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Machine learning map of climate policy
literature reveals disparities between
scientific attention, policy density, and
emissions

Check for updates

Max Callaghan 1,2 , Lucy Banisch1, Niklas Doebbeling-Hildebrandt 1,2, Duncan Edmondson3,
Christian Flachsland3, William F. Lamb 1,2,4, Sebastian Levi3, FinnMüller-Hansen 1,2, Eduardo Posada1,
Shraddha Vasudevan1 & Jan C. Minx 1,2,4

Current climatemitigation policies are not sufficient tomeet the Paris temperature target, and ramping
up efforts will require rapid learning from the scientific literature on climate policies. This literature is
vast and widely dispersed, as well as hard to define and categorise, hampering systematic efforts to
learn from it. We use a machine learning pipeline using transformer-based language models to
systematically map the relevant scientific literature on climate policies at scale and in real-time. Our
“living systematic map” of climate policy research features a set of 84,990 papers, and classifies each
of them by policy instrument type, sector, and geography. We explore how the distribution of these
papers varies across countries, and compare this to the distribution of emissions and enacted climate
policies. Results suggests a potential stark under-representation of industry sector policies, aswell as
diverging attention between science and policy with respect to economic and regulatory instruments.

Current efforts to reduce emissions fall far short of what is required to keep
global warmingwell below 2° as established in the Paris Agreement1. In fact,
global carbon emissions continue to rise, despite requirements to reach net-
zero emissions within the next 30–50 years. To avoid the worst impacts of
climate change, countries need to increase the ambition of their emissions
reductions pledges, and to close the implementation gap between pledges
and current policies. Only decades remain before CO2 emissions need to
reachnet-zero inmid-century2 and achieving thiswill require rapid learning
from evidence on which policy instruments work in what contexts3.

Although currentmitigation policies are insufficient tomeet emissions
reductions targets as specified in nationally determined contributions
(NDCs), which in themselves are insufficient to achieve the temperature
target of the Paris agreement1, thousands of policies have been implemented
across sectors and regions, and there are some limited examples of emissions
reductions in some jurisdictions and sectors4. Moreover, it has been shown
that the number of policies a country enacts is associated with stronger
emissions reductions5,6. Policies from around the world are collected in
databases7,8 that comprise 7074 individual policies across 198 countries and
territories. These databases present a valuable resource for policy learning
that can help to bridge the emissions gap9.

There is also a substantial scientific literature on climate policy
instruments, made up of both ex-post evaluations of instruments that
have already been implemented, as well as ex-ante studies of how dif-
ferent instruments could reduce emissions. Both of these strands of
literature are necessary for effective policy learning. However, efforts to
systematize this literature10,11 have remained limited in scope in terms of
instrument coverage, or outcomes studied. Key challenges that hinder
systematic learning are the difficulty in defining system boundaries for
climate-relevant policies, as well as a lack of consistent and compre-
hensive climate policy typologies.

Further, the sheer size of the literature on climate polices - which is
scattered across many different scientific communities and encompassing
manydifferent sectors, instrument types, and framesof analysis -makes large-
scale evidence synthesis in this area especially challenging.Given this scale and
diversity of research, it is increasingly hard for scientists to stay abreast with
research developments within their own fields. This is also a challenge for
science assessments such as those carried out by the Intergovernmental Panel
on Climate Change (IPCC)3, which is tasked with providing comprehensive
assessments of the science of climate change. Digital technologies, machine
learning, and natural language processing (NLP) therefore present promising
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avenues formaking tractable the taskof the IPCC, and for enabling large-scale
synthetic work on which the IPCC must build12–15.

In this paper, we take a critical step towards accelerating learning on
climate policies by displaying an overview of developments in the field. We
use machine-learning methods from natural language processing (NLP) to
systematicallymap the scientific literatureonclimatepolicies16.A systematic
map “collates, describes, and catalogues available evidence” in order to
“identify evidence for policy-relevant questions, knowledge gaps, [...], and
knowledge clusters”16. Rather than directly providing answers to questions
about the effects of climate policies, thismap showsuswhat hasbeen studied
and where, thereby potentially informing directions for primary research
(including through funding), and enabling further evidence synthesis work,
from individual reviews to scientific assessments like the IPCC. Given the
size of the literature, the traditional, hand-based approach to assembling
such a map is not feasible when it comes to research areas with many
thousands of papers. Using a set of over 2500 hand-coded documents, we
fine tune the languagemodel ClimateBERT17 to identify the subset of 84,990
studies in the broader climate literature that investigates climate policy
instruments, categorise them by policy type and sector, and determine the
type of analysis applied. Our automated classification pipeline enables us to
provide a living systematic map in support of research activities as well as
science assessments in this space18.

In the following sections, we first characterise what a climate policy is,
and develop a new typology of climate policy instruments which addresses
inconsistencies and gaps in existing schemes. This allows us to oper-
ationalise a working definition of a climate policy which we use to hand-
code studies and train a machine-learning model to identify and categorise
thewider climate policy-relevant literature. After using ourmodel topredict
inclusion and category labels for hundreds of thousands of potentially
relevant documents, we explore the landscape of climate policy research,
identifying which types of instruments have been studied and where. We
contrast the density of climate policy research with the density of actual
policies19, and thedistributionof emissions, allowingus to investigatewhere,
and in what sectors, policy research matches enacted policies.

We set out to identify articles that study climate policy instruments
which address the mitigation of climate change (instruments addressing
adaptation are covered in an accompanying piece20). This requires unam-
biguous definitions and a comprehensive, fine-grained typology of policy
instruments. We must also establish a workable definition of what con-
stitutes a climate mitigation policy instrument. To establish clear system
boundaries, we include policies only when emissions reductions are men-
tioned, or when a policy is unambiguouslymotivated by the desire to reduce
GHG emissions or GHG concentrations. This is the case when a policy
directly targetsGHGs such aswith a carbon tax orGHGemissions standard
(see Methods for further discussion).

As such, anarticle on subsidies for renewable energy technologieswould
not be included unless emission reductions or climate targets were men-
tioned, while an article on a carbon tax or GHG emissions trading system
would be included. This is because a governmentmay havemultiple reasons
for supporting renewable energy technologies, such as energy security, a
desire tomove away fromnuclear, or a reduction in local air pollution, while
the climate motivation for pricing carbon is unambiguous. The instrument
itself explicitly targets the reduction of greenhouse gas emissions.

We acknowledge that this means many studies of policies that have
important effects in reducing emissions will be missed, but choose a defi-
nition that can be applied consistently and with minimal ambiguity. Since
we do not have access to each policy and the motivations of the decision
makers who enacted them, we focus on what the study itself says. If a study
looks at a policy in the context of climate change or emissions reduction, we
consider it a study on climate policy.Wedonot propose this as a superior or
conclusive definition of climate policies, but simply one which can be
applied with minimal ambiguity. Our dataset, on the explicit climate policy
literature, therefore only represents a subset of the literature on policies that
are relevant to mitigating climate change, yet it is the largest database of
climate policy literature we are aware of.

Wedevelop a new typology of climate policies (Fig. 1), which bridges the
two existing typologies used in two main climate policy databases: Climate
Change Laws of theWorld (CCLW)7 and the Climate Policy Database by the
NewClimate Institute (CPDB)8. The explicit typology inherent in the Inter-
national Energy Agency (IEA) policy database21 is not made public. Our
typology is structured in three levels. For clarity, the typology is defined by the
meansbywhichgovernmentsormunicipalitiespursuepolicygoals.At the top
level,means can be eithermaking agreementswith other actors, either state or
non-state (agreements), providing funding or altering economic incentives
(economic instruments), mandating what other actors must or must not do
(regulatory instruments), providing information or building capacity in the
expectation that it changes the behaviour of other actors (information, edu-
cation, and training), or setting targets or strategies, or altering institutional
arrangements (governance, strategies and targets). The second level of the
hierarchy adds details on the specific type of instrument, e.g. a carbonprice vs.
a subsidy, while the third level offers further specifications e.g. by distin-
guishing between carbon taxes and emissions trading schemes, which both
change economic incentives by putting a price on carbon.

Supplementary Figs. 1 and 2 show the similar clusters of instrument
types between our new typology and the existing policy database typologies,
indicating that their structures are broadly similar. However, there are some
important differences. For example, in the CCLW typology, research and
development (R&D) comes under the top-level category “capacity building”,
whereas we include it under investment, which is itself a sub-category of
economic instruments.This is because the government, inproviding funding
for R&D, operates through providing resources, not by providing informa-
tion. A change of curriculum in publicly funded entities, on the other hand,
would be considered under the category of information, education, and
training. CCLW provides a separate category for “direct investment”, with
sub-categories relating to climate finance, and the provision of public goods.
We argue that clarity is created by assigning sub-categories to parent cate-
gories based on how they do what they do (in this case by spendingmoney).

This is basedon the classicNATOtypology22, helping to tie thiswork to
the broader policy literature. Nodality corresponds to information, educa-
tion and training, Authority corresponds to regulatory Instruments,
Treasure corresponds to economic instruments, and Organisation corre-
sponds to governance, strategies and targets. Agreements could conceivably
be allocated to Authority, but given their particular function in the climate
change policy realm, we assign these to a separate category. Our typology
differs somewhat from the typology introduced by Sterner and Robinson23,
which allows formore fine-grained distinctions between what we classify as
economic instruments, but less fine-grained distinctions between what we
classify as information, education, and training instruments, agreements,
and governance, strategies and targets.

Strategies and targets constitute a special case of climate policy, as it
could be argued that they are not instruments at all, being merely an
expression of policy goals rather than means to achieve those goals. How-
ever, we argue that strategies and targets are a particular type of governance
arrangement, and that they themselves have effects. As well as setting
expectations for businesses and citizens, they also bind current and future
governments - either legally or implicitly - to take actions in line with the
strategyor target, or justifywhy theydidnotdo so.We therefore include such
instruments in our typology, but discuss these critically in the results section.

After converting the policy types in the CCLW and NCI databases to
our own typology,wemerge bothdatabases using the title, country, anddate
fields using the cosine similarity of the titles. We calculate the cosine simi-
larity of each policy in the CCLW database to each policy from the NCI
database assigned to the same country and from a year notmore than 1 year
apart from the year given in theCCLWdatabase.We thenannotate by hand
the pair with the highest similarity as either duplicated or not, assuming all
pairs with a cosine similarity of 1 are duplicates, and all pairs with a cosine
similarity of 0 are unique. From2058 policies inCCLWand 5962 policies in
NCI we compile 7551 unique policies, which we use for the analysis in this
paper. Each individual policy can bemapped to one ormore of our top level
categories, and one or more sector.
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To identify and classify the literature on climate change instruments,
we search the open access bibliographic database OpenAlex with a query
(reproduced in full in supplementary materials) which aims to identify the
whole of climate literature24. This query may miss specific climate-relevant

policies that do not refer to emissions reductions or climate goals, but
according to our operational definition of climate policy literature, such
documents would not be included in our study. Our query returned
1,026,371 studies.

Fig. 1 | A typology of climate policy instrument types.

https://doi.org/10.1038/s44168-024-00196-0 Article

npj Climate Action |             (2025) 4:7 3

www.nature.com/npjclimataction


We proceeded to screen these documents, marking those that were
relevant according to our definition, and, if theywere relevant, recording the
specific climate policy instrument they focused on (at each of our 3 levels). If
multiple instruments were analysed, we recorded each of these. We also
recorded the sector targeted by the instrument (marking cross-sectoral
where thiswasnot specifiedorwhere thepaper discussed general reductions
in emissions), as well as the name of the policy instrument, the country in
which the policy was enacted or envisioned, the governance level at which
the policywas enacted or envisioned (sub-national, national, or supra/inter-
national), whether the study provided ex-post or ax-ante analysis, or whe-
ther the methodology was quantitative or qualitative.

After hand-screening, we trained machine learning classifiers to clas-
sify eachof these categories, andused a pre-trained geoparser25 to extract the
locations mentioned in each study. We assessed (see methods for training
and evaluation details) a variety of pre-trained language models26,27,
including ClimateBERT, which had undergone additional pre-training on
climate relevant texts (including scientific abstracts)17.

Based on F1 scores (which are bounded between 0 and 1 and describe
the harmonic mean of precision, the proportion of predicted positive cases
that are truly positive, and recall, the proportionof truly positive caseswhich
are predicted positive) for the different labels, we find that ClimateBERT17

predicts the categories inclusion, sector, and the top level of the instrument
typology best (Table 1). Here we observe a macro F1 score of 0.66 (table 1),
although performance varies widely from our least frequent category
(information, education and training, which achieved an F1 score of 0.31
with 57 labelled examples) to our most frequent category (economic
instruments,which achieved anF1 scoreof 0.86with460 labelled examples).
Classifier performance was not always reliable at the more detailed level,
although our best model could identify carbon pricing with an F1 score of
0.77 (294 labelled examples), it achieved an F1 score of 0 for the category
“Institutions” (44 labelled examples). We therefore refer in the following
sections to instruments at the top level of the hierarchy, as well as in indi-
vidual cases to specific sub-instruments that were well classified.

Results
A growing climate policy literature
In total, we estimate that the number of papers relevant to climate policy
instruments is 84,990 (Fig2a). 26%of this total has beenpublished since2020.
The most common instrument types are economic instruments, comprising
41,568 papers, and governance strategies and targets (34,432 papers). Since
2017, papers on governance, strategies, and targets have become the most
common; in 2022, out of a total of 8120 published papers, 4518 were on
governance, strategies and targets, compared to 3263 papers on economic
instruments (Supplementary Fig. 8). However, the majority of the govern-
ance, strategies, and targets papers we identified in screening and labelling
referred primarily to targets. 80% of studies on governance, strategies and
targets published in 2022 did not refer to any other instruments apart from

agreements (with 13% also referring to economic instruments, and 7%
referring to regulatory instruments). Just as national policies fall short of the
commitments made by governments (the aforementioned implementation
gap), a large portion of the scientific literature dealswith policy commitments
without describing how these might be implemented (e.g. because they
provide a technological assessment of a scenario that reaches a target).

The type of instrument studied varies substantially across sectors (Fig
2b). For example, of the 5000 documents studying policies in the industry
sector, 76% analyse economic instruments, while only 8% study regulatory
instruments. Studies on economic instruments also outnumber those on
regulatory instruments in all other sectors except the buildings sector, where
regulatory instruments (32%) substantially outnumber economic instru-
ments (20%) in policy studies. The buildings sector is also the only sector in
which enacted regulatory instruments outnumber enacted economic
instruments (Supplementary Fig. 4).

For effective policy learning on climate solutions, we needboth ex-ante
studies - which provide modelling or other future-looking evidence on the
potential or predicted effects of a policy - and ex-post studies - which when
properly synthesised can tell us what policies have worked, under what
conditions, and why. Bodies of evidence on different instrument types have
different proportions of ex-post and ex-ante studies (Fig. 3). Ex-ante studies
substantially outnumber ex-post studies where documents analyse eco-
nomic instruments as well as governance, strategies and targets. On the
other hand, for regulatory instruments, information instruments, and
agreements, the share of ex-post and ex-ante studies is close to equal.
Overall, around half of studies do some form of ex-post analysis, while
around 7 in 10 studies do some form of ex-ante analysis (note that studies
can be labelled as both ex-post and ex-ante).

Disparities in scientific attention, policy density, and GHG
emissions
Normalizing regional publicationpatterns by emissionshelps to understand
whether the scientific community devotes also more attention to studying
emissions reductions in those countries or regions. For example, while the
U.S. and China, the two largest emitters, are studied in a sizable 34% of the
climate policy instrument literature, their GHG emissions share is con-
siderably larger with 40% (Fig 4a). When we normalise the number of
studies by the GHG emissions of each country in 2021 (and exclude very
small countries with less than one 1 Mt of emissions), the UK becomes the
most studied country relative to its emissions, with 11,716 studies per Gt of
GHG emissions, closely followed by Sweden, with 11,036 studies per Gt of
GHG emissions. The USA and China, with 1337 and 158 studies per Gt
respectively, occupy ranks 31 and 89 (out of 158 countries forwhichwehave
data) respectively. Interestingly, the UK and Sweden are both countries that
have sustained substantial reductions in emissions over the last decade4.

To what extent does the distribution of policy literature match the
density of climate policies across countries? The two highest emitting
countries also display a large number of policies (Fig 4b), but this is relatively
small, after normalising for their emissions (Fig. 4d). The ratio of studies to
policies is again high for theUSAandChina (Fig. 4e), andparticularly low for
Africa.This suggests thatwemayhave substantial knowledgegapsonAfrican
climate policy,while theUSAandChina are highly studied given the amount
of policies they have been enacting. However, we note that Sub-Saharan
African countries in particular are relatively policy dense given their share of
global emissions (Fig. 4d), and considering the fact that as non-Annex I
countries they were not committed to reduce emissions under the Kyoto
Protocol. Further, our literature identification strategy may, by focussing on
studies indexed in English and on the explicit climate policy literature, be less
able to identify climate-policy relevant literature in sub-Saharan Africa.

An alternative perspective is to consider where emissions reductions
have actually been achieved, andwhether these cases have beenwell studied
in the literature. When we look at sustained periods of annual emissions
reductions, following4 (see methods for further details), we find that the
number of studies permaximum annual percentage reduction in emissions
is highest inCanada, theUSA, andAustralia, which are all wealthy countries

Table 1 | Classification results

Category climatebert distilroberta-base scincl

1. Relevance 0.8 (0.019) 0.8 (0.018) 0.79 (0.016)

2. Instrument I 0.66 (0.02) 0.61 (0.0072) 0.66 (0.019)

3. Instrument II 0.2 (0.091) 0.19 (0.12) 0.26 (0.036)

4. Instrument III 0.39 (0.039) 0.051 (0.0095) 0.4 (0.019)

5. Sector 0.77 (0.032) 0.76 (0.025) 0.75 (0.026)

6. Governance level 0.79 (0.013) 0.8 (0.012) 0.77 (0.03)

7. Ex-post/ex-ante 0.8 (0.013) 0.79 (0.028) 0.77 (0.019)

8. Qualitative/
Quantitative

0.84 (0.014) 0.84 (0.022) 0.84 (0.023)

Total 0.65 (0.22) 0.6 (0.29) 0.66 (0.2)

For each model and category, we show the mean F1 score (and standard deviation in brackets)
across three outer folds. Bold entries indicate models with best performance.
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that have achieved relatively low reductions despite a large amount of sci-
entific coverage. By contrast, some of the countries that have achieved the
most impressive sustained average annual reductions - such as Greece,
Denmark, and Iceland - have received relatively little scientific attention.

Bothmaybe important for policy learning: a focusoncountries struggling to
achieve reductions may highlight political barriers to climate action;
whereas a focus on successful cases could point to good instrument design
and/or promising near-term entry points to emissions reductions9,28.

Fig. 2 | The literature on climate policy instruments.Growth of literature on climate policy instruments (a). The distribution of papers across instrument types and sectors
(b), where bar heights correspond to the number of papers in each sector and widths correspond to the share of mentions of instruments within papers on each sector.
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Fig. 3 | The distribution of ex-post and ex-ante
studies over time. a–e Shares of studies by policy
instrument type. f Shares in all documents. Note:
Sharesmay add up tomore than 1, as documents can
contain both ex-post and ex-ante analysis.

Fig. 4 | The geographic distribution of climate
policy literature. a Number of studies by country.
b Number of policies by country, according to
CCLW and New Climate Institute databases.
Number of studies (c) and policies (d) relative to
greenhouse gas emissions in 2021. e Number of
studies over number of policies. fNumber of studies
divided by annual percentage emission reductions.
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Looking at emissions reductions over a shorter timespan (Supplementary
Fig. 5) reveals additional countries that have achieved emissions reductions,
albeit with less certainty that these are “sustained”. Among these countries,
Brazil is much studied (621 studies), despite its modest reduction of 0.3%
reductions per year, while Argentina is less frequently studied (25 studies)
despite its larger reduction of 1% per year.

Instrument types in science and policy
Scientific attention to policies of different types may match the share of
policies of different instrument types to a greater or lesser extent in each
country, keeping in mind the limitations in the scope of both literature and

policy databases. A greater divergence between scientific and policy atten-
tion may indicate that the priorities or preferences of scientists and pol-
icymakers are divergent, either (depending on perspective) because
scientists do not adequately direct their attention to the policy types that are
politically feasible in a country, or because policymakers do not enact
policies that are supported and studiedby themajority of scientists. Looking
more closely at individual countries, we canmeasure the extent towhich the
instrument types in the literature match those of enacted policies by sum-
ming the difference between the percentage of studies, and the percentage of
enacted policies on each policy instrument. This varies widely by country
(Fig. 5). Of countries with at least 5 enacted policies and 50 policy studies,

Fig. 5 | Policy mix and distribution of literature by country. The distribution of
instrument types in scientific literature (upper bar) and enacted policies (lower bar) for
each country in countrieswith the 20most similar (a) and least similar (b) distributions of

policy andscientific attention.Dissimilarity (which is boundedby0and1and represented
by a cross) is given summing the differences between shares for each instrument. Country
labels show the number of studies, followed by the number of policies.
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Korea, Portugal, Finnland, Norway, and Switzerland have distributions of
instrument types in the literature which most closely resemble the dis-
tribution of enacted policies. Laos, Russia, Singapore, the Philippines, and
South Africa have distributions of instrument types in the literature which
differ most strongly from the distribution of enacted policies. In each of the
latter cases, the share of literature on economic instruments substantially
outweighs the share of enacted economic policy instruments.

Moreover, arguments about whether scientific attention has been
allocated appropriately given political constraints and concerns (or con-
versely whether policymakers have sufficiently heeded scientific
knowledge29) have been particularly focused on economic instruments
(particularly carbon pricing), given perceptions of the difficulty of enacting
such policies, and (claimed) limited effectiveness30–32. Here we examine
whether the distribution of climate policy research is disproportionately
focused on economic instruments such as carbon prices as compared to the
distribution of actually existing climate policies. We find that the share of
studies focussing on economic instruments (49%) is indeed somewhat
higher than the share of policies which use economic instruments (35%)
(Fig. 6). However, there is significant regional variation in this finding: in
North America, the ratio of study share to policy share stands at 1.21:1,
compared to 2.55:1 in Africa, and a mere 0.82:1 in Europe.

Within economic instruments, we explore the distribution of pricing
and subsidy instruments, analysing how this has changed over time, and
how this varies across regions. Globally, the share of papers on economic
instruments looking exclusively at prices (including emissions trading

schemes) compared to subsidies has shrunk over the last two decades, from
92% in 2005, to 77% in 2022. This decreasing dominance of price instru-
ments is globally consistent, although there is a large variation in the pro-
portion of literature focusing on prices in each continent (see
Supplementary Fig. 7). In South America and Asia, 69% of the economic
instruments literature focuses on prices, whereas this figure stands at 79% in
Europe, 83% in Asia, 86% in North America, and 89% in Oceania.

Unlike economic instruments, where scientific attention is generally
greater than policy density, regulatory instruments are comparatively
understudied across all regions. Regulatory instruments are described by the
IPCC as enjoying “greater political support”, but being “more economically
costly”33. The disproportionally low attention to regulatory instruments
could be a sign that science focuses on thosepolicies seen to bemore efficient
policies at the expense of policies which command political support,
potentially inadequately reflecting political economy concerns that result in
seemingly “second best” policy landscapes34. This may result in scientific
blind spots in terms of howwell such second-best instruments perform, and
how they interact with other instruments.

Varying sectoral coverage in scientific and policy attention
In terms of sectoral coverage, a large number of documents discuss the
power sector, or cross-sectoral emissions reductions (28% and 33% of
paper-sector mentions respectively) (Fig. 7). The power sector is also the
largest sourceof emissions, accounting for 37%of global netGHGemissions
in 2021. Shares of papers per sector were similar to, or slightly greater than

Fig. 6 | Policy density and scientific attention by
region and policy type. The share of studies (green
dots), compared to the share of enacted policies
(purple dots) for each policy instrument type in each
region.
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the share of emissions across all sectors with the exception of industry,
which accounted for 23%of globalGHGemissions, but only 8%of scientific
attention, and 13% of implemented policies. This stark difference suggests
that scientific attention andpolicies targeting industry are falling short of the
importance of the industry sector in terms of emissions.

In contrast, the buildings and transport sectors are notable in that their
policy and scientific attention outweighs their contribution to emissions
(Fig. 7).However, despite the relatively small contribution of these sectors in
terms of emissions (compared to the attention they receive) there has been
limited progress in reducing emissions in these sectors as compared to the
power sector4. The increased policy and scientific attention could therefore
be evidence of attempts to redress the lack of progress.

In Supplementary Fig. 6, we plot the share of papers on each sector in
each country against the share of emissions in each sector and each country.
We find that for all sectors but waste, there is a significant positive rela-
tionship (dashed line) between a country’s share of emissions in the sector,
and the share of scientific papers addressing that sector. However, in each
case the distribution is far from proportional (solid line), and there is sub-
stantial variation between countries. For example, 34% (5GT CO2) of
China’s total emissions in 2021 came from the industry sector, but only 14%
(748) of the studies addressed this sector. On the other hand, transport only
accounted for 7%ofChinese emissions, but 17%of the studies focus on it. In
contrast, the transport sector is understudied in the US, with 24% of pub-
lications compared to 29% of emissions.

Finally, we explore how the literature covers policies enacted or envi-
sioned across governance levels (Supplementary Fig. 3). The largest number
of studies (44,138) looks at policies at the national level, rather than at the
sub-national (10,811) or supra/international (41,138) levels. This is a rela-
tively newdevelopment, as supra/international policieswere the focus of the
highest share of studies before 2010 (excluding 6 years during the 90s when
there were very few papers published). Since 2000, the share of papers
looking at national and sub-national policies has been increasing, from 40%
and 5% respectively in 2000, to 51% and 13% in 2022. This may suggests an
increasing focus on implementation details, or also the increasing recog-
nition of multi-level governance issues35. Papers on sub-national and
national policiesmore often address economic, regulatory, and information
instruments than papers on supranational and international policies, which
more often address governance and agreements.

Discussion
In this study, we use machine-learning to systematically map the literature
on climate policy instruments. Just as in the broader climate literature, as

well as in science more generally14,36, we find a vast and fast-growing sci-
entific literature of 84,990 publications. Assessing this literature, or even
subsets of this literature, systematically and comprehensively is challenged
by its scale.We argue that systematicmapping, especially computer-assisted
systematic mapping, has to play a growing role in the scientific process to
help researchers, policymakers, and assessment processes keep abreast with
the scientific evidence at reasonable costs. Successes in further automating
these processes towards living maps, which could maintain a comprehen-
sive picture of the available literature as it is produced, would increase the
utility of mapping efforts even further18.

Automation of the kind in this computer-assisted map allows literature
tobe surveyedat scales thatwouldotherwisebe impossible, but it alsobrings in
additionaluncertainties.All ofourclassifiersproduceerroneouspredictions to
non-trivial extents, and struggle increasinglywith the granular classificationof
policy instrument typeswherewehave few labelled examples. Future research
may build on these foundations, through the use of a combination of more
powerful machine-learning models, training techniques adapted for sparse
training data, or additional labelled examples. The extent towhich ourmodels
are wrong is well quantified, and the adjustment of probability thresholds
offers an opportunity to trade off different types of model errors - false
positives and falsenegatives - against eachotherwhen thesemodels areused in
practice, according to the needs of the specific use case.

Further, though our working definition of the climate policy literature
provides clarity on systemboundaries, itmeans that our literaturemap does
not comprise all literature on policies that could have a beneficial effect in
mitigating climate change, such as energy policies that do not explicitly
mention climate. This may in turn affect our results on the distribution of
studies (across sectors, countries, and instrument types), if there are dif-
ferences in the extent to which climate mitigation is an explicit focus of
policymaking in climate-relevant policies across these categories.Moreover,
within the confines of our system boundaries, we may miss studies that are
not indexed in OpenAlex, and we will miss, or mislabel, studies that receive
erroneous predictions from our models. Because we only screened, coded,
and applied ourmachine learningmodels basedon the titles and abstracts of
studies, we may also miss studies that address climate policies, or specific
aspects of climate policy, within the main text of the paper, without men-
tioning these in the title or abstract.

In addition, there is a risk that our findings are affected by our search
strategy being in English. While English is the international language of
much peer-reviewed scientific literature, and where papers are written in
languages other thanEnglish theyareoften indexedwithEnglish abstracts, it
has been shown that extending searches beyond English can increase global
coverage of evidence synthesis projects37. We should therefore assume that
our coverage in non-anglophone countries is lower than in anglophone
countries. Extending searches into languages other thanEnglish is at present
difficult to implement, and beyond the scope of this project, but advances in
multilingualNLPapproachesmaymake this tractable in the future. Further,
in Supplementary Fig. 10, we show the distribution of content types in our
database; it is likely that the inclusion of posted-content (preprints, 12% of
studies)makes our database slightlymore focussed onNorthAmerican and
on Economic Instruments. Beyond distinguishing between studies of dif-
ferent kinds, because of the scale of the analysis, it is not possible to assess the
quality of the studies, except through imperfect metrics such as number of
citations and impact factor. However, we refrain from using these due to
concerns that this would introduce more biases.

Despite these limitations, the map is close to as comprehensive as we
believe is currently feasible, and we do not have reasons to fear that omis-
sions or differences in article quality are systematic, such that our main
conclusions about the distribution of climate policy research, and how this
relates to the sectoral andgeographical distributionof policies and emissions
would be substantially affected. These conclusions can help to inform dis-
cussionsbothonwhat climatepolicy literature shouldbe investigating, or on
what policy instruments policymakers should be implementing. For
example, economic instruments are more widely studied than actually
applied in climate policy, while regulatory instruments are widely used in

Fig. 7 | Share of literature, policies, and emissions in each sector.Bluedots showthe
share of total emissions in each sector. Orange dots show the share of total papers which
address each sector.Greendots show the share of total policieswhich address each sector.
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climate policy but less frequently studied. In this way, and by linking these
two datasets with outcomes on emissions reductions, our research can shed
light on important potential research gaps, in terms of understudied success
stories, cases where policies have not been sufficient to reduce emissions, as
well as sectors - such as the industry sector - which have received little
attention in science and policy despite their sizeable emissions footprints.

Futureworkmay explore the links between emissions, policies, and the
scientific literature further, for example by using other measures of policy
stringency, or by exploring sectoral and temporal dynamics, or variation
across abatement costs.Matching studies to individual policies couldhelp to
explore the extent to which different types of enacted policies are evaluated,
helping to identify gaps in the primary literature.

Ultimately, evidence-based decision-making should be informed not
onlyby individualprimary studiesbutbyhighquality systematic reviews38.A
search for evidence synthesis keywords in our database ("systematic map"
OR “systematic review" OR “meta-analysis") provides some suggestive evi-
dence that there may be a substantial evidence synthesis gap39 in the climate
policy instruments literature.We find that 0.33% (281) of our 84,990 papers
match an evidence synthesis keyword in the title or abstract. This proportion
is an order of magnitude lower than the 3% identified in the domain of
climate andhealth12. Filling this evidence synthesis gapwill support the IPCC
and other climate assessments3, and enhance policy learning.

Wemakeourmapavailable as a community resource in interactive and
searchable form at https://climateliterature.org/#/project/policymap. We
aim to enhance the value of this resource by automating the process of
updates, making it a living systematic map18. Over time, we aim to incor-
porate additional categories where classifiers can be developed. This online
map could serve as a useful resource for IPCC authors or policymakers as
well as a startingpoint for consolidatedefforts toclose the evidence synthesis
gap through systematic reviews, or ecosystems of interconnected systematic
reviews and meta-analyses across the broad spectrum of combinations of
policy instruments, sectors, and outcomes. Providing such systematic and
comprehensive assessments of climate solutions is vital given the urgency of
increasing climate policy ambition and closing the implementation gap.

Methods
We apply supervised machine learning to scale up a systematic map, fol-
lowing a pre-registered protocol40. After retrieving documents likely to be
relevant to climate change, we screen and code 2580 papers by hand. We
train machine learning models to reproduce the screening and coding
decisions and estimate the performance of these models using cross-
validation. We then describe the distribution of papers on climate policy
instruments, comparing this to the distribution of enacted policies and of
emissions. The following sections describe each of the aforementioned steps
in detail.

Literature retrieval
We started by querying the publication database Web Of Science Core
Collection, using a Query adapted from ref. 24 to include specific climate
policies such as carbon pricing, which are unambiguously related to climate
change. Due to access constraints, we were not able to update our search
using Web of Science, so our final query was conducted using the open
source database OpenAlex. Our final query returned 1,026,371 documents
in February 2023.

Defining climate policy instruments
Defining a climate policy instrument is non-trivial because emissions can be
influenced by a wide range of policies, many of whichmight also be enacted
for other reasons. A minimally inclusive approach would be to include
policies that are explicitlymotivated by climate change.However, thiswould
miss a large number of relevant policies that may not explicitly mention
climate change, but do help states or municipalities to reach mitigation
targets.

A maximally inclusive approach would be to include all policies that
could conceivably have an effect on emissions. However, this is not without

its difficulties. Legislation that provides public transport infrastructure
certainly meets the condition of conceivably having an effect on emissions.
Butwhile the rationale for considering legislation from the last three decades
to provide public transport infrastructure is clear, this position becomes less
tenable as we go back further in time. Public transport infrastructure has
many other benefits than reducing emissions caused by motorised private
car transport, and has been provided since long before climate change was
an objective for decision makers.

This becomes even more complex as we consider the full range of
policies which may be able to affect emissions. For example, scholars from
ecological economics have argued that alternative policy goals such as
redistributing income41, or reducing working time42 can contribute to
mitigating climate change (or even are necessary to meet ambitious climate
goals). Shouldwe thenconsider all legislationwhich redistributes incomevia
the tax system31, or which restricts working time as climate policy instru-
ments?Given the close links between emissions andeconomic activity43, one
could argue that large parts of economic and public law is climate-change
relevant. Indeed, non-climate lockdown policies, observed during the
COVID-19 pandemic, have precipitated the sharpest fall yet observed in
global fossil fuel emissions44.

Trying to include all policies which might affect emissions quickly
becomes intractable. It is true that to achieve net-zero, climate change will
need to be tackled as a cross-cutting concern across government depart-
ments and sectors45, rather than as a single issue to be addressedwith its own
policies.However, while viewing all policy as climate policymay be a helpful
frame to encourage the mainstreaming of climate change across policy-
making, such an expansive definition offers insufficient focus in our attempt
to analyse the literature on climate policies.

We therefore employ a hybrid approach that takes into account the
policy itself, aswell as the focus of the paper. Somepolicies, such as subsidies
for public transport use, may be enacted for a variety of reasons (e.g. to
reduce road traffic congestion, to improve air local air quality, or to enable
greater mobility). Other policies may have additional benefits other than
reducing emissions, but are unambiguously motivated by the desire to
reduce emissions (or in the case of CDR to reduce GHG concentrations).
This is the case when they directly target emissions or withdrawals, for
example with a carbon tax, or emissions standard. Studies which mention
policies in the latter category are included regardless of the content of the
title and abstract. Studies in the former category are included only when the
title or abstract makes reference to climate change or GHG emissions,
withdrawals or concentrations.

In our scheme therefore, a policy becomes a climate policy when a
study analyses it in the context of climate change and GHG emissions. In
otherwords, legislation that funded apublic transport network at the start of
the 20th Century would be seen as a climate policy in the context of a study
analysing the effects of that transport network on emissions. While this
makes the system boundaries clear, it does mean that we miss studies that
would be relevant to fully understanding climate policies. For example, a
paper analysing the emissions effects of a public transport subsidy would be
included.However, another study analysing public perceptions of that same
policy (withoutmentioning climate change) would not be included, though
this may be useful to analysts looking to study the feasibility of this measure
as a lever to mitigate emissions. This means that we do not have the full
literature on all policieswhichmay affect emissions (whichwe refer to as the
climatemitigation relevant policy literature).Rather,we focuson the explicit
climate mitigation policy literature.

Screening and coding
We proceeded to manually screen and code 2580 documents by hand,
judging, for each document the following categories:
1. whether it was about climate change,
2. whether it addressed mitigation,
3. whether it addressed policies
4. what policy instrument types the document describes, at each level of

our typology (Fig. 1)
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5. what sectors the policy or policies apply to, according to the typology
used by the IPCC

6. the governance level of the polices (sub-national, national,
supranational)

7. whether the analysis was ex-post or ex-ante
8. whether the analysis was qualitative or quantitative
9. which countries werementioned (resolving sub-national entities to the

country containing them)

The first three questions were concatenated into a single measure of
relevance, which took the value of 1, if all three questions were answered
with yes.

The initial two batches of documents were screened and coded using
the NACSOS platform46 at the title and abstract level by the whole author
team. Differences in opinion were discussed in plenum. Once common
agreement had been found around definitions and the coding scheme, we
proceeded to double-code the remaining documents. After reviewing each
batch of documents, the coding pair discussed and resolved all coding
inconsistencies bilaterally, before reporting on any issues that came up, and
raising any labels that could not be resolved, in a weekly meeting with the
entire coding team and the lead author. Supplementary Table 1 shows the
intercoder agreement scores for each category.

Batches of documents were double coded, with all disagreements
resolved in a further discussion (if necessary involving a third opinion). Inter-
coder agreement for high-level categories ranged from 0.38 for the evidence
category ex-ante to 0.8 for the sector category buildings (Supplementary
Table 1). Batches were either drawn at random from the whole query, or
selected using a machine learning algorithm trained to return relevant
documents. Overall, 2580 documents were screened and annotated by hand.

Machine learning assistance
We trained machine learning models to reproduce the coding decisions
described above. Specifically, we investigated a variety of transformer-based
language models47, which are pre-trained with a masked language model
objective (in which models must predict missing words from the sur-
rounding words in text sequences) on very large text corpora to learn useful
representations of texts. These can be fine-tuned on a dataset of texts and
labels - in this case the titles andabstractsof thedocuments, and the labelswe
assigned duringmanual coding - in order to predict the likely labels for a set
of unlabelled texts. In addition to our base model distilroberta26,48, which
worksmuch like the original BERTmodel47, but is optimised and reduced to
a more compact form, we assess two models which incorporate additional
pre-training before the fine-tuning step.

ClimateBert17, which is based on distilroberta, received additional pre-
training49 on a corpus of climate change related texts. This additional
domain adaptation may increase its ability to perform tasks related to
climate-related texts. SciNCL27 is pre-trained on a large corpus of scientific
texts and uses the corpus’ citation network to inform its text representations
via contrastive learning.

For each model, modellers must set hyperparameters - or settings
which describe how a model is trained - which can influence the perfor-
mance of the model. The optimal set of hyperparameter settings is not
known for any given dataset, so we therefore optimize the hyperparameters
within a given search space (Table 2) using an algorithmic approach50.

We use nested cross-validation51 to estimate the performance of our
model - and its hyperparameter optimisation procedure - on unseen data.
To do this, we split our labelled dataset into 3 outer test/outer train splits.
Iterating through each of these, we split the outer train split into 3 inner
validation/inner train splits. We then optimise the hyperparameters,
selecting the set of hyperparameters that achieves the best F1 score on
average when the model is trained on the inner train split, and validated on
the inner validation split. This set of best parameters is then used to train the
model on theouter training set, and thismodel is then evaluatedon theouter
test set. After iterating through all outer and inner splits, we are left with 3

performance estimates of the model and hyperparameter selection process.
We repeat this process for eachmodel, and each classification objective, and
report the mean and standard deviation of the F1 scores (the harmonic
mean of precision and recall).

To select the final model used for making predictions, we repeat the
process from the inner loop on the outer loop. That is, we select the set of
hyperparameters that achieves the highest average performance across each
of the 3 outer train/test splits, and use these settings to train a model using
the whole dataset. This set of hyperparameters does not necessarily equal
any of the sets of hyperparameters that have been evaluated in the pre-
ceeding step, as its purpose is not to evaluate any particular set of hyper-
parameters, but rather to evaluate the hyperparameter-setting procedure.

Because a small proportion of documents in the dataset were relevant
to climate policy, selecting documents for manual screening and coding by
hand would have left us with few relevant documents, and few examples of
specific categories of climate policies. We therefore alternated between
coding batches of documents drawn at random, and batches of documents
predicted by a machine learning model (trained on the subset of available
data) to be relevant. For efficiency’s sake, these predictions were made by a
simple support vector machine model trained on term frequency inverse
document frequency representations of texts52.

When training on the relevance objective, we consider only those
labelleddocuments for validation thatwere randomly selected for screening.
This ensures that the estimation of our model performance is not biased by
the fact that the data it is evaluated on is not representative of the data it is
used to make predictions on. When training on subsequent objectives, all
irrelevantdocuments are removed fromthedataset, anddocuments selected
bothat randomand fromthe set of predicted relevantdocuments areused in
testing and validation. As the predictions for these classifiers are only made
on those documents predicted to be relevant in the first instance, the
documents used for testing are broadly representative of the documents the
model makes predictions on.

After the initial collectionof data fromWebof Science at the start of the
project, updating the search using Web of Science was not possible due to
technical and access constraints, so the search was repeated using the open
source scholarly database Open Alex, the successor of Microsoft Academic
Graph.Aftermerging this datasetwith the initial dataset, keeping only those
documents that were in both, the models were used to make predictions on
all documents that had not yet been seen.

Geoparsing
In addition to the predictions made by our fine-tuned transformer
models, we used a pre-trained geoparser53 to extract locations from the
studies and resolve these to the country containing them. In addition, we
compiled a dictionary of country adjectives to identify documents that
mentioned countries indirectly, for example by talking about the Ger-
man climate law, without mentioning a place in Germany or Germany
itself. In addition, we removed allmentions of theMontreal protocol, the
Paris agreement, the London protocol, and the Kyoto Protocol, using
regular expressions.

Table 2 | Hyperparameter space

Hyperparameter Search space

Learning rate 1e−6–1e−3

Weight decay 0–0.3

Batch size 16 OR 32

Number of epochs 2–8

Use class weights 1 OR 0

Where use class weights is equal to 1, the loss function is reweighted in inverse proportion to the
frequency of a given class, meaning that we penalise the model more during training for incorrect
predictions of infrequent classes. All other parameters are standard parameters for fine-tuning
transformer-based models47
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Emissions trends
Following ref. 4, we calculate a linear model on log emissions over the 10
years to 2021. The coefficient represents the annual change in emissions
expressed as a percentage.

Policy database sensitivity
To explore the extent to which results are sensitive to the choice of policy
database,we repeat our analysiswith eachdatabaseon its own, aswell iswith
the set of combined policies. Though there was some small variation, the
overall picture remained similar (Supplementary Fig. S11).

Query
((CO2 OR “carbon dioxide" OR methane OR CH4 OR “carbon cycle" OR
“carbon cycles" OR “carbon cycling" OR “carbon budget" OR “carbon
budgets" OR “carbon flux" OR “carbon fluxes" OR “carbon mitigation")
AND (climat*)) OR (("carbon cycle" OR “carbon cycles" OR “carbon
cycling" OR “carbon budget" OR “carbon budgets" OR “carbon flux" OR
“carbon fluxes" OR “carbon mitigation") AND (atmospher*)) OR

("carbon emission" OR “carbon emissions" OR “sequestration of car-
bon"OR “sequestered carbon"OR “sequestering carbon"OR “sequestration
of CO2" OR “sequestered CO2" OR “sequestering CO2" OR “carbon tax"
OR “carbon taxes" OR “CO2 abatement" OR “CO2 capture" OR
“CO2 storage"OR “CO2 sequestration"OR “CO2sink"OR “CO2sinks"OR
“anthropogenic carbon" OR “capture of carbon dioxide" OR “capture of
CO2" OR “climate variability" OR “climatic variability" OR “climate
dynamics" OR “change in climate" OR “change in climatic" OR “climate
proxies" OR “climate proxy" OR “climate sensitivity" OR “climate shift" OR
“climatic shift" OR “coupled ocean-climate" OR “early climate" OR “future
climate" OR “past climate" OR “shifting climate" OR “shifting climatic" OR
“shift in climate" OR “shift in climatic") OR

("atmospheric carbon dioxide" OR “atmospheric CH4" OR “atmo-
spheric CO2" OR “atmospheric methane" OR “atmospheric N2O" OR
“atmospheric nitrous oxide" OR “carbon dioxide emission" “carbon dioxide
emissions" OR “carbon sink" OR “carbon sinks" OR “CH4 emission" OR
“CH4 emissions" OR “climate policies" OR “climate policy" OR “CO2
emissions" OR “CO2 emission" OR dendroclimatology OR den-
droclimatological OR ("emission of carbon dioxide" NOT nanotube*) OR
("emissions of carbon dioxide"NOTnanotube*) OR “emission of CH4"OR
“emissions of CH4" OR “emission of CO2" OR “emissions of CO2" OR
“emission of methane" OR “emissions of methane" OR “emission of N2O"
OR “emissions of N20" OR “emission of nitrous oxide" OR “emissions of
nitrous oxide"OR “historical climate"OR “historical climatic"OR IPCCOR
“Intergovernmental Panel onClimate Change" OR “methane emission"OR
“methane emissions"OR “N2O emission"OR “N20 emissions"OR “nitrous
oxide emission" OR “nitrous oxide emissions") OR

("climate change" OR “climatic change" OR “climate changes" OR
“climatic changes" OR “global warming" OR “greenhouse effect" OR
“greenhouse gas" OR “greenhouse gases" OR “Kyoto Protocol" OR
“warming climate" OR “warming climatic" OR “cap and trade" OR “carbon
capture"OR “carbon footprint"OR “carbon footprints"OR “carbonneutral"
OR “carbon neutrality" OR “carbon offset" OR “carbon sequestration" OR
“carbon storage" OR “carbon trading" OR “carbon trade" OR “changing
climate" OR “changing climatic" OR “climate warming" OR “climatic
warming").

Data availability
Data is available at https://climateliterature.org/#/project/policymap.

Code availability
Code to reproduce the analysis is available at https://github.com/mcc-apsis/
climate-policy-instruments.
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