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Introduction 

Artificial intelligence is driving new discoveries and advancements 
across many fields of science and engineering. Modern applications 
of AI and machine learning have the potential to change the 
practice of research and development (R&D) in the United States 
over the next decade. This data brief is a first step toward 
understanding how modern AI and ML have begun accelerating 
growth across various science and engineering disciplines in recent 
years. 

The application of AI to science is not new. Pioneers at Stanford 
University in the 1960s used early AI systems to automate 
analyses of chemical structure and mass spectra, supported by the 
Advanced Research Projects Agency (ARPA), the predecessor to 
the Defense Advanced Research Project Agency (DARPA), and 
NASA.1 This work grew out of an interest in using AI systems for 
complex reasoning in scientific problems.2  

Today, deep learning methods, a specific subset of ML, can predict 
the 3D structure of proteins to within the width of an atom—
substantial progress on a 50-year challenge achieved with modern 
machine learning.3 This tool is important because it may contribute 
new capabilities for disease treatment and pandemic response. In 
the years ahead, modern ML may help advance the engineering 
design of viable, cost-effective fusion reactors, a large-scale source 
of clean energy that has also been out of reach for more than 70 
years.4 AI applications can drive advancements in fields as 
disparate as gene editing and chip design.  

American institutions have begun to adapt to this future. MIT, for 
example, announced its largest structural change since the 1950s 
and invested $1 billion to found a new college focused on the 
intersections between computing, AI, and the university’s existing 
disciplines of science and engineering.5 Students will be 
encouraged to be “bilingual” between computing and other 
disciplines.6 

As modern AI applications begin to transform science and 
engineering, a key question for high-level leaders shaping science 
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and technology strategies is what disciplines will be affected first, 
and will these early impacts be narrowly confined to a few 
disciplines (like materials science and biomedical fields) or broadly 
applicable? Accelerated emergence and growth of new fields is 
especially noteworthy: bioengineering, computer science, and 
materials science have all emerged as enabling disciplines that 
changed science and engineering broadly in the last century—and 
were followed by national and global changes. 

This data brief provides an initial look at how modern AI and ML 
have begun accelerating growth across a wide array of research 
disciplines in recent years, and focuses on direct applications of AI 
to making new scientific and engineering breakthroughs.7 We first 
summarize illustrative examples of AI driving innovation in 
medicine, fundamental sciences, and engineering research. We 
then analyze global scientific publications data to see if these 
recent achievements represent real trends in published research. 

Illustrative Examples of Machine Learning for Science and 
Engineering  

Within the long history of AI for science, deep learning has recently 
emerged as a promising new tool for scientists and engineers. 
Here, we provide illustrations of the great potential of modern AI 
and ML to impact R&D in new ways. These examples motivate a 
more systematic look in the next section using CSET data on global 
research clusters.  

In medicine, one potential application of AI is its ability to improve 
healthcare diagnostics, particularly the ability to accurately and 
rapidly assess radiology scans.8 Facebook and New York University 
researchers have used a deep learning approach to significantly 
reduce the time required for Magnetic Resonance Imaging (MRI) 
scans.9 Various U.S. agencies overseeing healthcare regulations 
have begun approving AI applications in the healthcare industry. 
The Food and Drug Administration has already given clearance to a 
private startup to begin using AI tools to assist with reading 
prostate scans10 and the Center for Medicare and Medicaid 
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Services has also approved an AI startup to use automated 
imagery analysis to quickly help identify strokes in patients.11  

In the fundamental sciences, AI is helping scientists make sense of 
complex, high-dimensional data. Physicists at MIT demonstrated 
an AI system able to re-derive 100 fundamental physics equations 
from the canonical Feynman Lectures based on simulated data.12 In 
astrophysics and astronomy, researchers have used graph neural 
networks to propose a new analytical equation for dark matter 
phenomena that better matches observed data than previous 
human-derived equations.13 Others identified previously missed 
exoplanets in large-scale astronomy data with deep learning.14  
Applications of ML are also helping scientists discover new 
materials that can advance cleaner energy sources. For example, 
researchers have recently used neural networks to better 
understand the high-dimensional spectroscopy of nanoscale 
ferroelectric materials15 and run high throughput screening of 
possible battery cathode materials.16 Scientists also used AI to 
optimize fast-charging protocols for Li-ion batteries while 
preserving battery health,17 which could have important 
implications for electric vehicle charging. In the life sciences and 
bioengineering, modern AI and ML have shown promise in protein 
engineering,18 improving the gene targeting capabilities of 
clustered regularly interspaced short palindromic repeats (CRISPR) 
technologies,19 and discovering new classes of antibiotics that 
retain effectiveness against drug-resistant bacteria.20  

An international collaborative effort between universities in the 
United States and Europe showed how deep learning methods can 
significantly accelerate a variety of important scientific simulations, 
including those from geology, nuclear fusion, and environmental 
science.21 Researchers at Google also used a deep learning model 
to demonstrate high-resolution, real-time weather forecasts that 
outperform the current best Numerical Weather Prediction system 
available from the National Oceanic and Atmospheric 
Administration.22 

In engineering and manufacturing, AI is also slowly becoming an 
important tool in developing new engineering design approaches 
and advancing U.S. manufacturing capabilities. Researchers at 
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Google have also used deep reinforcement learning to accelerate 
the design process for semiconductor computer chips.23 General 
Motors has partnered with Autodesk to develop more lightweight 
vehicles using AI generative modelling.24 Advanced manufacturing 
techniques like 3D printing have use-cases for AI to help improve 
the tuning of manufacturing parameters.25 Finally, convolutional 
neural networks show potential in improving manufacturing quality 
control and helping reduce defects in manufacturing lines.26 

These are examples of how modern AI applications can drive 
innovation. The next section examines more systematically how 
widespread the application of AI is to other fields of science and 
engineering. We do this by looking at all the lines of globally 
published research that are merging AI with other fields. 

Findings  

To begin understanding the breadth of AI’s current impact, we 
analyze the growth of AI-related papers across different scientific 
disciplines. We do this by leveraging a large, ongoing effort at 
CSET to explore scientific research publications. CSET uses a 
merged dataset that accounts for roughly 90 percent of the world's 
scientific publications. We explore this dataset via an automated 
structuring of scholarly literature, which we refer to as research 
clusters.27 RCs are generated using direct citation links from 
publications, meaning that clusters are defined by their citation 
relationships as opposed to a social network of authors. Rahkovsky 
et al. provide full details on the clustering methodology using 
CSET’s merged corpus and the application of Dunham et al.’s AI 
labeling model, which we use to identify AI-related papers.28 

We programmatically assign each RC a research discipline label 
from a list of 19 broad research areas using Microsoft Academic 
Graph’s (MAG) field of study:29 Art, Biology, Business, Chemistry, 
Computer Science, Economics, Engineering, Environmental 
Science, Geography, Geology, History, Materials Science, 
Mathematics, Medicine, Philosophy, Physics, Political Science, 
Psychology, and Sociology. This label corresponds to the majority 
of MAG papers in the RC; papers in a RC that do not come from the 
MAG dataset do not contribute to this label. Because RCs are 
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defined by their direct citation links, however, they are not 
restricted to containing publications from only one discipline—any 
RC can encompass cross-disciplinary research. Any clustering of 
multidisciplinary papers comes with caveats (see our GitHub 
archive for further details),30 but for the purposes of this paper, 
these RCs provide a useful representation of AI's spread into 
diverse areas of science. 

For our analysis, we are interested in RCs that are AI-related, 
growing rapidly, and specifically affecting disciplines beyond 
computer science.31 From the entire set of RCs covering all 
research disciplines (126,925 in total), there are 5,221 RCs with 10 
percent or more AI-related publications. Of those AI-related RCs, 
1,170 do not have a computer science research discipline label. 
From these AI-related RCs outside computer science, we identify 
340 RCs, encompassing 308,208 scientific research publications, 
with sustained rapid growth (20 percent annual growth or more) 
over the last three years. Applying a doubling growth threshold 
(100 percent growth or more), we narrow this further to 50 RCs, 
which encompass 39,488 scientific research publications. Figure 1 
provides the breakdown of RCs with rapid growth and doubling 
growth for each research discipline, excluding computer science. 
For both rapid growth and doubling growth RCs, engineering, 
mathematics, and medicine are the top three research disciplines 
with cross-disciplinary AI research. 

While engineering, mathematics, and medicine lead progress, AI is 
entwined with growth in a wide span of science and engineering, 
including chemistry, biology, materials science, environmental 
science, and a strong presence in psychology. Figure 1 also shows 
this wide distribution of disciplines for the 340 rapidly growing 
RCs and the 50 RCs with doubling growth—notably, even with a 
threshold for an extremely high degree of growth, we still see 
impact across a broad set of disciplines. This analysis supports the 
growing impression that AI is influencing rapidly emerging areas of 
science and engineering far beyond computer science. It also 
suggests that U.S. research will benefit from AI-relevant skills 
dispersed widely in other technical communities. 

https://github.com/georgetown-cset/MI-for-Discovery-and-Innovation
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Figure 1.  AI-related research clusters with rapid growth (≥20% annually) 
and doubling growth annually by discipline 

 
Source: CSET Map of Science. 

Takeaways  

Building U.S. competitiveness in AI is a complementary priority to 
maintaining the United States’ wider leadership in science and 
technology.  

This data brief provides an initial look at AI’s appearance in rapidly 
growing clusters of published research worldwide. Applications of 
AI are a substantial part of rapidly growing research clusters across 
a broad array of disciplines—not just in one or two areas. Mathe-
matics, medicine, engineering, psychology, biology, materials 
science, and environmental science have especially large quantities 
of rapidly growing research areas with noteworthy interdisciplinary 
roles for modern AI.  

For U.S. leaders, this may become a source of both opportunity and 
surprise. Most of all, these advancements make it clear that U.S. 
R&D organizations will have growing opportunities to apply AI to 
scientific discovery and engineering invention in many areas. On a 
national scale, these applications may accelerate the emergence 
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and growth of new domains of science at the intersections of more 
established disciplines; disciplines far from computer science will 
change in potentially surprising ways as AI offers new tools for 
R&D.32   

Large R&D organizations, both inside and outside of the U.S. 
government, have particular opportunities:  

● Education investments that include more and better cross-
training in AI for scientists and engineers. For U.S. 
government organizations, this could build on precedent like 
the Department of Energy’s Computational Science 
Graduate Fellowship, but oriented to focus on AI and 
computing broadly.33 Such education investments should 
give special attention to diversity and inclusion, which is 
important both for future AI research and for enabling cross-
disciplinary research. These investments will empower the 
next generation workforce to apply AI to problems across 
the U.S. government, from health to spaceflight.  

● Increasing openness of access to scientific publications and 
data, especially in formats accessible and useful to “machine 
readers.” For example, the National Science Foundation, 
Department of Energy, and the National Institutes of Health 
might require funded researchers to open source data and 
publications (analogous to Plan S in the European Union,34 
and building on the 2013 policy memorandum by the Office 
of Science and Technology Policy Director, John Holdren, 
directing U.S. federal agencies with more than $100 million 
in R&D expenditures to develop plans to make results of 
federally funded research freely available to the public35). 
One example of early work in this direction has been the 
COVID-19 Open Research Dataset (CORD-19), a resource 
of more than 400,000 scholarly articles in machine-readable 
format about SARS-CoV-2 and related viruses for use by 
the global ML community.36 

● Providing AI and data toolkits for scientists and engineers in 
different disciplines. The U.S. government should especially 
fund AI building blocks that allow scientists to cheaply 
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leverage AI tools. For example, this might include supporting 
the creation of pre-trained AI models with baked-in 
scientific knowledge.37 

● Providing scientific/engineering challenges and datasets 
more widely to AI researchers. For example, in the early 
2000s, DARPA Grand Challenges helped jump-start the 
development of today’s autonomous vehicles. Progress in 
other areas of AI, such as image recognition38 and the ability 
to successfully play strategy board games, has benefited 
from large, robust benchmarks. Scientific funding agencies 
can articulate analogous challenges based on problems that 
are relevant to the scientific community to encourage the 
development of AI scientists. 

● Pursuing international collaboration with U.S. allies, 
particularly the United Kingdom and Japan. In February 
2020, the U.S. Department of Defense funded a workshop 
hosted at the Alan Turing Institute in London, which 
convened researchers from the United States, the United 
Kingdom, and Japan—and supported a new planetary 
challenge for AI systems able to make Nobel-worthy 
scientific discoveries. U.S. allies already share interest in this 
topic, and can provide opportunities for wider collaboration. 

Modern AI is helping to reshape the global research landscape 
beyond computer science. The security, health, and economic 
vitality of nations depend in part on the inventions they have ready 
access to—and modern applications of AI can help accelerate the 
creation of new inventions in the years ahead.  
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