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Abstract
Some experts contend that addressing global climate challenges requires consideration of
technologies such as Carbon Dioxide Removal (CDR) and, possibly, Solar Radiation Modification
(SRM). Previous studies, primarily centered on the OECD region, have indicated that most of
these technologies are contentious, eliciting low levels of public support. By conducting a set of
nationally representative surveys examining seven CDR and three SRM technologies in 30
countries, we show that public skepticism is most prominent in wealthier countries. Respondents
from these countries express lower confidence in the potential of science and technology to address
climate change, diminished trust in industry, and expect to experience less personal harm from
climate change. At the same time, there are many countries, not previously studied, where the
levels of support for CDR and SRM are relatively high. As middle-income countries, their
capability to effectively implement these technologies may be deficient; additionally, there is a risk
of the unilateral implementation of certain technologies with uncertain implications in terms of
their impacts on climate. This underscores the necessity for long term climate strategies that are
context-specific and tailored to individual countries, while moreover emphasizing the imperative
for extensive international collaboration, including through technological and financial transfers.
Finally, strong international governance structures, especially in the context of SRM, are crucial to
ensure a responsible approach towards these technologies.

1. Introduction

In light of the recent record-breaking heat levels and
other extreme climate related events, the need to
provide insights and evidence to policymakers on a
diverse array of prospective solutions is more press-
ing than ever. With the global community well off
track with its near-term climate mitigation efforts
(Rogelj et al 2023), especially the phase-out of fossil
fuels (Brutschin et al 2022, Trencher et al 2022, Minx
et al 2024), the debate surrounding carbon dioxide
removal (CDR) (Smith et al 2024) and solar radi-
ation modification (SRM) technologies (Baur et al

2023) is intensifying in both the public and research
spheres. Previous research has demonstrated that
public support plays a pivotal role in the devel-
opment and deployment of specific technologies
(Boudet 2019), such as renewable energy (Susskind
et al 2022), genetically modified food (Costa-Font
et al 2008, Cui and Shoemaker 2018), artificial pho-
tosynthesis (Sovacool andGross 2015), nuclear fusion
(Jones et al 2019) and nuclear fission (Lehtonen et al
2020). In some EU countries, geological storage of
CO2 is currently prohibited, despite ongoing dis-
cussions to lift these bans (European Commission
2023). In the context of genetically modified food
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it was shown that public opposition can be persist-
ent (Bonny 2003) and result in deployment bans as
demonstrated in a number of the European countries
(Rabesandratana 2014).

A better understanding of public opinion regard-
ing novel technologies can support discussions on
the national contexts under which certain tech-
nologies might be deployed or not. This could be
an essential contribution to the advancement of
long-term climate strategies, such as for example,
through Integrated Assessment Models (IAMs),
where assumptions about techno-economic poten-
tial dominate, and socio-cultural barriers are not
considered (Jewell and Cherp 2020, Peng et al 2021,
Pianta and Brutschin 2022, Ju et al 2023). Moreover,
social attitudes and preferences can entail more act-
ive modes of participation, energy democracy, and
involvement in climate policymaking and planning,
when particular conditions such as high degrees
of trust or a social license to operate are evident
(Komendantova and Battaglini 2016, Verrier et al
2022). In the context of SRM technologies wide
discrepancies between regions can highlight the
importance of establishing international governance
structures that would aim to prevent individual
regions from unilaterally deploying SRM technolo-
gies without considering potential global or regional
consequences (Floyd 2023).

Nevertheless, reliable data and analysis on the
social and public perceptions of CDR and SRM is
limited and in some cases nonexistent. So far, sur-
veys on public perception of CDR or SRM technolo-
gies have primarily concentrated on a narrow num-
ber of countries, particularly OECD member states
(Cummings et al 2017, Tcvetkov et al 2019, Sovacool
et al 2023), especially Germany, the United Kingdom,
andUnited States. Conversely, knowledge about other
regions is limited (Visschers et al 2017, Sugiyama
et al 2020). Existing surveys consistently reveal that
people generally self-identify as having limited know-
ledge about these technologies. Additionally, the
overall level of support for their wider implementa-
tion remains relatively low (Jobin and Siegrist 2020,
Raimi 2021, Wenger et al 2021). This limited sup-
port may also be driven by more negative media
coverage and public framing of these technologies
(Bolsen et al 2022, 2023). It is however not clear
whether the findings from past research are robust
in other national contexts, especially in countries
that are not Western, Educated, Industrialized, Rich
Democracies, or WEIRD (Henrich et al 2010).

In this study, by building on the efforts of large-
scale, nationally representative surveys discussed and
presented in Baum et al (2024) and Fritz et al (2024),
we focus on the interplay of different individual
attributes and core beliefs to gain a better understand-
ing of why there is a pronounced difference in the

support of certain technologies betweenGlobalNorth
and Global South regions as also highlighted in Baum
et al (2024), which we represent through income
group categorization developed by the World Bank.
With 30 284 respondents and at least 300 observa-
tions per technology and country pairing, this study
provides one of the first comprehensive examinations
of public perceptions of CDR and SRM technologies
across a diverse range of national contexts. Unlike
Baum et al (2024), which analyzed country level
means (and almost entirely focusing on contrasts
between Global North and Global South cohorts,
e.g. for perceived risks and benefits and support vari-
ables), this study also explores individual-level data
by performing pooled regression analyses and ana-
lyses for each individual country, as well as for amuch
broader set of independent variables. Additionally,
our focus is broader than that of the study by Fritz et al
(2024), which specifically examined the role of cli-
mate beliefs in technology support, focusing on a sub-
set of countries and using amixed-methods approach
with qualitative data collected through focus groups.

We find that respondents from wealthier coun-
tries are generally more skeptical of all technolo-
gies alongside broader support for many technolo-
gies in countries which have not been previously sur-
veyed. By linking our analysis to other strands of
related literature, we argue that technological skep-
ticism in the wealthier countries can be explained
by looking at some of the characteristic core beliefs
in those countries. Wealthier countries tend to have
lower beliefs in the ability of science and technology
to deliver solutions to climate change and lower trust
in industry, in addition to expecting to experience
less personal harm from climate change. This is in
line with findings in the context of climate beliefs
research, where it was suggested that weaker sense of
personal dangers from climate change (Lo and Chow
2015), and a greater concern for bearing the mit-
igation costs (Sandvik 2008) in wealthier countries
might lead to lower support of certain climatemitiga-
tion and adaptation measures. Among other key res-
ults, we demonstrate that higher levels of biospheric
values like caring about and responsibility towards
nature, familiarity with the technology, and other
socio-economic predictors remain robust across dif-
ferent types of national contexts, confirming many
insights from previous research (Visschers et al 2017,
Wolske et al 2019, Bellamy 2022, Nawaz et al 2023,
Satterfield et al 2023).

By offering a detailed analysis of individual atti-
tudes and core beliefs across various national con-
texts, we present a more nuanced understanding of
regional differences in support for certain technolo-
gies. This serves as a useful starting point for refin-
ing our assumptions about medium—and long-term
climate mitigation strategies, where there is currently
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little attention to variations in regional capacity and
public preferences.

2. Methods

2.1. Survey data
The original survey investigated a set of ten tech-
nologies, categorized into three distinct types (for a
more detailed overview see supplementary informa-
tion (SI), section SI1). Participants from 30 coun-
tries were randomly allocated to one of the fol-
lowing groups, each focusing on a different cluster
of technologies: (1) SRM (Stratospheric Aerosol
Injection (SAI), Marine Cloud Brightening, Space-
based Geoengineering), (2) ecosystem-based CDR
(CDRn) (Afforestation and Reforestation, Soil
Carbon Sequestration, Marine Biomass and Blue
Carbon), and engineered CDR (CDRe) (Direct
Air Capture with Carbon Storage, Bioenergy with
Carbon Capture and Storage, Enhanced Weathering,
Biochar). The countries were selected to ensure
regional diversity, representation of countries where
research and testing of CDR and SRM is ongo-
ing, and to include major GHG emitters. Following
the World Bank’s classification as of 2023, the fol-
lowing countries are categorized as high income:
Australia (AUS), Austria (AUT), Canada (CAN),
Switzerland (CHE), Chile (CHL), Germany (DEU),
Denmark (DNK), Spain (ESP), Estonia (EST), France
(FRA), UK (GBR), Greece (GRC), Italy (ITA), Japan
(JPN), The Netherlands (NLD), Norway (NOR),
Poland (POL), Saudi Arabia (SAU), Singapore (SGP),
Sweden (SWE) and United States (USA). The fol-
lowing countries from the World Bank’s classifica-
tion of the upper middle-income and lower middle-
income countries are included in our sample: Brazil
(BRA), China (CHN), Dominican Republic (DOM),
Indonesia (IDN), India (IND), Kenya (KEN), Nigeria
(NGA), Turkey (TUR) and South Africa (ZAF).

Data collectionwas administered byNorstat using
quota sampling vis-à-vis age, gender, income, educa-
tion, and geographic region, with at least 1000 adult
participants per country and conducted between
August and November 2022. With thirty countries
and participants randomly allocated to one of the
three technology groups mentioned above, this res-
ulted in approximately 9000 observations per tech-
nology. Given the relatively low levels of familiar-
ity with included technologies, all respondents were
provided with brief descriptions for each technology
(SI, section SI1.3) and could proceed to the main part
of the survey after answering a set of comprehen-
sion questions and additional attention checks (SI,
section SI1.4). The survey included questions per-
taining to support for different activities (research
or deployment) of considered technologies along
with questions on sociodemographic characteristics,
beliefs about climate change and environment, and
trust in institutions and actors (for a full overview

of all included survey items and scales see SI, section
SI1.2).

2.2. Model specification
Our work contributes to the broader literature which
seeks to understand public support for certain tech-
nologies (Huijts et al 2012, Perlaviciute and Steg 2014,
Upham et al 2015, Bergquist et al 2022). In figure 1,
which guides our quantitative analysis, we depict a
set of drivers of attitudes towards a given techno-
logy by highlighting two broader groups: (1) tech-
nology characteristics and (2) individual core beliefs.
Especially in the context of different CDR technolo-
gies it has been shown that familiarity with a given
technology as well as perceived naturalness are rel-
atively good predictors of support for a given tech-
nology (Corner and Pidgeon 2015, Cummings et al
2017). At the same time individuals might have vary-
ing sets of core beliefs which mediate whether a given
technology or climate policy is deemed to be accept-
able (Visschers et al 2017). Among such core beliefs
are religiosity (Saroglou et al 2004), political views
(Wolsko et al 2016), climate vulnerability perceptions
(Lo and Chow 2015), biospheric values such as con-
cerns about nature and environment (Bouman et al
2020), general attitudes towards science and trust in
different types of agents such as industry and govern-
ment (Perlaviciute and Steg 2014).Many of those core
values are in turn affected by individual attributes
such as gender (Zelezny et al 2000), age, education
and income (Bergquist et al 2022), and are shaped by
the local context, including the political regime and
governance structures (Perlaviciute and Steg 2014).
The theoretical insights from past studies guide the
selection of predictors for our key dependent variable
of interest (where the dependent variable is support for
a broader deployment of a technology). Additionally,
we use a variety of econometric techniques to explore
which set of predictors remains robust across differ-
ent units of analysis andmodel specifications. To gain
a better understanding of the descriptive evidence,
we first aggregate individual data into country level
data by computing the share of respondents from a
given country for a particular survey item of interest.
This way we are able to trace differences across certain
groups of countries, and the general trends based on
our data. To better understand the additional char-
acteristics of the identified groups of countries, we
further conduct an explorative principal component
analysis (Lê et al 2008), which sheds light on themore
systematic differences across the countries included
in the survey, and highlights which variables explain
most of the variation. Finally, to test whether some
of the initial insights remain robust at the individual
level of analysis, we combine individual level data for
all countries, and present results from different spe-
cifications of linear regressions with country dum-
mies as fixed effects predictors and standard errors
clustered by country.
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Figure 1. A conceptual framework for the drivers of technology perceptions. Own elaboration based on insights from (Huijts et al
2012, Perlaviciute and Steg 2014, Upham et al 2015, Bergquist et al 2022).

We compare different models specifications by
looking at the levels of explained variation and high-
light predictors which remain robust. In our sup-
plementary analysis, we additionally show the results
of regressions performed for each country separately
and of variable importance analysis using machine
learning techniques (appendix, sections A1.3 and
A1.4).

3. Results

In figure 2 we provide a general overview of levels
of support across all technologies, with coun-
tries grouped into two income levels (high/H and
middle/M, which include upper and lower middle-
income classification) based on the World Bank’s
classification. Responses here, measured on a 5-point
scale, are to the question: ‘How much do you support
the broader deployment of each of the technologies to
limit the effects of climate change?’.

Similarly to the findings presented in Baum et al
(2024) and Fritz et al (2024), we can trace two
major patterns. First, that technologies that are gen-
erally perceived as more natural or more founded
in ecosystems, such as afforestation and reforesta-
tion (AF), have higher support (Mean equal to 4.35
in high income group versus 4.5 in middle-income
group), compared to technologies such as SAI (Mean
equal to 3.05 in high income and 3.68 in middle-
income). This finding confirms insights from sur-
veys in Switzerland (Jobin and Siegrist 2020), USA
(Sweet et al 2021) and Germany (Klaus et al 2020),
and the broader insight from past research that it
matters how technologies are perceived in relation

to nature (Corner et al 2013). We also note that
the difference in the levels of support between high-
income versus middle-income countries is lowest for
ecosystem-based CDR (Afforestation/AF, Soil carbon
sequestration/SCS, Marine biomass and blue car-
bon/MBBC) and greatest for SRM (Marine cloud
brightening/MCB, Space-based geoengineering/SBG,
stratospheric aerosol injection/SAI). The second pat-
tern is that high income countries are generally more
skeptical of all technologies compared to middle-
income countries. Interestingly, more than sixty per-
cent of respondents from middle-income countries
expressed general support for technologies such as
stratospheric aerosol injection, space-based geoen-
gineering, andmarine cloud brightening. In contrast,
this level of support is indicated by only around forty
percent of respondents in high-income countries.

We explore this cross-country variation through
a more in-depth descriptive analysis in figure 3 that
makes use of key variables aggregated to a coun-
try level (share of respondents that indicated agree-
ment on the Likert scale): beliefs in science to solve
climate change (‘science’), beliefs that one should
not meddle with nature (‘nature’), trust in industry
(‘trusti’) and in national government (‘trustn’) to
solve climate change, perceiving oneself as environ-
mentally concerned (‘environment’) and expecting
personal harm (‘harm’) from climate change. We also
included additional external data from the World
Bank indicators, adding GDP per capita and age
(share of population above 65 years) as two addi-
tional characteristics that might drive cross country
differences. As initial descriptive exploration, we con-
duct a principal component analysis (Lê et al 2008),
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Figure 2. Overview of support for deployment different technologies across 30 countries (N= 30 284 respondents): SAI
= Stratospheric aerosol injection, SBG= Space-based geoengineering, MCB=Marine cloud brightening, EW= Enhanced
weathering, DACCS= Direct air capture with carbon storage, BECCS= Bioenergy with carbon capture and storage, MBBC
=Marine biomass and blue carbon, SCS= Soil carbon sequestration, AF= Afforestation. The countries are categorized into
different income groups based on World Bank’s classification (latest available year):M= lower middle-income+ upper
middle-income, H= high income. The table reports the mean and standard deviation in brackets for each income group and
technology. High income countries include Saudi Arabia, Denmark, Singapore, Greece, Sweden, Estonia, Chile, Spain, Italy,
Norway, Netherlands, Australia, United States, Canada, United Kingdom, Poland, Switzerland, Austria, Germany, France, and
Japan, while upper middle income countries are China, Turkey, Brazil, South Africa, and Dominican Republic, and lower middle
income countries are India, Kenya, Nigeria, and Indonesia.

the results of which are presented in figure 3, panel
(A). The position of each point indicates the score
on the principal components, while direction and
length of the vectors indicate the contribution of the
variables to the principal components. Longer arrows
suggest stronger contributions. We can trace a clus-
tering of middle income countries (right side of the
plot) where respondents have higher trust in industry
to solve climate change, more agreement that sci-
ence and technology will eventually solve our prob-
lems with climate change, and higher expected per-
sonal harm from climate change (for a more detailed
figure on trust in industry across all countries, see
appendix, figure A1.2). Furthermore, in panel (B),
we observe that a group of countries, primarily from
the high-income category, including Austria, Poland,
Germany, Greece, and France, particularly stand out
with low levels of trust in the industry’s ability to
address climate change, where only less than 40% of
respondents have higher levels of trust. Such a lack
of trust in industry also correlates with general atti-
tudes towards science to solve climate problems in our
sample (see also Baum et al (2024) for similar lines of
argumentation). In addition, although the majority
of respondents across all countries express high levels
of environmental concern, stark differences emerge
when respondents are asked about expected personal
harm from climate change. In this context, Norway
particularly stands out as a country where respond-
ents (more than two thirds) do not anticipate being
majorly harmed by climate change on a personal level

(for a detailed analysis of this item, including insights
from the focus groups, see also Fritz et al (2024)).
Japan has a surprisingly low number of respondents
who believe that science will eventually solve our cli-
mate change problems and who consider themselves
concerned about the environment. A similar trend is
reported for Japan regarding general trust in science
in the study by Cologna et al (2024). Most countries
from the middle-income group are characterized by
higher levels of trust in industry and science (over
sixty five percents of respondents), as well as higher
levels of perceived harm from climate change.

In figure 4, panel (A), we explore whether and
how some of the individual characteristics and core
beliefs are related to support for technology deploy-
ment by performing linear regressions at the indi-
vidual level (for regression tables instead of coeffi-
cient plots, see appendix, section A1.3, tables A1.3.1–
A1.3.3). We include country fixed effects to control
for potential variation of the local contexts and stand-
ard errors clustered by country. In panel (B) we dis-
play the R-squared (within) for bivariate regressions
(where only one predictor is included at a time)
and for models when all predictors are included.
Overall, we can evidence that core beliefs such as trust
in industry (in relation to climate change), beliefs
about science, and perceptions about personal harm
from climate change particularly stand out in terms
of size of the effect (regression coefficient), contri-
bution to model fit (R-squared), and robustness as
predictors across all technologies. Additionally, we
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Figure 3. Key social and environmental explanatory factors for all countries included in the survey of CDR and SRM. In panel (A),
the results of an explanatory principal component analysis are displayed showing the loading of variables for individual countries,
including World Bank Indicators such as GDP per capita and age (share of population above 65 years). The position of each point
indicates the score on the principal components, while direction and length of the vectors indicate the contribution of the
variables to the principal components. Longer arrows suggest stronger contributions. Panel (B) displays the share of respondents
for a given country that indicated agreement on the Likert scale for a subset of items that stood out based on the analysis in panel
(A). ‘Science’ relates to the question: ‘To what extent do you agree with the following statement about science: Science and
technology will eventually solve our problems with climate change’ (Scale 1–5), ‘Trust’ in industry relates to the question ‘How
much trust do you have in the following groups and institutions, when it comes to their responsibility [and ability] to use these
technologies to limit the effects of climate change?’ (Scale 1–6), ‘Environment’ relates to ‘I think of myself as someone who is
concerned about the environment’ (Scale 1–7), ‘Harm’ relates to the question “How much do you think climate change will harm
you personally? (Scale 1–4). In the ‘Income’ column, we additionally indicate the classification of countries based on the World
Bank’s criteria and the Global North (‘N’) and Global South (‘S’) classification as used in the study by Baum et al (2024).

perform regression analyses for each country and
technology separately (appendix, figure A1.3.1) and
report variance importance after conducting a ran-
dom forest analysis (appendix, figure A1.4.1). The
additional analysis confirms the robustness of the
variables identified as core drivers of support for con-
sidered technologies.

The effect of age of individuals, for example,
depends on technology type: while higher age is cor-
relatedwith higher support for ecosystem-based tech-
nologies (CDRn), the effect is reversed in the con-
text of solar radiation management technologies, and
not statistically significant in the context of engin-
eered CDR (CDRe). We find statistically significant
results for education and political beliefs only in the
context of ecosystem-based technologies. As expec-
ted higher education is associatedwith higher support
for those technologies, while more conservative indi-
viduals tend to indicate lower support. Similarly, the
level of religiosity has a statistically significant influ-
ence on support of ecosystem based CDR and SRM,
but not in the context of other technologies. We can
observe that increased religiosity is associated with

higher support for SRM, whereas the opposite rela-
tionship is evident in the context of ecosystem-based
CDR. Gender and income, with a few exceptions for
some technologies, fail to reach statistically signific-
ant levels in the context of our analysis. Familiarity
and environmental concern emerge as robust pre-
dictors, particularly for ecosystem based technolo-
gies. Additionally, expectations of climate harm prove
to be a relatively robust predictor for all technolo-
gies, albeit somewhat less so for SRM technologies.
Trust in industry and beliefs in science and techno-
logy as solutions to climate change remain statistic-
ally significant across the board for all technologies,
and their predictive power appears to strengthen aswe
shift toward more technologically engineered solu-
tions. The primary finding from this analysis high-
lights that, when it comes to estimating an indi-
vidual’s expressed support for deployment of the con-
sidered technologies, having insights into their beliefs
about industry (see also (Sugiyama et al 2020) in the
context of SRM) and science could be more inform-
ative than solely relying on knowledge of their socio-
economic background. A striking disparity in core
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Figure 4. Results of public perceptions of CDR and SRM in 30 countries (with 8000–9000 observations per technology, for exact
number of considered respondents for each model specification please refer to the SI, section A2.3, tables 1–3). Panel (A):
Regression coefficients with country fixed effects across all technologies for a model specification that includes all variables. These
are broken down according to technology category. Panel (B): R squared (within) for model specification including only one key
variable while controlled for country fixed effects, compared to a model specification with all variables (‘All predictors’).
Explained variance from ‘all predictors’ is always different compared to the sum of the variance explained by the different
variables as this represents a different model specification. Please note that China is excluded from this analysis because it is
missing information on the political views (variable ‘Conservative’) but we report the results with China in the SI, section A2.3.

beliefs, particularly trust in industry, between high-
income and middle-income countries, may be a key
factor explaining the pronounced regional variations
in support of the considered technologies.

4. Discussion and conclusion

While it is clear what needs to be done globally to
limit raising temperatures (substantially reduce GHG
emissions), it is less clear what kind of role emerging
technologies such as CDR and SRM could or should
play. In light of the insufficient pace of emissions
reductions, there is now a range of climate strategies
that are being explored through global IAMs, with
many scenarios relying on various engineered CDR
options (Strefler et al 2021). In the context of SRM,
scholars are warning about key uncertainties that are
linked to SRM technologies (Baur et al 2023).

Our study makes a key contribution to gain-
ing a better understanding of where and why cer-
tain technologies might gain greater support. While
it confirms many general insights identified in pre-
vious literature that focused on specific countries
or regions, it extends the scope by encompassing
a broader range of technologies and regions. Such
understanding provides critical insights on the con-
tours and development of context-specific climate
mitigation and adaptation strategies. In line with the
recent research on support and adoption of practices
of behavioral changes (Dechezleprêtre et al 2022), we
find that socio-economic predictors such as gender,

income and education are less powerful compared to
some of the core individual beliefs. This is notable
given the variance of core beliefs across regions—as
well as their persistence (Inglehart and Baker 2000).

In our analysis of CDR and SRM technologies,
we find that, except for afforestation, deployment
in the majority of high-income countries might be
challenging because of the visible outlines of pub-
lic opposition, already even for some options that
remain mostly hypothetical. High-income countries,
many of which can be broadly described as WEIRD,
tend to express lower beliefs in the capacity of science
and technology to deliver solutions to climate change
and lower trust in industry, in addition to expecting
to experience less personal harm fromclimate change.
This work could be particularly valuable for research
focused on integrating novel technologies into IAMs,
such as DACCS. For example, Gidden et al (2023)
assumed that DACCS deployment would begin dif-
fusing in high-income countries, given their financial
and technological capacity.

Our results imply that more region-specific
approaches (e.g. to better account for factors explain-
ing differences in support for emerging technolo-
gies) to developing the narratives and assumptions
that inform IAM modeling efforts might be warran-
ted. Rather than assuming technology diffusion is
mostly driven by technical or economic potential, or
that support is motivated by the same logic across
the globe, insights from surveys and other public-
centering exercises represent a key complementary
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tool to IAM and other climate-modeling efforts, by
providing more regional specificity and adding more
nuance to the techno-economic constraints.

The observation that some high-income coun-
tries exhibit notably low levels of trust in the abil-
ity of industry to address climate change aligns with
broader findings from other surveys, such as the
Edelman Trust Barometer (2023) or another recent
global study of trust in science (Cologna et al 2024),
both of which highlight a general decline in trust
within developed regions.Many studies have emphas-
ized the pivotal role of trust in the agents of change for
the successful diffusion of technology (Siegrist and
Cvetkovich 2000, Whitfield et al 2009, Perlaviciute

and Steg 2014), and consequently, for the effective
implementation of climate policies. By demonstrat-
ing how support for deployment of potentially useful
technologies also depends on such factors, addressing
the emerging societal polarization and the decline in
trust again emerges as of paramount importance in
the formulation of global climate strategies.

Data availability statement

The data that support the findings of this study are
openly available at the following URL/DOI: https://
github.com/brutschki/erl_survey. Data will be avail-
able from 31 December 2024.
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Appendix

A1.1. Distribution of age
Here we present the distribution of age of respondents for all countries included in the survey. For the sub-
sequent regression analyses we recoded the age variable into ‘age categorical’: (1) for younger than 20 years,
(2) between 20 and 30 years, (3) between 30 and 40 years, (4) between 40 and 50 years, (5) older than 50 years.

Figure A1.1. Distribution of age for all countries included in the survey.
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A1.2 Additional descriptive figures
To support figure 3 in the main article and the main argument about importance of trust, we present a more
detailed breakdown of response items for the variable pertaining to trust in industry to solve climate change.

Figure A1.2. Trust in Industry across all countries. Trust was measured on a scale from 1–6. 1= ‘No trust’ to 6= ‘Very high trust’.

10
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A1.3 Regressionmethods and sensitivities
In our main analysis part (figure 4) we utilized cross country data, specifying a fixed effect model with stand-
ard errors clustered by country. Here we present regression tables (table 1–3) to help the additional interpret-
ation of the coefficient plots. The utilization of a fixed effects model in cross-country survey analysis serves
as a robust method for mitigating unobserved heterogeneity at the country level. Fixed effects account for
time-invariant characteristics specific to each country that may influence the observed variables. Additionally,
clustering standard errors by country accounts for potential correlation among observations within the same
country, recognizing that responses from individuals within a particular country may exhibit similarities that
are not present across different countries.

Table A1.3.1. Regression Results for CDRn group (ecosystems based CDR). Results with ∗ exclude ‘conservative’ variable to make sure
that China is included in the cross-country analysis. We can trace that results do not change substantively with inclusion of China. Note
that the total number of observations is below 9000 because there are missing values within the income variable.

(1) (2) (3) (4) (5) (6)

AF AF∗ SCS SCS∗ MBBC MBCC∗

Age 0.0770
∗∗∗

0.0778
∗∗∗

0.0677
∗∗∗

0.0687
∗∗∗

0.0631
∗∗∗

0.0646
∗∗∗

(0.00993) (0.00939) (0.00938) (0.00912) (0.0109) (0.0106)

Female 0.0491
∗∗∗

0.0592
∗∗∗

−0.0136 −0.00710 0.0124 0.0205
(0.0167) (0.0177) (0.0181) (0.0184) (0.0181) (0.0182)

Education 0.0595
∗∗

0.0642
∗∗

0.0994
∗∗∗

0.102
∗∗∗

0.0938
∗∗∗

0.0954
∗∗∗

(0.0273) (0.0264) (0.0315) (0.0319) (0.0296) (0.0295)
Income −0.00634 −0.0176 0.0109 0.0102 0.00975 0.0117

(0.0214) (0.0235) (0.0249) (0.0238) (0.0245) (0.0231)

Religion −0.0234
∗∗∗

−0.0303
∗∗∗

−0.0266
∗∗

−0.0325
∗∗∗

−0.0274
∗∗∗

−0.0342
∗∗∗

(0.00815) (0.00737) (0.0106) (0.00993) (0.00894) (0.00925)

Conservative −0.0209
∗∗∗

−0.0304
∗∗∗

−0.0317
∗∗∗

(0.00591) (0.00879) (0.00699)

Familiarity 0.0861
∗∗∗

0.0912
∗∗∗

0.0187
∗∗

0.0239
∗∗

0.0231
∗∗

0.0291
∗∗

(0.00859) (0.00974) (0.00856) (0.0105) (0.0110) (0.0129)

Science 0.0377
∗∗∗

0.0395
∗∗∗

0.106
∗∗∗

0.106
∗∗∗

0.109
∗∗∗

0.109
∗∗∗

(0.0111) (0.0108) (0.0139) (0.0138) (0.0139) (0.0140)

Nat No Meddle −0.00979
∗∗

−0.0129
∗∗

−0.0123
∗

−0.0138
∗∗

−0.00936 −0.0102
(0.00456) (0.00490) (0.00650) (0.00646) (0.00686) (0.00674)

Trust-Industry 0.0572
∗∗∗

0.0584
∗∗∗

0.0947
∗∗∗

0.0961
∗∗∗

0.0908
∗∗∗

0.0945
∗∗∗

(0.00947) (0.00942) (0.0113) (0.0111) (0.0121) (0.0125)

Trust-Nat Gov 0.00958 0.0138 0.0366
∗∗∗

0.0381
∗∗∗

0.0317
∗∗

0.0299
∗∗

(0.00856) (0.00973) (0.0102) (0.0103) (0.0121) (0.0120)

Climate Harm 0.0921
∗∗∗

0.0926
∗∗∗

0.108
∗∗∗

0.110
∗∗∗

0.117
∗∗∗

0.119
∗∗∗

(0.0116) (0.0119) (0.0145) (0.0149) (0.0153) (0.0159)

Env Concern 0.113
∗∗∗

0.112
∗∗∗

0.141
∗∗∗

0.141
∗∗∗

0.149
∗∗∗

0.151
∗∗∗

(0.0116) (0.0115) (0.0120) (0.0119) (0.0114) (0.0113)

Constant 2.708
∗∗∗

2.601
∗∗∗

2.132
∗∗∗

1.970
∗∗∗

2.034
∗∗∗

1.856
∗∗∗

(0.0867) (0.0752) (0.0744) (0.0770) (0.0807) (0.0758)

N 8102 8452 8041 8390 8017 8362
R2 0.111 0.111 0.138 0.135 0.138 0.135

Standard errors in parentheses
∗
p< 0.10,

∗∗
p< 0.05,

∗∗∗
p< 0.01.

Apart from amodel where we looked at all countries together, we also ran regressions for each country and
technology individually to explore the direction and the size of the effect of key variables of interest. In this
context, we focus on ‘climate harm’, ‘science’ and ‘trust’ variables. We can trace that the effect of all variables
remains robust and in the expected direction also in this slightly different model specification, despite the size
of the effect varying by country and technology.
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Table A1.3.2. Regression Results for CDRe group (engineered CDR). Results with ∗ exclude ‘conservative’ variable to make sure that
China is included in the cross-country analysis. We can trace that results do not change substantively with inclusion of China. Note that
the total number of observations is below 9000 because there are missing values within the income variable.

(1) (2) (3) (4) (5) (6) (7) (8)

Biochar Biochar∗ EW EW∗ BECCS BECCS∗ DACCS DACCS∗

Age −0.00717 −0.00345 −0.00181 0.00274 −0.00490 −0.00168 −0.0397
∗∗∗

−0.0335
∗∗∗

(0.0112) (0.0111) (0.0152) (0.0150) (0.0100) (0.0100) (0.00999) (0.0113)

Female −0.00890 −0.00117 0.0227 0.0186 0.0714
∗∗∗

0.0688
∗∗∗

0.0888
∗∗∗

0.0855
∗∗∗

(0.0249) (0.0248) (0.0266) (0.0252) (0.0190) (0.0187) (0.0241) (0.0235)

Education −0.0205 −0.0196 −0.0878
∗∗

−0.0866
∗∗

0.0132 0.0161 0.00698 0.0134
(0.0298) (0.0289) (0.0357) (0.0349) (0.0308) (0.0297) (0.0296) (0.0288)

Income 0.0497
∗

0.0466
∗

0.0205 0.0200 0.00288 0.00282 0.0208 0.0180
(0.0263) (0.0257) (0.0219) (0.0214) (0.0282) (0.0271) (0.0246) (0.0234)

Religion −0.0103 −0.00930 0.00733 0.0112 −0.00697 −0.00870 0.00720 0.00404
(0.00953) (0.00892) (0.0113) (0.0107) (0.00782) (0.00743) (0.00872) (0.00851)

Conservative −0.00500 0.0101 −0.0123 −0.0182
∗∗

(0.00771) (0.00800) (0.00726) (0.00864)

Familiarity 0.0484
∗∗∗

0.0549
∗∗∗

0.158
∗∗∗

0.166
∗∗∗

0.0839
∗∗∗

0.0888
∗∗∗

0.0808
∗∗∗

0.0875
∗∗∗

(0.00981) (0.0113) (0.0146) (0.0155) (0.0104) (0.0120) (0.0135) (0.0159)

Science 0.113
∗∗∗

0.113
∗∗∗

0.140
∗∗∗

0.139
∗∗∗

0.142
∗∗∗

0.142
∗∗∗

0.144
∗∗∗

0.145
∗∗∗

(0.0192) (0.0188) (0.0169) (0.0164) (0.0148) (0.0142) (0.0123) (0.0117)

Nat No Meddle −0.0244
∗∗∗

−0.0235
∗∗∗

−0.0228
∗∗∗

−0.0203
∗∗∗

−0.0334
∗∗∗

−0.0320
∗∗∗

−0.0284
∗∗∗

−0.0278
∗∗∗

(0.00852) (0.00826) (0.00718) (0.00728) (0.00777) (0.00778) (0.00797) (0.00780)

Trust-Industry 0.144
∗∗∗

0.144
∗∗∗

0.104
∗∗∗

0.108
∗∗∗

0.106
∗∗∗

0.108
∗∗∗

0.121
∗∗∗

0.125
∗∗∗

(0.0134) (0.0133) (0.0138) (0.0141) (0.0138) (0.0136) (0.0113) (0.0122)

Trust-Nat Gov 0.0519
∗∗∗

0.0533
∗∗∗

0.0871
∗∗∗

0.0852
∗∗∗

0.0891
∗∗∗

0.0877
∗∗∗

0.0691
∗∗∗

0.0677
∗∗∗

(0.00960) (0.00935) (0.0147) (0.0145) (0.0108) (0.0104) (0.0108) (0.0106)

Climate Harm 0.127
∗∗∗

0.127
∗∗∗

0.0963
∗∗∗

0.0930
∗∗∗

0.115
∗∗∗

0.114
∗∗∗

0.107
∗∗∗

0.109
∗∗∗

(0.0130) (0.0132) (0.0183) (0.0177) (0.0170) (0.0171) (0.0165) (0.0163)

Env Concern 0.0804
∗∗∗

0.0794
∗∗∗

0.0300
∗∗

0.0250
∗

0.0580
∗∗∗

0.0588
∗∗∗

0.0602
∗∗∗

0.0589
∗∗∗

(0.0131) (0.0129) (0.0135) (0.0134) (0.0120) (0.0116) (0.0124) (0.0126)

Constant 1.993
∗∗∗

1.922
∗∗∗

1.623
∗∗∗

1.639
∗∗∗

1.797
∗∗∗

1.715
∗∗∗

1.854
∗∗∗

1.732
∗∗∗

(0.128) (0.119) (0.129) (0.111) (0.0907) (0.0854) (0.122) (0.112)

N 7968 8308 7962 8303 7965 8305 7965 8301
R2 0.132 0.134 0.133 0.136 0.146 0.147 0.141 0.144

Standard errors in parentheses
∗
p< 0.10,

∗∗
p< 0.05,

∗∗∗
p< 0.01.

Figure A1.3.1. Regression coefficients for each country and each technology.
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Table A1.3.3. Regression Results for SRM group. Results with ∗ exclude ‘conservative’ variable to make sure that China is included in the
cross-country analysis. We can trace that results do not change substantively with inclusion of China. Note that the total number of
observations is below 9000 because there are missing values within the income variable.

(1) (2) (3) (4) (5) (6)

SAI SAI∗ MCB MCB∗ SBG SBG∗

Age −0.0649
∗∗∗

−0.0598
∗∗∗

−0.0716
∗∗∗

−0.0632
∗∗∗

−0.0420
∗∗∗

−0.0349
∗∗

(0.0131) (0.0133) (0.0137) (0.0146) (0.0145) (0.0153)

Female −0.0732
∗∗

−0.0721
∗∗

−0.0592
∗∗

−0.0600
∗∗

−0.00890 −0.0125
(0.0320) (0.0299) (0.0283) (0.0267) (0.0303) (0.0295)

Education −0.0206 −0.0214 0.0151 0.0212 −0.0394 −0.0397
(0.0330) (0.0327) (0.0330) (0.0317) (0.0358) (0.0352)

Income 0.0171 0.00878 0.00902 −0.00261 −0.0213 −0.0275
(0.0246) (0.0259) (0.0299) (0.0292) (0.0290) (0.0278)

Religion 0.0191
∗∗

0.0250
∗∗

0.0162
∗

0.0156 0.0160
∗

0.0195
∗∗

(0.00843) (0.00970) (0.00797) (0.00938) (0.00802) (0.00829)
Conservative 0.00285 −0.0138 0.00203

(0.00918) (0.00875) (0.00713)

Familiarity 0.0616
∗∗∗

0.0822
∗∗∗

0.0633
∗∗∗

0.0843
∗∗∗

0.108
∗∗∗

0.120
∗∗∗

(0.0152) (0.0240) (0.0124) (0.0239) (0.0127) (0.0167)

Science 0.168
∗∗∗

0.171
∗∗∗

0.151
∗∗∗

0.158
∗∗∗

0.194
∗∗∗

0.195
∗∗∗

(0.0124) (0.0124) (0.0147) (0.0151) (0.0139) (0.0136)

Nat No Meddle −0.0423
∗∗∗

−0.0414
∗∗∗

−0.0547
∗∗∗

−0.0541
∗∗∗

−0.0453
∗∗∗

−0.0443
∗∗∗

(0.0104) (0.00999) (0.00905) (0.00886) (0.00842) (0.00819)

Trust-Industry 0.166
∗∗∗

0.168
∗∗∗

0.151
∗∗∗

0.155
∗∗∗

0.165
∗∗∗

0.167
∗∗∗

(0.0144) (0.0146) (0.0149) (0.0148) (0.0156) (0.0156)

Trust-Nat Gov 0.108
∗∗∗

0.102
∗∗∗

0.107
∗∗∗

0.0969
∗∗∗

0.0888
∗∗∗

0.0862
∗∗∗

(0.0108) (0.0124) (0.0121) (0.0140) (0.0147) (0.0145)

Climate Harm 0.0936
∗∗∗

0.0886
∗∗∗

0.0707
∗∗∗

0.0691
∗∗∗

0.0809
∗∗∗

0.0800
∗∗∗

(0.0158) (0.0161) (0.0141) (0.0146) (0.0171) (0.0163)

Env Concern 0.00683 0.00717 0.0363
∗∗

0.0388
∗∗∗

0.0126 0.0127
(0.0134) (0.0130) (0.0134) (0.0133) (0.0127) (0.0125)

Constant 1.751
∗∗∗

1.704
∗∗∗

2.062
∗∗∗

1.927
∗∗∗

1.682
∗∗∗

1.632
∗∗∗

(0.143) (0.142) (0.134) (0.127) (0.166) (0.158)

N 8034 8379 8044 8390 8010 8351
R2 0.170 0.172 0.168 0.169 0.170 0.173

Standard errors in parentheses
∗
p< 0.10,

∗∗
p< 0.05,

∗∗∗
p< 0.01.

Table A2.3.4. VIF for SAI specification—Exploring the possible issues caused by multicollinearity.

Variable VIF 1/VIF

Env Concern 18.52 0.05
Climate Harm 13.79 0.07
Science 13.57 0.07
Education 12.08 0.08
Trust-Industry 11.21 0.09
Income 10.48 0.10
Trust-Nat Gov 9.63 0.10
Female 9.32 0.11
Age categorical 8.63 0.12
Nat No Meddle 7.02 0.14
Conservative 6.8 0.15
Religion 5.74 0.17
Familiarity 3.78 0.26
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Table A3.3.5. Comparing Models for SAI when dropping variables with high VIF(>10) and exploring the possible issues caused by
multicollinearity.

(1) (2)

Full SAI Reduced SAI

Age categorical −0.0649
∗∗∗

−0.0862
∗∗∗

(0.0131) (0.0159)

Female −0.0732
∗∗

−0.0675
∗∗

(0.0320) (0.0289)
Education −0.0206 0.0119

(0.0330) (0.0349)
Income 0.0171

(0.0246)

Religion 0.0191
∗∗

0.0238
∗∗

(0.00843) (0.00930)
Conservative 0.00285 −0.0146

(0.00918) (0.00863)

Familiarity 0.0616
∗∗∗

0.0872
∗∗∗

(0.0152) (0.0170)

Science 0.168
∗∗∗

(0.0124)

Nat No Meddle −0.0423
∗∗∗

−0.0633
∗∗∗

(0.0104) (0.0118)

Trust-Industry 0.166
∗∗∗

(0.0144)

Trust-Nat No Meddle 0.108
∗∗∗

0.231
∗∗∗

(0.0108) (0.0126)

Climate Harm 0.0936
∗∗∗

(0.0158)
Env Concern 0.00683

(0.0134)

Constant 1.751
∗∗∗

2.970
∗∗∗

(0.143) (0.151)

N 8034 8947
R2 0.170 0.109
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Figure A1.4.1. Variance importance across all technologies (all countries included).

A1.4 Exploratory random forest analysis
A variance importance plot in the context of random forest analysis provides insights into the significance of
each predictor variable in explaining the variability of the response variable (in our case the support for deploy-
ment of a given technology). Random forests operate by constructing an ensemble of decision trees (in our case
we ran 500), each trained on a different subset of the data and variables. The plot displays the contribution
of each predictor to the overall model performance. Higher values on the plot indicate greater importance,
suggesting that the corresponding variable plays a more substantial role in the model’s predictive accuracy.
In this context, we performed the analysis on all data not accounting for country differences. In figure A1.4.1
we find similarly as in our main analysis that the role of the variable ‘trust in industry’ is most pronounced
in the context of SRM technologies but remains robust but less prominent in the context of ecosystem based
technologies.
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