature,
November 2023, 624 (7990), 80–85.

Messeri, Lisa and M. J. Crockett, “Artificial intelligence and illusions of understanding in
scientific research,” Nature, March 2024, 627 (8002), 49–58.

36



Mokyr, Joel, The Lever of Riches: Technological Creativity and Economic Progress, Oxford
University Press, 06 1992.

Naddaf, Miryam, “How are researchers using AI? Survey reveals pros and cons for science,”
Nature, 2026.

Nagaraj, Abhishek and Matteo Tranchero, “How Does Data Access Shape Science? The
Impact of Federal Statistical Research Data Centers on Economics Research,” Working Paper
31372, National Bureau of Economic Research June 2023.

OECD Frascati, Frascati Manual 2015: Guidelines for Collecting and Reporting Data on
Research and Experimental Development, OECD Publishing, October 2015.

OpenAI, “Introducing GPT-Rosalind for life sciences research,” OpenAI Technical Announce-
ment 2026.

Park, Michael, Erin Leahey, and Russell J. Funk, “Papers and patents are becoming less
disruptive over time,” Nature, January 2023, 613 (7942), 138–144.

Poplin, Ryan, Pi-Chuan Chang, David Alexander, Scott Schwartz, Thomas Colthurst,
Alexander Ku, Dan Newburger, Jojo Dijamco, Nam Nguyen, Pegah T Afshar,
Sam S Gross, Lizzie Dorfman, Cory Y McLean, and Mark A DePristo, “A universal
SNP and small-indel variant caller using deep neural networks,” Nature Biotechnology, 2018,
36 (10), 983–987.

Priem, Jason, Heather Piwowar, and Richard Orr, “OpenAlex: A fully-open index of
scholarly works, authors, venues, institutions, and concepts,” 2022.

Qian, Jiarui, “AI in the Lab: AlphaFold2’s Impacts on Human-Produced Knowledge,” SSRN
Working Paper, 2026.

Renault, Thomas, Antonin Bergeaud, and Clément Bosquet, “Comment on Scientific
production in the era of large language models,” 2026.

Romer, Paul M, “Endogenous Technological Change,” Journal of Political Economy, October
1990, 98 (5), 71–102.

Romera-Paredes, Bernardino, Mohammadamin Barekatain, Alexander Novikov,
Matej Balog, M. Pawan Kumar, Emilien Dupont, Francisco J. R. Ruiz, Jordan S.
Ellenberg, Pengming Wang, Omar Fawzi, Pushmeet Kohli, and Alhussein Fawzi,
“Mathematical discoveries from program search with large language models,” Nature, December
2023, 625 (7995), 468–475.

Ronneberger, Olaf, Philipp Fischer, and Thomas Brox, “U-Net: Convolutional Networks
for Biomedical Image Segmentation,” 2015.

Silver, David, Aja Huang, Chris J. Maddison, Arthur Guez, Laurent Sifre, George
van den Driessche, Julian Schrittwieser, Ioannis Antonoglou, Veda Panneershel-
vam, Marc Lanctot, Sander Dieleman, Dominik Grewe, John Nham, Nal Kalch-
brenner, Ilya Sutskever, Timothy Lillicrap, Madeleine Leach, Koray Kavukcuoglu,
Thore Graepel, and Demis Hassabis, “Mastering the game of Go with deep neural
networks and tree search,” Nature, January 2016, 529 (7587), 484–489.

37



Thompson, Neil C., Kristjan Greenewald, Keeheon Lee, and Gabriel F. Manso, “The
Computational Limits of Deep Learning,” 2022.

Topol, Eric J., “Learning the language of life with AI,” Science, January 2025, 387 (6733).

Trišović, Ana, Alex Fogelson, Janakan Sivaloganathan, and Neil Thompson, “The
Rapid Growth of AI Foundation Model Usage in Science,” 2025.

UK Research and Innovation, “Categories of Research and Development,” UK Research
and Innovation (UKRI) Guidance 2025.

UK Science Council, “Our Definition of a Scientist,” Science Council 2026.

Uzzi, Brian, Satyam Mukherjee, Michael Stringer, and Ben Jones, “Atypical Combina-
tions and Scientific Impact,” Science, October 2013, 342 (6157), 468–472.

Van Noorden, Richard and Jeffrey M. Perkel, “AI and science: what 1,600 researchers
think,” Nature, 2023, 621 (7980), 672–675.

Wang, Hanchen, Tianfan Fu, Yuanqi Du, Wenhao Gao, Kexin Huang, Ziming
Liu, Payal Chandak, Shengchao Liu, Peter Van Katwyk, Andreea Deac, Anima
Anandkumar, Karianne Bergen, Carla P. Gomes, Shirley Ho, Pushmeet Kohli,
Joan Lasenby, Jure Leskovec, Tie-Yan Liu, Arjun Manrai, Debora Marks, Bharath
Ramsundar, Le Song, Jimeng Sun, Jian Tang, Petar Veličković, Max Welling,
Linfeng Zhang, Connor W. Coley, Yoshua Bengio, and Marinka Zitnik, “Scientific
discovery in the age of artificial intelligence,” Nature, August 2023, 620 (7972), 47–60.

Wiley, “ExplanAItions 2025: The evolution of AI in research,” John Wiley & Sons 2025.

World Bank, “Population, total,” World Development Indicators 2024.

, “World Bank Country and Lending Groups Definition,” The World Bank Group 2026.

Yotzov, Ivan, Jose Maria Barrero, Nicholas Bloom, Philip Bunn, Steven J Davis,
Kevin M Foster, Aaron Jalca, Brent H Meyer, Paul Mizen, Michael A Navarrete,
Pawel Smietanka, Gregory Thwaites, and Ben Zhe Wang, “Firm Data on AI,” Working
Paper 34836, National Bureau of Economic Research February 2026.

Yu, Sungduk, Man Luo, Avinash Madasu, Vasudev Lal, and Phillip Howard, “Is Your
Paper Being Reviewed by an LLM? Benchmarking AI Text Detection in Peer Review,” 2026.

Zeni, Claudio, Robert Pinsler, Daniel Zügner, Andrew Fowler, Matthew Horton,
Xiang Fu, Zilong Wang, Aliaksandra Shysheya, Jonathan Crabbé, Shoko Ueda,
Roberto Sordillo, Lixin Sun, Jake Smith, Bichlien Nguyen, Hannes Schulz, Sarah
Lewis, Chin-Wei Huang, Ziheng Lu, Yichi Zhou, Han Yang, Hongxia Hao, Jielan
Li, Chunlei Yang, Wenjie Li, Ryota Tomioka, and Tian Xie, “A generative model for
inorganic materials design,” Nature, January 2025, 639 (8055), 624–632.

38



Appendix 1: LLM Sample Procedure and Validation

The LLM interactions analyzed in this paper are coming from the Google ATLAS 1.0 sample
(Iscenko et al., 2026). We have approximately 15 million anonymized interaction logs across
Gemini App, AI Mode, and API. Enterprise and paid customer API traffic are excluded from the
sample frame.29 The logs are subjected to a privacy-preserving pipeline that is fully explained in
the original paper: prompts are stripped of personally identifiable information (PII), proprietary
data or attachments, and identifiers. The data is subsequently aggregated into conversation
clusters and then classified based on the content in work and non-work, point at which each
goes through a more detailed SOC-O*NET or ATUS classification.

Because the underlying ATLAS sample is predominantly composed of non-science related tasks,
we isolate likely science LLM research interactions through a three-stage pipeline. In the
first stage, we filter the work interactions (to separate them from non-work like educational
interactions). On synthetic validation benchmarks based on Iscenko et al. (2026) designed to
replicate a variety of user prompts, this classifier achieves a 93.7% accuracy rate.

In the second stage, to prevent contamination from unrelated occupations, we restrict our work
sample to six 2-digit Standard Occupational Classification (SOC) major groups where science
interactions may be most likely. This classifier from Iscenko et al. (2026) had an accuracy level
based on synthetic data of 71.6%. We include: Life, Physical, and Social Science (SOC 19),
Computer and Mathematical (SOC 15), Architecture and Engineering (SOC 17), Healthcare
Practitioners and Technical (SOC 29), Educational Instruction and Library (SOC 25), and
Management (SOC 11) occupations.

Within this subsample, we apply an LLM classifier operationalizing the standard definitions of
research and R&D as defined in the main text, section 2. To be a positive scientific match, a
conversation cluster must show, in either the context or the underlying tasks as described in the
privacy preserving cluster summary, that they are working toward the conception, creation, or
discovery of new knowledge. Positive criteria include examples of the Level-1 tasks from MIT
FutureTech Scientific Task Taxonomy. Conversely, negative criteria include context showing this
as a routine execution lacking a novel research component/context. This is a conservative step
intended to exclude activities like standard commercial IT and software engineering (e.g., basic
web development), and operations that are not part of a scientific workflow (e.g., scheduling,
accounting, writing reports, etc.) that are common in the base sample so could overwhelm
this analysis if broadly included. Filtering through this pipeline isolates about 360,000 science
interactions, with the proportion of confirmed LLM interactions ranging from the lowest of 4.5%
in general Management (SOC 11) to the highest of 66.5% in Life, Physical, and Social Science
(SOC 19).30

Each labeled science conversation cluster is processed through the OCTO for classification.
At the discipline level, clusters are mapped into 4 canonical domains (Physical Sciences, Life

29We acknowledge that due to the exclusion of enterprise data, these likely reflect just one slice of scientific
work, which is generally more sensitive towards privacy and data sensitivities and it is also possible that certain
scientific domains (like health sciences) are more affected by these sensitivities.

30We caution these reflect the specific sampling and decisions in the ATLAS sample (Iscenko et al., 2026) and
should not be thought of as an exhaustive census of scientific R&D.
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Sciences, Health Sciences, Social Sciences)31, 26 primary fields, and 217 subfields. These come
from OpenAlex. In parallel, clusters are also mapped into the MIT FutureTech Scientific Task
Taxonomy (Emmens et al., 2026) across Levels 1-3.

We then further validated the new measures (on top of those already validated in Iscenko et
al. (2026)). We first evaluated the science classifier against a newly created set of science LLM
interactions, produced using the same methods as Iscenko et al. (2026). The classifier had 96%
accuracy. We also tested the classifier against labeled negative control conversation clusters,
representing other non-science ATLAS conversations. We obtained an accuracy rate of 97%.
Finally, we looked at accuracy rates in the true science sample for tasks and fields. These were
naturally lower, which is expected given the much higher size of the sample to match to: up
to 2,433 for tasks at Level-3 level and 217 for subfields. These ranged from (conditional on
achieving the right level) accuracy rates at each level of between 30% (Level 3)-65% (Level 1)
for tasks and 75% (fields)-83% (domains) for disciplines. We aim to improve these rates in the
future. Our checks confirmed that most discrepancies are in semantic overlaps in adjacent and
interdisciplinary subfields and tasks, especially in settings with less context/information, and
broad categories like analyzing and modeling data. One of the main weaknesses is that without
information on the identity or employment of the user this classification is uncertain and clearly
bounded by the amount of context provided in prompts.

Appendix 2: Specialized model inventory collection & processing

We have built a specialized AI for science model inventory with the goal of mapping AI
capabilities that could enable and augment scientific R&D, focusing on tools that are openly
available for scientists. The inventory includes deep learning, generative AI, foundation models
and architectures but excludes statistical ML techniques such as regularized regression, random
forests, clustering etc. that have also played an important role in scientific R&D for decades.

The inventory was assembled, expanded, and audited in three main phases. First, we used
agentic search to find notable AI models across OpenAlex subfields. For each subfield, parallel
researcher agents ran a discovery procedure querying GitHub topic tags and curated lists and
searching open-access literature and web sources. This included validation checks to ensure
extracted URLs were live and not hallucinated.

Second, we used Epoch’s AI models dataset, a regularly updated dataset with models that “are
notable for advancing the state of the art, or a large impact on the world or the history of the
field.” We collected a snapshot of this dataset in August 2026 and merged it with the agentic
database after removing duplicates.

Third, we extracted and deduplicated DOIs and arXiv links from the expanded dataset and
queried them against OpenAlex. We extract publication metadata for those including abstract,
affiliation of first and senior (last) author and majority country/region in authorship list, citation
metrics and primary OpenAlex topic, field and subfield. We also queried Semantic Scholar to
fetch abstracts for papers with DOIs but no OpenAlex match.

31We also added a formal “Other Sciences” option to minimize errors from trying to predict science from
incomplete information.
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Finally, as OpenAlex had substantial errors in the discipline mapping, we used OCTO to
re-classify models into the OpenAlex domains, fields and subfields where their outputs might be
used, reducing OpenAlex’s tendency to e.g. assign models to computer science fields because of
their use of computational and algorithmic methods.

The final version of the inventory contains 5,501 models (4,858 after deduplicating models
with different parameter sizes, variants etc.). Just under 70% of these are linked to OpenAlex
publications, and 57% to an open source code repository (generally in GitHub) often containing
model implementation and/or weights and reproductions. The inventory contains over 400
models developed by Google or Google DeepMind - over three-quarters of these are in Computer
Science. For the analysis presented in this paper, we further restricted this sample to only models
that were published after 2012, the year AlexNet (Krizhevsky et al., 2012) was published, and
had an associated paper and official code repository, leaving us with a sample of 2,690 models.

The inventory does not seek to, at this point, provide an exhaustive or representative list of
AI models for science. By definition, it focuses on notable and/or large models, which creates
a bias towards visible, higher profile or better resourced research. It does not include general
purpose deep learning frameworks such as PyTorch or TensorFlow that can be used to develop
publication-specific models, and it will under-represent proprietary and close-sourced commercial
models that might be used in industry and in some cases are not publicly revealed. It includes
many AI models developed by AI researchers which might be less focused on enabling scientific
R&D in other disciplines. Although we were able to link almost 70% of the models in the data to
OpenAlex works, we note there are gaps in their OpenAlex metadata for preprints, particularly
in variables such as normalized citations or author institutional affiliation.

We then use OCTO faceting capabilities to extract 4,475 tasks from the 2,690 unique model de-
scriptions that remained after filtering, and then map the extracted tasks to the MIT FutureTech
Scientific Task Taxonomy and to the 3-level OpenAlex domain - field - subfield taxonomy.

During task extraction and mapping, we are most interested in identifying AI model capabilities
and outputs that might be relevant for downstream research (e.g. AlphaFold 2 generates
structural data for biologists and drug development) than on the tasks performed by the
scientists who developed the models (e.g. AlphaFold 2’s developers created innovative algorithms
and trained their model on Protein Data Bank) which are also described in abstracts - so we
adjusted faceting and mapping prompts accordingly. We also fine-tune the task extraction and
mapping prompts used by OCTO to reduce its propensity to classify tasks into computer science
and ML subfields instead of the application domains that might benefit from model outputs.

One important limitation of our mapping procedure is that it assigns to each AI for science
extracted task a single MIT task. This neglects the fact that AI capabilities could enable
multiple downstream tasks (e.g. AlphaFold 2 can be used to interpret experimental data, develop
biological hypotheses and simulate protein behavior c.f. Kovalevskiy et al. (2024)). We hope to
address this important limitation through one-to-many task mappings in follow-up work.

We validate our data extraction and mapping procedure by assessing its ability to recover the
number and type of tasks and fields in 1,000 synthetic, scientifically plausible abstracts describing
AI for science models with a known number of specific tasks in the MIT FutureTech taxonomy.32

32When seeding tasks for abstracts in a subfield, we only consider those that appear with high frequency in the
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Focusing on task extraction, our pipeline extracts the exact number of tasks used to seed
the synthetic abstracts in 48% of the cases. Error is driven by over-extraction (47% of cases)
where our pipeline extracts more tasks than the number used to seed the abstract. We analyze
over-extraction outcomes with Gemini and find that in almost all cases the tasks extracted were
entailed by the abstract and not hallucinated. One explanation is that during the process of
generating plausible synthetic abstracts, our method introduces additional tasks beyond the
initial seed list. Focusing on mapping accuracy, we are able to recover the exact MIT task
between 62% at the broadest level and 28% of cases at the most granular (over 7x to >600x
improvement versus a random baseline), and the exact OpenAlex disciplines between 74% and
48% of instances (about 3.7x to about >100x improvement versus a random baseline). Although
there is clearly room for improvement in our classification pipeline, our prototype pipeline
achieves results comparable to ATLAS in a challenging multi-label classification task where
errors are often driven by ambiguities and overlap between tasks and field definition.

Appendix 3: Supplementary Survey Information

More in Common interviewed 637 scientists in the US and UK on behalf of Google DeepMind,
with fieldwork conducted online between 27 July and 11 August 2026. Respondents were
recruited through specialist research panels and passed four screens: their main job had to
involve working directly in science and technology, clinical or health research, life sciences or
social science research; they had to actively conduct scientific research or R&D as a primary
part of that job; they had to confirm that their job fits the UK Science Council definition of a
scientist, someone who systematically gathers and uses research and evidence to make hypotheses
and test them, to gain and share understanding and knowledge; and anyone working in market
research, marketing or advertising, or management consultancy was screened out. There is no
reliable population frame for scientists in either the UK or the US, so we think of this as a
screened non-probability sample rather than a representative one, and the data are therefore
reported unweighted with no margin of error quoted. Survey findings reflect the self-reported,
aggregated responses of independent researchers participating in their professional capacities
and do not represent the official positions or institutional endorsements of Google, GDM, their
respective employers, academic universities, or research institutes.

Our total sample size was 637 active scientists across the United States (379 respondents) and the
United Kingdom (258 respondents), split across the four canonical scientific domains quoted in
our paper: Physical Sciences & Engineering –including Computer Science (230 respondents), Life
Sciences (167 respondents), Health & Clinical Sciences (147 respondents), and Social Sciences (93
respondents). In terms of seniority and career stage, 356 respondents have senior leadership roles
as Principal Investigators, Professors, Lab Directors, or Industry R&D Managers (comprising
240 in industry and 116 outside industry), 234 respondents are mid-career researchers (128
industry and 106 outside in positions such as postdoctoral researchers and staff scientists), and
47 respondents are early-career (e.g. junior researchers and PhD candidates). Respondents
report an overall sample average of just below 13 years of research experience.

subfield according to MIT’s analysis of online job ads. This reduces the risk of generating implausible abstracts if
we randomly matched tasks to subfields.
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