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Introduction

Artificial Intelligence (Al) has the potential to revolutionize approaches to climate
change research by rapidly advancing problem solving and formulating solutions.
Scholars have begun to analyze the potential role that Al could play in addressing
global climate change, both through improving our scientific understanding of the
causes and impacts of climate change and by helping to develop solutions.! There are
increasing applications of how Al and machine learning can be used to improve the
accuracy of climate system modeling,? fill time series data gaps,® estimate emissions
inventories,* refine climate scenario projections® and assess climate impact,® as well as
develop systems for low carbon technology deployment through power, transportation
and building system optimization.” While we have a general sense of the scope of
climate change research undertaken,® and studies have previously laid out the
potential for Al to improve climate research and enable the achievement of global
sustainable development goals,® no studies to date have taken a systematic and
comprehensive approach to characterizing the way in which Al is intersecting with
climate change research at a large scale.

This Data Brief aims to address this information gap by mapping the production of
research publications at the intersection of climate change and Al to understand how
Al methods are being applied to climate” related research. As China and the United
States emerge as the largest sources of research being conducted at this intersection,
we dig deeper to explore the role of Chinese research institutions and funders in the
context of global climate research using Al methods, and how China’s applications in
climate research compare to those being used in the United States.

Key findings include:

e Chinese research institutions lead the world in publication output and
observable research funding at the intersection of climate and Al, followed by
the United States.

e The EU-27, UK, and India follow China and the United States in climate
research publications generally, while India, the EU-27, and South Korea follow
China and the United States in research publications on climate and Al

e Climate change research areas such as climate modeling, climate impact, and
energy technologies make use of a wide range of Al techniques, whereas other
areas such as transportation and energy trends have fewer Al implementations.

" Throughout this report “climate” and “climate change” are used interchangeably.
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e There appear to be publication gaps in certain climate research areas where Al
tasks and methods are not as widely used and where there may be useful
applications. Exploring these gaps is a proposed area for future research.

e The U.S.is more involved in global collaboration efforts among the research
clusters in the climate and Al research domain than China.

As a result, the findings of this research can directly inform U.S. innovation policy,
climate policy and security policy, all of which are increasingly interconnected. In
addition, China’s activities at the intersection of Al technology and climate change
technology have direct national security implications for the United States. 1° Both
sectors, Al and climate technologies, have been identified as key areas of strategic
competition between the United States and China.!
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Background

Al simulations and machine learning are being integrated into weather and climate
modeling, including emulating and forecasting weather patterns and climate processes
with greater consistency, data efficiency, and improved generalization.? Al is used in
flood risk modeling frameworks to increase the performance and accuracy of prediction
methods.?® Using neural networks for weather and climate modeling has improved
agriculture and crop yield predictions under a range of climate scenarios,® and machine
learning algorithms have been applied in areas such as monitoring soil quality,
managing crops, and modeling evapotranspiration, rainfall, drought, and pest
outbreaks.*

Al algorithms are increasingly being used for improving the efficient management
natural resources. For example, combining deep learning with statistical techniques
could create more useful assessments of the impact of deforestation on rising carbon
emissions in metropolitan areas.® In addition, machine learning approaches are being
applied in developing renewable energy materials,'® including in concrete and steel
production to improve supply chain optimization for heavy industries.” Al frameworks
have been applied to minimize water consumption and emissions from oil and gas
reservoirs, while other research has demonstrated methods using machine learning in
assessing the carbon footprint of buildings. 8

Many studies have used Al methods in renewable energy research and demonstrated
the increasing number of use cases for integrating Al into renewable energy systems.
Al techniques are becoming a key tool in deploying data-integrated renewable energy
networks,!® estimating and forecasting solar radiation resources,?° and wind energy
resources,’! as well as in micro-grid management.?? Additionally, Al has been shown
to be a powerful tool to assess and develop carbon markets and generate more
accurate carbon price models, including dynamic carbon pricing mechanisms,?® and
more robust comparison models for carbon price forecasting. 2* Such methods have
been applied to studies of emissions trading schemes including in China?® and the
UK.26

The use of Al to further climate change research is also reflected in policy. For
example. the Chinese government has issued explicit guidance on the use of Al in
climate research in the “Meteorological Science and Technology Development Plan
(2021-2035)" issued by the Ministry of Science and Technology and Chinese Academy
of Sciences in March 2022.%”
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Identifying Climate Change and Al Research in CSET’s Map of Science

In order to map the production of research publication at the intersection of climate
change and Al, we use the CSET merged corpus of scholarly literature,?® which
includes Digital Science’s Dimensions, Clarivate’s Web of Science, Microsoft Academic
Graph, China National Knowledge Infrastructure, arXiv, and Papers with Code. CSET’s
Map of Science provides more than 120,000 research clusters derived from citation
relationships within this merged corpus.?® Research clusters are groupings of scholarly
documents based on citation links, not on topic similarity or author networks; thus,
research clusters are groupings of scientific publications that address similar research
questions. Each research cluster includes a set of research publications and
aggregated metadata generated from the constituent publications, such as, key areas
of research (fields and topics), key researchers in the field, and key funders.

We perform our analysis by identifying climate change related research papers via a
keyword search, linking the publications to their research clusters, and then analyzing
research clusters of interest.

Figure 1 illustrates our data collection pipeline, starting with a set of keyword
publications and ending with a set of research clusters and their member publications.
Each dot in the map of science represents a research cluster and is colored by its broad
area of research.

This data collection pipeline enables us to find research clusters of interest by locating
climate change research publications in the Map of Science. We can then look at a
subset of research clusters of interest and analyze aggregate statistics from their
member papers. We generated a scientific research corpus of climate change
literature using a regular expression search in English and Chinese, including terms for
climate change, global warming, carbon emissions and low carbon (see Appendix for
full list). If a publication contains one of the terms in its title or abstract it is included in
our climate change publication set.
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Figure 1. Data Collection Pipeline Using CSET’s Merged Corpus and Map of
Science

Climate Keyword
Papers

Source: Author’s rendering of high-level process

Map of Science Research Cluster Research Cluster
Papers

Linking the climate change publications to research clusters, we identify 2,351
research clusters with 5% or more concentrations of climate change keyword
publications to generate a set of climate-related clusters.3° Next, we further scope our
research clusters of interest by identifying clusters with high percentages of Al-
related publications. We use the Al percentage from the Map of Science, which
identifies the concentration of Al-related publications in a given cluster3. Al
relatedness in English language publications is classified using a model trained on
arXiv publications,?®? and Chinese-language publications are classified using a regular
expression query.3? By selecting research clusters that have both 5% or more
concentrations of climate change related publications and Al-related publications we
identify 111 research clusters to analyze from the starting set of 2,351 climate change
clusters.

Figure 2 displays the full Map of Science and the two subsets (climate change and
climate change and Al) of research clusters we identify highlighted within it.
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Figure 2. Climate Change and Climate Change Al Research Clusters Highlighted in
the Map of Science

@ Biology @ Chemistry @ Computer Science
@ Earth Science (1 Engineering @ Humnanities
@ Mathematics (@ Materials Science @ Medicine Research clusters with 5% or more Research clusters with 5% or more
@ Physics ) Social Science climate change publications climate change and Al publications

2,351 research clusters 111 research clusters

Source: CSET Map of Science
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Characterizing the Climate and Al Research Landscape

In order to contextualize the landscape of climate change and Al research, we compare
the general research fields and countries of publication for each research cluster set.
Each research cluster is assigned a broad discipline,®* which represents the majority of
member papers in a given research cluster, and does not indicate that every member
paper falls unambiguously under this area. Figure 3 displays the percentages of
climate change related research clusters by their general discipline (displaying
discipline areas that have at least 1%).

Figure 3. Comparison of Climate and Climate + Al Research Clusters by Discipline

General Research Area

Climate (2,351 total)
Percentage of Research Clusters

Earth Science 50%

Social Science 43%

Materials Science I 2%
Engineering I 2%
Biology | 2%

Climate and Al (111 total)
Percentage of Research Clusters

Earth Science 54%

Social Science 41%

N
41% |
J 3%

Engineering
Computer Science I 2%

Materials Science I 1%

Source: CSET Research Clusters

The climate change research cluster set is comprised of 50% earth science publications
and 43% social science publications, and also includes materials science, engineering
and biology publications. In contrast, the climate change and Al dataset is comprised of
54% earth science and 41% social science publications, along with some engineering,
computer science and materials science publications. While there is not a huge
difference in fields between climate change research and the climate change and Al
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research subset, biology drops off and is replaced by computer science in the second
category as a related field.

Avrticles at the intersection of climate change and Al research include multiple
disciplines from both the natural and social sciences. While the earth sciences
dominate the research clusters identified, this is very closely followed by the social
sciences. It is somewhat surprising that engineering and computer science do not show
up in greater percentages in this area, likely because most climate change related
research is in fact not being done in these fields, but rather the models and techniques
are being applied by climate researchers in their respective fields. A potential limitation
of these categorizations, however, is that much of this work is interdisciplinary and may
in fact span the natural and social sciences.

Each research publication is assigned to specific countries using the location of the
organization that an author is affiliated with. This means that if there are multiple
authors from different countries, a given publication will have multiple countries
assigned. For all member publications in a given research cluster, a “top country”
categorization is assigned based on the country being listed on the most publications
in that research cluster. We treat all EU-27 countries as one entity due to their high
rates of collaboration and research funding allocation. Figure 4 displays the top five
leading countries by research cluster count.

We find that China produced more research in our climate research clusters and
climate and Al research clusters, with U.S. authors producing the second highest
number of research in both sets. It is perhaps not surprising given China’s role in
climate change research, and its strong role in Al research.®® Yet China has a more
sizable publication output lead in climate change research generally than in climate
and Al research.

The other countries that produce significant climate and Al research outputs differ from
those that produce more climate research generally. On general climate change
research, the EU-27, UK, and India follow China and the United States. Whereas, the
order shifts somewhat on research at intersection of climate change and Al with India,
the EU-27, and South Korea following China and the United States.
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Figure 4. Comparison of Climate and Climate and Al Research Clusters by Top

Country
Climate
Number of Research Clusters
i China 997

== United States 629
. EU-27 B s
&8 United Kingdom [ 82
== India | R

Climate and Al

Number of Research Clusters
i China | 38
= United States || 35

= India E
N EU-27 | 8
®. Korea | 3

Source: CSET Research Clusters

Due to the publication output lead that China and the U.S. hold, we further refine our
set of 111 climate change and Al research clusters to the 67 clusters that have either
China or the U.S. listed as the top country and have on average more than 2 citations
per paper to filter for clusters with community engagement.

Al Tasks and Methods Used in Climate Change Research

In order to better understand how specific Al tasks and methods are being applied
within specific climate change-related research, we examine the leading Al and climate
change tasks and methods by cluster at the individual publication level. To identify the
Al-related tasks and methods we use the assignments made by a named entity
recognition model trained on Al and machine learning (Al/ML) tasks and methods
identified and listed in Table 1.3¢ We then assign each cluster the top five most
frequently appearing Al/ML tasks and methods across its member publications, similar
to the general discipline assignment.

To identify the climate change-related tasks and methods, we analyze the most
frequently appearing keywords and phrases, most cited papers, and review papers for
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each cluster. We manually assign it a climate change subfield of research derived from
the top extracted keyword or phrase. In this way, each research cluster is assigned the
most frequent Al tasks and methods and a top climate change subfield. We construct
Table 1 by denoting the Al and climate change tasks, methods, and subfields that co-
occur across the 67 research clusters of interest (see Appendix for more details). Table
1 only displays co-occurrence and not frequency.

Table 1. Mapping Al Tasks and Methods within Climate Change Research Subfields

Natural

Causal Computer Language Neural Reinforcement Time
Interference Vision Graphs Methodology Processing Networks Learning Robots Series
Climate
impacts ¥ v v v v v
Climate
Modeling 4 4 v v 4
Emissions
Trends v 4 v
Energy
Efficiency v v v
Energy
Technologies v v v v
Energy Trends v
Land Use
Change v v 4
Public
Perception v
Transportation 4 v

Saurce: CSET Research Clusters

In Table 1 we see a wide range of Al tasks and methods being applied to the 9 climate
research areas that we extract from our climate and Al research cluster dataset. For
example, we identify six Al tasks and methods being used in studies of climate
impacts, including causal interference, computer vision, natural language processing,
neural networks, robots and time series. Studies involving climate modeling are using
at least five Al tasks and methods including computer vision, graphs, neural networks,
robots and time series.

This analysis also reveals some areas of climate research that are using fewer Al tasks
and methods. While energy technologies research is using multiple methods, including
computer vision, Al methodology, natural language processing, and reinforcement
learning, we see other areas of energy research such as energy trends studies and
public perception studies using fewer methods. As a result, there appear to be gaps in
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certain climate research areas where Al tasks and methods are not being used as
widely and where there may be useful applications. Exploring these gaps identified in
Table 1 is an area for future research.

Leading Institutions and Funders

In order to identify research institutes with the highest global publication output at the
intersection of climate change and Al, we examine the research institutes that the
study authors are associated with. Here, we shift our analysis to the member
publications of the research clusters, thus Tables 2-4 are counts of publications as
opposed to research clusters. The top 10 institutes are listed in Table 2.

Table 2. Top 10 Publishers of Research on Climate and Al

Number of

Organzation Country Publications

N Chlm?se Academy China
of Sciences
Beijing Normal X

2 228
University China .
University of

3 Maryland, College USA l 191
Park

4 Wuhan University China I 186
Wageningen

5 University & Netherlands I 174
Research
United States

6 171
Geological Survey UsA I

7 Tsinghua University China I 152
University of

8 Wisconsin-Madison USsA I 139
United States

9 138
Forest Service USA I

10 University of New Australia I 138

South Wales

Source: CSET Merged Corpus
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Leading CAS-Components by Publications

As China is the leading country by author affiliation, we see that many research
institutes publishing at the intersection of climate and Al research are based in China.
The Chinese Academy of Sciences, the largest research institute in China, is by far the
dominant research institute where research at the intersection of climate and Al is
being conducted. Within the Chinese Academy of Sciences (CAS), the leading research
institute associated with climate change and Al publications in our database is
University of the Chinese Academy of Sciences (438 publications), followed by the
Institute of Geographic Sciences and Natural Resources (277 publications), and the
Institute of Remote Sensing and Digital Earth (246 publications). Other leading
Chinese research institutes include Beijing Normal University, Wuhan University, and
Tsinghua University.

The Chinese Academy of Sciences (CAS) is listed in Table 1 as being associated with
the largest number of publications at the intersection of climate and Al by far.
However, CAS is a large organization comprised of multiple research institutes
distributed throughout the country. As a result, we took a closer look at the specific
research institutes within CAS to better understand their contributions to research in
this area. We found that the University of Chinese Academy of Sciences is the source
of the highest number of publications, followed by the Institute of Geographic Sciences
and Natural Resources Research, and the Institute of Remote Sensing and Digital Earth
as listed in Table 3.

Table 3. Top Producers within the CAS of Climate/Al Publications

Name of CAS Research Institute Publications ‘ Website

University of the Chinese Academy of Sciences 438 | https://english.ucas.ac.cn
Institute of Geographic Sciences and Natural

Resources Research 277 | http://english.igsnrr.cas.cn
Institute of Remote Sensing and Digital Earth 246 | http://english.radi.cas.cn
Aerospace Information Research Institute 53 | http://english.aircas.ac.cn
Northeast Institute of Geography and Agroecology 34 | http://english.neigaehrb.cas.cn
Northwest Institute of Eco-Environment and

Resources 28 | http://english.nieer.cas.cn
Institute of Soil Science 25 | http://english.issas.cas.cn
Institute of Tibetan Plateau Research 18 | http://english.itpcas.cas.cn
Nanjing Institute of Geography and Limnology 13 | http://english.niglas.cas.cn
Institute of Atmospheric Physics 11 | http:/english.iap.cas.cn

Source: CSET Merged Corpus
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The names of the CAS institutes give some indication of the type of research where Al
is being applied to climate research, including in the areas of geographic sciences and
remote sensing.

Leading non-Chinese Institutions by Publications

Within the United States, the University of Maryland, College Park has the largest
number of publications in our climate and Al dataset, followed by the United States
Geological Survey, University of Wisconsin-Madison, and the United States Forest
Service. The two other countries with research institutes that show up in the top ten
are the Netherlands and Australia.

Leading Funding Organizations by Publications

We examine the observable funding organizations associated with climate and Al
publications and also find that China-based funding organizations have supported
research that contributed to the largest number of publications, including the National
Natural Science Foundation of China (4,391 publications) and China’s Ministry of
Science and Technology (1,938 publications) in the first and second position. In third
place is the United States National Science Foundation (1,527 publications), followed
by the European Commission (998 publications) and the Chinese Academy of Sciences
(710) which not only conducts but also funds research. The top ten funders are listed
in Table 4.

While no private companies appear as leading research institutes or funders, we took a
closer look to determine which companies are the most active producers of climate and
Al publications in our database. The top five companies that appear in our database in
either a funding capacity or researcher affiliation are Google, based in the United
States, (62 publications), Science Systems and Applications, based in the United
States, (30 publications), State Grid Corporation, based in China, (30 publications),®”
IBM, based in the United States, (22 publications), and Volkswagen Group, based in
Germany, (15 publications).
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Table 4. Top 10 Funders Associated with Climate and Al Publications

Number of

Organization Country publications

" National Natural Science Chi
Foundation of China ina =
Ministry of Science and

2 Technology of the People's China 1,938
Republic of China
National Science

3 ) A 1527
Foundation (US) uS d

4 European Commission EU 998
Chinese Academy of

5 i 710
Sciences China -
National Aeronautics &

6 Space Administration USA W
(NASA)
Ministry of Education of the .

7 7
People's Republic of China China l *
Brazilian Federal Agency

8 for Support and Evaluation Brazil l 319
of Graduate Education

N United States Geological USA l 307
Survey

10 United States Department USA I248

of Energy

Source: CSET Merged Corpus
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What Does Research at the Intersection of Climate and Al Look Like?

To get a better sense of how Al is being employed within specific research fields we
look more closely at some of the research clusters that emerge from the above
analysis in Box 1.

Box 1. Selected Climate Change and Al Research Cluster Summaries
e Cluster 6201: Remote Sensing for Land Cover

Cluster 6201 includes mostly papers on remote sensing, using the methods of Double Q Learning,
Auto Classifier, and 3dis in tackling how to classify land cover types and mapping land covers. The
majority of papers in this cluster are written by authors affiliated with the Chinese Academy of
Sciences. The majority of the papers in this cluster are funded by the Chinese government through
its National Natural Science Foundation Ministry of Science and Technology, as well as its National
Key Research and Development Program.

Al Tasks and Methods: Reinforcement Learning
e Cluster 97340: City & Urban Climate Modeling

Cluster 97340 includes many papers on contemporary climate analogs with a focus on urban areas
using the methods of Inception V3, Auxiliary Classifier, and Generative Models in tackling
Automated Writing Evaluation and Domain Adaptation. This cluster represents a diverse range of
global researchers, including the University of Geneva, Stanford University, Arizona State
University, University of Tokyo.

Al Tasks and Methods: Natural Language Processing
e Cluster 7470: Bike-Sharing Systems

Cluster 7470 includes mostly papers on bike sharing systems and relevant subjects such as
routing, fleet management, network analysis, etc. using the methods of Double Q-Learning,
MAD-Learning, and Recurrent Neural Networks in tackling System Identification, Classification,
and Traffic Prediction. Papers written by authors from China dominate this cluster. More than half
of the 2,043 papers in the cluster are written by authors from China.

Al Tasks and Methods: Neural Networks
e Cluster 2327: Wildfire Modeling and Management

Cluster 2327 includes mostly papers on wildfire modeling and management, using the methods of
MAD-Learning, Recurrent Neural Networks, and VQA Models in detecting fire, tackling
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classification, and mapping landslide susceptibility. The majority of papers in this cluster are
written by authors in the United States, and the majority of funders are also from the U.S.

Al Tasks and Methods: Neural Networks

e Cluster 92063: Predictions for Global Grid Interconnection, Decarbonization, &
Renewable Policies

Cluster 92063 includes papers on the outlook for global energy transformation and are
published mostly by Chinese authors in Chinese journals. Many of the authors are affiliated with
the State Grid Corporation and its affiliated organizations.

Al Tasks and Methods: Natural Language Processing
e Cluster 70395: Climate Modeling & Climate Econometrics

Cluster 70395 includes mostly papers on climate modeling and climate econometrics, using the
methods of Backbone Architectures, AutoML, and VQA Models in tackling classification, fault
detection, and data classification. Most authors contributing to this cluster are in the United States
and some EU countries.

Al Tasks and Methods: Computer Vision
e Cluster 74178: Agriculture, Meteorology, & Sustainability

Cluster 74178 includes papers on various topics in agriculture, such as irrigation, meteorology, and
sustainability. These papers use methods of Recurrent Neural Networks, VQA Models, and SPP
Net in tackling system identification, time series analysis, and feature selection. The majority of
papers are written by authors in China; authors in India, Iran, and Brazil also contributed to many of
the papers in this cluster.

Al Tasks and Methods: Time Series, Neural Networks
o Cluster 90328: Social Media Content Analysis for Climate-and-Energy-Related Topics

Cluster 90328 includes papers mostly on social media content analysis as relevant to climate
and energy related topics, using the methods of Natural Language Processing, Double Q
Learning, and Mad Learning in tackling Sentiment Detection, Topic Detection, and Change
Detection. Looking at papers in this cluster, most papers are written by authors in the United
States.

Al Tasks and Methods: Natural Language Processing, Neural Networks

The list above consists of 8 clusters selected from the set of 67 identified to represent a diverse
range of applications of Al to climate research. The cluster numbers are hyperlinked to a more
detailed description of the cluster in CSET’s Map of Science.
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The Role of International Collaboration

We analyzed the role of international collaboration in the 67 research clusters of
interest (clusters led by China or U.S. publication output) by computing the percentage
of international collaborations for each cluster. Here, we consider a paper to have an
international collaboration if more than one country is listed on the publication. We
also compute the percentage of papers that have China listed on them and at least one
other country, as well as the percentage of papers that have the United States listed
on them and at least one other country. This allows us to compare rates of
international collaboration overall between China and the U.S. among clusters where
they represent leading research producers.

In Figures 5 and 6 we display the international China-specific and U.S.-specific
collaboration rates for member papers in the 67 research clusters of interest. On each
figure, the dots represent one research cluster, colored by the leading publishing
country (China, U.S., or Other), and sized by the number of member publications.

Figure 5. China-specific International Collaboration Rates versus Overall
International Collaboration Rates by Research Cluster

@ china Other @ United States  Num. of Cluster Papers © 500 © 2,000 5,000

Percentage of
Papers with [ ]
International * *
30% | collaborations °
[ ]
. .
. [ ] 8 . .
. s | Line of best fit
L ]
20 ® . - L] ® . wL
. o
& Q@ &
[
[ ]
L] L ] .
[ e o
[ ] L ] L ]
. [ ] . [ J
L]
10 L] L] [} .
. . ®
. . Percentage of
. ® Papers with China
Collaborations
0 2 4 6 8 10 12 14 16 18%

Source: CSET Merged Corpus
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Figure 6. U.S.-specific International Collaboration Rates versus Overall
International Collaboration Rates by Research Cluster

@ China Other @ United States  Num. of Cluster Papers © 500 © 2,000 5,000

Percentage of Line of best fit

Papers with ®
International
30% | collaborations °

Percentage of
. Papers with U.S.
Collaborations

0 2 4 6 8 10 12 14 16 18 20%

Source: CSET Merged Corpus

We find that the percentage of papers with U.S.-specific international collaborations
has a stronger linear relationship to the general rate of international collaboration,
whereas China-specific international collaborations do not. This highlights that the U.S.
is more involved in global collaboration efforts among the research clusters in the
climate and Al research domain than China. Specifically, even in research clusters
where China has the most publications, the U.S. has more collaborative publications.
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Conclusion

Given the vast potential of Al methods to revolutionize all aspects of research and
analysis, it is not surprising that they are being applied to one of today’s most pressing
global challenges, addressing climate change. Our study contributes to the
understanding of how Al is being used in climate related research by examining the
way in which specific Al is being applied to climate change research, as well as specific
national contributions.

We find that Chinese research institutions lead the world in publishing and funding
research at the intersection of climate and Al, followed by the United States.
Specifically, the Chinese Academy of Sciences, the largest research institute in China,
produced the greatest number of publications we identified at the intersection of
climate and Al. We also find that the leading funders associated with climate and Al
publications are also based in China. China’'s dominance in Al applications has been
well documented, and we show that China also leads the world in climate-related
research, as well as at the climate-Al interface.

By mapping the specific Al tasks or methods being applied to specific climate research
fields, we identify potential opportunities to expand the use of Al in climate research.
Climate change research areas such as climate modeling, climate impact, and energy
technologies make use of a wide range of Al techniques, whereas other areas such as
transportation and energy trends have fewer Al implementations. There appear to be
gaps in certain climate research areas where Al tasks and methods are not being used
as widely and where there may be useful applications. Exploring these gaps as well
as understanding the major research centers and collaborations in adjacent
intersections identified is proposed as an area for future research.

While we believe this is the first systematic study of its kind, we acknowledge some
deficiencies in our methods, namely that we manually identified subfields in climate
research using keyword analysis as well as subjective judgement, and that our pairing
of Al-related tasks and methods to climate-related research areas represents the
occurrence, but not the frequency, of these pairings. However, our findings raise
multiple questions that present opportunities for future research and inquiry, including
why certain tasks and methods are being used in specific fields, and what other fields
might learn from applications to date.

Given the limited time remaining to avoid increasingly severe global climate change
impacts, the expanded use of Al tasks and methods presents the opportunity to
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transform our ability to understand and address climate change. This paper helps to
identify opportunities to expand the use of Al tasks and methods in climate related
research, and the predominance of China and the United States in this area raises
important questions about national leadership and competitiveness.
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Appendix A. Methodology

Keyword Search

We identify relevant climate change publications using a keyword search in English
and Chinese; the terms along with their regular expression search are listed in Table
Al

Table A.1. Top 10 Funders Associated with Climate and Al Publications

English Chinese sSQL

climate change,” “climate | 5pan(l, SEDT REGEXP_CONTAINS(str,
changes,” “climatic r"(7i) ((\bclimat.*

change,” and “climatic change.®\b)|(FUEZS L) (K
changes.”

5225T))")

global warming RERRAL, REGEXP_CONTAINS str,
BERTHR, BERAEL r"(7i) (\oglobal
i warming\b) | (& EREEZ L) | (4

BRTHE) (BB S T0E) ")

carbon emissions | REGEXP_CONTAINS(str,
r"(?i)((\bcarbon
emission.®\b)|(fixHE#%))")

low carbon i REGEXP_CONTAINS(str,
r"(?i) ((\blow carbon\b)| (&
f2))")

We ran a search through the CSET merged corpus of scholarly literature using the
terms generated above and publications were selected as being related to climate
change research if their title or abstract contained at least one keyword. We based
these keywords on other studies that have conducted bibliometric analysis. This search
resulted in 947,616 climate change-related publications. We select research clusters
that contain at least one of these climate change publications, which results in 46,703
research clusters.
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Research Cluster (Down) Selection

Next, we narrowed down the resulting research clusters to a set that are in the 95th
percentile of containing climate change focused literature which results in 2,351
research clusters that have 5% or more climate change-related publications.

The Map of Science contains data on Al relevance predictions which we use to filter
for research clusters with Al-related publications. Publications in English from 2010
to present day are passed through a SciBERT model trained on arXiv publications that
predicts if a research publication is Al-related or not Al-related. Publications in
Chinese from 2010 to present are labeled as Al-related or not Al-related using a
regular expression query. Each research cluster has a percentage of papers that are
Al-related out of all papers in the cluster using these two Al relevance labels. Thus,
similarly to how we filter for climate change-related research clusters, we can filter
for Al-related research clusters.

This allowed us to sort our dataset both by climate and Al relevance. We did this by
looking at the clusters in both the 95th percentile of climate research and the 95th
percentile of Al research. This substantially cuts down the dataset to a total of 111
clusters.

To come up with a more targeted list of clusters relevant to this research, we take this
list of 111 RCs with at least 5% climate change publications and 5% Al-related
publications and we apply an additional filter for RCs with an average publication
citation of two or more and the top country being either US or China. This results in a
total of 67 clusters.
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Table A.2. Summarizing Data Analysis Methods

Sequence | Sort criteria Dataset Number of Number Number of
climate change- | of RC
related research publications
publications clusters
1 Keyword search CSET merged 947,616 N/A
corpus
2a Identify RCs of Climate change 717,105 46,703 65,710,833
interest publications
2b 95™ percentile of Research 413,303 2,351 2,820,097
climate focused clusters linked
literature (>5%) from climate
publications
from step 2
3 95" percentile of Climate change 8,431 111
climate focused and research clusters
Al relevance (>5%) from step 3
4 95" percentile of Climate change 6,906 67
climate focused and and Al research
Al relevance >5%; clusters from
citations >2, top step 4
country (author
affiliation is US or
China)

Al Tasks and Methods Analysis

In order to construct Table 1, we used Al-related tasks and methods and manually
labeled climate-related categories for our finalized set of 67 research clusters. Al-
related tasks and methods are automatically assigned to individual research
publications using a named entity recognition model trained on tasks and methods as
developed in Dunham, et al (2020). Each task and method label falls under several
broad areas, such as Natural Language Processing or Causal Inference. For our
analysis, we aggregated the tasks and methods that appeared in member publications
of our 67 research clusters of interest. For each RC, we looked at the top five most
frequent tasks and methods from the research clusters’ member publications and
represented them in nine distinct categorizations from the Papers with Code taxonomy:
causal inference, computer vision, graphs, methodology, natural language processing,
neural networks, reinforcement learning, robots, and time series.38
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Next, we manually verified nine climate-related categorization labels based on the
occurrence of keywords in the research cluster metadata: climate impacts, climate
modeling, emission trends, energy efficiency, energy technology, energy trends, land
use change, public perception, and transportation. We then identified all distinct
pairings between the nine Al-related tasks and methods and the nine climate-related
categories. For example, if a research cluster had both climate modeling and neural
networks labels, that would be represented in Table 1 by a checkmark. In this way,
Table 1 denotes the Al-related tasks and methods that have been applied to climate-
related areas, but does not represent the frequency of these pairings.
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