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ARTICLE INFO ABSTRACT

Keywords: Artificial intelligence (AI) is increasingly invoked as a means of advancing climate and environmental solutions,
Cleantech yet how it shapes environmental technology (ET) development remains poorly understood. This study addresses
Climate

that gap by asking: To what extent are Al and ETs converging, and which specific domains are driving this
integration? To investigate these questions, we have constructed a new dataset of nearly 8000 Al-environmental
(AI-ENVI) patents filed at the USPTO from 2003 through 2023. Drawing on this dataset, we perform semantic
reclassification followed by forward citation mapping to identify influential innovations and to evaluate
prominent domains of technological convergence. We find that three fields dominate: renewable energy opti-
mization, electric vehicles, and fossil fuel efficiency/industrial decarbonization. To probe further, we examine
metrics of novelty, disruptiveness, and generality. Novelty is highest in grid-level energy storage optimization;
disruptiveness peaks in blockchain-based energy trading; and generality is strongest in the former as well as
energy demand forecasting. Evidence that Al applications for incumbent industries attract high forward citations,
and that carbon capture and storage (CCS) emerges as a disruptive subcategory, underscores the need for
appropriate policy mechanisms to avoid carbon lock-in within the ET-AI nexus.

Artificial intelligence
Patent trends
Energy transition
Digital transition

1. Introduction

Artificial intelligence (AI) and environmental technologies (ETsH
have emerged as two of the most transformative technological domains
of the 21st century (Coeckelbergh & Szetra, 2023; Rolnick et al., 2022).
While foundational ETs such as electric vehicles (EVs) remain central to
the low-carbon transition (Fleif et al., 2024), Al is emerging as a cata-
lytic force, accelerating and optimizing solutions across industries
(Golombek et al., 2022; Xin et al., 2023). It can help enhance energy
system efficiency through solar and wind forecasting (Movsessian et al.,
2021), provide real-time emissions monitoring (J. Wang et al., 2024; Q.
Wang et al., 2023), augment energy storage systems (Zumofen, 2025),
and optimize the use of batteries (K. Liu, Tao, & Bi, 2022).
Industry-specific applications span green manufacturing (Mao et al.,
2019), EV charging optimization (Attia et al., 2020), industrial process
innovation (Chotia et al., 2024), intelligent building management (L.
Chen et al., 2023; Manmatharasan et al., 2025), and decarbonization of
heavy industry (Hussain et al., 2024)

Further, Al and ETs are attracting substantial public and private

* Corresponding author.
E-mail addresses: swgriffi@alum.mit.edu, sgriffiths@aus.edu (S. Griffiths).

investment. In 2023, global public spending on energy R&D reached $50
billion, while corporate energy R&D grew three times faster than global
GDP (IEA, 2025a). At the same time, from 2022 to 2024, Al-related firms
in the U.S. accounted for 65 % of the $16 trillion increase in S&P 500
market capitalization (ibid).

Policymakers increasingly advocate for a "Twin Transition", which
involves coordinated development of digital technologies alongside ETs
(Fouquet & Hippe, 2022). This dual transformation carries significant
implications not only for the energy transition, but also for industrial
organization and patterns of innovation (Acemoglu, 2021; Agrawal
et al., 2019). Even though the parallel advancement of digital and ETs
presents opportunities for sustainable transformation (Li et al., 2025), it
also introduces significant tensions (Stanford University, 2023). As de-
mand for Al technologies accelerates, for instance, it poses potential
risks to energy systems and may inadvertently undermine climate goals
(Maslej et al., 2025). As a salient example, hyperscale data centers that
power large language models (LLMs) now consume electricity in
amounts comparable to large cities when being trained and used for
inference (Hoefler et al., 2022).

! This article uses environmental technologies to refer to all technologies related to the climate and environment: clean; climate mitigation; climate adaptation;
renewable energy; solar energy; wind energy, etc. (see OECD: https://www.oecd.org/en/data/indicators/patents-on-environment-technologies.html).
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Despite the policy and practical importance of the Twin Transition,
data-driven analyses of this convergence remain limited. The scarcity of
quantitative analyses may, therefore, challenge our ability to inform
policy (Q. Wang et al., 2023). Here we quantitatively assess the
convergence of one specific, yet critical, digital technology, Al, with ETs.
While our analysis provides empirical insight into this intersection, we
acknowledge that it captures only one dimension of the broader Twin
Transition.

We use patent data as a proxy for innovation. Patents provide a
window into technological change, revealing patterns of innovation,
sectoral shifts, and the emergence of high-value breakthroughs, partic-
ularly for ETs (Herman & Xiang, 2019; Jaffe et al., 2005). Large-scale
patent databases such as the USPTO's Artificial Intelligence Patent
Dataset (AIPD) map Al diffusion across technological domains, while
databases like WIPO GREEN track developments in clean and
low-carbon technologies (Toole et al., 2020). More specialized datasets
focus on renewable energy patents using advanced text mining (Freunek
& Niggli, 2023), and recent work has produced a climate-AlI dataset of
4390 patents filed through 2019 (Verendel, 2021).

While these quantitative approaches demonstrate the value of
patent-based analysis, most Twin Transition research has emerged from
qualitative disciplines such as innovation studies and political economy.
For instance Brea (2024) emphasizes the geopolitical and systemic
foundations of the Twin Transition (Brea, 2024), while Bianchini et al.
(2023) examine how organizational design steers technological trajec-
tories (Bianchini et al., 2023). Others explore absorptive capacity and
regional ecosystems as mediators of ET adoption (Cicerone et al., 2023;
Kopka & Grashof, 2022), as well as the infrastructural lock-ins con-
straining sustainable digital transformation (Brevini, 2023; Kaack et al.,
2022).

Although qualitative studies help to illuminate the structural, insti-
tutional, and organizational conditions shaping the transition, few have
sought to quantify the intersection of digital and ETs—or to trace how
their convergence unfolds in practice. Responding to this deficit, this
study asks the following: To what extent have Al and ETs converged?
What are the contours of this convergence? Is this convergence leading
to transformative innovation? To address these research questions, we
construct a dataset that includes approximately 8000 AI-ENVI patents
granted through 2023. We develop a novel LLM to classify the patents
into 17 categories and 67 subcategories.

To characterize convergence and its consequences, we move beyond
raw citation counts and compute three complementary indicators,
building on prior studies (Biggi et al., 2025; Feng, 2020; Jiang et al.,
2024; Qi et al., 2020): generality, which uses breadth of forward citations
across fields, capturing how widely a technology diffuses; novelty, which
computes rarity of each patent's IPC (International Patent Classification)
co-class combinations; and, disruptiveness, capturing how follow-on
work shifts attention away from a patent's predecessors.

In sum, we contribute the following: (1) a new open-access dataset
for Al-environmental research; (2) a mapping of domain-specific
convergence trends; (3) one of the first large-scale quantitative assess-
ments of the Twin Transition; and (4) new insights into the governance
and coordination challenges emerging at the intersection of digital and
environmental innovation systems.

This article proceeds as follows. Section 2 positions our data
approach and analysis within the Twin Transition framework, outlining
its theoretical and policy relevance, and details patents as a credible
proxy for innovation in these domains. Section 3 details the dataset
construction methodology. Section 4 presents our semantic classifica-
tion and analyzes high-value innovation trends. Section 5 interprets the
findings through the Twin Transition lens. Section 6 concludes,
reflecting on implications for innovation policy and future research.

2. Theoretical and empirical foundations

This section begins by mapping out the theoretical foundation for
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this work, then discusses patents and innovation for Al and ETs, both
jointly and independently, and closes by introducing related patent
datasets.

2.1. Analytical framework and policy setting

The Twin Transition now serves as a key framework for interpreting
the 21st century's industrial and digital transformation (Adewoyin et al.,
2025; Appio et al., 2024; Sareen & Haarstad, 2021). Digital technologies
can reinforce green innovation when supported not only by comple-
mentary capabilities and skills, but also by governance (Chotia et al.,
2024; S. Wang & Zhang, 2025). The Twin Transition, from this
perspective, therefore, serves as both an analytical and policy frame. It
helps to highlight how digital technologies interact with low-carbon
systems to shape decarbonization, resource efficiency, and ecological
resilience (Appio et al., 2024; Bianchini et al., 2023; Fouquet & Hippe,
2022).

There are, however, both benefits and risks associated with this
transition (Diodato et al., 2023). Bianchini et al. caution that digitali-
zation may worsen emissions outcomes unless co-developed with green
capabilities (Bianchini et al., 2023). Sareen and Haarstad warn of
rebound effects and the risk of reinforcing incumbent power (Sareen &
Haarstad, 2021). Luers et al. highlight the rising energy and material
demands of Al systems, which may counteract their potential climate
benefits without strong oversight (Luers et al., 2024). Creutzig et al.
argue similarly that digitalization is reshaping human-earth relation-
ships in unknown directions by concentrating control and exacerbating
energy consumption (Creutzig et al., 2022). Directionality also matters:
digital tools can either entrench existing hierarchies or catalyze struc-
tural reorientation—paths that will shape the course of sustainability
transitions (L. Chen et al., 2023; Hopp, 2025). These considerations
therefore raise key questions about institutional capacity and uneven
technological change across time and space (Herman & Xiang, 2020; Kus
& Jackson, 2025; Rehman et al., 2023).

In response to these dual imperatives, governments are embedding
the Twin Transition in national and regional agendas in an attempt to
balance AI deployment and safeguard against rebound effects (Chan
et al., 2024). The European Commission, for example, has prioritized Al
development for energy and mobility systems while raising concerns
over digital sustainability and electronic waste (European Commission,
2022). The UK's Climate Change Committee supports Al-driven emis-
sions reductions but stresses the need for regulatory frameworks to
manage energy consumption (UK CCC, 2024). In the United States, the
Department of Energy has issued sustainability guidelines for Al-driven
cloud infrastructure and data centers (USDOE_AI Energy 2024). Across
Asia, diverse approaches are emerging: Japan's Green Growth Strategy
emphasizes Al for manufacturing and transport decarbonization (METI,
2022); South Korea's Green New Deal promotes Al in sustainable urban
planning (J.-H. Lee & Woo, 2020); and China's 14th Five-Year Plan
mandates Al-enabled monitoring of environmental quality (Yin et al.,
2022).

These policy efforts underscore a key question: will governance ini-
tiatives steer the Twin Transition toward transformative change or
simply reinforce incumbent systems? The Al-environment nexus has,
indeed, attracted substantial policy and investment attention, yet
rigorous evidence on its real-world impacts and distributional conse-
quences remains scarce. Rather than charting the entire Twin Transition,
this article focuses on a critical intersection: the convergence of Al and
ETs. Although AI constitutes only one dimension of the wider digital
transformation, its expanding role in industrial automation, data in-
frastructures, and environmental monitoring makes it a particularly
significant domain for assessing the technological and policy implica-
tions of this convergence (Chan et al., 2024).
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2.2. Patents and innovation

Patent data provide a valuable lens into technological progress, of-
fering insights into both emerging and maturing sectors (Herman, 2022;
Herman & Xiang, 2020; Jaffe et al., 2005). Patent filings signal inno-
vation activity (Archibugi & Pietrobelli, 2003); they also provide evi-
dence of macroeconomic technological shifts (Hall & Helmers, 2019;
Pavitt, 2002). While patents capture inventions rather than their market
implementation, high-value inventions often translate into broader
innovation impact. Metrics such as patent citation counts, discussed later
in this section, help to identify breakthrough innovations and sectoral
transformations (Giczy et al., 2022).

ETs—often referred to interchangeably as environmental, climate,
clean, or sustainable technologies—have seen rapid growth as measured
by patent activity over the past two decades (Herman & Xiang, 2022a;
Johnstone et al., 2010). Spurred on by targeted climate policy incentives
and key technological breakthroughs, patenting in areas such as
renewable energy initially surged during the early 2000s (Cohen et al.,
2020; OECD, 2015). Between 2000 and 2022, low-emissions energy
technology patents were four-and-a-half times that for fossil energy,
signaling a decisive shift in innovation priorities (IEA, 2025b). This
pattern signals a fundamental transformation in both global climate
governance and the trajectory of environmental innovation (Fusillo
et al., 2022; Solarin et al., 2025).

ETs are shown to draw on diverse and cognitively distant knowledge
sources (Hotte & Jee, 2022), exhibiting greater combinatorial diversity
by recombining knowledge from disparate domains (Fusillo, 2023;
Herman & Xiang, 2022a, 2022b). In parallel, given AI's potential role in
this convergence, fostering interdisciplinary collaboration and
ecosystem-level learning is essential to ensure that ET inventions move
beyond patent portfolios to broader market penetration (Ooms & Pie-
penbrink, 2021; Orsatti et al., 2020).

Innovation in Al began initially from the early 2000s (Krizhevsky
et al., 2012). It experienced a marked acceleration after 2015, fueled
largely by advances in machine learning (Lannelongue et al., 2021), and
breakthroughs in computer science that accelerated LLMs (Vaswani
etal., 2017; Devlin et al., 2019). Availability of large-scale training data
also precipitated this rise (Brynjolfsson et al., 2021; Cockburn et al.,
2019). Such technological maturation has enabled Al's expanding role in
environmental applications in more recent years (Kristian et al., 2024).

While AI patent volume continues rising, the share of highly cited,
high-impact patents fluctuates, suggesting that transformative break-
throughs are path-dependent (Habibollahi Najaf Abadi & Pecht, 2020).
This aligns with findings that major advances often result from atypical
recombinations of knowledge across corporate and open-source settings
(Brea, 2024). These recombinant dynamics underscore how institutional
diversity within AI ecosystems shapes both the direction and quality of
innovation.

Research on USPTO patents from 1980 to 2019 demonstrates that, as
Al evolves into a full-fledged general-purpose technology, "green intel-
ligence" applications across transportation, energy, and pollution con-
trol are increasingly more likely to arise (Biggi et al., 2025; Zu et al.,
2025). Targeted AI-ET convergence is already widely found in solar and
wind forecasting (GE, 2022; Memari et al., 2024; H. Wang et al., 2020),
optimization of batteries (K. Liu, Tao, & Bi, 2022; Nair et al., 2024),
energy-efficient building systems (Manmatharasan et al, 2025;
Schneider Electric, 2024), and EV charging infrastructure (Attia et al.,
2020). Nevertheless, market responses reveal a disconnect between
technological potential and commercial valuation for ETs compared to
Al alone (W. Liu, Tao, & Bi, 2022; S. Wang & Zhang, 2025). The success
of this symbiosis will ultimately depend on whether adoption patterns,
investment priorities, and systemic integration can be directed toward
accelerating sustainability transitions.

The elephant in the room is Al infrastructure (Herman & Griffiths,
forthcoming). Energy-intensive data centers, high-performance chips,
and cloud services carry significant environmental costs that may offset
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the climate benefits of Al (Deloitte Global, 2024; Edwards et al., 2024;
Hoefler et al., 2022). This paradox lies at the heart of concerns about
AL-ET convergence: while Al offers powerful tools for environmental
optimization, its own resource demands could undermine net sustain-
ability gains. The long-term impact of this convergence therefore re-
mains highly uncertain (Di Vaio et al., 2020; Nasir et al., 2023).
Resolving these tensions requires rigorous empirical analysis of Al's
environmental trade-offs—a research need that remains largely unmet.

2.3. Patent datasets: state-of-the-art

In recent years, several foundational datasets have explored Al
innovation. The Artificial Intelligence Patent Dataset (AIPD), developed
by researchers at the USPTO, includes 15.4 million patents (1976-2023)
and reflects Al's growing entrenchment across industries (Pairolero
et al., 2025; Toole et al., 2020). In a different study, Fujii and Managi
(2018) extract 13,567 Al patents published between 2000 and 2016
across the U.S., Japan, China, Europe, finding a shift from biological and
knowledge-based models toward mathematical and other specialized Al
technologies. Verendel (2023) identifies 4390 Al-environment patents
(1976-2019), showing that these outperform traditional environmental
patents in innovation output (Verendel, 2021). Sector-specific studies
show that emerging innovation leaders are not easily detectable with
conventional metrics (Freunek & Niggli, 2023). By combining patent
family IDs with reclassification systems from the USPTO and PATSTAT,
these approaches enable robust longitudinal analysis of climate-relevant
innovation trajectories.

2.3.1. Analyzing innovation strengths and trends

Beyond dataset construction, recent advances in machine learning
(ML) and natural language processing (NLP) have reshaped how patent
data can be analyzed. This has enabled more dynamic tracking of
technological convergence and innovation frontiers (Haghighian
Roudsari et al., 2022; Trappey et al., 2020). Traditional taxonomies
based on IPC codes are increasingly being supplemented or replaced by
algorithmic techniques that can identify emerging linkages (Qi et al.,
2020), detect novelty patterns (Feng, 2020), and track domain cross-
overs as they develop (Jiang et al., 2024).

LLMs and embedding-based classifiers now support semantically
rich, scalable analyses of technical content (Pelaez et al., 2024; Rodri-
guez-Sanchez et al., 2025). LLMs can also be used for automated gen-
eration and analysis of the text within patent claims, advancing the
scalability of analysis (Jiang et al., 2024; Luitse & Denkena, 2021).
Using a BERT model, Yu et al. conduct semantic similarity matching,
demonstrating strong performance in tracking latent linkages between
fast-evolving technology fields (Yu et al., 2024b). PatentBERT has
improved search and clustering tasks and can compute patent similarity
scores (Bekamiri et al., 2024; Bergman et al., 2023; J.-S. Lee & Hsiang,
2020). ClimateBERT has, similarly, emerged as an important LLM to
enhance sustainability-related classification, topic extraction, and met-
adata enrichment (Webersinke et al., 2022).

Citation-based methods remain foundational as a proxy for high-
value inventions that translate into innovation (Rezazadegan et al.,
2024). As demonstrated by Verendel (2023), highly-cited patents (in-
ventions) are indicative of market penetration and technological value
(innovations) (Verendel, 2021). He further finds that, within his dataset,
a small set of high-impact Al-climate patents account for a large share of
forward citations.

One consideration, however, is that citations take time to accrue.
Time lags imply that innovative outcomes are not immediately detected.
To ameliorate this concern, researchers combine citation metrics with
other techniques such as graph embeddings (Choi & Yoon, 2022; Feng,
2020), citation tree structures (Qi et al., 2020), and network-wide sim-
ilarity scores (Whalen et al., 2020). These metrics help to pinpoint early
breakthrough innovations (Byun et al., 2021).

Beyond patent counts and raw citations, widely used patent-quality
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indicators capture complementary dimensions of technological signifi-
cance: generality (breadth of influence across forward-citing fields),
novelty (rarity of IPC co-class recombinations relative to historical
baselines), and disruptiveness (the extent to which follow-on work shifts
attention away from predecessors) (Biggi et al., 2025; Higham et al.,
2021). After introducing our dataset in the next section, we leverage
several of these techniques in Section 4 for deeper analysis.

3. Data and methods

We construct a novel dataset capturing the intersection of Al and ETs
to quantitatively assess the state of the Twin Transition. This section first
describes the three independent datasets we merge, then details our
processing and classification methodology. While the initial dataset
spans 1976-2023, we focus our analysis on 2003-2023 given the limited
Al patent activity in earlier years and to ensure data quality and
completeness.

3.1. Developing the AI-ENVI dataset

We constructed the AI-ENVI dataset from the USPTO Bulk Patent
Data (USPTO, 2025) by merging classifications from the Artificial In-
telligence Patent Dataset (AIPD) (Pairolero et al., 2025; Giczy et al.,
2022; Toole et al., 2020) with the IPC/WIPO Green Inventory (WIPO
Green, 2024).

1. AIPD Dataset: Initially released by the USPTO in 2021, its 2023
update expands coverage to 15.4 million patents. The researchers
leverage transformer-based models such as BERT for Patents (Yu
et al., 2024a; Yu et al., 2024b) and active learning-based refinement
(Bekamiri et al., 2024; Haghighian Roudsari et al., 2022). This en-
hances classification accuracy by focusing on patents located near
the Al/not-Al decision boundary and adds 2.2 million new patents
(2021-2023).

2. WIPO IPC Green Inventory: To identify environmentally relevant
patents within the Al corpus, we use the WIPO IPC Green Inventory,
which maps IPC codes to green innovation domains (WIPO, 2024). It
classifies patents into seven areas: alternative energy, transport,
energy conservation, waste, agriculture/forestry, regulatory/design
aspects, and nuclear energy. Cross-referencing AIPD patents with
this inventory allows us to isolate those at the Al-environmental
intersection, forming a hybrid AI-ENVI classification that captures
both technological and ecological relevance.

3. USPTO Bulk Patent Data: This data serves as the foundational
source for extracting detailed metadata, including IPC codes, in-
ventor information, abstracts, and citation records (USPTO, 2025).
This rich dataset enables the disaggregation of patent-level charac-
teristics and supports the convergence of Al and environmental
classification schemes. It provides the technical and bibliometric
backbone necessary for longitudinal analysis and trend detection.

3.2. Processing and filtering

To ensure the robustness and validity of the AI-ENVI dataset, we
applied a multi-step filtering process that reduced the initial dataset
from 7,554,887 patents to a final sample of 10,655 unique Al-
environmental patents. This filtering approach isolated high-quality
patents at the intersection of Al and ETs while reducing noise from
low-impact categories (see also Appendix I, step 7).
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e Step 1: Technology subgroups with no granted patents between 2010
and 2017 were excluded, eliminating ~1 % of subgroups likely to
reflect dormant or nascent innovation domains.

e Step 2: To focus on recent Al innovation, we restricted the dataset to
patents granted from 2003 to 2023. Citation data was similarly
limited to this period to maintain consistency.

e Step 3: We retained only granted patents, excluding pre-grant pub-
lications, since granted patents are better proxies for validated
novelty and commercial relevance. This yielded 7,882,655 patents.

e Step 4: Patents were retained if at least 50 % of their technology
codes fell within one of AIPD's eight AI domains (e.g., machine
learning, NLP, computer vision), resulting in 1,320,747 Al-aligned
patents.

e Step 5: These Al patents were cross-referenced with IPC codes from
the WIPO Green Inventory. The final AI-ENVI subset includes 10,655
patents that are both Al-relevant and environmentally classified,
each with at least two named inventors.

The next section undertakes a quantitative assessment of our unique
AI-ENVI dataset.

4. Dataset exploration

This section begins by training a classification model (Section 4.1),
followed by a forward citation analysis (Section 4.2), and closes by
conducting deeper analyses of novelty, generality, and disruptiveness
(Section 4.3).

4.1. Semantic classification

We develop a systematic categorization framework to map the
intersection of Al and ETs, then implement a machine learning-based
classification system to automatically categorize the patent dataset ac-
cording to this framework.

4.1.1. Categorization framework

A structured categorization framework was developed by synthe-
sizing insights from the academic literature on Al in environmental
contexts (Kaack et al., 2022; Rolnick et al., 2022; Vinuesa et al., 2020),
as well as relevant grey literature and established patent taxonomies (e.
g., the European Patent Office's climate-related technology classifica-
tion). The framework is operationalized via an LLM-driven keyword
dictionary (Appendix I), which generates the category and subcategory
keyword sets used for tagging (Appendix II).

4.1.2. Categorization delivery

We built a classification pipeline following established methodo-
logical approaches (Bergman et al., 2023; Marin-Vinuesa et al., 2020).2
After removing duplicates and out-of-scope patents, and truncating the
dataset between 2003 and 2023, we randomly selected ten percent, or
788 patents, from the remaining 7878 patents for manual labeling.
Three domain experts with backgrounds in ET and AI technologies
independently validated the labeling scheme and resolved classification
disagreements through consensus, achieving inter-annotator agreement
of k = 0.82 (we withhold expert identities for sake of peer review
anonymity).

After a first run of the categorization model, the subcategories of 188
patents could not be determined to fall directly under one subcategory,
and were therefore classified as “other.” Our final training dataset thus

2 The classifier was trained on an 80,20 split of the 600 labeled patents, with
performance evaluated on the held-out test set of 120 patents. Cross-validation
(k = 5) on the training data achieved 87.3 % accuracy and F1-score of 0.84,
while the independent test set demonstrated 85.8 % accuracy and F1-score of
0.82, confirming robust generalization performance.
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Table 1
Main categories.

Categories Freq. Percent
Al for Renewable Energy Optimization 1510 19.17
AT for Electric Vehicles 1235 15.68
Al for Fossil Fuel Efficiency & Industrial Decarbonization 1175 14.91
Al for Data Centers & Cloud Computing 700 8.89
Al for Sustainable Industry & Circular Economy 658 8.35
Al for Energy Storage 654 8.30
AT for Environmental Monitoring & Compliance 457 5.80
Al for Energy Grid Optimization 333 4.23
Al for EV Charging Infrastructure 308 3.91
AT for Internet of Things & Smart Devices 282 3.58
Al for Ocean & Water Resource Management 234 2.97
Al for Smart Cities & Energy Efficiency 145 1.84
AT for Agriculture & Land Use 61 0.77
Al for Peer-to-Peer Energy Trading 38 0.48
AlI for Disaster Response & Resilience 48 0.61
AT for Climate & Weather Prediction 19 0.24
Other/not classified 21 0.27
Total 7878 100

included 600 manually-categorized patents.® Our labeling system
organized patents into 17 main categories—such as Al for Renewable
Energy Optimization, and Al for Energy Grid Management—and 67
more specific subcategories, such as Solar and Wind Forecasting,
Methane Detection, Supply Chain Optimization, and Cloud Computing
Energy Efficiency (see Appendix II). Tables 1 and 2 show the initial
categorization results, along with statistics for categories and sub-
categories, respectively. Fig. 1 depicts the top five categories and their
patent counts over a 21-year period. The robustness checks detailed in
the Appendix confirm that our filtering criteria did not systematically
bias results toward particular technological domains or assignee types.

4.2. Forward citations

As outlined in Section 2.3, forward citations indicate technological
relevance by capturing how much a patent contributes to subsequent
innovation (Feng, 2020; Qi et al., 2020). To identify influential in-
novations at the intersection of Al and ETs, we conducted a compre-
hensive forward citation analysis following established practices
(Fredstrom et al., 2021; Nesta_asf core_data_2024; Patterson & Teh,
2013; Petrakis, 2023/2023). Specifically, we developed a custom anal-
ysis protocol to assess citation patterns using USPTO's PatentsView API
(USPTO, 2025; Whalen et al., 2020). Patents were processed in batches
of 50 with intermediate outputs saved to ensure reproducibility and data
integrity. The minimum citation threshold was set at 15 forward cita-
tions to focus on patents with demonstrated technological impact. See
our GitHub repository for complete implementation details.”

For each patent, we calculated multiple forward citation metrics to
capture different dimensions of technological influence: Forward cita-
tion count represents the volume of forward citations received by a
patent. Citation span measures the duration in years from patent pub-
lication to the most recent citing patent. Recency ratio quantifies the
proportion of citations received in the most recent years relative to the
patent's age, indicating whether a patent maintains sustained relevance
over time (Table 3). The analysis also produced detailed citation linkage

3 For semantic embedding, we used the all-MiniLM-L6-v2 transformer,
generating 384-dimensional vectors to capture contextual differences between
patents (Vergou et al., 2023; Xiang et al., 2017). Embedding was fast, pro-
cessing the full training set in about 9 s (2.04 iterations/second over 19
batches). The classifier was a three-layer neural network (384-128 to 64) with
ReLU activations and dropout to prevent overfitting trained on an 80/20 split
using the Adam optimizer (learning rate = 0.03) over 60 epochs. Batch sizes
were tuned per phase: 32 for embedding, 16 for training, and 64 for prediction.

* https://github.com/kherman-cmd/AI-ENVIL
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Table 2
Subcategories (top 20). Note: Sub-Categories occurring less than five times were
dropped.

Subcategory Freq. Percent
Autonomous EV Optimization 652 10.50
Solar & Wind Energy Production 469 7.56
Air & Water Quality Analysis 446 7.19
Green Manufacturing 438 7.06
Chemical Process Optimization 416 6.70
AI-Optimized Server Management 382 6.15
Hydrogen Fuel Cell Integration 375 6.04
Electric Planes and Drones 309 4.98
Cloud Computing Energy Efficiency 301 4.85
Solar & Wind Forecasting 281 4.53
Smart Grid & Energy Storage 277 4.46
Battery Health Prediction 268 4.32
Hydrogen Technologies 260 4.19
Dynamic Grid Management 243 3.91
Smart Grid Integration for EVs 206 3.32
Smart Device Energy Consumption 197 3.17
Fossil Fuel Energy Efficiency 195 3.14
Material Discovery & Recycling 167 2.69
EV Battery Management 163 2.63
Gas & Oil Extraction Efficiency 162 2.61
Total 6207 100

data and summary statistics by IPC class and filing year to identify
temporal trends in Al-environmental innovation activity. This approach
enables identification of both historically important patents and
emerging technologies with high future potential.

4.3. High value innovations in AI-ENVI

We examine the 1000 most-cited Al-environmental patents to iden-
tify which subcategories have the greatest technological influence.
Forward citations serve as our impact proxy, enabling technology
forecasting, R&D prioritization, and policy focus. To address biases in
raw citation counts—including patent age, field effects, and assignee
scale—we employ multiple quality metrics beyond citation volume,
such as citations per year and normalization within application year
cohorts (Tables 4 and 5). Fig. 2 shows the normalized citations of the top
five categories.

4.3.1. Analyzing innovation strengths and trends

Rounding out our analysis, finally, we measure three dimensions of
patent quality: (i) novelty, (ii) disruptiveness; and (iii) generality. These
complementary measures distinguish patents that are merely “often
cited” from those that are “field-spanning,“ “recombinantly innovative,
or “paradigm-shifting,“ providing a nuanced view of technological
impact across Al-environmental domains (Biggi et al., 2025). Calcula-
tions are shown in Appendix III.

This framework distinguishes subcategories with narrow but trans-
formative innovation—a few patents that fundamentally reshape their
fields—from those with broader, more incremental advances. Exam-
ining both typical patterns and exceptional outliers across novelty,
disruptiveness, and generality reveals where breakthrough innovations
are concentrated and where incremental advancements prevail (see
Tables 6 through 11; Figs. 3 and 4).

5. Discussion

This section discusses key findings (Section 5.1), then addresses the
implications for the Twin Transition (Section 5.2), followed by limita-
tions (Section 5.3) and future research (Section 5.4). One cautionary
note: given that our dataset was developed using USPTO patent data,
conclusions pertaining to the directionality of Al-environmental tech-
nologies should be understood as applying specifically to the U.S.
innovation ecosystem.
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Fig. 1. Top 5 AI-ENVI categories (2003-2023).

Table 3
Descriptive statistics for high-value patent citations. Analysis based on top 1000
patents ranked by forward citation counts.

Mean Min Max Std.
Forward citation count 49.35 15 1171 98.76
Citation span (years) 9.64 1 24 4.10
Recency ratio 0.82 0 1 0.25

Table 4
Categorical forward patent citations, main categories.

Main category Patent count Percent
Renewable Energy Optimization 176 17.6
Electric Vehicles 175 17.5

Fossil Fuel Efficiency & Industrial Decarbonization 115 11.5
Data Centers & Cloud Computing 98 9.8
Circular Economy 80 8
Energy Storage 62 6.2
Environmental Monitoring 59 5.9
EV Charging Infrastructure 53 5.3
Internet of Things 48 4.8
Energy Grid Optimization 34 3.4
Smart Cities 32 3.2
Water Resource Management 31 3.1
Peer-to-Peer Energy Trading 16 1.6
Disaster Response & Resilience 11 1.1

Agriculture & Land Use 6 0.6
Climate & Weather Prediction 4 0.4

5.1. Key findings

Our semantic patent analysis shows that high-impact Al-environ-
mental innovations are concentrated in a few domains: Renewable En-
ergy Optimization (17.6 %), Electric Vehicles (17.5 %), and Fossil Fuel
Efficiency & Industrial Decarbonization (11.5 %). Together, these ac-
count for 47 % of the top 1000 patents. Additional clusters include Data
Centers & Cloud Computing (9.8 %), Circular Economy (8 %), Energy
Storage (6.2 %), Environmental Monitoring (5.9 %), EV Charging
Infrastructure (5.3 %), Internet of Things (4.8 %), and Energy Grid
Optimization (3.4 %).

The static picture discussed above (Table 4), however, masks a much
different story when viewed over time, particularly in recent years. As
shown in Section 4.2 and Fig. 1, although Al for Fossil Fuel Efficiency &
Industrial Decarbonization account for 11.5 % of top patents, this
mainly reflects activity prior to 2018. The temporal dynamics show a
fundamental shift after 2018, when this category largely disappears

Table 5
Subcategory top and total patents. Note: Showing subcategories with more than
20 patents. The full table is supplied in the Appendix Table 5.

Sub-category (main category) Patent Percent
count

Autonomous EV Optimization (AI for Electric Vehicles) 69 6.9

Electric Planes and Drones (AI for Electric Vehicles) 68 6.8

Solar & Wind Energy Production (AI for Renewable Energy 60 6
Optimization)

AI-Optimized Server Management (AI for Data Centers & 58 5.8
Cloud Computing)

Air & Water Quality Analysis (Al for Environmental 58 5.8
Monitoring & Compliance)

Green Manufacturing (AI for Sustainable Industry & 47 4.7
Circular Economy)

Cloud Computing Energy Efficiency (Al for Data Centers & 37 3.7
Cloud Computing)

Smart Grid Integration for EVs (Al for EV Charging 36 3.6
Infrastructure)

Battery Health Prediction (AI for Energy Storage) 35 3.5

Chemical Process Optimization (Al for Fossil Fuel Efficiency ~ 35 3.5
& Industrial Decarbonization)

Smart Device Energy Consumption (AI for Internet of 32 3.2
Things & Smart Devices)

Smart Grid & Energy Storage (Al for Renewable Energy 32 3.2
Optimization)

Solar & Wind Forecasting (Al for Renewable Energy 32 3.2
Optimization)

Dynamic Grid Management (AI for Energy Grid 28 2.8
Optimization)

Hydrogen Fuel Cell Integration (Al for Energy Storage) 27 2.7

Hydrogen Technologies (Al for Renewable Energy 26 2.6
Optimization)

Building Energy Management (Al for Smart Cities & Energy 24 2.4
Efficiency)

Marine Ecosystem Monitoring (AI for Ocean & Water 24 2.4
Resource Management)

Gas & Oil Extraction Efficiency (Al for Fossil Fuel Efficiency 23 2.3
& Industrial Decarbonization)

Charging Infrastructure Prediction (AI for Electric Vehicles) 21 2.1

Geothermal Energy Optimization (Al for Renewable Energy 21 2.1
Optimization)

from high-impact innovation. Since 2020, AI for Electric Vehicles
emerges as the dominant category, comprising the majority of influen-
tial patents even as overall volumes have declined from the 2017-2018
peak. Meanwhile, AI for Renewable Energy Optimization greatly di-
minishes following a peak in 2013, perhaps indicating the maturation of
solar and wind energy technologies. Data Centers & Cloud Computing
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NORMALIZED Citations per Year Over Time: Top 5 Al-Environmental Categories
(Z-Score Relative to Year Average)
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Fig. 2. Normalized citations for top five categories, based on forward citations.

Table 6
Top five novel patent categories.
Category Novelty

1. Al for Ocean & Water Resource Management 0.945
2. Al for Agriculture & Land Use 0.941
3. Al for Environmental Monitoring & Compliance 0.93
4. Al for Energy Storage 0.909
5. Al for Smart Cities & Energy Efficiency 0.882

applications show more modest but consistent activity, while Sustain-
able Industry & Circular Economy innovations surge around 2017 before
tapering off.

Drilling into subcategories adds nuance to these findings (Table 5).
EV-related work dominates at the frontier—Autonomous EV Optimiza-
tion (6.9 %), Electric Drones (6.8 %), and Smart-Grid Integration for EVs
(3.6 %)—which together account for 17.3 % of all subcategories in the
top 1000 patents. Data-center Efficiency appears in two complementary
tracks—AI-Optimized Server Management (5.8 %) and Cloud
Computing Energy Efficiency (3.7 %)—underscoring the role of soft-
ware in operational gains. Renewable energy technologies are oriented
toward supply optimization via Solar & Wind Energy Production (6 %),
system coupling (Smart Grid & Storage, 3.2 %) and Solar & Wind
Forecasting (3.2 %), complemented by energy storage via Battery-
Health Prediction (3.5 %) and Hydrogen Fuel-cell Integration (2.7 %).
Climate monitoring spans compliance-oriented Air & Water Quality
Analysis (5.8 %) and Marine Ecosystems Monitoring (2.4 %). Fossil-Fuel
Efficiency and Industrial Decarbonization remains present through
Chemical-Process Optimization (3.5 %) and Gas & Oil Extraction Effi-
ciency (2.3 %), suggesting targeted efficiency gains alongside broader
electrification.

The metrics of novelty, disruptiveness, and generality reveal distinct
technological frontiers as Al-environment patents move from invention

Table 7
Top five novel patent subcategories.
Subcategory Novelty

1. Grid-Level Storage Optimization 0.947
2. Weather Forecasting 0.945
3. Hydrogen Technologies 0.93
4. Tidal & Wave Energy 0.929
5. Biogas & Biofuels 0.927

to innovation (Tables 6-11; Figs. 2-4). At the category level, novelty is
highest in Ocean & Water Resource Management (0.945), Agriculture &
Land Use (0.941), Environmental Monitoring & Compliance (0.930),
Energy Storage (0.909), and Smart Cities & Energy Efficiency (0.882).
Disruptiveness peaks in Peer-to-Peer Energy Trading (0.447), EV
Charging Infrastructure (0.342), and Disaster Response & Resilience
(0.317), followed by Sustainable Industry & Circular Economy (0.288)
and Environmental Monitoring & Compliance (0.266). Generality—-
cross-domain reach—is led by EV Charging Infrastructure (0.962), Peer-
to-Peer Energy Trading (0.821), Data Centers & Cloud Computing
(0.713), Fossil Fuel Efficiency & Industrial Decarbonization (0.694), and
Disaster Response & Resilience (0.693).

At the subcategory level, novelty concentrates in Grid-Level Storage
Optimization (0.947), Weather Forecasting (0.945), Hydrogen Tech-
nologies (0.930), Tidal & Wave Energy (0.929), and Biogas & Biofuels
(0.927). Disruptiveness is highest for Blockchain-Based Energy Trading
(0.377), Disaster Impact Assessment (0.355), Electric Planes & Drones
(0.343), Carbon Capture & Storage (0.325), and Geothermal Energy
Optimization (0.306). Generality scores are highest in Blockchain-Based
Energy Trading (0.824), Energy Demand Forecasting (0.815), Precision
Agriculture (0.810), Disaster Impact Assessment (0.800), and Carbon
Capture & Storage (0.798). Together, the three metrics surface different
leaders at each level, highlighting parallel pathways from invention to
innovation: novel niches, disruptive challengers, and broadly general-
izable platforms.

5.2. Quantitative assessment of the Twin Transition

The promise of the Twin Transition is that digital and ETs will
reinforce one another to drive systemic transformation. Our analysis of
the 1000 most-cited Al-environmental patents suggests that, rather than
seamless synergy, there is a rather fragmented and path-dependent
convergence in which AI acts primarily as a performance amplifier
within established technological systems. Forward citation patterns,
indeed, confirm consolidation around mature technological fields.

Analysis across novelty, disruptiveness, and generality reveals
important divergences from citation patterns, however. The most
influential categories with respect to forward citations (renewables, EVs,
fossil fuel optimization) rank considerably lower on novelty and
disruptiveness.

These metrics reveal a striking disconnect between technological
influence and innovation frontiers. The most cited categories rank
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Table 8 Table 10
Top five disruptive patent categories. Top five categories for patent generality.
Category Disruptiveness Category Generality
1. Al for Peer-to-Peer Energy Trading 0.447 1. Al for EV Charging Infrastructure 0.962
2. Al for EV Charging Infrastructure 0.342 2. Al for Peer-to-Peer Energy Trading 0.821
3. Al for Disaster Response & Resilience 0.317 3. Al for Data Centers & Cloud Computing 0.713
4. Al for Sustainable Industry & Circular Economy 0.288 4. Al for Fossil Fuel Efficiency & Industrial Decarbonization 0.694
5. Al for Environmental Monitoring & Compliance 0.266 5. Al for Disaster Response & Resilience 0.693
Table 9 Table 11
Top five disruptive patent subcategories. Top five subcategories for patent generality.
Subcategory Disruptiveness Subcategory Generality
1. Blockchain-Based Energy Trading 0.377 1. Blockchain-Based Energy Trading 0.824
2. Disaster Impact Assessment 0.355 2. Energy Demand Forecasting 0.815
3. Electric Planes and Drones 0.343 3. Precision Agriculture 0.81
4. Carbon Capture & Storage 0.325 4. Disaster Impact Assessment 0.8
5. Geothermal Energy Optimization 0.306 5. Carbon Capture & Storage 0.798

considerably lower on novelty and disruptiveness. Instead, novelty
concentrates in emerging niches: Ocean & Water Resource Management,
Environmental Monitoring & Compliance, and Energy Storage (Table 6);
and, at the subcategory leve, Grid-Level Storage Optimization and
Weather Forecasting (Table 7). Disruptiveness centers on structural
energy system innovations. Peer-to-Peer Energy Trading and EV
Charging Infrastructure dominate category rankings (Table 8), while
Blockchain-Based Energy Trading and Disaster Impact assessment lead
subcategories (Table 9). Notably, these disruptive domains also exhibit
exceptional generality: EV Charging Infrastructure shows the highest
cross-domain applicability (0.962), followed by Peer-to-Peer Energy
Trading (Table 10). At the subcategory level, for generality, Blockchain-
Based Trading (0.824) and Energy Demand Forecasting (0.815)
demonstrate remarkable versatility across fields (Table 11). This overlap
between disruption and generality suggests these technologies possess
both transformative depth and broad diffusion potential (Appio et al.,
2024).

Though these findings are not inherently negative, they do suggest
that transformative innovation at the AI-ET nexus may take longer to
materialize, and be more diffuse, than often anticipated. Concrete ex-
amples from the literature illustrate this incremental orientation.
Memari et al. find that Al is primarily applied to grid flexibility, pre-
dictive maintenance of solar and wind assets, and advanced energy
forecasting (Memari et al., 2024). In the EV sector, applications focus on
adaptive charging, vehicle-to-grid integration, and battery diagnostics
(Hasan et al., 2021; Xin et al., 2023). Consistent with prior research, we
also find that high-impact patents concentrate in Clean Energy Inte-
gration (Andoni et al., 2019; Nair et al., 2024). These optimization
applications—predictive maintenance, adaptive charging, fore-
casting—exemplify performance amplification within existing systems
rather than systemic transformation. Disruptive innovations cluster
instead in market-restructuring domains (Tables 8-9), confirming that
truly transformative AI-ET convergence remains niche rather than
pervasive.

Such findings, moreover, reflect the sentiment of Kus and Jackson
who emphasize that the direction of governance matters: policy and
institutional choices determine whether diffusion of new technologies
disrupts incumbents by enabling substitution, or is absorbed into exist-
ing regimes in ways that reinforce them (Kus & Jackson, 2025). One
impending result, however, could be that the innovation landscape be-
comes dominated by incremental improvements (Cicerone et al., 2023;
Faggian et al., 2025; Montresor and Vezzani, 2023). Importantly for this
work, in the absence of strategic redirection, the wide adoption of digital
tools such as AI may entrench unsustainable industrial pathways
(European Commission, 2022).

Subcategories with high novelty and disruptiveness—Electricity Grid
Storage Optimization, Blockchain-based Energy Trading, Weather

Forecasting—cluster in smaller, less mature niches. Carbon Capture &
Storage (CCS) also ranks among the most disruptive areas (Table 9), but
its potential is contested: while positioned as a transitional decarbon-
ization technology, CCS is often linked to enhanced oil recovery and
other fossil fuel applications (Herman et al., 2024; Herman, Sovacool,
et al.,, 2025). This risks reinforcing carbon lock-in, where efficiency
gains extend the lifespan of high-emission infrastructures rather than
displacing them (Herman, Hall, et al., 2025; Tan & Chen, 2025).
Consequently, AI risks becoming a tool for optimizing rather than
transforming carbon-intensive systems. CCS may prove essential for
hard-to-abate sectors like cement and steel and for negative emissions
through direct air capture (Sovacool et al., 2024), but whether its
disruptive potential accelerates or delays deep decarbonization remains
an open question.

Our findings suggest that Al deployment bifurcates along two
markedly different pathways. In the EV domain, it drives sustainability-
oriented improvements like vehicle-to-grid integration that accelerate
low-carbon mobility (Hasan et al., 2021; Xin et al., 2023). By contrast,
across fossil-fuel value chains and industry, Al predominantly enhances
efficiency that reduces operating costs while extending the profitability
and longevity of high-emission assets (Tan & Chen, 2025). Importantly,
these efficiency gains may postpone substitution toward low-carbon
technologies (Ochieng et al., 2024). Evidence from refinery optimiza-
tion and methane detection underscores similar dynamics—referred to
as “greenwashing by optimization” (Maslej et al., 2025)—where effi-
ciency improvements sustain carbon-intensive infrastructures without
delivering meaningful emission reductions (Hussain et al., 2024; Nadim
et al., 2023).

Generality metrics reinforce this concern: Fossil-Fuel Optimization &
Industrial Decarbonization patents diffuse broadly across technological
domains, signaling wide adoption. Absent strong policy direction, these
dynamics risk delaying low-carbon substitution by keeping fossil infra-
structure economically attractive. Policymakers should therefore bal-
ance innovation efforts to ensure that high-emitting fuels and industries
are gradually sunset rather than indefinitely prolonged as a result of
technological advancement (Verrier & Strachan, 2024).

These patterns align with prior research showing digital-
—-environmental convergence reinforcing rather than transforming
incumbent systems (Igna & Venturini, 2023). Our novelty and disrup-
tiveness metrics confirm this: the most influential categories score
relatively low, indicating consolidation rather than frontier experi-
mentation. Governance proves decisive. Without policy coordination,
digitalization entrenches incumbent power (Sareen & Haarstad, 2021),
emissions rise despite efficiency gains (Bianchini et al., 2023), and Al's
energy demands amplify consumption (Luers et al., 2024).

As Al becomes general-purpose, it may more easily embed into
existing systems rather than autonomously driving transformation
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Patent Quality Metrics: Top 10 Categories

1.0
wem Generelity
. Novelty
= Disruptiveness
0.8
=
2 06
g
g
&
o
&
o
3
§o04
0.2
0.0
@ & & A & & @ © 2
@7\« %@) g&“é\ cé\g OQQG‘ o & §bo é@ &SJ
«® & 3 & o & @5’) o 5 g
& s 50 & <« & & © & 4
o & & & o < o & & &
& A & & & A © & e
& R & " @(\e 0(37 oq} (c_,@ 0\79
© © & ® & & o & K3 Oy
® ® ® N ® ® ®

Category

Fig. 3. Overall patent quality metrics, top ten categories.

Patent Quality Metrics: Top 10 Subcategories

0.8

Average Score (0-1}

0.2

0.0-

s Generality
== Novelty
= Disruptiveness

o5 & & g & & g
& a‘?'}) ‘}9{0 P & & ‘P”Qn .é‘""b & &
& & & & < RS ) s
8 & & ¢ o o & of &
ey & N & ) & & & I\ &
& s & & & @ S & & &
¢ *o\z. < ?5\& D\“’c Qp& (’\0 ’;} o 5
& o 5
& ¢ 4 & & & & & &
s d & $ K & <
& w & ®
Subcategory

Fig. 4. Overall patent quality metrics, top ten subcategories.

(Crafts, 2021; Gibney, 2022). Realizing its green potential requires
aligning digital innovation with decarbonization objectives (Rehman
et al., 2023). Our metrics draw attention to experimental niches with
breakthrough potential—hydrogen, storage optimization,
blockchain-based energy systems—where targeted policy can reorient
innovation pathways (Lin & Sovacool, 2020; Lopolito et al., 2022). On
the other hand CCS, which demonstrates both disruptive potential and
carbon lock-in risks, deserves particular attention. The core task is
steering digitalization toward structural transformation rather than
reinforcing incumbent fossil systems. Without targeted governance, Al
will consolidate carbon-intensive pathways; with foresight, it could
accelerate low-carbon transitions while enabling managed phase-outs
where necessary.

5.3. Limitations

Though this study provides new empirical insights into the

intersection of Al and ETs, there are several important limitations and
caveats to consider. First, patent data, while widely used in innovation
studies, are imperfect indicators of real technological deployment
(Laplume et al., 2014). Many ET and Al applications are underrepre-
sented. This is true in particular for open-source software and
service-oriented innovations, especially as they tend not to rely on
formal intellectual property systems (Andersen et al., 2025).

Second, our dataset is based on USPTO filings, which introduces
jurisdictional bias. The dominance of U.S.-based assignees (roughly 70
% of Al patents) likely obscures innovation trajectories that are signifi-
cant in China and the Global South (Habibollahi Najaf Abadi & Pecht,
2020).

Third, forward citations are an imperfect measure of technological
significance or innovation. High citation counts may reflect strategic
patenting, legal defensibility, or alignment with dominant paradigms
rather than genuine novelty or transformative potential (Marx & Fuegi,
2020; Squicciarini et al., 2013). In practice, the most cited patents are
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often associated with mature, efficiency-enhancing technologies rather
than disruptive breakthroughs.

Fourth, while we extend the analysis by incorporating novelty,
disruptiveness, and generality, these measures also have limitations.
Novelty depends on diversity in backward citations, which may privi-
lege patents that borrow widely rather than those introducing funda-
mentally new ideas. Disruptiveness captures shifts in subsequent
citation patterns but may misinterpret incremental advances in new
citation clusters as “disruption.” Generality measures diffusion across
technological classes, yet high scores may signal broad applicability
without necessarily reflecting environmental benefit. These metrics are,
in addition, calculated only within our AI-ENVI dataset and are not
benchmarked against the broader USPTO patent universe, limiting
comparative insights.

Fifth, our machine learning classification enables pattern detection
at scale but may misclassify inventions that deviate from conventional
categories (J.-S. Lee & Hsiang, 2020; Yu et al., 2024a). Exclusion of
pre-grant patents and unpatented knowledge flows further limits
coverage, particularly for academic research, start-ups, and Global
South innovation ecosystems (Levine & Sichelman, 2018; W. Liu, Tao, &
Bi, 2022).

Finally, our analysis provides a retrospective view limited to patents
through 2023. This period captures Al focused on prediction, optimi-
zation, and pattern recognition, but predates the emergence of genera-
tive Al models. Our dataset therefore cannot capture the full impact of
these general-purpose Al systems, which are already reshaping materials
design, environmental monitoring, and other ET domains. The post-
2023 wave of LLMs and related AI breakthroughs will likely transform
the AI-ET nexus in radical ways only partially visible in current patent
data (Andersen et al., 2025; Pelaez et al., 2024).

In sum, while our approach provides a systematic lens on codified
technological trends, it may nevertheless undercount distributed, early-
stage, or socially embedded innovations. And while the patent-based
indicators we have computed (including novelty, disruptiveness, and
generality) are able to capture some elements of the Twin Transition,
much more work is to be done, as discussed in the final part of Section 5.

5.4. Future research directions

This study offers a systematic assessment of Al-environmental
technology linkages through patents, but several gaps remain for future
work. Patent data can expose technological trajectories, yet this is not
necessarily indicative of material innovations. While our analysis shows
where Al and ETs are converging from an intellectual property
perspective, this does not imply that tangible products or innovations
have become commercially successful.

Linking patents with firm-level emissions data, scientific publica-
tions, and Al investment flows would shed more light on the potential
impact of the ET-AI convergence on climate change mitigation and the
energy transition (Marx & Fuegi, 2020). The geographical scope of
analysis could also be expanded. Our dataset draws on USPTO filings,
which risks underrepresenting non-Western regions. Though U.S. en-
tities account for about 70 % of global Al patents (Habibollahi Najaf
Abadi & Pecht, 2020), China's technological rise certainly merits
research attention (Zu et al., 2025). Incorporating EPO, WIPO, and na-
tional filings would enable more inclusive comparisons of
Al-environmental trajectories.

Classification systems likewise warrant scrutiny. Standard taxon-
omies such as the IPC are rigid and difficult to leverage for deeper
reclassifcation. In addition, our supervised classification methodology
may have overlooked unconventional innovations, particularly high-
value patent domains. Advances in text-as-data and NLP offer prom-
ising tools: semantic models can refine green patent identification, while
hybrid approaches combining embeddings with metadata could
generate more adaptive taxonomies (Garrido-Merchan et al., 2023).

Patent metrics themselves require refinement. Forward citations may
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reflect incumbent strategies or defensibility rather than disruptive
impact. Complementary measures such as novelty, generality, and
disruptiveness indeed can add nuance but also have limitations (Biggi
et al., 2025). High novelty may reflect recombination, while high gen-
erality can signal diffusion without environmental benefit; patents that
appear original and general do not always translate into adoption or
systemic change. Future research must therefore interrogate the rela-
tionship between patent indicators, governance structures, and
real-world decarbonization outcomes, moving beyond proxies to assess
how AI-ET convergence reshapes innovation pathways in practice.

Finally, determining the net climate impact of AI-ET convergence
demands more granular assessment. As already noted, making fossil fuel
and industrial decarbonization more efficient is not inherently bad.
What matters is whether such efficiency enables the sunsetting of
climate-negative industries and technologies or extends their lifespan.
Future research should therefore examine these dynamics to inform
targeted policy interventions.

6. Conclusion

This article examined the extent to which artificial intelligence (AI)
and environmental technologies (ETs) are converging, using a novel
dataset of nearly 8000 AI-ENVI patents filed from 2003 to 2023. Our
analysis demonstrated that convergence is real but uneven. Based on
forward citations, three domains dominate: Al for Renewable Energy
Optimization, Electric Vehicles, and Fossil Fuel Efficiency. This con-
centration reflects the maturity of these sectors and highlights Al's role
as a performance amplifier within established technological systems
rather than as a driver of radical disruption. That a large share of highly
cited patents focus on fossil fuel extraction, refining, and process opti-
mization as well as broader industrial decarbonization—and also that
this category scores high on generality—underscores how Al can inad-
vertently reinforce incumbent systems, potentially delaying substitution
towards low-carbon alternatives. Unless policy actively steers innova-
tion toward sustainable and/or transformative ends, the risk of carbon
lock-in remains pronounced.

Novelty, generality, and disruptive metrics paint a more nuanced
picture, however. While citation influence is concentrated in mature
domains, smaller technological classes such as Energy Storage Optimi-
zation and Blockchain-based Energy Trading are beginning to become
more disruptive. High generality scores for domains like EV Charging
suggest broader spillover potential. Whether this diffusion challenges
incumbent energy technologies or becomes absorbed by them depends
on governance structures and policy direction. Furthermore, we note
that we did not directly assess incumbent companies here, but rather
incumbent technologies; future research could probe further into in-
dustry and firm-specific technological trajectories. In addition, from a
policy perspective, regional asymmetries in infrastructure and absorp-
tive capacity strongly condition innovation trajectories. Without sup-
portive institutions, AI adoption risks deepening technological
inequalities, and inadvertently exacerbating climatic and environmental
issues.

Understanding and ultimately steering AI's growing role within the
Twin Transition demands deeper insight into how these technological
domains are converging, diverging, or spawning novel fields. The
transformative potential of this transition will likely hinge less on
technological capacity than on the governance frameworks, institutional
arrangements, and incentive structures that channel innovation toward
low-carbon pathways. Yet a fundamental question remains: will such
governance initiatives steer the Twin Transition toward genuine sus-
tainability, or will they entrench unsustainable trajectories under a
green veneer?
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The research team employed Anthropic's Claude Sonnet 4 to support the development of a comprehensive and hierarchically structured cate-
gorization framework. This framework was built through a multi-stage process integrating authoritative sources and expert validation:

. Academic Literature Integration: Foundational insights were drawn from leading studies on Al applications in climate and environmental domains,
including: Cowls et al. (2023), Kaack et al. (2022), Rolnick et al. (2022) Dauvergne (2022), Marin-Vinuesa et al. (2020).

. Patent Classification Systems Analysis: Claude analyzed multiple official patent classification systems to inform category design:

a. USPTO Artificial Intelligence Patent Dataset (AIPD, 2020)

b. WIPO Technology Trends 2019: Artificial Intelligence

c. EPO: Patents and the Fourth Industrial Revolution (2021)

d. EPO Y02/Y04S Climate Change Mitigation Classifications

e. WIPO IPC Green Inventory EU Taxonomy for Sustainable Activities

. Technical Standards Incorporation: Classifications from leading standards bodies were integrated to ensure alignment with international technical

guidance:

a. ISO/IEC JTC 1/SC 42 (AI standards)

b. IEEE Sustainable AI Working Group

c. [EA (2021): Digitalization and Energy

d. UNEP (2020): Data-Driven Environmental Monitoring Framework

. Emerging Technology Trends Analysis: Recent trends were analyzed using patent filings, conference proceedings, and industry reports. This
enabled the identification of nascent Al-environmental subdomains underrepresented in established systems.

. Domain Expert Validation: Three domain experts with backgrounds in environmental technology and Al innovation independently labeled a subset
of 600 patents and reviewed the draft classification system to refine category boundaries, identify omissions, and validate definitions. Inter-
annotator agreement on the manual labeling was measured using Cohen's kappa (k = 0.82), indicating strong consistency across reviewers in
assigning patents to categories.

. We built a high-performance classification pipeline using Python, leveraging tools such as scikit-learn, PyTorch, and SentenceTransformer.

. Hierarchical Organization: Claude supported the hierarchical structuring of the taxonomy, organizing broad Al-environmental intersections into
granular subcategories to allow for flexible classification at multiple levels of specificity. Classification Performance Validation: The trained
classifier was evaluated through k-fold cross-validation (k = 5) on the manually labeled dataset of 600 patents, demonstrating robust performance
across multiple validation splits:

a. Overall classification accuracy: 87.3 %

b. Macro-averaged F1-score: 0.84

c. Precision: 0.86 (macro-averaged)

d. Recall: 0.83 (macro-averaged)

e. Category-specific performance ranged from F1 = 0.76 (Cloud Computing Energy Efficiency) to F1 = 0.94 (Solar and Wind Forecasting).

. Test Set Performance: A held-out test set of 120 patents (20 % of labeled data) achieved: Accuracy: 85.8 % F1-score: 0.82 Classification confidence
scores averaged 0.78 across all predictions.

. Alignment with Sustainability Frameworks Final adjustments ensured alignment with key sustainability benchmarks, including the UN Sustainable
Development Goals (SDGs) and the IPCC's mitigation/adaptation categories.

Appendix II. LLM keyword dictionary

Below is the dictionary used for re-classification based on the steps from Appendix I.

Dictionary used for re-classification

Category Subcategory Example Applications
Al for Renewable Energy Optimization Solar & Wind Energy Production Solar panel output optimization, wind farm layout optimization, generation efficiency
improvement
Solar & Wind Forecasting Solar power generation prediction, wind energy output forecasting, renewable resource
assessment

Hydropower & Marine Energy
Geothermal Energy Optimization
Smart Grid & Energy Storage

Hydropower optimization, tidal energy forecasting, wave energy prediction
Geothermal reservoir modeling, thermal energy storage, drilling optimization
Intelligent load balancing, virtual power plant coordination, battery management
systems

Renewable energy potential mapping, resource availability forecasting

Biogas production optimization, biofuel yield prediction, feedstock selection
Tidal energy site selection, wave height prediction, energy conversion efficiency
Hurricane trajectory modeling, flood prediction systems, wildfire risk assessment

Renewable Resource Assessment
Biogas & Biofuels
Tidal & Wave Energy

Al for Climate & Weather Prediction Extreme Weather Forecasting

(continued on next page)
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Category

Subcategory

Example Applications

Al for Environmental Monitoring & Compliance

Al for Sustainable Industry & Circular Economy

Al for Smart Cities & Energy Efficiency

Al for Fossil Fuel Efficiency & Industrial
Decarbonization

Al for Agriculture & Land Use

Al for Disaster Response & Resilience

Al for Ocean & Water Resource Management

Al for Environmental Policy & Decision Support

Al for Electric Vehicles

Al for Energy Storage

Al for Energy Grid Optimization

Al for Data Centers & Cloud Computing

AI for Internet of Things & Smart Devices

Al for EV Charging Infrastructure

Al for Peer-to-Peer Energy Trading

Long-Term Climate Modeling
Neural Networks for Climate Risk

Air & Water Quality Analysis

Biodiversity & Ecosystem Health
Regulatory Compliance &
Reporting

Green Manufacturing

Supply Chain Optimization
Material Discovery & Recycling

Building Energy Management
Infrastructure & Transportation
Climate-Adaptive Architecture
Carbon Capture & Storage
Methane Detection & Reduction

Refinery Operations
Hydrogen Technologies
Clean Energy Integration

Gas & Oil Extraction Efficiency
Chemical Process Optimization

Heavy Industry Decarbonization
Fossil Fuel Energy Efficiency
Industrial Transition Strategies
Precision Agriculture
Deforestation & Land Use
Monitoring

Climate-Resilient Farming
Disaster Impact Assessment

Disaster Recovery & Adaptation
Microgrid Control & Islanded
Systems

Marine Ecosystem Monitoring
Coastal & Offshore Energy Systems
Water Resource Optimization

NLP for Climate Policy

AI for Investment & Green Finance
Urban & Regional Planning

EV Battery Management
Autonomous EV Optimization
Electric Planes and Drones
Charging Infrastructure Prediction
Grid-Level Storage Optimization
Battery Health Prediction
Hydrogen Fuel Cell Integration
Dynamic Grid Management
Power Outage Prediction

Energy Demand Forecasting

Data Center Cooling Optimization
Cloud Computing Energy
Efficiency

Renewable Energy & Energy
Storage

AI-Optimized Server Management
Smart Device Energy Consumption
Al-Driven Home Energy
Monitoring

IoT-Based Grid Interaction

Fast Charging Optimization
Charging Network Expansion
Smart Grid Integration for EVs
Blockchain-Based Energy Trading
Decentralized Energy Markets
Consumer Energy Trading
Platforms

Multi-model climate ensembles, downscaling techniques, climate scenario modeling
Infrastructure vulnerability predictions, financial risk modeling, business continuity
planning

Air pollution forecasting, groundwater contamination detection, water quality
monitoring

Species identification, habitat classification, coral reef health assessment

Emissions monitoring automation, climate disclosure processing, ESG impact analysis

Energy-efficient production scheduling, predictive maintenance, waste heat recovery
Sustainable sourcing, low-carbon logistics, circular economy tracking

Biodegradable polymer design, recyclable material identification, remanufacturing
optimization

Intelligent HVAC control, occupancy-based optimization, smart lighting systems
Traffic flow efficiency, public transit optimization, low-emission route planning
Weather-responsive facades, natural ventilation optimization, urban heat mitigation
Sequestration site selection, soil carbon measurement, carbon sink enhancement
Leak detection using satellite data, fugitive emissions monitoring, methane mitigation
planning

Production yield optimization, flaring reduction, energy intensity monitoring
Hydrogen production efficiency, storage optimization, fuel cell performance

Grid integration of renewables with industrial processes, hybrid energy system
optimization

Enhanced oil recovery optimization, drilling emissions reduction, reservoir
management

Ammonia production efficiency, ethylene cracking optimization, process integration
modeling

Cement clinker reduction, steel furnace optimization, aluminum smelting efficiency
Industrial heat recovery, carbon capture material screening, process emissions reduction
Predictive emissions modeling, energy transition pathways, low-carbon retrofitting
Crop yield prediction, precision irrigation, automated harvesting

Deforestation detection, soil carbon tracking, invasive species monitoring

Pest detection, hyperspectral imaging analysis, drought adaptation strategies
Post-disaster damage assessment, emergency resource allocation, resilient infrastructure
planning

Recovery planning optimization, adaptation policy modeling, resilience enhancement
Energy market participation, multi-resource coordination, grid resilience modeling

Ocean acidification tracking, fish stock prediction, marine biodiversity modeling
Offshore wind forecasting, coastal erosion monitoring, tidal power optimization
Watershed modeling, leak detection, smart irrigation systems

Climate regulation analysis, ESG report processing, sustainability impact assessment
Sustainable investment screening, policy risk evaluation, financial impact modeling
Energy-efficient zoning, land-use change forecasting, scenario-based urban planning
Battery degradation prediction, energy density improvement, thermal management
Al-driven route planning for EVs, smart vehicle charging schedules

Electric aircraft range optimization, drone delivery efficiency, aerial mobility
Infrastructure planning, demand forecasting, real-time charging station analysis
Grid-scale battery deployment strategies, Al-optimized dispatching, storage resilience
Predicting battery lifespan, optimizing charging cycles, failure prevention

Hydrogen energy carrier optimization, fuel cell system control, efficiency modeling
Demand-response coordination, blackout prevention, peak load management
Al-driven grid maintenance, outage detection, smart recovery

Predictive analytics for power usage, energy cost minimization, grid balancing
Liquid cooling optimization, Al-based workload management, renewable integration
Server energy efficiency improvements, carbon footprint reduction in cloud data centers

Datacenter renewable integration, battery storage optimization, energy arbitrage

Al-powered data center automation, workload distribution efficiency
Household electricity use prediction, smart meter analytics, demand-side response
Energy monitoring for homes, appliances, and IoT ecosystems

Real-time smart grid communication, IoT-enabled energy tracking, adaptive load
shifting

Fast charging scheduling, grid impact modeling, charger deployment planning
Optimization of public EV charging networks, station expansion strategies
Vehicle-to-grid (V2G) systems, smart EV-grid energy transactions

Al-driven peer-to-peer energy trading models, blockchain-secured exchanges
Decentralized grid trading platforms, household energy market optimization
Al-based pricing models for localized energy markets, renewable energy exchange
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Categorical forward patent citations, subcategories

Sub-category Top patents (1k) Percent All patents Percent
Autonomous EV Optimization 69 6.9 652 8.29
EV Drones 68 6.8 309 3.93
Solar & Wind Energy Production 60 6 469 5.96
AI-Optimized Server Management 58 5.8 382 4.86
Air & Water Quality Analysis 58 5.8 446 5.67
Green Manufacturing 47 4.7 438 5.57
Cloud Computing Efficiency 37 3.7 301 3.83
Smart Grid Integration for EVs 36 3.6 206 2.62
Battery Health Prediction 35 3.5 268 3.41
Chemical Process Optimization 35 3.5 416 5.29
Smart Device Consumption 32 3.2 197 2.51
Smart Grid & Energy Storage 32 3.2 277 3.52
Solar & Wind Forecasting 32 3.2 281 3.57
Dynamic Grid Management 28 2.8 243 3.09
Hydrogen Fuel Cell Integration 27 2.7 375 4.77
Hydrogen Technologies 26 2.6 260 3.31
Building Energy Management 24 2.4 107 1.36
Marine Ecosystem Monitoring 24 2.4 97 1.23
Gas & Oil Extraction Efficiency 23 2.3 162 2.06
Charging Infrastructure Prediction 21 2.1 111 1.41
Geothermal Energy Optimization 21 2.1 114 1.45
Supply Chain Optimization 18 1.8 53 0.67
EV Battery Management 17 1.7 163 2.07
Fossil Fuel Energy Efficiency 17 1.7 195 2.48
Material Discovery & Recycling 15 1.5 167 2.12
IoT-Based Grid Interaction 13 1.3 75 0.95
Biogas & Biofuels 11 1.1 137 1.74
Heavy Industry Decarbonization 11 1.1 117 1.49
Charging Network Expansion 10 1 45 0.57
Microgrid Control Systems 10 1 44 0.56
Infrastructure & Transportation 8 0.8 38 0.48
Decentralized Energy Markets 7 0.7 19 0.24
Fast Charging Optimization 7 0.7 57 0.72
Renewable Resource Assessment 7 0.7 91 1.16
Water Resource Optimization 7 0.7 137 1.74
Blockchain-Based Energy Trading 5 0.5 22 0.28
Climate-Resilient Farming 5 0.5 58 0.74
Clean Energy Integration Grid 4 0.4 50 0.64
Consumer Energy Trading 4 0.4 18 0.23
Industrial Transition Strategies 4 0.4 50 0.64
Al-Driven Home Energy Monitoring 3 0.3 10 0.13
Carbon Capture & Storage 3 0.3 25 0.32
Energy Demand Forecasting 3 0.3 55 0.7
Power Outage Prediction 3 0.3 35 0.45
Refinery Operations 3 0.3 20 0.25
Tidal & Wave Energy 3 0.3 9 0.11
Weather Forecasting 3 0.3 17 0.22
Data Center Optimization 2 0.2 13 0.17
Methane Detection & Reduction 2 0.2 10 0.13
Regulatory Compliance 1 0.1 11 0.14
Grid-Level Storage Optimization 0 0 11 0.14
Total 1000 7863

Appendix III. Novelty, disruptiveness, and generality
A. Novelty Calculation

Definition: Novelty measures the rarity of IPC class combinations within a given year, using rolling historical baselines.
Mathematical Formulation:

Novelty_i = 1/(1 + frequency_ij x o)

Where:

frequency_ij = frequency of IPC class j in year i

o = scaling parameter (set to 3.0)

Computational Steps:

For each year t, calculate IPC class frequencies:
frequency_jt = count(IPC_j in year_t)/total patents_in_year_t
Apply inverse frequency transformation:

Novelty_it = 1/(1 + frequency_jt x 3.0)

Clip values to [0,1] range for normalization.
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B. Disruptiveness Calculation
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Definition: Disruptiveness measures the extent to which follow-on work shifts attention away from cited predecessors, incorporating citation

recency and temporal dynamics.
Mathematical Formulation:

Disruptiveness_i = (Recency_Ratio_i x In(1 + Citations_i))/In(1 + Patent_Age_i)/y.

Where:

Recency_Ratio_i = proportion of citations received in recent years.
Citations_i = forward citation count (capped at 95th percentile)
Patent_Age_i = 2024 - filing_year i

y = scaling factor (set to 5.0)

Computational Steps:

Calculate patent age:

Patent Age_i = current_year - filing year i.

Apply logarithmic transformation to handle citation skewness:
In_citations = In(1 + forward_citation_count_capped_i)

In_age = In(1 + Patent_Age_i)

Combine with recency weighting:

Disruptiveness_i = (recency_ratio_i x In_citations)/In_age/5.0.
Clip to [0,1] range.

C. Generadlity Calculation

Definition: Generality measures the breadth of influence across technological fields, incorporating both citation volume and temporal persistence.

Mathematical Formulation:

Generality_i = [In(1 + Citations_i)/In(1 + Max_Citations)] x (0.5 + 0.5 x Recency_Ratio_i)

Computational Steps:
Normalize citation counts logarithmically:

base_generality = In(1 + citations_capped_i)/In(1 + max_citations_in_dataset)

Apply recency adjustment:

recency_weight = 0.5 + 0.5 x recency _ratio_i.
Final generality score:

Generality_i = base_generality x recency_weight.
Clip to [0,1] range.

Outlier Handling:

Forward citation counts capped at 95th percentile to prevent extreme values from skewing calculations.

Missing values handled through listwise deletion.
Patent age calculated as of 2024 reference year.
Normalization:

All metrics scaled to [0,1] range for comparability.

Logarithmic transformations applied to citation counts to handle right-skewed distributions.

Quality Controls:

Patents with fewer than 3 years of potential citation window excluded from disruptiveness calculations.

IPC classification consistency verified across dataset.

Temporal coverage requirements: minimum 3 data points for trend analysis.
This methodology allows for reproducible calculation of patent quality dimensions that distinguish between different types of technological impact

and innovation patterns within Al-environmental domains.

Data availability
Data will be made available on request.
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