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Abstract

Critical raw materials (CRMs) are increasingly recognised as a non-neutral material
foundation of contemporary technological change, as they shape key characteristics of
strategic technologies such as batteries, renewable energy, digital infrastructures, and
defence applications. The connection between CRMs and innovation is inherently het-
erogeneous: materials may act as enabling inputs into downstream applications, but
also as targets in processing and circular technologies. Tracking this heterogeneity is
essential for understanding how CRM-related innovation evolves across technologies
and countries. This paper proposes a novel empirical strategy to investigate the hetero-
geneous functions that CRMs fulfil within patented inventions, and how downstream,
upstream and circular trajectories pursued by countries are associated. Applying a
multi-step classification pipeline that combines keyword detection, large language mod-
els, and supervised patent-domain learning to patent documents, we classify patent-
material pairs into four functions: use, where the CRM acts as enabling input into
downstream technologies, and recycle, refine, and remove, where CRMs are targets of
upstream or circular material-directed innovation. Our findings show that CRM inven-
tions in recycle, refine, and remove tend to display distinct technological profiles from
downstream use. Additionally, innovation trajectories across functions are positively
associated, suggesting that, while resting on different knowledge bases, country strate-
gies are integrated across different CRM functions, rather than being characterised
by trade-offs between specialisation in material-directed vs. downstream technologies.
Our scalable framework for disentangling and tracking the functional organisation of
CRM innovation may inform policy in a CRM race increasingly shaped by competition,
strategic positioning along supply chains, and concerns about mining negative exter-
nalities.

Keywords – Critical Raw Materials, Technological Change, Patents, Large Language
Models
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1 Introduction

The digital and energy transitions are increasingly recognised as material transitions,
involving not only systemic waves of social, structural, and technological change (Dami-
oli et al., 2025; Lema and Perez, 2025; Mathews, 2013), but also a profound shift in
the material foundations that sustain these processes (Carrara et al., 2023). This shift
increasingly relies on critical raw materials (CRMs), including lithium, rare earth ele-
ments, cobalt, and nickel, whose properties are often difficult to substitute and shape
not only key dimensions of technological performance, such as efficiency, durability,
and scalability, but also the feasibility of particular technological solutions (Interna-
tional Energy Agency, 2021; Eggert, 2011; Graedel et al., 2013; Greenfield and Graedel,
2013). In this sense, the current transformation marks a broader shift “from emissions
to resources” (Mertens et al., 2024, p.671). Dominant designs in renewable energy, elec-
tric mobility, digital infrastructures, artificial intelligence, data-centre technologies, and
increasingly also advanced aerospace and defence applications rest on this increasingly
non-neutral material basis (Carrara et al., 2023; International Energy Agency, 2023b,
2024a; Eggert, 2010; Grandell et al., 2016; Valero et al., 2018).

CRMs are not only fundamental inputs into key digital and green technologies; they
are also used far more intensively than in fossil-fuel systems (Graedel et al., 2013; Her-
rington, 2021; International Energy Agency, 2024b; Leader et al., 2019; Sovacool et al.,
2020). This places them at the core of industrial, innovation, and geopolitical agendas.
For instance, producing a standard electric vehicle requires roughly six times more raw
materials than a conventional internal-combustion vehicle, while building an onshore
wind farm involves approximately nine times the mineral input of a gas-powered plant
(Gielen, 2021; International Energy Agency, 2021). Contemporary technological trans-
formation is therefore not only knowledge- and capital-intensive, but increasingly also
material-intensive, with CRMs acting not as neutral and interchangeable underlying
inputs, but as enabling factors that constrain and influence the rate and direction of
technical change (Carrara et al., 2023; Eggert, 2011; Gong and Andersen, 2024; Li et al.,
2024).

This growing material dependence has intensified concerns over supply concentra-
tion, material bottlenecks, and geopolitical vulnerability (Ali et al., 2017; Herrington,
2021). CRM supply chains are often highly concentrated across multiple stages, from
extraction to refining and processing, exposing innovation systems to strategic depen-
dencies and feasibility constraints (European Commission, 2023b; International Energy
Agency, 2021; Mertens et al., 2024). Yet CRM-related innovation is not limited to the
incorporation of materials into downstream technologies. It also includes inventive ef-
forts directed at processing, treating, and recovering materials across different segments
of the supply chain. Within this context, CRM-related innovation is inherently hetero-
geneous: materials may enter inventions as enabling inputs, but they may also become
the object of innovation aimed at improving access, quality, usability, or recovery.

To capture this heterogeneity, this paper develops a unified framework for the auto-
mated classification of the functional role of CRMs in patented inventions. Performing
this quantitative task in patent data is not straightforward: CRM-related innovation
cuts across technologies and supply-chain segments, while patent data do not directly
reveal the functional role played by the material within the invention, which can only be
deduced from text. Recent advances in natural language processing, and particularly
in transformer-based models (Vaswani et al., 2017) adapted to the patent domain, have
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expanded the scope for extracting structured information from patents (Arts et al.,
2018; Brown et al., 2020; Lee and Hsiang, 2020; Manera, Fusillo, Orsatti and Quatraro,
2025; Srebrovic and Yonamine, 2020). However, the task we address in this paper is
especially challenging, since determining the functional role of a material within an
invention requires a complete and abstract understanding of the technical solution or
process described.

To address this challenge with high precision and limited manual labour, we design
an identification strategy that combines text mining with a hybrid language-model and
decision-tree pipeline. This approach enables accurate classification of CRM-patent
pairs into four mutually exclusive functions and allows us to scale the task to millions of
documents with only a limited amount of labelled data. Our classification distinguishes
between downstream CRM use, in which the material acts as an enabling input to the
invention, and material-directed functions – recycle, refine, and remove – in which the
invention targets the material itself. These functions relate to different segments of the
CRM supply chain, and provide an entry point for capturing the broader heterogeneity
of CRM-related innovation strategies across the patent landscape. On this basis, the
paper addresses three related questions. First, what functional structure characterises
CRM-related innovation? Second, how are different CRM functions embedded across
technology domains? Third, within country-CRM trajectories, do material-directed
functions and downstream CRM use evolve as complements or as relatively separate
innovation paths?

Applying this framework to the corpus of patent data filed over the period 1999-2020
yields three main findings. First, CRM innovation is strongly uneven across functions:
downstream use dominates in absolute levels, but material-directed functions – es-
pecially recycle – display the fastest growth over time. Second, CRM functions are
differentiated in their technological profiles: use occupies a more distinct technolog-
ical space, whereas recycle, refine, and remove tend to display stronger overlap with
one another. Third, country trajectories in CRM innovation are highly heterogeneous,
yet econometric evidence from fixed-effects estimations indicates that material-directed
functions and downstream use tend to co-evolve rather than substitute for one another,
pointing to patterns of CRM innovation that are differentiated but not fragmented.

This paper builds on the long-standing innovation studies tradition that uses patent
data to investigate inventive output, the direction of technological change, and the
structure of knowledge flows (Griliches, 1998; Hall et al., 2005; Lanjouw et al., 1998). It
also adopts the view that technological change unfolds within paradigms that structure
innovative search, and on this basis treats critical raw materials not as neutral or
interchangeable inputs, but as enabling factors that shape the feasibility and direction
of inventive activity (Dosi, 1982; Li et al., 2024).

Additionally, it contributes to an emerging strand of literature on CRM-related
patenting, which has begun to uncover the dynamics of this new material basis, trac-
ing the diffusion of CRM innovations across geography (de Cunzo et al., 2025; Fusillo
et al., 2025), technology domains (Diemer et al., 2022; Priore et al., 2025), and exploring
their relationship with supply conditions (Gong and Andersen, 2024; Li et al., 2024; Li
and Iammarino, 2026a) and price dynamics (Bastianin et al., 2026; Manera, Quatraro,
Spinazzola and Tomas-Porres, 2025). What remains less explored within this literature
is the intrinsic heterogeneity of CRM-related innovation: existing work says much more
about where CRM innovation takes place than about how CRMs function within inven-
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tions. In this respect, our contribution is conceptual, empirical, and methodological.
Conceptually, the paper reframes CRM-related invention as a set of distinct but con-
nected innovation functions rather than a single undifferentiated domain. Empirically,
it provides new evidence on how these functions are distributed across technologies and
countries, and on how they evolve in relation to one another over time. Methodologi-
cally, it develops a scalable approach to identify the functional role of materials within
patents, moving beyond keyword-based mappings of CRM-related innovation.

The remainder of the paper is structured as follows. Section 2 reviews the rele-
vant literature and discusses the conceptual background that motivates our functional
framework and research questions. Section 3 and Section 4 describe the data and the
empirical strategy. Section 5 presents the empirical results, and Section 6 concludes.

2 Literature Review

2.1 CRMs as material foundations of technological change

The current wave of technical change is characterised by the rapid expansion of dig-
ital technologies, especially artificial intelligence, together with the diffusion of clean
technologies and the increasing integration of digital capabilities into green and defence
technological systems. Whether this phase is understood as a further unfolding of the
information and telecommunications techno-economic paradigm associated with the mi-
croelectronics revolution and its wider organisational and social diffusion (Perez, 1985;
Freeman and Perez, 1988; Perez, 2002, 2009, 2010), as the potential emergence of AI as
a new technological paradigm (Damioli et al., 2025; Dosi and Virgillito, 2019), or as an
incipient techno-economic paradigm centred on green technological development (Lema
and Perez, 2025; Mathews, 2013), its leading trajectories share a common feature: an
increasing dependence on critical raw materials. As it is recognised by a growing body
of both technical and academic literature, contemporary technical change is far from
materially neutral (Eggert, 2010; Graedel et al., 2013; Grandell et al., 2016; Interna-
tional Energy Agency, 2023b). It rests, instead, on a highly specific material base whose
functional properties are difficult to substitute in key applications, and whose supply
is geographically concentrated, as shown for both digital technologies (Diemer et al.,
2022) and green technologies (de Cunzo et al., 2025).

In fact, technological paradigms are defined by the relevant problems to be solved,
but this is not pursued in the abstract, they are shaped by concrete trade-offs, bot-
tlenecks and enabling conditions (Dosi, 1982). Cumulative progress along dominant
trajectories hinges on the characteristics of specific materials that delimit feasible de-
signs and shape the direction of the innovative process (Dosi, 1982; Rip and Kemp,
1998), as illustrated by the historical reliance of the semiconductor industry on silicon
(Dosi, 1984). Therefore, these materials are neither neutral nor simply interchangeable
inputs: their physical and chemical properties, purity, processability, and availability
enter the feasibility set of technology designs (Dosi, 1982), making them both integral
components of the knowledge base and constraints underpinning emerging technological
advances.

Consistently with this view, in several frontier domains, key performance charac-
teristics – especially energy density, conductivity, magnetic properties, heat resistance,
and durability – depend on a precise set of raw materials whose properties are difficult
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to replicate (Eggert, 2011; Graedel et al., 2013). Moreover, the degree of material de-
pendence varies across technological trajectories and over time, as different paradigms
rely on different bundles of inputs, whose relevance evolves with design choices, scaling
requirements, and successive waves of improvement. Over recent decades, the devel-
opment of new technologies and the pursuit of higher performance in existing ones
increasingly require a growing number or combination of elements spanning the entire
periodic table, leading to a noticeable increase in the material complexity of modern
products and components, as captured by the expanding variety and functional speci-
ficity of the materials they incorporate (Graedel et al., 2013; Greenfield and Graedel,
2013; Herrington, 2021). This is clearly visible in CRM-intensive technologies central
to the energy transition (International Energy Agency, 2021). For instance, lithium-ion
batteries achieve stability, high energy density and durability through specific mate-
rial choices in electrodes and electrolytes, with the high electrochemical potential and
low atomic weight of lithium playing a central role (Olivetti et al., 2017; Scrosati and
Garche, 2010), while in permanent magnets the choice and mix of rare earth elements
(such as neodymium and dysprosium) conditions magnetic performance, determining
the efficiency and power density of technologies such as wind turbines and electric
vehicle traction motors (Alves Dias et al., 2020; Ghorbani et al., 2025).

These examples capture one important side of the relationship between CRMs and
technological change, namely their role as enabling inputs for technological trajectories.
CRM-related innovation, however, extends well beyond the incorporation of materials
into downstream applications and should not be understood as a unified, homogeneous
corpus of inventive activity, but rather as a highly heterogeneous set of technologies
rooted in different sectors, knowledge bases, and innovation regimes, and spanning the
whole material lifecycle (Malerba, 2002; Pavitt, 1984).

Along the material lifecycle, technological change takes place in upstream process-
ing and refining (International Energy Agency, 2024b), in design strategies aimed at
substitution, dematerialisation, and efficiency improvements (Ierides et al., 2025), in
an array of advanced manufacturing technologies ranging from semiconductors and ad-
vanced electronics to renewable energy systems (Carrara et al., 2023), or in recovery
and recycling processes (Binnemans et al., 2013; Swain, 2017). Upstream innovations
are fundamental enablers because many CRMs require complex processing and sepa-
ration before they become usable inputs in high-performance applications (Alves Dias
et al., 2020; Jowitt, 2022), while substitution and in particular recycling are often as the
most actionable route to reducing exposure to supply risks (International Renewable
Energy Agency, 2023; International Energy Agency, 2023b). In fact, unlike fossil fuels,
CRMs generally remain embedded in devices and infrastructure at the end of their
lifecycle, creating scope for recovery. However, in practice, recycling rates are below
1% for lithium and rare earth elements, and below 10% for most critical materials (In-
ternational Energy Agency, 2021; Swain, 2017), owing to inefficient collection systems,
high costs, limited economic incentives, and technical barriers to material separation
in complex and non-standardised products. Electric mobility provides a comparatively
favourable exception for recycling, with lithium recovered from available battery recy-
cling feedstock reaching about 20% in 2023 (International Energy Agency, 2024c). More
generally, it illustrates how efforts to substitute problematic metals, develop alternative
chemistries, and design cost-effective methods to recover lithium and other materials
from spent batteries can coexist and reinforce one another (Castelvecchi, 2021; Eshetu
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et al., 2021; Huang et al., 2018).

2.2 Emerging literature on CRM-related patenting

Despite the large body of literature on CRM supply chain and the foundational role
they play in enabling frontier technologies, the innovation literature has long remained
silent on the nexus between critical raw materials and technological change and only re-
cently has begun to explore it through patent analysis. However, a recent (often still in
the form of working papers) but rapidly growing body of literature has begun to explore
how CRMs are contributing to shape dominant and emerging technological trajectories.
By relying on keyword searches in patents to identify CRM-related inventions, these
contributions investigate the extent and distribution of CRM dependence across tech-
nologies, countries, sectors, and firms, and identify several mechanisms through which
material constraints, supply and prices are linked to the rate and direction of inventive
activity.

Li et al. (2024) provide the first large-scale mapping of rare metal dependence,
demonstrating an increasing material intensity in frontier technologies, and that in-
creases in rare metal supply are positively associated with patenting activity in the
technological areas that rely on it. Diemer et al. (2022) trace six critical and conflict ma-
terials (e.g., cobalt and lithium) in ICT patents, showing both their increasing material
intensity pushing up demand, and a sharp Global North-Global South divide between
innovator and source countries. de Cunzo et al. (2025) examine the CRM dependence of
green technologies by mapping country-level exposure and global demand-supply mis-
matches, documenting that green technologies are significantly more CRM-intensive
than non-green ones, and that CRM exposure tends to be lower in richer, more diver-
sified innovators, highlighting a structural spatial divide between CRM production and
the deployment of CRM-intensive green innovations. Li and Iammarino (2026b) focus
on wind and solar technologies and show that larger domestic CRM production is asso-
ciated with stronger renewable-energy exports and patenting, and mitigates exposure
to international material price shocks, with stronger effects in countries that possess
more advanced technological capabilities in material-related domains.

More recently, Fusillo et al. (2025) and Manera, Fusillo, Orsatti and Quatraro (2025)
combine CRM detection in patent texts with a large language model-based indicator
to identify indirect references to CRM in inventions, for instance, through mentions
of CRM-intensive components, examining the extent to which these inventions reflect
substitution strategies. They reveal heterogeneous sectoral and regional exposure in
the EU, with larger inventive efforts in response to supply risk in high-exposure sectors
(aerospace, defence and ICT services). While Manera, Quatraro, Spinazzola and Tomas-
Porres (2025) detect a negative association between copper price shocks and CRM-
intensive patenting activity by firms.

Finally, Bastianin et al. (2026) distinguish patents that rely on CRMs from those
aimed at reducing their use through efficiency improvements, substitution, or recycling,
as identified through semantic pattern recognition in patent texts, and show that higher
mineral prices reallocate inventive effort towards CRM-saving technologies. Priore et al.
(2025) analyse patents in rare earth recycling, documenting China’s dominant position
and overall stagnant global trends, particularly in Europe. However, qualitative indi-
cators suggest that the technological frontier lies elsewhere, with the United States and
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Japan producing more highly cited and extensively protected inventions.

2.3 Supply, geography and policy

Innovative processes are shaped by the interplay between industrial and technological
capabilities, economic factors – especially those on the supply side that determine the
ways in which productive requirements can be met in terms of the availability, cost and
scalability of inputs – as well as social relations and institutional factors, such as policy
and industrial strategies (Cimoli and Dosi, 1995; Freeman and Perez, 1988). CRM-
intensive innovation is a case in point because it unfolds in a context marked by the
interplay of rising CRM demand (International Resource Panel, 2019; OECD, 2019), but
concentrated supply chains, multiple dedicated and heterogeneous (industrial) policy
schemes around the globe, and contested and often problematic extraction methods.

CRM dependence and CRM-related innovation are geographically uneven (de Cunzo
et al., 2025; Diemer et al., 2022). For many critical materials, extraction, and especially
processing, are concentrated in a small number of countries. Economies that lead
downstream innovation in CRM-intensive technologies are often resource-poor and rely
on imported raw and intermediate inputs, while resource-rich economies often depend
on external actors to process ores into usable materials and higher-value products. This
creates asymmetric exposure not only to supply risks and price volatility, but also to the
far-reaching negative social and environmental externalities linked the expansion of the
mining and processing industries (Jerez et al., 2021; Sovacool et al., 2020), as well as to
the appropriation of value added and strategic leverage along the value chain (Arendt
et al., 2022; Van den Brink et al., 2020), shedding light on the structural inequality
embedded in CRM-intensive transitions. A growing body of literature emphasises how
the resource-intensive nature of the energy and digital transitions risks reproducing
historical patterns of ecological degradation and global inequality, echoing the dynamics
of the “resource curse” and raising questions about whether resource-rich developing
countries may be drawn into a new phase of extractive dependency (Bonds and Downey,
2012; Davis and Tilton, 2005; Dowling and Otero, 2025).

In this concentrated geography, China is the main exception, combining upstream
and downstream capabilities to a degree unmatched by other countries. This dominant
position reflects not only material endowments, but also long-run, state-backed policy
strategies aimed at securing control over the CRM value chain within and beyond Chi-
nese borders (Government of the People’s Republic of China, 2021; State Council of
the People’s Republic of China, 2024), raising geopolitical concerns about strategic de-
pendencies, bottlenecks in downstream supply chains, and the weaponisation of export
restrictions, particularly in high-tech sectors such as semiconductors and batteries (G7,
2025; Zhou et al., 2023).

In fact, China combines lion shares in the extraction of several critical materials
(European Raw Materials Alliance, 2021; International Energy Agency, 2021) – such
as rare earths, graphite and vanadium – with a dominant role in refining lithium and
cobalt, gallium and germanium, and a quasi-monopoly in rare earths (Carrara et al.,
2023; Jowitt, 2022), while also accounting for the majority of global solar panel systems
and permanent magnet manufacturing (Carrara et al., 2023).

In other cases, extraction is concentrated in middle- and lower-income contexts,
where the appropriation of the gains from CRM production is often limited, but the
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harms of mining remain local. These negative externalities are largely unaccounted for
in global markets and fall disproportionately on countries in the Global South (Arendt
et al., 2022; Berman et al., 2017; Church and Crawford, 2018; Dowling and Otero, 2025;
Norgate and Haque, 2010; Sovacool et al., 2020). The Democratic Republic of Congo is
emblematic: it accounts for over 65% of global cobalt extraction (U.S. Geological Sur-
vey, 2022), yet cobalt extraction is frequently associated with informal mining, severe
human-rights violations and ecological degradation (Sovacool et al., 2020).1 Similar
tensions characterise lithium extraction in Argentina, Chile, and Bolivia, where weak
local technological and industrial upgrading often coexists with heavily polluting and
problematic mining practices, as well as the displacement of local communities (Conde,
2017; Jowitt, 2022; Maŕın and Goya, 2021).2 Local value capture in source countries
is further constrained by concentrated ownership structures, with a small number of
multinational firms exerting disproportionate control over production volumes, pricing,
and access to strategic deposits (Arendt et al., 2022; Dou et al., 2023). This pattern
is reinforced by the transnational reach of major actors, including Chinese firms with
significant stakes in cobalt mining operations in the Democratic Republic of Congo
(Van den Brink et al., 2020).

The strategic importance of CRMs and the need to strengthen supply security is now
widely recognised by international institutions, including the European Commission
(European Commission, 2024), the G7 (G7, 2025), the World Bank (Hund et al., 2020),
the International Energy Agency (International Energy Agency, 2021, 2023a), and the
OECD (Kowalski and Legendre, 2023). However, there is substantial heterogeneity
in policy approaches, again reflecting differences in country resource endowments and
development. Although the socio-environmental risks associated with CRM extraction
have been widely documented, policy attention, especially in the Global North, has
largely prioritised the stability and the security of access to these critical resources: ad-
vanced but resource-poor economies frame CRMs as a matter of national security and
industrial resilience, and tend to focus on reducing external dependence through supply
diversification, scaling up domestic capacity, recycling – as in the case of the EU’s Crit-
ical Raw Materials Act (European Commission, 2024) – or even on stockpiling reserves
– as recently announced by the US (Executive Office of the President of the United
States, 2025, 2026).3 Resource-rich countries pursue more varied strategies. In devel-
oping economies, as noted above, CRM abundance often coexists with resource-curse
risks, therefore, policy measures are increasingly directed towards domestic upgrading
– either through dedicated frameworks aimed at building capabilities along the value
chain, as in India’s National Critical Mineral Mission (Ministry of Mines, Government
of India, 2025), or through trade restrictions aimed at fostering local processing and
industrial development, as in Indonesia’s nickel export ban (World Trade Organization,
2022). In contrast, in resource-rich advanced economies that are also closer to the

1On the human and toxic pollution costs of cobalt mining in the Democratic Republic of the Congo,
see also: https://raid-uk.org/report-environmental-pollution-human-costs-drc-cobalt-d
emand-industrial-mines-green-energy-evs-2024.

2In Latin America’s lithium triangle, covering parts of Chile, Argentina, and Bolivia, extraction
via brine evaporation has resulted in acute water depletion, jeopardizing fragile desert ecosystems,
displacing Indigenous communities and undermining their water access for agriculture and grazing
(Giglio, 2021; Jerez et al., 2021; Marin and Palazzo, 2025).

3For more information on recent declarations on CRM stockpiling in the US, see also: https:

//www.nytimes.com/2026/02/02/business/trump-critical-minerals-stockpile.html.
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technological frontier, policy frameworks more explicitly seek to expand extraction and
processing capacities alongside domestic manufacturing and innovation, as in Australia
and Canada (Australian Government, Department of Industry, Science and Resources,
2023; Government of Canada, 2022).

These structural tensions in the geography and governance of critical raw materials
also help explain why mineral extraction and CRM policies aimed at boosting mining
have triggered local resistance and environmental protests, particularly where com-
munities are displaced, experience heavy environmental harms, or perceive an uneven
distribution of costs and benefits (Marin and Palazzo, 2025; Sovacool, 2021). These
can act as legitimacy constraints on technological trajectories that rely primarily on
mining expansion, and, depending on the context, as pressures that may increase the
salience of alternative innovation strategies to reconcile technological deployment with
social acceptance and environmental limits.

More in general, the complex interplay of supply-side pressures, social factors and
policy pushes – towards the green transition but increasingly towards strategic auton-
omy and defence priorities – exert selection and focusing effects on the technological
trajectories that are pursued (Dosi, 1982), giving rise to differentiated technological
responses across countries, technology domains and over time (Mertens et al., 2024).
As CRM-intensive technologies evolve along different trajectories, some intensify their
reliance on particular materials as performance requirements increase or as demand
from the military and energy sectors grows, whereas others respond to supply pressures
or policy pushes through redesign, increased material efficiency and recovery, or substi-
tution, with non-trivial trade-offs in performance and cost and uneven feasibility across
applications (Junne et al., 2020; Valero et al., 2018). Therefore, material constraints, in
any form or shape, increasingly affect not only production costs but also strategic po-
sitioning, influencing where firms and countries invest, which capabilities they develop
along the raw material lifecycle, and how they balance technological opportunity with
vulnerability (Carrara et al., 2023; Fusillo et al., 2025; International Energy Agency,
2021).

2.4 Research gap and contribution

Overall, the literature reviewed above establishes the conceptual basis on which our
analysis builds.

First, critical raw materials are increasingly recognised as a non-neutral material
foundation of contemporary technological change. Consistently with the seminal liter-
ature on technological paradigms and the factors that shape the direction of innovative
processes (Dosi, 1982; Rip and Kemp, 1998), CRMs are not generic inputs, but mate-
rials whose intrinsic properties directly shape the key performance characteristics and
feasible design space of the technological trajectories that depend on them (Eggert,
2011; Greenfield and Graedel, 2013; International Energy Agency, 2023b).

Second, the connection between CRMs and innovation is inherently heterogeneous.
The same material may be involved in different innovation trajectories spanning distinct
sectors and segments of the supply chain, depending on sectoral regimes, knowledge
accumulation dynamics, and the distribution of capabilities across national and sectoral
systems of innovation (Lundvall, 1992; Malerba, 2002; Pavitt, 1984).

Third, this relationship is further shaped by the uneven geography of CRM supply

9



(de Cunzo et al., 2025; Diemer et al., 2022), by policy heterogeneity (Cimoli and Dosi,
1995; Freeman and Perez, 1988), and by the strategic and social tensions surrounding
extraction, processing, and access to materials (Marin and Palazzo, 2025; Sovacool,
2021). As a result, innovation around CRMs unfolds under highly differentiated condi-
tions across countries, technologies, and stages of the value chain.

Finally, recent patent-based studies have begun to trace the CRM basis of tech-
nological development across geography, technology domains, and supply conditions
(de Cunzo et al., 2025; Diemer et al., 2022; Fusillo et al., 2025; Li et al., 2024; Manera,
Fusillo, Orsatti and Quatraro, 2025; Priore et al., 2025). Yet, the intrinsic heterogeneity
of CRM-related innovation remains only partially visible in the empirical literature.

This is the gap that our paper addresses by introducing a unified functional frame-
work that distinguishes the role played by CRMs within patented inventions. As il-
lustrated in Figure 1, the CRM functions identified in the paper relate to different
segments of the CRM supply chain and therefore provide a way to capture the broader
heterogeneity of CRM-related innovation strategies. In particular, refine and remove
are associated with upstream processing and treatment activities, use with downstream
applications in products and processes, and recycle with the recovery of CRMs from
waste or end-of-life streams. In this way, our framework links the material lifecycle to
distinct forms of inventive effort that are often discussed separately in the literature.

However, and crucially, the distinction between downstream use, refine, recycle,
and remove is not merely positional along the supply chain. Use captures inventions
in which the CRM acts as a necessary input and enabling component of downstream
technologies, and therefore provides an entry point for tracing innovation in end-use
applications and in the technological trajectories that underpin competitive positioning
in strategic sectors. In contrast, refine, remove, and recycle, which we denominate
material-directed functions, capture inventions in which the material itself is the target
of processing, treatment, or recovery operations. These functions therefore point to
a different type of innovative effort, one oriented towards acting on the material base
of technology rather than directly on downstream applications, and often linked to
different technical problems, sectoral settings, and knowledge bases (Binnemans et al.,
2013; Castelvecchi, 2021; Eshetu et al., 2021; Huang et al., 2018; Ierides et al., 2025;
International Energy Agency, 2024b; Swain, 2017).

This distinction is important not only descriptively, but also analytically. Precisely
because downstream use and material-directed functions refer to different types of inno-
vative effort, their technological profiles, innovation dynamics, and interrelations cannot
be assumed a priori. They may be associated with distinct knowledge bases and sectors,
evolve as relatively separate paths, or instead develop jointly within the same coun-
try–CRM trajectories. Distinguishing these functions therefore provides the conceptual
basis for analysing the functional structure of CRM-related innovation, its embedding
across technologies and countries, and the extent to which different innovation strategies
are fragmented or integrated. This is particularly relevant because refining, recycling,
and recovery have been shown to complement downstream innovation through forms
of vertical integration that link material-directed activities to downstream production:
firms may pursue backward vertical integration by investing in mining and refining to
secure reliable access to raw materials, or specialised vertical integration by expanding
into related upstream and downstream segments, including reuse and recycling, with
the aim of reducing exposure to supply risk, even when these activities draw on distinct
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knowledge bases and involve different segments of the value chain (Cimprich et al.,
2023; Gaustad et al., 2018; Hool et al., 2022; Tan and Kløve Keiding, 2024; Wang et al.,
2022). Against this backdrop, the functional classification of CRM-intensive patenting
developed in this paper allows us to provide two sets of empirical insights. First, it
allows us to analyse how CRM functions are distributed across materials, technology
domains, and countries. Second, it provides a basis for assessing how country-level
patenting in downstream CRM use relates to patenting in material-directed functions –
refine, remove, and recycle – considering both current inventive activity through patent
counts and the accumulation of knowledge through patent stocks.

Figure 1: Schematic representation of the CRM supply chain and CRM innovation
functions. Blue boxes denote the three broad supply-chain segments – upstream, down-
stream, and end-of-life – within which the four CRM functions identified in patent data
are positioned. Colours distinguish material-directed functions (recycle, refine, and re-
move) from downstream use.

3 Data

3.1 Patent data

We retrieve patent data from PATSTAT (European Patent Office, 2021), which provides
harmonised worldwide bibliographic information on patent documents. Patents are a
widely used proxy for inventive activity. Although they capture inventive activity rather
than the full innovation process, and patenting propensities and values vary across sec-
tors and firms, patents remain a uniquely rich and internationally comparable source
for tracing technological change over long horizons (Arts et al., 2013; Dechezleprêtre
et al., 2011; Griliches, 1998; Lanjouw et al., 1998). In the specific context of CRMs,
this limitation is less binding because many relevant CRM-intensive inventions concern
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engineering-intensive processes and advanced manufacturing applications (e.g., chem-
ical processing, materials engineering, industrial processes, and device design) where
patenting is a common appropriation strategy and technical disclosures are particularly
informative about material-specific contributions.

We organise applications into INPADOC patent families (i.e., collections of patent
documents protecting the same invention across jurisdictions and procedural filings)
to avoid double-counting. The observation units we focus on in our text-mining and
classification pipeline are CRM-patent family pairs: a given family can be linked to
multiple CRMs, and each material is treated as a distinct observation to be classified
into a functional role. We focus on patent families with an English-language abstract.
For each family, we retain the patent title and abstract as textual inputs for the text-
mining and classification pipeline, and we extract (i) the earliest filing year (used to
determine the year of inventive activity), (ii) the patent classification codes used to
identify the technological domain of the invention, and (iii) the information needed
for the geolocation procedure, including inventor and applicant country identifiers and,
where necessary, the patent office of the earliest application.

To characterise the technological domain of each invention, we rely primarily on the
Cooperative Patent Classification (CPC) system,4 a granular taxonomy jointly devel-
oped by the European Patent Office (EPO) and the United States Patent and Trade-
mark Office (USPTO), and structured hierarchically starting from nine sections labelled
with individual letters A-H and Y. Section Y is particularly relevant because it includes
cross-sectional tags for emerging technologies, including climate-change mitigation and
adaptation (e.g., Y02) and specific types of information and communication technolo-
gies, which tend to be relatively CRM-intensive (de Cunzo et al., 2025; Diemer et al.,
2022; Grandell et al., 2016; Valero et al., 2018). However, CPC coverage is incomplete
for part of the PATSTAT corpus, especially in earlier years. We therefore complement
CPC information with the International Patent Classification (IPC)5 codes available in
PATSTAT, in order to retain observations and expand technology coverage. Since CPC
and IPC are closely aligned in structure, and our empirical analysis relies on relatively
broad levels of technological aggregation, this combined use preserves comparability
across observations.

Regarding geolocation, we adopt a hierarchical attribution rule. For each patent
family, we assign country based on the origin of inventor. When inventor information
is missing, we use the applicant country. If both inventor and applicant country infor-
mation are missing, we fall back to the country of the patent office associated with the
earliest patent application in the family. This rule maximises coverage while prioritising
inventor-based attribution, which is generally interpreted as the location most closely
associated with the inventive effort.

3.2 Critical raw materials

The set of CRMs investigated in patents is based on the European Commission’s 2023
Critical Raw Materials list (European Commission, 2023a)6 We use this list as a com-

4See https://www.cooperativepatentclassification.org/home.
5See https://www.wipo.int/en/web/classification-ipc.
6See also the European Commission’s Critical Raw Materials portal, which reports the 2023 list

and related background material https://single-market-economy.ec.europa.eu/sectors/raw-m
aterials/areas-specific-interest/critical-raw-materials_en.
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mon reference taxonomy to identify a set of materials recognised as strategically relevant
in a transparent and replicable way. This choice does not imply that each material is
equally critical in every country covered by the analysis. In fact, “criticality” is partly
context-dependent, as countries differ in geological endowments, industrial structure,
trade dependence, exposure to supply-chain risks, and broader geopolitical priorities.
National lists may therefore differ across countries. However, existing comparative
studies suggest that, despite important differences in scope and emphasis across juris-
dictions, national critical-mineral lists tend to overlap on a core set of materials that are
repeatedly prioritised across major economies (Deberdt et al., 2025; Su and Hu, 2022).
For this reason, we do not treat the EU list as a universally valid ranking of criticality.
Rather, we use it as a consistent benchmark to define a common set of materials that
can be tracked comparatively across patents and countries. In total, we investigate 30
materials reported in Table 1.7

Investigated Critical Raw Materials

aluminium/bauxite antimony arsenic baryte
beryllium bismuth boron/borate cobalt
copper feldspar fluorspar gallium
germanium hafnium graphite helium
lithium magnesium manganese nickel
niobium PGMI phosphorus REEII

silicon metal strontium tantalum titanium metal
tungsten vanadium

I PGM corresponds to “Platinum Group Metals”, including iridium, osmium,
palladium, platinum, rhodium, and ruthenium.

II REE corresponds to “Rare Earth Elements”, including cerium, dysprosium,
erbium, europium, gadolinium, holmium, lanthanum, lutetium, neodymium,
praseodymium, samarium, scandium, terbium, thulium, ytterbium, and yt-
trium.

Table 1: CRM list investigated in patent abstracts. The selection is based on the fifth
list of CRMs published in 2023 by the European Commission (European Commission,
2023a; European Commission, 2023b).

4 Methods

In this section we outline the methodology adopted to classify the functional role of
CRMs in patent documents and the econometric analysis built on top of such classifi-
cation.

7Originally, the 2023 EU CRM list comprises 34 materials. In our analysis, we group scandium,
light, and heavy rare earths into a single rare earth category, and we merge phosphorus with phosphate
rock. Finally, we do not consider coking coal since it appears too rarely in English patent abstracts to
yield a sufficient set of CRM-patent family pairs for reliable validation and function assignment.
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In particular, the classification task poses several connected challenges: identifying
which patents mention specific materials, inferring the functional role of each material
from the patents’ title and abstract, scaling this classification to millions of documents,
and doing so with limited labelled data.

Keyword-based retrieval handles the first step well (Baldassarre et al., 2023; de Cunzo
et al., 2025; Diemer et al., 2022; Li et al., 2024), but it cannot address the second. As-
signing functional roles requires holistic semantic understanding of the invention as
a whole, which rule-based approaches cannot reliably provide. The introduction of
the Transformer architecture (Vaswani et al., 2017) has fundamentally reshaped how
computers process language, enabling models to learn rich contextual representations
of text – that is, to interpret the meaning of a word not in isolation but in relation
to all other words in a document. Domain-adapted8 variants of these models have
shown strong performance on semantically demanding patent classification tasks (Lee
and Hsiang, 2020; Srebrovic and Yonamine, 2020). However, adapting them to highly
specific classification problems typically requires substantial amounts of labelled data.
Large Language Models reduce this burden considerably through zero-shot and few-shot
generalisation9 (Bai et al., 2024; Brown et al., 2020), but remain prohibitively expensive
for inference at the scale of millions of documents.

To address these trade-offs, here we combine these approaches strategically, exploit-
ing the comparative advantage of each in a pipeline that, to our knowledge, has not
been previously applied to patent classification. We begin with a keyword search to
retrieve candidate patent-material pairs from the full patent corpus. A large language
model then classifies a sample of these pairs following a structured decision tree, requir-
ing only a small set of human-labelled examples for prompt optimisation. Finally, a
fine-tuned BERT model replicates this classification at scale, enabling inference across
millions of documents at much lower cost. This layered design allows us to achieve the
semantic flexibility of large generative models without sacrificing the scalability and
reproducibility that large-scale empirical research demands. In the remainder of this
section we describe each of these steps in detail, before presenting the specifications of
the econometric analysis.

4.1 Keyword search of CRMs in patent abstracts

As a first step, we target the materials listed in Table 1 and run a keyword search for
mentions of these materials across all English-language patent abstracts in PATSTAT
filed between 1999 and 2020. The keyword dictionary includes material names, selected
synonyms, and (when sufficiently unambiguous) chemical element symbols; the full
dictionary is reported in Appendix A.

To maximise detection while maintaining high precision, we apply the following
rules. First, for many CRMs we search both the full material name and its chemical
symbol. To reduce false positives, we exclude single-letter symbols (such as B for boron
and W for tungsten), which are frequently used as unrelated abbreviations in patent
text. Second, for grouped categories – platinum group metals (PGM) and rare earth

8Domain adaptation refers to the practice of further training a general-purpose language model on
text from a specific domain — in this case, patent documents — so that it learns the vocabulary, style,
and conventions of that domain before being applied to a downstream task.

9i.e. the models are generalists and learn a specific task directly from the instructions of the user
— the prompt — that may (few-shot learning) or may not (zero-shot learning) contain examples.

14



elements (REE) – we search both generic terms (e.g., “rare earth”, “REE”) and the
individual element names within each group. Third, given the difficulty of distinguishing
“silicon metal” and “titanium metal” from generic mentions of silicon and titanium, we
search for both the specific metal terms and the corresponding element names in the
abstracts.

This procedure identifies CRM-patent family candidate pairs, which form the input
to the subsequent functional classification stage.

4.2 Classification labels

Using a multi-step large language model pipeline, which will be described in detail in
the next sections, we classify each CRM–patent family pair into one of five mutually
exclusive labels: use, recycle, refine, remove, and wrong. The first four labels define the
framework developed in the paper and identify distinct CRM functions, corresponding
to different roles that CRMs play in the invention. Use refers to cases in which a CRM
is intentionally incorporated as a necessary input in the invention. Recycle refers to
the recovery of a CRM from waste, end-of-life products, or secondary streams. Refine
captures upstream processing, upgrading, or purification of CRM-bearing materials.
Remove refers to the elimination or reduction of a CRM as an undesired component or
impurity, without explicit recovery.

Finally, wrong includes false positives from the keyword search as well as CRM
mentions not functionally related to the inventive contribution. Including wrong in the
classification framework is essential to construct reliable function-specific innovation
measures. Since it does not correspond to a CRM innovation function, we exclude
observations classified as wrong from the descriptive and econometric analyses.

4.3 Classification of CRM functions with Large Language Mod-
els

This section describes our five-step pipeline for classifying patent-material pairs accord-
ing to the role that a CRM plays in the patented invention. We follow a decision tree
approach in which each patent-material pair is evaluated through a sequence of binary
(Yes/No) questions, ultimately assigning the pair to one of the five classification labels.

Our multi-step approach is designed to work with a relatively small amount of
high-quality, human-labelled data and to scale it to a reliable classification on mil-
lions of patent documents. As detailed in the next paragraphs, we first hand-label
approximately 1,000 patent-material pairs and reserve roughly 700 of them for vali-
dation purposes. The remaining 300 pairs are used to optimise the prompts sent to
a large language model (GPT-5-Mini10). Once optimised, these prompts are applied
to automatically label 100,000 patent-material pairs by using the model to answer the
sequence of node-specific binary questions that constitute the decision tree. This re-
sulting machine-labelled sample is then used to fine-tune a specialised BERT (Beltagy
et al., 2019) model that replicates the same decision tree classification.

The advantage of this two-stage strategy is that it combines the flexibility of a large
language model in the prompt-design phase with the speed and scalability of a lighter

10See the official OpenAI model documentation at https://developers.openai.com/api/docs/m
odels/gpt-5-mini.
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open-weights model – BERT – at the inference stage. Since BERT can run on local
machines in a fraction of the time and at a fraction of the cost of proprietary models,
this strategy enables us to scale the labelling to millions of patent-material pairs. An
overview of the full pipeline is shown in Figure 2.
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Figure 2: Schematic pipeline of the LLM-based classification of CRM functions in
patent-material pairs, including training, validation and inference steps.

4.3.1 Manual labelling

We manually assign functional labels to approximately 1,000 patent-material pairs
drawn from the full corpus obtained from the keyword search. Each pair is classified into
one of the five labels defined above. The labelled set is split into two non-overlapping
subsets: a prompt-engineering set of approximately 300 samples, used to iteratively
design and refine the GPT-5-Mini prompts (as described next in Section 4.3.2), and a
validation set of 717 samples, reserved exclusively for evaluating both the GPT-5-Mini
and BERT classifiers (Section 4.3.5).

As human annotators, we follow the same decision tree structure that we then use
to guide the language models in the automated classification. For each patent-material
pair, we therefore record not only the final assigned label, but also all intermediate
Yes/No answers along the decision path. This allows us to train – optimize the prompts
in the case of GPT-5-Mini – the language models at the level of each binary deci-
sion, rather than only on the final multi-class outcome. By decomposing a relatively
complex multi-class classification problem into a sequence of simpler binary tasks, the
decision-tree strategy makes the classification procedure more transparent and easier
to reproduce with a smaller model such as BERT.
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4.3.2 LLM decision tree optimisation

As described above, we decompose the classification of each patent-material pair into a
binary decision tree with six nodes (Q1-Q6). Each node works independently from the
others and poses a Yes/No question about a given patent-material pair to GPT-5-Mini.
All pairs enter the first node. Subsequently, the tree structure summarised in Table 2
routes each pair to other nodes and finally to one of the five output labels depending
on the answer at each node.

Node Question If Yes If No

Q1 Is the CRM mentioned in the abstract? → Q2 Wrong
Q2 Is the CRM separated from other materials? → Q3 → Q5
Q3 Is the CRM discarded or eliminated? Remove → Q4
Q4 Is the CRM recovered from waste or scrap? Recycle Refine
Q5 Is the CRM refined or pre-processed? Refine → Q6
Q6 Is the CRM intentionally used in the invention? Use Wrong

Table 2: Decision tree structure. Each node poses a binary (Yes/No) question to the
LLM. The input to every prompt consists of the patent title, abstract, and target CRM
with associated keywords. The complete prompt texts are provided in Appendix B.

Unlike traditional machine learning methods, LLMs are general-purpose models that
need not be trained separately for each specific task. After extensive pretraining, they
can often perform a new task on the basis of a natural-language description provided
by the user at inference time – the prompt (Liu et al., 2023). This feature is highly
convenient, as it reduces the need for task-specific training on labelled data. At the same
time, however, it makes model performance sensitive to the precise formulation of the
instructions. A wide range of techniques, commonly referred to as prompt engineering,
seeks to improve output quality by refining prompt design (see Chen et al. (2025)
for a review). Here we start by drafting prompts that generally describe the desired
classification task at each node of the decision tree. Such prompts are then refined using
the OpenAI prompt-optimisation tool, which automatically refines prompt text against
a labelled reference set. Starting from our manually drafted instructions, each prompt
is optimised on the 300-sample prompt-engineering set until a satisfactory agreement
with the human labels is achieved.11 Each prompt receives three input variables: the
patent title, the patent abstract, and the target material, and returns a binary answer
(YES or NO). The complete prompt templates are provided in Appendix B.

4.3.3 LLM labelling

Once the prompts are finalised, we apply the decision tree at scale using OpenAI’s Ap-
plication Programming Interface12 (API). The input corpus consists of 100,000 patent-
material pairs.13 For each pair, the model receives as inputs the patent title, the

11Accuracy on the prompt-engineering set is 100% for Q1, 96% for Q2, 96% for Q3, 95% for Q4,
99% for Q5, and 99% for Q6. These values correspond to a level of uncertainty that is comparable to
the rate of disagreement among human annotators on the same example.

12The OpenAI Batch API can be accessed at https://platform.openai.com/batches.
13The labelling is carried out in batches to process the corpus efficiently and contain computational

costs. The full 100,000-pair labelling task cost about USD 100 at the GPT-5-Mini rates of January
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abstract, and the target CRM, as described above.
The decision tree is executed in a top-down fashion. All pairs are first evaluated at

Q1, and only those receiving a Yes answer are forwarded to Q2. The same logic is then
applied recursively through the remaining nodes, following the tree structure described
in Section 4.3.2. In line with the strategy we adopted as human annotators, we retain
not only the final assigned label but also all intermediate binary answers along the
decision path. These binary answers are then used to train the BERT-based classifier
described in the next section.

4.3.4 BERT decision tree model

To extend the classification to the full corpus in a faster and more scalable way, we
use the 100,000 patent-material pairs labelled using the LLM to train a supervised
BERT model that replicates the same decision-tree logic. This allows us to scale the
classification pipeline to millions of patent-material pairs in a lightweight and cost-
efficient way on local desktop machines. Additionally, the weights of the model are
open and the pipeline is fully reproducible.

The model is based on a patent-domain BERT encoder (bertforpatent14), which
we further adapt to the CRM patent corpus through an additional patent-domain
language-model training step. A key design choice in our domain adaptation is the
incorporation of IPC/CPC technology codes as special tokens, in line with the strategy
of Aroyehun et al. (2025). Each unique 8-digit IPC/CPC code is mapped to a dedicated
token ID that extends the vocabulary of the model. The input takes the following form:

[CLS] title [SEP] abstract [SEP] TECH code1 ... TECH coden [SEP]

where title and abstract are the patent title and text, and the TECH codes (IPC/CPC)
are appended as special tokens to provide additional technological context. This patent-
domain training is conducted on the sample of patents in PATSTAT filed between 1980
and 2023 in order to expose the classifier to a large and diverse corpus of patent language
and technology classifications. The training period is therefore broader than the period
covered by the empirical analysis, which is restricted to 1999-2020.15 From this input
sequence, the encoder builds an effective vector representation of the patent and the
technologies it embodies.

To adapt this model to work as a decision tree on the patent-material pairs, we first
add the material keywords to the input sequence. Then, on top of this representation,
we train six binary classifiers, one for each node of the decision tree (Q1-Q6).16 The
input sequence now reads:

[CLS] title [SEP] abstract [SEP] material (keywords) [SEP] TECH code1
... TECH coden [SEP]

where material is the target CRM standardized name as listed in Table 1 followed by the
exact keywords retrieved from the abstract in parentheses. Each classifier predicts the

2026.
14https://huggingface.co/saroyehun/bertforpatent-mirror-meanpooling.
15Concretely, we further train the base bertforpatent encoder using a masked language modelling

objective for 2 epochs on the full CRM corpus, with a batch size of 12, a warm-up of 500 steps, and a
weight decay of 0.01.

16The classifiers correspond to linear layers operating on the [CLS] token embedding that output a
logit, converted to a probability via the sigmoid function.
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Yes/No answer associated with its corresponding question, given the embedding of the
patent-material pair. The model is trained on the 100k samples labelled by GPT-5-mini
(Section 4.3.3), and it learns jointly to produce a representation of the patent-material
pair, store it in the [CLS] token,17 and predict the yes/no answer to the 6 questions in
the decision tree. More specifically, training alternates across the six questions, so that
the base embedding model learns from examples drawn from all parts of the tree while
each classifier specialises in its own decision, keeping a patent-material embedding that
is not specific to any question. This helps address the fact that some branches of the
decision tree are visited relatively rarely by the LLM classifier, reflecting the underlying
class imbalance and substantial heterogeneity across materials. As a result, fine-tuning
a separate full model for each question would have been affected by data scarcity for
some nodes, undermining classification reliability.

The model is trained for 10 epochs on the 100,000 LLM-labelled pairs, using an
80%/10%/10% split for training, validation, and test data. Once trained, it is applied
to the full corpus of approximately 3.5 million patent-material pairs. For each pair,
the model returns the six node-level predictions and the corresponding final label. The
descriptive and econometric analyses are then conducted on the approximately 3.2
million pairs that are not assigned to the wrong label.

4.3.5 Validation

Both the LLM decision tree and the BERT decision tree model are evaluated on the
same 717-sample subset of manually labelled patent-material pairs, which is reserved
exclusively for validation and never used in prompt optimisation or model training.
This validation set has been crafted to represent labels with a more even distribution
than the one found in the global dataset.18 As we report in the Results section, use rep-
resents approximately 90% of the labelled instances, and computing validation metrics
on such an imbalanced distribution would have made the interpretation of the scores
less transparent and informative. In the validation dataset the use class represents
roughly 44% of the samples.

The LLM classifier achieves an overall accuracy of 94.8%, while the BERT model
reaches an accuracy of 90.7%. Tables 3 and 4 report, respectively, label-specific preci-
sion, recall, and F1-scores across the five labels, together with the corresponding con-
fusion matrices. The LLM decision tree performs strongly across all five labels, with
F1-scores ranging from 0.86 for refine to 0.97 for use. In particular, the use label, which
is the most frequent in the validation set, is identified with almost perfect recall, with
only one true use example misclassified as refine. The BERT model retains the over-
all pattern of the LLM classifier, with use again achieving the highest F1-score (0.94)
and near-perfect recall. The accuracy gap of roughly 4 percentage points is primarily
driven by increased confusion between wrong and use (18 wrong samples misclassified
as use) and between recycle and the other material-directed labels. Despite this mod-
est drop, the BERT model performs remarkably well, achieving a weighted F1-score of
0.91, making it a practical and cost-effective alternative for large-scale labelling.

17The [CLS] token, used in many BERT variants, is prepended to the input sequence and learns a
contextualized representation of the entire sequence. Its final-layer embedding is commonly used as
the input to a classification head for downstream tasks, as in the present case.

18This is achieved through an heuristic pre-filtering of the examples sent to human annotators.
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Classification metrics Confusion matrix

True label Precision Recall F1 Recycle Refine Remove Use Wrong

Recycle 0.99 0.89 0.94 125 4 3 9 0
Refine 0.82 0.89 0.86 1 42 0 3 1
Remove 0.95 0.97 0.96 0 0 93 1 2
Use 0.94 1.00 0.97 0 1 0 315 0
Wrong 0.97 0.90 0.93 0 4 2 6 105

Macro avg 0.94 0.93 0.93
Weighted avg 0.95 0.95 0.95

Table 3: Performance of the LLM decision tree on the 717-sample human-labelled
validation set (overall accuracy: 94.8%). The left panel reports per-class precision,
recall, and F1-score. The right panel reports the confusion matrix (rows: true labels;
columns: predicted labels).

Classification metrics Confusion matrix

True label Precision Recall F1 Recycle Refine Remove Use Wrong

Recycle 0.96 0.83 0.89 117 5 8 11 0
Refine 0.80 0.91 0.85 2 43 1 1 0
Remove 0.85 0.90 0.87 2 2 86 5 1
Use 0.90 0.99 0.94 1 0 2 313 0
Wrong 0.99 0.78 0.87 0 4 4 18 91

Macro avg 0.90 0.88 0.89
Weighted avg 0.91 0.91 0.91

Table 4: Performance of the BERT decision tree on the 717-sample human-labelled
validation set (overall accuracy: 90.7%). The left panel reports per-class precision,
recall, and F1-score. The right panel reports the confusion matrix (rows: true labels;
columns: predicted labels).

4.3.6 Examples

We briefly present two examples illustrating how the BERT-based decision tree handles
complex patent abstracts containing multiple material mentions associated with differ-
ent labels. In Table 5 we present a patent mentioning bismuth, copper, and several
platinum-group metals (PGMs). The invention concerns the recycling of PGMs from
waste automotive catalysts, with bismuth used as a trapping agent. Our approach
correctly identifies the PGMs as recycled and bismuth as used. Copper, which appears
only in comparison with other methods, is also correctly classified as wrong.

The patent shown in Table 6 mentions five materials: aluminium, boron, lithium,
phosphorus, and silicon. The invention describes a method for preparing silicon nanowires
using silicon recovered from waste photovoltaic cells, and silicon is correctly classified
as recycle. In the first step of the process, aluminium is separated from the surface of
the silicon wafer, and the model correctly assigns aluminium to the remove class. The
patent further states that the silicon nanowires can be doped with boron or phosphorus,
and both materials are correctly labelled as use. By contrast, the model arguably mis-
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classifies lithium as use. The abstract refers to the strong performance of the resulting
nanowires when employed as the negative electrode in a lithium-ion battery, but this
application does not appear to be part of the core invention and might therefore be
more appropriately labelled as wrong. This case is nevertheless subtle, since the patent
title explicitly indicates that the invention also covers applications of the nanowires,
potentially bringing the lithium-ion battery within its scope.

Overall, the model performs remarkably well, even on highly complex examples such
as those presented here, that would be virtually impossible to address with rule-based
approaches. It consistently distinguishes the roles of different materials and tends to
fail only in genuinely ambiguous cases, such as the lithium-ion battery example. Patent
abstracts are often written in highly technical language and can be stylistically incon-
sistent, particularly when they result from automated translation. These factors make
the labelling task challenging not only for the model, but also for human annotators.

Title

Method for enriching platinum group metal in waste automobile exhaust catalyst through fire
method reduction smelting bismuth

Abstract

The invention discloses a method for enriching platinum group metal in a waste automobile
exhaust catalyst through a fire method reduction smelting bismuth, and belongs to the field of
dilute noble metal smelting. The process comprises the following process steps of burdening,
primary smelting trapping and secondary smelting capturing. According to the method, the metal
bismuth is used as a trapping agent to perform smelting trapping on platinum, palladium and
rhodium in the waste automobile exhaust catalyst, the specific process is optimized and designed,
therefore, platinum, palladium and rhodium in the waste automobile exhaust catalyst can be
efficiently trapped, the recovery rate of the platinum group metal and the metal bismuth is
improved, meanwhile, the defects of difficult separation of base metal, large toxicity of the trapping
agent and high melting temperature in the traditional trapping method of copper, lead and iron
are overcome, the defect that the recovery rate is low due to the fact that the catalyst support is
coated with a platinum group metal, the separation and recovery difficulty of the platinum
group metal in the catalyst is reduced, the process flow is short, the enrichment effect is good, the
environmental protection is nontoxic, the cost is low, and the application prospect is good.

Decision-tree path and classification

CRM Label Q1 Q2 Q3 Q4 Q5 Q6

bismuth USE yes no no yes

copper WRONG yes no no no

pgm RECYCLE yes yes no yes

Table 5: Example of a multi-material, multi-label patent. The table reports the
material-specific classification from the BERT decision-tree together with the corre-
sponding sequence of answers along the decision path.
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Title

Method for preparing silicon nanowire material and application

Abstract

The invention discloses a method for preparing a silicon nanowire material by utilizing a waste pho-
tovoltaic cell silicon wafer and application, and belongs to the technical field of secondary resource
utilization. The preparation method comprises the following steps: by taking a waste photovoltaic so-
lar cell silicon wafer as a raw material, removing metal silver and aluminum adhered to the surface
of the silicon wafer through acid pickling, grinding to control the particle size of the waste photo-
voltaic cell silicon wafer raw material, then putting the raw material between carbon-based bottom
layers, applying certain voltage and current, and controlling the temperature, time and atmosphere in
a thermal shock process, thereby obtaining the high-purity silicon wafer. And regenerating the waste
photovoltaic cell silicon wafer into the silicon nanowire material. The boron or phosphorus-doped
silicon nanowire material with adjustable diameter and uniform growth can be prepared by using the
preparation method, and shows excellent long-cycle stability when being applied to the negative elec-
trode of the lithium ion battery; the preparation method is short in process, high in efficiency, low
in energy consumption, free of catalyst and low in cost, and is expected to realize low-cost large-scale
preparation of the silicon nanowire material and high-valued circulation of the waste photovoltaic cell
silicon wafer.

Decision-tree path and classification

CRM Label Q1 Q2 Q3 Q4 Q5 Q6

aluminium REMOVE yes yes yes

boron USE yes no no yes

lithium USE yes no no yes

phosphorus USE yes no no yes

silicon RECYCLE yes yes no yes

Table 6: Example of a multi-material, multi-label patent. The table reports the
material-specific classification from the BERT decision-tree together with the corre-
sponding sequence of answers along the decision path.

4.4 Econometric specification

To examine how CRM innovation functions co-evolve over time, we construct a panel
from the classified CRM-patent family data. For each country, material, and year, we
count the number of patent families associated with each of the four functions use,
recycle, refine, and remove. The year is defined using the earliest filing year of the IN-
PADOC patent family, while country attributions follow the hierarchical rule described
in Section 3.1: inventor country whenever available, otherwise applicant country, and
finally, if none of the above is available, the patent-office country of the earliest filing.

The dependent variable in the econometric analysis is the number of patent fami-
lies classified under the use function for material m, country c, and year t. The main
explanatory variables are the corresponding counts of patent families classified under
recycle, refine, and remove. We also include a set of time-varying controls that com-
plement the function-specific patent variables in the analysis. Country-level controls
include total patenting volume, computed directly from PATSTAT, GDP per capita
from the Penn World Table (Feenstra et al., 2015), and R&D expenditure as a share of
GDP from the World Bank Open Data.19 At the material level, we include inflation-
adjusted CRM price series from the U.S. Geological Survey.20 Finally, in order to

19Data on R&D can be accessed at: https://data.worldbank.org/indicator/GB.XPD.RSDV.GD.
ZS.

20Data on CRM prices can be accessed at: https://www.usgs.gov/centers/national-mineral
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account for the effects of supply conditions on CRM innovation (Li et al., 2024), we
include a production dummy equal to one when a country produces the correspond-
ing CRM at the extraction stage in a given year. This variable is constructed using
CRM production data compiled from World Mining Data, the British Geological Sur-
vey, and the U.S. Geological Survey, as harmonised in de Cunzo et al. (2025). The
econometric analysis focuses on the top patenting countries in CRM innovation over
the period under investigation, namely those that jointly account for the vast majority
of CRM-related patent families in the data. This restriction reduces the influence of
very sparse country trajectories and concentrates the analysis on the countries in which
CRM-related patenting is empirically most relevant.

To assess how innovation in material-directed functions relates to downstream CRM
use, we estimate the following model:

log(1 + Usecmt) = β1 log(1 + Recyclecmt) + β2 log(1 + Refinecmt) + β3 log(1 + Removecmt)

+ γXcmt + δt + µcm + εcmt

(1)
where c indexes countries, m critical raw materials, and t years. The term Xcmt

includes the time-varying controls described above, namely total patenting volume,
GDP per capita, R&D expenditure, CRM prices, and the producer dummy. The term
δt denotes year fixed effects, which absorb global shocks and time trends common to all
observations, while µcm denotes country-CRM fixed effects, which absorb time-invariant
heterogeneity specific to each country-material pair. Standard errors are clustered at
the country-CRM level to account for serial correlation within panels over time.

Patent counts are transformed using log(1 + x) for two main reasons. First, the
logarithm reduces the strong right skewness of patent counts and limits the influence
of a small number of very large observations. Second, the +1 allows us to retain
observations where the patent count is zero, which is common especially for recycle,
refine, and remove. For controls that are strictly positive – including GDP per capita,
total patenting volume, CRM price, and R&D expenditure where available – we use
logarithms.

The main regression table is estimated on a sample of 7,310 country-CRM-year
observations, according to the availability of the full set of controls. The resulting
panel is unbalanced, because R&D expenditure and CRM price series are not available
for all observations.21 Within this common sample, the main regression table starts
from a baseline specification including GDP per capita, total patenting volume, and
the CRM producer dummy, then adds R&D expenditure, and finally CRM prices.

We further examine the relationship between material-directed functions and down-
stream use through a set of additional specifications. These include an alternative
inverse hyperbolic sine transformation of patent counts, specifications incorporating
lagged cumulative patent stocks to check for knowledge accumulation effects, and
exploring interaction effects between material-directed functions on downstream use.

s-information-center/historical-statistics-mineral-commodities-united.
21R&D expenditure is missing for a subset of country-year observations and is unavailable for Taiwan

throughout the sample period. USGS price series are also incomplete for some CRMs and years. As
a result, imposing the full set of controls reduces the number of observations available for the main
regressions. Estimation samples are reported in the regression tables.
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These additional analyses are estimated using the specification with the full set of con-
trols described above. Econometric results are discussed in Section 5.3.

5 Results

5.1 The evolution and functional composition of CRM-related
innovation

In this section, we provide a descriptive overview of the distribution and evolution of
CRM-related patents, defined as patents with at least one CRM mention assigned to one
of four functional labels: use, recycle, refine, and remove.22 Over the period 1999-2020,
the dataset contains 2,213,114 unique CRM-related patent families, corresponding to
3,324,446 distinct patent family-CRM pairs.

Looking at aggregate dynamics, Figure 3 shows that CRM-related patenting ex-
panded substantially over the period under study, reaching in 2020 a level about 4.3
times higher than the 1999-2000 average. Total patent families in PATSTAT also in-
creased strongly, reaching in 2020 a level about 4.9 times higher than their 1999-2000
average. The two series display a very similar evolution over time, with CRM-related
patenting closely tracking the overall rise in patenting activity. As a result, the share of
CRM-related patents remains relatively stable, fluctuating around 4-6% of total patent
families.

Figure 3: Evolution of CRM-related patent families (black) and total patent families
(grey), 1999–2020, relative to the 1999–2000 average (1999–2000 = 1).

This aggregate pattern calls for a cautious interpretation. On the one hand, it
suggests that the rise in CRM-related patenting partly reflects broader increases in in-

22Wrong is excluded from the analysis as it includes both patents in which CRM mentions are not
functionally related to the invention – for example, as benchmarks for performance comparisons – and
false positives from the text-mining procedure.
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novation intensity. On the other hand, the absence of a declining CRM share during
a period of strong expansion in patenting activity is consistent with a persistent role
of critical raw materials within the wider innovation system. This should also be read
in light of two considerations. First, our identification strategy captures only explicit
textual mentions of materials and therefore provides a lower-bound representation of
CRM-related innovation.23 Second, aggregate trends mask substantial heterogeneity
across materials, as shown in Table 7. In particular, aluminium, silicon, copper, ti-
tanium, and lithium account for the largest volumes of CRM-related patent families
over the period, but their trajectories differ markedly. Lithium, aluminium, and copper
increase their patent shares relative to the 1999-2000 baseline, whereas silicon and ti-
tanium record substantial declines. These differences plausibly reflect a combination of
demand-side and supply-side forces. On the demand side, the expansion of electrifica-
tion and battery-related technologies is likely to have strengthened innovation around
materials such as lithium (Carrara et al., 2023; International Energy Agency, 2024b).
On the supply side, recent work suggests that material availability and supply condi-
tions can themselves shape innovation trajectories in material-dependent technologies
(Alfaro et al., 2025; Li et al., 2024).

Looking at the functional distribution, Table 8 summarises the aggregate functional
composition of CRM-related patenting. In level terms, use overwhelmingly dominates
the data, accounting for 91.4% of function-specific CRM patent families (2,055,455 ob-
servations), while recycle, refine, and remove together account for less than 10%.24 This
indicates that most CRM-related patents concern the incorporation of critical raw mate-
rials into downstream technologies rather than with upstream processing, removal, and
end-of-life recovery. At the same time, the relative change observed in 2020 relative to
the 1999-2000 average differs substantially across functions: recycle shows the strongest
expansion, followed by refine and remove, whereas use grows more moderately.

This strong skew towards use is repeated across most individual materials, as shown
in Table 7, although some CRMs display more distinctive functional profiles that are
worth highlighting. First, several materials with non-negligible numbers of observations
– including silicon, rare earths, graphite, tungsten, and vanadium – show comparatively
larger refine shares, with vanadium also displaying relatively visible shares across all
material-directed functions. This suggests a more prominent role for upstream treat-
ment and preparation stages before downstream use. A second interesting pattern
concerns cobalt and nickel, which exhibit comparatively stronger recycle shares. Both
are used in battery cathodes, whose relatively high value compared with alternative
chemistries such as lithium iron phosphate may help explain the greater salience of re-
cycling activities. Finally, arsenic and phosphorus stand out for a combination of high
remove and non-negligible recycle shares, a pattern consistent with inventions aimed
at controlling these materials as unwanted or polluting substances while, in some cases,
also enabling their recovery and re-use from waste or wastewater streams.

Figure 4 complements this picture by showing the evolution of function-specific CRM
patent shares relative to total patent families. Despite its dominance in absolute terms,

23For instance, the keyword-based approach excludes inventions that rely on components or com-
pounds containing CRMs but which do not explicitly mention the material.

24A patent family may appear in more than one function if different CRM mentions within the same
family are assigned to different functions. Shares are therefore computed over the sum of function-
specific patent family counts reported in the table, rather than over the total number of unique CRM-
related patent families in the dataset.
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Table 7: Material-level descriptive statistics and functional composition of CRM-related
patent families. Families reports the total number of unique CRM patent families over
the full sample period. Share (%) is the percentage share of each material in total
patent families over the full period. Change in share (%) reports the percentage change
in the material’s share in total patent families in 2020 relative to the 1999-2000 average.
USE, RECYCLE, REFINE, and REMOVE report the number of unique CRM patent
families in each function, with row-normalised shares in parentheses. Each column is
independently normalised and visualised using a red-to-orange-to-white gradient colour
map, emphasising the most significant CRM values per function.
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Function
Unique patent families

Level growth over full period
Number Share

Use 2,055,455 91.4% 4.1x
Refine 94,149 4.2% 6.8x
Remove 64,871 2.9% 6.1x
Recycle 33,283 1.5% 11.3x

Table 8: Functional composition of CRM-related patent families, measured by the
number of unique patent families, their share in total CRM-patenting, and their relative
level in 2020 compared with the 1999–2000 average.

use displays a decline in relative terms, falling roughly 20% below its initial baseline.
By contrast, all material-directed functions increase their relative shares, most notably
recycle, which rises to about 2.1 times its 1999-2000 level, followed by refine (1.3) and re-
move (1.2). Thus, the results of this section highlight an important asymmetry between
levels and dynamics: CRM-related innovation remains predominantly use-oriented, but
its most dynamic components are increasingly concentrated in upstream, recovery, and
removal functions. This, in turn, supports our functional approach: rather than repre-
senting a homogeneous body of patents, CRM-related patenting is better understood
as a set of co-evolving innovation functions associated with distinct technological roles
of critical raw materials.

Figure 4: Evolution of function-specific CRM patent shares relative to total patent
families, 1999-2020, normalised to the 1999-2000 average (1999-2000 = 1)
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5.2 Mapping CRM functions to technological domains

We next examine how CRM functions are distributed across technological domains, in
order to assess both where use, recycle, refine, and remove are located in the patent
classification space and how similar their technological profiles are to one another. Table
9 reports, for each function, the three most frequent technology domains in its patent-
class profile, together with the pairwise cosine similarity between functions, which is
computed from the distribution of the technology codes associated with the underlying
CRM-patent family observations.25

A clear pattern emerges. Pairwise similarity is highest among the material-directed
functions, particularly for the recycle-refine (0.625) and refine-remove (0.610) pairs.
This suggests that these functions rely on partly overlapping technological profiles,
while use remains comparatively more distinct overall. At the same time, the pattern
is not absolute, since remove is more similar to use (0.426) than to recycle (0.350).
The top technology domains help clarify these differences, as most function pairs dis-
play at least some overlap. The main exception is the use-recycle pair, which has
both the lowest pairwise similarity (0.15) and no overlap at all among the top three
technology domains. Recycle and refine are both strongly linked to green technologies
related to metal processing (Y02P10 ) and wet extraction of metal compounds (C22B3 ),
pointing to a common technological basis rooted in chemistry and metallurgical activ-
ities. Remove exhibits a similar profile, overlapping with refine in processes related to
semiconductor manufacture and treatment (H10P95 ), while also being associated with
water and wastewater treatment (C02F1 ) and sorbent-based technologies (B01J20 ),
consistent with the elimination of unwanted or contaminating substances. By contrast,
use is more closely associated with downstream application domains, including elec-
trodes (H01M4 ), while also retaining links to broader semiconductor manufacturing
and treatment processes (H10P95 ), as in the case of refine and remove.

Figure 5 maps technological similarity across CRM-function pairs. Each point cor-
responds to a specific CRM in one of the four functions: the intuition is to place two
CRM-function pairs close to each other when they tend to appear in similar technologi-
cal contexts (i.e., share similar CPC and IPC profiles), and further apart when they are
associated with different sets of technology classes. To avoid visually over-emphasising
very small and potentially noisy profiles, we exclude 8 CRMs that account for less than
1% of observations in all four functions.26 To project this high-dimensional similar-
ity structure into the two-dimensional space shown in the figure we use the UMAP
dimensionality-reduction method.27 The resulting map is structured into a small num-
ber of clusters (highlighted by dashed contours) capturing similar composition of tech-
nological domains in the patents linked to the CRM-function pair represented by each
dot.

25For each function, we construct a vector of patent family counts across technology domains iden-
tified through CPC/IPC 8-digit codes. We then normalise these vectors and compute cosine similarity
for each function pair. Higher values indicate greater similarity in technological profiles.

26These CRMs are baryte, beryllium, feldspar, fluorspar, hafnium, helium, strontium, and tantalum
27UMAP (Uniform Manifold Approximation and Projection) is a non-linear dimensionality-reduction

method that builds a weighted nearest-neighbour graph in the original feature space and then optimises
a low-dimensional embedding that preserves local neighbourhood relations as closely as possible, while
retaining part of the broader structure. In practice, it provides a two-dimensional representation
that prioritises the preservation of relative proximity among observations defined as neighbours in the
original space.
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Pairwise similarity

Function Top 3 technology domains Use Recycle Refine Remove

Use
Steel and ferrous alloys metallurgy
Electrodes
Semiconductor manufacture and treatment

1.000 0.153 0.414 0.426

Recycle
Scrap and secondary metal processing
Wet extraction of metal compounds
Metal-processing green technologies

0.153 1.000 0.625 0.350

Refine
Semiconductor manufacture and treatment
Wet extraction of metal compounds
Metal-processing green technologies

0.414 0.625 1.000 0.610

Remove
Semiconductor manufacture and treatment
Water and wastewater treatment
Sorbent and filter materials

0.426 0.350 0.610 1.000

Table 9: Most frequent technology domains and pairwise technological similarity across
CRM functions. Similarity is measured as cosine similarity between function-specific
patent-class profiles.

In line with the aggregate pairwise similarities reported in Table 9, use (red dots)
tends to occupy a more separate area of the space, while recycle (blue) and refine (yel-
low) appear more closely related and often co-locate within the same clusters. Remove
(green) occupies a more intermediate position, often lying close to the recycle-refine
region while also showing proximity to use in some cases, and forms a distinct cluster
associated with solid-state and semiconductor treatment technologies. Refine occupies
an intermediate position across clusters, consistent with processing and upgrading ac-
tivities being technologically connected both to downstream material integration and
to recovery- and separation-oriented innovation. Two additional clusters are visible
for electrode-related technologies and for recycling of refractory CRM technologies, in-
dicating that similarity is shaped not only by function, but also by domain-specific
technological contexts.

To examine the nature of these clusters more closely, one large cluster aggregates
most of the use-related observations across CRMs, indicating a technological profile that
is differentiated from the material-directed functions. A second cluster, connected to
the use-related region, is centred on graphite and lithium and captures battery-related
technologies across functions, linking electrode applications, processing stages, and ma-
terial recovery within battery innovation. A third, sizeable cluster combines remove,
recycle, and refine observations across most CRMs, suggesting a shared technological
base connecting separation, treatment, recovery, and purification processes. Adjacent
to it, a smaller cluster captures recycling and refining technologies for vanadium, tung-
sten, titanium, and niobium, pointing to more specialised recovery processes shaped by
material-specific purity requirements and technical reprocessing constraints. Finally, a
compact and clearly distinct cluster on the right-hand side of the plot is associated with
solid-state and semiconductor treatment technologies, reflecting high-purity processing
and precision treatment typical of electronics-related applications.

Overall, the results indicate that CRM functions rely on partially overlapping but
clearly differentiated technological domains, with stronger proximity among material-
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Figure 5: UMAP embedding of CRM-function technological profiles derived from
CPC/IPC patent-class distributions. Each point corresponds to a CRM-function pair,
with TOT indicating aggregate profiles at the function level; proximity reflects greater
similarity in underlying technological composition. Clusters are identified using the
DBSCAN algorithm.
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directed functions and a more distinct profile for use. Again, this evidence is consistent
with the findings on aggregate dynamics and functional composition discussed in the
previous section, reinforcing our motivation for disentangling CRM functions rather
than treating CRM-related inventions as a homogeneous body of patents.

5.3 Country specialisation across CRM functions

We now turn to the country dimension of CRM innovation, examining how the four
functions are distributed across the main patenting countries and how their relative
importance evolves over time. Table 10 reports the distribution of CRM-related patent
families across functions for the leading patenting countries in the sample period.

A first result is that the static functional composition is broadly similar across coun-
tries, also reflecting the aggregate functional distribution discussed in Section 5.1. In
almost all cases, use accounts for more than 90% of CRM-related patent families, while
the remaining share is concentrated mainly in refine (around 4.2% on average), and to a
lesser extent in remove (around 2.5% on average) and recycle (around 1.1% on average),
which remains the smallest function in all countries. What differs more strongly across
countries is the scale of CRM patenting. An East Asian block composed of China,
Japan, and South Korea leads in absolute volumes, with China alone accounting for
68% of CRM-related patent families in the sample. The United States follows at some
distance, while European countries are generally much smaller in absolute terms, with
Germany and France standing above a second group including the Netherlands, Italy,
Spain, Belgium, and Austria.

Looking more closely at functional composition, even if most countries display a
common distribution heavily skewed towards downstream CRM use, some peculiari-
ties emerge. A small set of countries – notably Russia, Ukraine, Canada, Australia,
and even China – displays lower shares of use (below 91%) and relatively stronger
material-directed profiles than the rest of the sample, especially through higher re-
fine and recycle shares, although recycle remains small in absolute terms. These are
comparatively resource-rich countries,28 and this pattern is consistent with the idea
that mineral endowments may orient a larger part of CRM-related innovation towards
processing and other material-directed functions (Gong and Andersen, 2024; Li and
Iammarino, 2026a).

A more differentiated picture emerges once the static distribution is complemented
with a dynamic perspective. Figure 6 in the Appendix reports the evolution of function-
specific shares relative to total patenting activity and highlights substantial heterogene-
ity across countries. Most notably, China and Japan display a clear reversal over the
period, with China showing increasing trajectories and Japan declining ones across all
four functions. More generally, while recycle remains limited in absolute terms, it is
often the most dynamic function in relative terms, with particularly rapid growth in
countries such as China, South Korea, Taiwan, and, despite their much smaller abso-
lute volumes, Canada and Australia. Within Europe, countries with the highest CRM
patenting volumes, such as Germany and France, show flatter or declining trajectories,
while smaller patenting countries – including the Netherlands, Italy, Spain, and Bel-

28For country-level information on mineral production and mineral industries, see the country chap-
ters of the USGS Minerals Yearbook, Volume III: Area Reports - International, accessible at https:
//www.usgs.gov/publications/minerals-yearbook-volume-iii-area-reports-international.
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Table 10: Functional distribution of CRM-related patent families across the main
patenting countries, 1999-2020. Entries report the number of unique patent families
in each country-function cell, with row-normalised shares in parentheses; the last row
reports totals. Because the same patent family may appear in more than one function,
percentages should be interpreted as within-country functional distributions rather than
mutually exclusive shares of patent families. Each row is independently normalised and
visualised using a red-to-orange-to-white gradient colour map.
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gium – display more dynamic growth, especially in recycling-related innovation, albeit
from low absolute levels.

5.4 The co-evolution of material-directed functions and down-
stream CRM use across countries

The descriptive patterns discussed above reveal substantial heterogeneity in countries’
participation in CRM-related innovation, especially in terms of overall patenting vol-
umes. However, they do not show how countries develop these volumes across functions
over time, that is, whether CRM innovation follows relatively specialised trajectories or
instead unfolds through more integrated innovation systems spanning multiple strate-
gies. This distinction matters because even when countries display patenting activ-
ity across all functions, the underlying dynamics may still reflect trade-offs between
material-directed functions and downstream use. To explore this issue, we perform the
panel analysis described in Section 4.4.

The econometric sample is restricted to the countries listed in Table 10, excluding
Ukraine, and to the subset of 22 CRMs with sufficient function-specific observations over
the period, excluding 8 materials that account for less than 1% of observations in all four
functions, as already discussed in the previous section.29 The resulting balanced panel
contains 8,712 country-CRM-year observations, corresponding to 22 years, 22 CRMs,
and 18 countries. However, because R&D expenditure and CRM price series are not
available for all country-CRM-year observations, as discussed in Section 4.4, including
these controls reduces the sample to 7,310 observations and the country coverage from
18 to 17, as Taiwan drops out because R&D data are unavailable throughout the period.
Unless otherwise specified, the regressions are estimated on this common sample.

Table 11 reports the main fixed-effects regressions. In column (1), which reports the
baseline model estimated on the restricted sample described above, recycle, refine, and
remove are all positively and significantly associated with downstream use. This pattern
remains stable once R&D expenditure and CRM prices are included in columns (2) and
(3). A similar positive association also emerges in column (4), where material-directed
innovation is captured through activation dummies equal to one when a country records
at least one patent in the corresponding CRM-function-year cell, rather than through
patent volumes. The coefficients are smaller in this specification, suggesting that the
intensity of innovation in material-directed functions matters more for the development
of CRM downstream use than their mere presence. The results are also robust to using
the inverse hyperbolic sine transformation instead of the logarithmic transformation for
both downstream use and the material-directed patenting variables in column (5), and
to excluding China from the sample in column (6), although coefficients are smaller
in the latter case. Among the controls, total patenting volume is strongly and con-
sistently positive, indicating that CRM use-related innovation is embedded in broader
innovative activity. GDP and R&D are both positively and significantly associated
with downstream use across all specifications in which they appear. The CRM pro-
ducer dummy is negative and statistically significant, consistently with the descriptive
patterns reported in Table 10 showing that countries with larger material endowments
may display innovation profiles relatively more oriented towards material-directed func-

29Ukraine is excluded because Figure 6 shows a sharp collapse in its CRM-related patenting shares
from 2014 onward, plausibly reflecting the disruption associated with the onset of war that same year.
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tions than towards downstream use. CRM prices, instead, do not exhibit a significant
association with downstream use.

(1) (2) (3) (4) (5) (6)
Baseline +R&D Full controls Act. dummies Asinh spec. No China

Log(Recycle) 0.104∗∗∗ 0.0765∗∗∗ 0.0764∗∗∗ 0.0405∗∗∗

(0.0148) (0.0135) (0.0135) (0.0139)
Log(Refine) 0.129∗∗∗ 0.109∗∗∗ 0.109∗∗∗ 0.0853∗∗∗

(0.0124) (0.0125) (0.0125) (0.0130)
Log(Remove) 0.129∗∗∗ 0.109∗∗∗ 0.109∗∗∗ 0.0776∗∗∗

(0.0128) (0.0124) (0.0124) (0.0133)
Log(GDP) 0.427∗∗∗ 0.479∗∗∗ 0.479∗∗∗ 0.616∗∗∗ 0.495∗∗∗ 0.434∗∗∗

(0.131) (0.139) (0.139) (0.143) (0.150) (0.139)
Log(Patent volume) 0.487∗∗∗ 0.472∗∗∗ 0.472∗∗∗ 0.634∗∗∗ 0.518∗∗∗ 0.283∗∗∗

(0.0496) (0.0514) (0.0514) (0.0581) (0.0559) (0.0617)
CRM producer -0.0794∗ -0.0985∗∗ -0.0984∗∗ -0.101∗∗ -0.104∗∗ -0.0829∗

(0.0436) (0.0439) (0.0438) (0.0477) (0.0485) (0.0459)
Log(R&D) 0.492∗∗∗ 0.492∗∗∗ 0.750∗∗∗ 0.529∗∗∗ 0.323∗∗∗

(0.0747) (0.0748) (0.0853) (0.0814) (0.0761)
Log(CRM real price) 0.00194 0.00802 0.00567 0.00542

(0.0158) (0.0167) (0.0181) (0.0163)
Recycle dummy 0.0293∗∗

(0.0142)
Refine dummy 0.0583∗∗∗

(0.0145)
Remove dummy 0.0465∗∗∗

(0.0142)
Asinh(Recycle) 0.0580∗∗∗

(0.0113)
Asinh(Refine) 0.0844∗∗∗

(0.0107)
Asinh(Remove) 0.0829∗∗∗

(0.0109)

N 7310 7310 7310 7310 7310 6848
Within R2 0.502 0.513 0.513 0.489 0.447 0.148

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Table 11: Fixed-effects estimates of downstream CRM use-related patenting on recycle-
, refine-, and remove-related patenting. Column (1) reports the baseline specifica-
tion; column (2) adds R&D expenditure; column (3) adds CRM prices to obtain the
full-controls specification; column (4) replaces material-directed patent volumes with
function-activation dummies; column (5) replaces the logarithmic transformation with
the inverse hyperbolic sine transformation for both the dependent and independent
CRM patenting variables; and column (6) re-estimates the full-controls specification
excluding China. All specifications include country–CRM and year fixed effects. Stan-
dard errors are clustered at the country–CRM level.

Overall, within country-CRM trajectories, material-directed innovation does not
appear to develop at the expense of downstream applications. On the contrary, larger
patenting activity in recycle, refine, and remove is systematically associated with larger
patenting in downstream use. The results are therefore consistent with integrated
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CRM-related innovation systems in which material processing, recovery, removal, and
downstream use co-evolve. They should nevertheless be interpreted as within-panel
associations rather than causal effects: conditional on country-CRM fixed effects, year
fixed effects, and the observed controls, country-material trajectories with stronger
material-directed innovation also tend to display stronger CRM downstream use.

To assess whether the co-evolution of material-directed functions and downstream
CRM use also extends to the accumulation of knowledge over time, Table 12 replaces
contemporaneous material-directed patent counts with log(1 + x)-transformed lagged
cumulative stocks, while downstream use continues to be measured as the logarithm of
contemporaneous patent counts. For each country-CRM trajectory and function, stocks
are accumulated up to the previous year, so that the regressions capture whether the
accumulated knowledge base in recycle, refine, and remove is associated with subsequent
innovation in downstream use.

(1) (2) (3) (4)
Recycle stock Refine stock Remove stock Joint stock model

Log stock(Recycle)t−1 0.0965∗∗∗ 0.0529∗∗

(0.0236) (0.0240)
Log stock(Refine)t−1 0.121∗∗∗ 0.103∗∗∗

(0.0252) (0.0267)
Log stock(Remove)t−1 0.0453∗ -0.0242

(0.0243) (0.0261)
Log(GDP) 0.464∗∗∗ 0.401∗∗∗ 0.612∗∗∗ 0.363∗∗

(0.154) (0.151) (0.149) (0.152)
Log(Patent volume) 0.593∗∗∗ 0.615∗∗∗ 0.594∗∗∗ 0.613∗∗∗

(0.0598) (0.0582) (0.0612) (0.0583)
CRM producer -0.104∗∗ -0.103∗∗ -0.106∗∗ -0.103∗

(0.0523) (0.0523) (0.0519) (0.0526)
Log(R&D) 0.686∗∗∗ 0.701∗∗∗ 0.729∗∗∗ 0.685∗∗∗

(0.0813) (0.0796) (0.0844) (0.0773)
Log(CRM real price) 0.0186 0.0145 0.0154 0.0164

(0.0174) (0.0173) (0.0177) (0.0172)

N 6980 6980 6980 6980
Within R2 0.458 0.461 0.453 0.462

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Table 12: Fixed-effects estimates of downstream CRM use-related patenting on lagged
cumulative material-directed patent stocks. Columns (1)-(3) include, separately, the
lagged stock of recycle-, refine-, and remove-related patenting. Column (4) includes all
three stock measures jointly. All specifications control for GDP, overall patent volume,
the CRM producer dummy, R&D expenditure, and CRM prices, and include country-
CRM and year fixed effects. Standard errors are clustered at the country-CRM level.

When introduced separately, lagged stocks in recycle, refine, and remove are all
positively and significantly associated with downstream use. This suggests that the
positive co-evolution observed in the main regressions is not only contemporaneous,
but also related to the accumulation of knowledge in material-directed CRM functions.
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In the joint specification, however, only recycle and refine remain statistically signif-
icant, while the coefficient on remove becomes insignificant. This points to a more
robust relationship between the accumulated knowledge base in recycling and refining
and subsequent downstream CRM use. A possible interpretation of the weaker result
for remove is that this function is less univocal, covering a more heterogeneous set of
material-directed innovation problems than the other two. It includes both cases in
which a material is removed as a pollutant or unwanted substance and cases in which
material components are reduced or separated for technical adjustment or optimisation
purposes while still remaining part of the invention. As a result, the knowledge accumu-
lated within remove may be less unidirectional than in recycle and refine, particularly
in the case of pollutants, making its stock-based relationship with downstream use less
systematic.

Table 13 examines whether the association between each material-directed func-
tion and downstream CRM use depends on the development of other material-directed
functions within the same country-CRM trajectory. To this end, the main function
variables are standardised before constructing pairwise interaction terms. All three
interaction coefficients are positive and statistically significant, indicating that the as-
sociation between each individual material-directed function and downstream CRM
use becomes stronger when other material-directed activities are also more developed.
Recycling, refining, and removal therefore appear as mutually reinforcing rather than
alternative innovation paths within the same country-material trajectory. Additionally,
this evidence is in line with the broader interpretation emerging throughout the econo-
metric analysis in this section, namely that CRM innovation tends to develop through
integrated functional trajectories, and is also consistent with the overlap in material-
directed knowledge bases suggested by the similarity of their underlying technology
domains discussed in Section 5.2.
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(1) (2) (3)
Recycle × Refine Recycle × Remove Refine × Remove

Recycling (std.) 0.0353∗∗∗ 0.0479∗∗∗ 0.0545∗∗∗

(0.0133) (0.0129) (0.0121)
Refining (std.) 0.120∗∗∗ 0.128∗∗∗ 0.120∗∗∗

(0.0155) (0.0156) (0.0157)
Removal (std.) 0.107∗∗∗ 0.107∗∗∗ 0.0998∗∗∗

(0.0141) (0.0144) (0.0148)
Recycle × Refine 0.0308∗∗∗

(0.00733)
Recycle × Remove 0.0222∗∗∗

(0.00585)
Refine × Remove 0.0337∗∗∗

(0.00816)
Log(GDP) 0.489∗∗∗ 0.486∗∗∗ 0.486∗∗∗

(0.138) (0.138) (0.137)
Log(Patent volume) 0.411∗∗∗ 0.425∗∗∗ 0.415∗∗∗

(0.0561) (0.0553) (0.0549)
CRM producer -0.0981∗∗ -0.0968∗∗ -0.0967∗∗

(0.0435) (0.0437) (0.0438)
Log(R&D) 0.452∗∗∗ 0.463∗∗∗ 0.459∗∗∗

(0.0756) (0.0753) (0.0751)
Log(CRM real price) 0.00235 0.00233 0.00287

(0.0158) (0.0158) (0.0158)

N 7310 7310 7310
Within R2 0.516 0.515 0.516

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Table 13: Fixed-effects estimates of interactions among material-directed innovation
functions. Columns (1)-(3) report the interactions between recycling and refining, re-
cycling and removal, and refining and removal, respectively. Main regressors are stan-
dardised to facilitate interpretation. All specifications control for GDP, overall patent
volume, the CRM producer dummy, R&D expenditure, CRM prices, the remaining
non-interacted function, and include country-CRM and year fixed effects. Standard
errors are clustered at the country-CRM level.

These results point to a country-level pattern of CRM innovation that is differen-
tiated but not fragmented. As shown by Table 10 and Figure 6, countries vary in the
scale, composition, and dynamic evolution of CRM patenting. Yet, the econometric
analysis shows that downstream CRM use is systematically associated with material-
directed innovation once country-material trajectories are examined over time. More
specifically, the main regressions show positive co-evolution across functions, the stock
specifications indicate that this relationship is also linked to knowledge accumulation
over time, and the interaction terms suggest that material-directed functions are mutu-
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ally reinforcing rather than alternative innovation paths. The relevance of these findings
is twofold. First, once CRM innovation is unpacked into distinct functional strategies,
the results suggest that countries tend to develop these strategies in combination rather
than along separate trajectories. Second, they confirm the value of distinguishing the
different technological roles that CRMs play within innovation systems, since doing so
makes it possible to identify not only heterogeneous country profiles, but also the ways
in which different forms of CRM-related innovation are connected to one another.

6 Conclusions

Critical raw materials are increasingly recognised as essential foundations of contem-
porary technological change because of their enabling role in a wide range of strategic
applications, including green and digital technologies, artificial intelligence, defence, and
aerospace. Their intrinsic properties make them key and often irreplaceable components
of important technologies, while their supply is frequently characterised by strong geo-
graphical concentration and fragmented value chains. For these reasons CRMs are not
just neutral background inputs but structural factors that shape not only the feasibil-
ity of innovation, but also its direction (Carrara et al., 2023; Eggert, 2011; Gong and
Andersen, 2024; International Energy Agency, 2023b; Li et al., 2024).

Importantly, innovation responses to the opportunities and constraints surrounding
CRMs are inherently heterogeneous, as supply conditions, technological opportunities,
and broader geopolitical and policy settings shape different innovation paths. As a re-
sult, CRM-related innovation is more internally differentiated than aggregate indicators
usually suggest. This heterogeneity has remained only partially visible in the existing
literature (de Cunzo et al., 2025; Diemer et al., 2022; Fusillo et al., 2025; Manera,
Fusillo, Orsatti and Quatraro, 2025; Priore et al., 2025). By building on the idea that
understanding innovation responses to growing material and strategic pressures requires
examining the functional roles these materials play across technology domains, our pa-
per addresses this gap by developing a unified framework to track how CRMs enter
patented inventions. Specifically, it identifies four mutually exclusive CRM functions,
depending on whether the material is refined, removed, used or recycled, corresponding
to different roles that materials play in innovation, and examines how these functional
roles are distributed across technologies, materials, and countries through a structured
and scalable classification pipeline.

To this aim, we devise an empirical strategy that combines a theoretically grounded
classification architecture with frontier quantitative methods. At its core lies a decision-
tree structure that identifies the functional role played by a CRM within a patented
invention, translating conceptual distinctions on how materials are employed in dif-
ferent types of innovation domains from the literature and from direct patent reading
into a sequence of binary classification questions. Empirically, we build on recent ad-
vances in AI-based text analysis and patent mining (Aroyehun et al., 2025; Madani and
Weber, 2016; Zhang et al., 2022) to implement a hybrid strategy combining a keyword-
based filtering, manual annotation, prompt-based classification with GPT-5-Mini, and
supervised scaling through a fine-tuned BERT classifier. Applied to the patent docu-
ments in PATSTAT, this pipeline makes it possible to classify millions of CRM-patent
associations while maintaining high classification performance scores. More broadly,
it allows us to move beyond treating CRM mentions as homogeneous signals and to
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distinguish between downstream use, where the material acts as an enabling input of
the invention, and the material-directed functions recycle, refine, and remove, which
capture innovations targeting the material itself.

Applying this multi-step strategy to patent families mentioning CRMs over the pe-
riod 1999-2020 yields three main findings. First, CRM innovation is strongly uneven
across functions. While downstream use overwhelmingly dominates in absolute lev-
els, the material-directed functions – especially recycle – display the fastest growth
over time, indicating that an increasing share of CRM-related innovation is directed
towards the processing, recovery, and treatment of CRMs. Second, these functions
are differentiated in their underlying technological bases in terms of CPC codes: use
occupy is linked to a distinct set of technological areas, whereas recycle, refine, and
remove display stronger overlaps with one another, pointing to related but not iden-
tical knowledge bases and to a common concentration in processing, treatment, and
recovery activities within chemistry- and metallurgy-related domains. Third, country-
level trajectories reveal substantial heterogeneity in the scale and evolution of CRM
patenting. Despite this heterogeneity, the econometric evidence consistently indicates
that material-directed functions and downstream CRM use tend to co-evolve rather
than substitute for one another across specifications. Overall, our findings point to a
picture of CRM innovation that is heterogeneous but not fragmented: countries dif-
fer substantially in the scale and evolution of their CRM-related patenting, yet once
country-material trajectories are examined over time, downstream applications and
material-directed functions appear closely connected.

Our analysis and main findings carry important methodological, analytical, and
policy-related implications. Methodologically, this contribution rests on a hybrid clas-
sification architecture that combines a solid theoretical foundation with frontier quan-
titative methods. Rather than relying on off-the-shelf use of language models, the
paper develops a decision-tree framework grounded in the literature and in the empir-
ical variety of CRM-related patents, constructs a manually labelled training sample,
and combines prompt-based classification with supervised transformer-based scaling.
To our knowledge, the application of this integrated approach to patent data in order
to identify the functional roles of CRMs within inventions is novel in two ways. First,
it proves how structuring classification tasks as decision trees is an extremely effective
way of performing complex classification with language models, that increases accuracy
and transparency. Second, it introduces a scalable and reproducible pipeline to scale-
up classification tasks reliably to millions of documents relying on a small amount of
hand-labelled data and LLM calls. In summary we introduce a pipeline that can be
generally applied to complex classification tasks with minimal data-labelling efforts and
reasonable computational costs. This represents a significant departure from current
language-model-based classification approaches in the patent domain.

Analytically, the paper shows that distinguishing the technological role of CRMs
within inventions adds explanatory power relative to approaches based only on ma-
terial mentions or aggregate patent counts. It makes it possible to identify not only
heterogeneous country profiles, but also the interdependencies between different forms
of CRM-related innovation. More broadly, the analysis suggests that treating CRM in-
novation as a single aggregated category risks obscuring both changes in its functional
composition and the connections across different innovation strategies.

From a policy perspective, the results are relevant for a wide range of current de-
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bates on critical raw materials, industrial resilience, and strategic technologies. Many
national and international policy frameworks set explicit objectives for different seg-
ments of the CRM value chain, from extraction and processing to end-of-life recovery
(European Commission, 2024; G7, 2025). However, without the technological develop-
ment needed to support them, such targets risk remaining only partially credible. In this
respect, a functional perspective helps monitor how innovation is distributed across dif-
ferent CRM-related activities, assess whether current country profiles are aligned with
strategic objectives, and identify possible development paths. More specifically, the
results suggest that policy efforts aimed at strengthening material-directed innovation
have the potential to further strengthen downstream technological development, that
rests on a partly shared technological base. The econometric evidence is consistent
with a pattern of integrated CRM innovation across functions, implying that efforts
directed towards circularity, processing, and material treatment are compatible with
maintaining downstream technological competitiveness.

While the paper offers a novel framework for analysing CRM-related innovation, it
also has some limitations that open several directions for future research. First, the
taxonomy developed here captures the four main functional roles identified in this pa-
per (use, recycle, refine, and remove), but future research could develop it further by
separating cases that are currently grouped within broader functional categories, in-
cluding, for example, mining and substitution. Second, the identification strategy relies
on explicit textual mentions of CRMs in patent abstracts as a pre-filter and there-
fore provides a lower-bound representation of CRM-related innovation, missing patents
that involve CRM components without directly mentioning the material. Third, while
the present analysis focuses on broad functional patterns across materials, technologies,
and countries, the framework developed here could be extended to investigate in greater
depth how CRM functions evolve within specific strategic domains, including renewable
energy, digital infrastructure, and defence.

Critical raw materials are structural inputs that shape technological change. The
evidence presented in this paper shows that they enter innovation through multiple and
functionally distinct paths. Recognising this heterogeneity is essential for understanding
how innovation systems respond to growing strategic and geopolitical pressures in a
context where sustainability imperatives and international competition are increasingly
interconnected.
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A CRM keyword dictionary

To identify CRM-patent family candidate pairs, we search English-language patent
abstracts using a curated dictionary. Table 14 lists the material-name keywords and
synonyms, while Table 15 reports the retained chemical symbols and the additional
matching rules used to reduce false positives.

CRM Keywords

Aluminium/bauxite aluminium; bauxite
Antimony antimony
Arsenic arsenic
Baryte baryte; barite
Beryllium beryllium
Bismuth bismuth
Boron/borate boron; borate
Cobalt cobalt
Copper copper
Feldspar feldspar
Fluorspar fluorspar
Gallium gallium
Germanium germanium
Graphite graphite
Helium helium
Hafnium hafnium
Lithium lithium
Magnesium magnesium
Manganese manganese
Nickel nickel
Niobium niobium
PGM palladium; platinum; iridium; rhodium; ruthenium; os-

mium
Phosphorus/phosphate rock phosphorus; phosphate rock
REE rare earth; ree; cerium; lanthanum; neodymium;

praseodymium; samarium; scandium; terbium; dyspro-
sium; erbium; europium; gadolinium; holmium; lutetium;
thulium; ytterbium; yttrium

Silicon metal silicon; silicon metal
Strontium strontium
Tantalum tantalum
Titanium metal titanium; titanium metal
Tungsten tungsten
Vanadium vanadium

Note: The dictionary also includes common spelling variants, plural forms, and frequent mis-
spellings (e.g., aluminium/aluminum; baryte/barite). For readability, the table reports canonical
forms.

Table 14: Keyword dictionary used to detect CRMs in English-language patent ab-
stracts: names and synonyms.
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CRM Element symbols retained Notes / matching
rules

Aluminium/bauxite Al
Antimony Sb
Arsenic Asa symbol matched only

when not sentence-
initial

Beryllium Bea symbol matched only
when not sentence-
initial

Bismuth Bi
Cobalt Co
Copper Cu
Gallium Ga
Germanium Ge
Helium Hea symbol matched only

when not sentence-
initial

Hafnium Hf
Lithium Li
Magnesium Mg
Manganese Mn
Nickel Ni
Niobium Nb
PGM (group) Pd; Pt; Ir; Rh; Ru; Os
REE (group) Dy; La; Nd; Pr; Sm; Sc; Tb; Gd; Ce; Eu;

Ho; Tm; Yb; Lu; Er
Silicon metal Si
Strontium Sr
Tantalum Ta
Titanium metal Ti
a To reduce false positives from sentence-initial capitalisation, these symbols are matched only
when they do not occur at the beginning of a sentence.
Note: Single-letter symbols (e.g., B for boron; W for tungsten) are excluded due to ambiguity.

Table 15: Keyword dictionary used to detect CRMs in English-language patent ab-
stracts: retained element symbols and matching rules.

B LLM decision tree prompts

This appendix lists the full text of the six prompts used in the LLM decision tree
(Section 4.3.2). Each prompt is sent to GPT-5-Mini as a system-level (developer)
message, followed by a user message containing three template variables: {{title}},
{{abstract}}, and {{material}}. All prompts instruct the model to return a single
token (yes or no). The form and style of the prompts differs as a result of the automated
prompt engineering performed through OpenAI tools. All the changes proposed by
such automated tools have been accepted only after verification that they improved the
classification accuracy on a subsample of the prompt-engineering dataset that was not
used as an input for the automated procedure.
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Q1 – CRM mention in abstract

Role and Objective. You are a patent-domain classifier. Decide if the patent
abstract explicitly mentions or clearly refers to the specified critical raw material
(CRM) in the chemical/material sense.

Decision rules. Answer YES only if the abstract contains at least one of the
following:

• The material name or its standard chemical symbol (case-insensitive).

• A compound, alloy, salt, oxide, halide, hydroxide, intermetallic, or dopant
that contains the material.

• A clear group/category reference that unambiguously includes the material
identifier (recognise standard domain group names and abbreviations).

• The material appearing within a list of elements/materials.

Answer NO if any of the following apply:

• The term is used only as a common word or verb unrelated to materials.

• It refers to electrical/mechanical “lead(s)” (e.g., connectors, frames, wires,
plates, rails) or similar homographs rather than the element/material.

• It appears only as part of an organization, brand, or person’s name.

• It appears only in the title and not in the abstract.

If uncertain, prefer NO. Do not infer beyond explicit text.

Scope. Base the decision on the abstract text. Use the title only to disambiguate
meaning where necessary; do not count title-only mentions.

Q2 – Separation from other materials

Role and Objective. You are a patent-domain classifier. Decide if the material
undergoes a process of separation from other materials, in order to:

• remove it as an impurity or as an unwanted or useless material, or

• reduce the presence of the material in some output, or

• remove impurities or other unwanted materials or components from it, or

• recycle the material.

Exceptions:

• The material is first introduced as an input in the process, not originating
from waste or scrap, and then removed after having performed its function.
In that case answer NO.

• The material is removed as part of a manufacturing, shaping, or etching
process, but it intentionally and functionally remains in the finished product.
In that case answer NO.

• Answer NO if the material is not an input of the invention.
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Q3 – Removal or elimination

Role and Objective. You are a patent-domain classifier. Decide if the material
is targeted to be removed/eliminated (impurity, pollutant, unwanted component)
without being claimed as a recovered product. In this case answer YES; if it is
otherwise retained answer NO. If there is no explicit evidence that the material
is unwanted or discarded, answer NO.

Q4 – Recovery from waste or scrap

Role and Objective. You are a patent-domain classifier. Decide if the material
is being recovered from waste/scrap/end-of-life material to be re-used as recovered
material, to extend its usefulness in the current product, or to be used directly
as an ingredient in a new product. Answer NO otherwise.

If there is no explicit evidence that the input material comes from waste, scrap,
slag, or end-of-life material, answer NO. If the inputs are intermediate by-products
normally further refined in the same value chain, answer NO.

Q5 – Upstream refinement or pre-processing

Role and Objective. You are a patent-domain binary classifier for upstream
materials refinement or preprocessing.

Decide for the specified material whether the invention treats that material as
a material stream/feedstock in upstream stages to make it suitable for down-
stream manufacturing and yields that same material in a refined, upgraded,
or pre-processed form. Upstream includes extraction from ore/scrap/slag/leach
liquor/molten metal/solutions; separation, precipitation, smelting, electrolysis,
purification, and similar refining operations – provided the output is the refined
or preprocessed form of the specified material.

Return YES only if all of the following are true:

1. The specified material is the primary object being processed/transformed
(not merely present as reagent/additive/impurity/substrate/component).

2. The invention outputs a more purified/refined/recovered/preprocessed form
of that same specified material.

3. The described stage is an upstream preparation for later manufacturing, not
an end-use product/application.

Return NO in all other cases, including when:

• The invention is about devices/products/applications (e.g., batteries, elec-
trodes, catalysts, solar cells, feeds, fertilizers, coatings, shaped parts, alloys,
composite fabrication).

• The specified material is only an additive/dopant/catalyst/reagent, or an
impurity being removed, or just a component of a product/alloy.

• The process removes the specified material from waste/water but does not
produce it as a refined product stream.

• The process purifies a solution/stream that contains the material but does
not explicitly yield that material itself as a refined product.
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• The output is not a refined version of the specified material, or the material
is not transformed.

• Information is insufficient or ambiguous (default to NO).

Q6 – Intentional use in the invention

Role and Objective. You are a patent-domain material-use classifier. Decide
whether the named material is intentionally used or selected in the claimed in-
vention (product, device, system, or process). Answer YES only if the material is
a constituent, reactant, additive, dopant, coating, catalyst, electrode/component
material, or is otherwise intentionally used/selected in making or operating the
claimed invention. Answer YES also when:

• The material is listed as one of several alternatives/options; or

• The invention concerns a component or method explicitly for a device whose
class name specifies that material (e.g., a lithium secondary battery): treat
the material as intentionally used in the claimed device.

Answer NO if the material is mentioned only as:

• Background, prior art, or comparison;

• An excluded option (e.g., “free of”, “without”, “substantially free of”);

• An impurity, contaminant, residual, or trace element naturally present in
another ingredient without intentional addition/selection;

• Part of tools, equipment, measurement setup, or environment rather than
the claimed product/device/process.

Consider title and abstract only. Treat common chemical forms/ions of the ma-
terial as the material when intentionally used.
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C Country trajectories

Figure 6: Evolution of CRM-function shares across top patenting CRM countries (see
Table 10 for reference), relative to the 1999-2000 average. Each panel reports the
growth of function-specific CRM patent shares relative to total patenting activity in
the corresponding country. After the 1999-2000 baseline, observations are aggregated
by five-year periods.
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