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Abstract
We examined data from 59,508 participants across 63 countries to construct a measure of climate policy support and document associations with political orientation across the resulting scale. Preregistered analyses identified a three-factor model capturing support for tax-based, nature protection, and green transition policies. The scale demonstrated configural and metric invariance across all 63 countries, scalar invariance across 49 countries, and each subscale showed good reliability. There was substantial variability in the associations between political orientation and support for each policy domain: in many countries, conservatism predicted less support, but in a substantial minority, it predicted greater support. Policies were less supported in nations with higher emissions per capita, and there was some evidence that the negative associations between conservatism and policy support were stronger within higher emission nations. Rather than universally suppressing climate policy support, conservatism might be a more important barrier to climate policy support within high emission societies. 
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Validating the Climate Policy Support Scale in 63 countries and examining responses across political divides

Introduction 
Climate policies are more likely to be implemented if they have strong public support1,2, and thus, psychological research plays an important role in improving our understanding of public attitudes toward effective climate policies. One focus of these research efforts has been on the role of political orientation as a barrier to accepting climate change3, which is an important predictor of policy support4,5. The vast majority of environmental psychology research uses samples from Western, Educated, Industrialised, Rich and Democratic (WEIRD) countries6. However, some key findings are known to differ across contexts. This includes findings on political orientation, which is not an equally strong (or even significant) correlate of climate beliefs7 or climate policy attitudes8 across countries. As climate change is a global collective challenge and current understanding largely comes from these unrepresentative samples, there is an urgent and practical need for a cross-culturally valid measure of support for climate policy. 
There are few validated scales to measure climate policy support, and none to our knowledge that have been validated for use across nations. While some policies are by their nature local and context-specific (e.g., coastal protection seawalls), others are part of global emissions reduction efforts (e.g., carbon taxes). A recent review of policy support research identified that very few studies use the same measure; instead, there is a proliferation of ad hoc measures that are typically used only once and which vary considerably in terms of the number and type of policies rated9. Importantly, researchers need to establish that measurement properties are equivalent to understand how and why support for different types of policies varies across countries10. In the absence of validated multi-item scales, studies examining policy support across countries tends to focus their analysis on support for single policies11 or meta-analyse effects reported in existing research that uses a diversity of measurement8. These approaches can obscure our understanding of which types of policies tend to be grouped together in terms of support, and which dimensions of policies impact support among different segments of the population.
An important outstanding question is whether support for climate policies is best understood as forming a single dimension, such that they measure a singular orientation towards support for climate reform, or whether they are multidimensional and systematically clustered together in certain ways. This question is important both conceptually, for understanding what the key domains of policy support are, and practically, such as when interpreting internal consistency metrics that rely on the assumption that a scale is unidimensional12. A set of items measuring climate policy support could feasibly cluster onto a number of distinct subscales, such as whether the policy aims to mitigate or adapt to climate change13, is predominantly perceived to represent a lifestyle or an economic adjustment14, targets individual or structural changes15, or does so using coercive means or incentives1. Policies can also tackle high emissions in different domains, such as travel, consumption, or industry regulation. However, it remains unclear whether the general public also groups policies along these or other dimensions. Most research in this area computes a single policy index, without necessarily providing evidence that policy support is comprised of a single underlying attitude9. How different dimensions of climate policy relate to support for climate policy among different constituencies has been relatively under explored.
Public support for climate policy tends to be lower in countries whose economies are more reliant on fossil fuels16, 17. At a country-level, higher emissions per capita, and greater economic dependence on fossil fuels, predict lower awareness and perceived risk of climate change, and greater denial of its human causes18. Countries also differ in the extent that political orientation predicts attitudes towards climate change and its solutions8,4,7. In particular, political conservatism is a stronger predictor of climate denial in nations with higher emissions7. This is consistent with theoretical arguments that accepting climate change and its solutions threatens the cultural and economic status quo14,19, and is a particular threat to conservatives who are more concerned about maintaining existing high-emission economic systems20. These arguments predict a greater opposition to climate policy among political conservatives who are embedded in more fossil fuel dependent societies7. Developing a systematic understanding of the dimensions of climate policies that are most appealing across the political spectrum, including among those living in fossil fuel dependent areas, can help to identify pathways towards bipartisan climate legislation.
In the recent International Climate Psychology Collaboration, researchers collected data across 63 countries and territories to examine the effects of brief online interventions on pro-climate responses, including policy support21. Findings from the interventions are reported elsewhere22. Here, we analyse responses from participants regarding their support for nine different climate policies that have been recently or are currently being considered in various parts of the world and are expected to be relevant in different contexts on a 100-point sliding scale. Our aim was to create and validate the Climate Policy Support Scale, including identifying clusters of related policies, assessing its consistency and reliability across countries and also its associations with political orientation. Our study was preregistered, including our hypotheses that a more conservative political orientation would relate to lower support for climate policy, and that this relationship would be stronger in nations with higher CO2e emissions per capita (blinded link to preregistration for review: https://osf.io/5xn2h/?view_only=9ab6b92e6f8c46c388f66a6b061e8e8c). 
Results
Establishing a cross-country equivalent measure of climate policy support 
Findings from research on public support for climate change policies largely come from a small group of WEIRD countries8 and use ad hoc measures that ask participants to respond to a niche set of climate policies9. As a result, it is difficult to generalise findings about the determinants of policy support beyond WEIRD nations. A first step towards resolving this problem is to establish a cross-culturally validated measure of climate policy support. As preregistered, we began by using exploratory factor analysis (EFA) to identify initial factor structures in two different ways to then test across countries. In one version of this analysis, we selected the UK sample (n complete cases = 1,871) to identify a theoretical structure because the items were developed in English and although the US was the largest English-language sample, the US has been found to be somewhat of an outlier in terms of the strength of the relationship between political variables and climate responses7. In the other version of this analysis, we used a weighted correlation matrix to identify the underlying factor structure (this method and results are described in detail in the Supplementary Materials). Parallel analysis supported three factors within the UK data, while Kaiser’s criterion and visual examination of the Scree plot suggested two factors. Inspection of both the two- and three-factor solutions supported removing a policy item with poor factor loadings (“significantly expanding infrastructure for public transportation”). On the remaining eight items, a three-factor solution was clearly interpretable: Factor 1 grouped tax-based policies, explaining 25% of the variance in the eight items, Factor 2 was interpreted as nature protection policies, explaining 20% of variance, and Factor 3 as green transitions policies, explaining 18% of the variance. As shown in Table 1, all items had strong primary loadings and low cross-loadings, both when the three-factor solution was applied to the UK data and the sample size weighted correlation matrix using EFA, and they showed strong factor loadings when tested using confirmatory factor analysis (described below).
Table 1
Factor loadings from exploratory and confirmatory factor analyses of the Climate Policy Support Scale.
	 
	Factor 1
Tax-based policies
	Factor 2
Nature protection policies
	Factor 3
Green transitions policies

	 
	EFA (UK)
	EFA (Weighted)
	CFA (full)
	EFA (UK)
	EFA (Weighted)
	CFA (full)
	EFA (UK)
	EFA (Weighted)
	CFA (full)

	Raising carbon taxes on gas/fossil fuels/coal
	.86
	.95
	.86
	 
	 
	 
	 
	 
	 

	Increasing taxes on carbon intense foods (for example meat and dairy)
	.86
	.92
	.78
	 
	 
	 
	 
	 
	 

	Taxes on airline companies to offset carbon emissions
	.69
	.72
	.74
	 
	 
	 
	 
	 
	 

	Introducing laws to keep waterways and oceans clean
	 
	 
	 
	.94
	.74
	.81
	 
	 
	 

	Protecting forested and land areas
	 
	 
	 
	.76
	.95
	.78
	 
	 
	 

	Increasing the use of sustainable energy such as wind and solar energy
	 
	 
	 
	 
	 
	 
	.73
	.85
	.80

	Increasing the number of charging stations for electric vehicles
	 
	 
	 
	 
	 
	 
	.71
	.71
	.66

	Investing more in green jobs and businesses
	 
	 
	 
	 
	 
	 
	.59
	.69
	.82


Note. EFA (UK) = factor loadings from EFA based on UK sample; EFA (Weighted) = factor loadings from EFA based on weighted correlation matrix; CFA (full) = factor loadings from CFA using full dataset.

Measurement invariance. We fit the model identified using the EFA described above to our full dataset to test for measurement invariance. We used the MLR estimator to address non-normality and the variance standardisation method to ensure the model is identified while allowing all factor loadings to be freely estimated. We first examined a configural invariance model, which tests the assumption that each item belongs to its requisite factor in all 63 countries or territories (i.e., whether each policy support item is a good indicator of the latent variable in all samples). The three-factor model (i.e., the model in Table 1) performed well. The robust model fit indicators of the CFI (.967), TLI (.946), and SRMR (.045) each indicated good fit, although the RMSEA value was slightly above our pre-registered cutoff for acceptable fit (.088, 90% CI [.086, .091]). We conducted a series of exploratory steps outlined in our preregistration to attempt to further improve fit of the three-factor model, however none of our adjustments to the model improved the RMSEA (see Supplementary Materials for details). Given that the RMSEA was not overly high (values above .10 are deemed poor, while values from .08 to .10 indicate marginal fit23, and that the other fit indicators pointed to good fit, on balance we accepted the three-factor model as showing configural invariance. This conclusion is consistent with the recommendation to adopt an RMSEA cutoff of .10 when there are ten or more groups24. Configural invariance indicates that in these countries, policy support items form the same three-factor structure. For example, each tax-based item is associated with the tax policy facet in all these nations. 
We proceeded to test for metric invariance, which assesses the equivalence of associations each policy item has with its latent variable across all countries. The judgment of invariance is based on the change in CFI value. This model had a robust CFI of .962, thus ΔCFI = -.005 relative to the configural model, indicating the scale is metric invariant across the full set of countries. Metric invariance indicates that these factor loadings are similar for all items loading onto the policy facets, and in each country. Evidence of configural and metric invariance means that the scale can be used to explore associations between scores and other constructs, and these correlations can be compared across countries. 
The scale did not achieve scalar invariance across the full set of countries. Scalar invariance refers to the condition in which a scale measures the same construct in the same way across different groups—in this case, countries. Achieving scalar invariance is important because it allows for meaningful comparisons of average levels of support between countries, ensuring that any differences observed are due to actual variations in climate policy support rather than differences in how the scale is interpreted. While scalar invariance was not necessary for our research, it was an exploratory goal outlined in our preregistration. In our further analysis of scalar invariance, detailed in the Supplementary Materials, we report on the 49 countries where the scale does reach scalar invariance, meaning that comparisons of average levels of policy support are valid only within these countries (see Table S3 for means across countries). 
Comparing across policy domains in Figure 1 indicates that Nature Protection and Green Transition policies generally enjoy high support, though support for Tax-based policy is relatively low (though note red borders denote nations where scalar invariance was not met, and thus mean-level comparisons are not valid). These mean scores provide important context to understand the associations with political orientation, showing for example that tax-based policies were generally the least supported and showed stronger conservative opposition in higher emission countries (discussed below), and thus highlighting the urgent need to build public support for effective climate policy, especially in high-emission nations. 
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Figure 1. World maps showing degree of support for climate policy domains. Countries where scalar invariance was not met are shown with red borders. 
Internal consistency. Each subscale showed good internal consistency across the full sample (Tax-based policies: α = .83, 95% CI [.83, .84], ωt = .84; Nature protection policies: α = .77, 95% CI [.76, .77], Spearman-Brown coefficient (for 2-item subscale) = .77; Green transitions policies: α = .79, 95% CI [.79, .79], ωt = .80). Internal consistency values for each country are reported in Table S2.
Associations between political orientation and climate policy support 
We used the subscales of the Climate Policy Support Scale to examine their relationships with political orientation. We indexed political orientation by averaging participants’ self-placement from 0 (extremely liberal/left-wing) to 100 (extremely conservative/right-wing) on “economic issues” and “social issues”. Political orientation was not measured in Kenya, Tanzania, or Uganda, thus analyses with political orientation were conducted with the remaining 60 countries21. Political orientation was scaled by country in all models to combat convergence issues and account for possible differences in how people in each country use the self-placement scale. 
Linear mixed models examined the effect of political orientation on the three forms of policy support, with country as a random intercept and political orientation included as a random slope (see Online Methods for details). Political orientation was not a significant predictor of support for tax-based (b = -0.84, SE = 0.72, p = .247, N = 46,293) or green transition policies (b = -0.89, SE = 0.46, p = .055, N = 48,018). The link between political orientation and nature protection policies was significant; those who were more politically liberal tended to report greater support for these policies (b = -0.91, SE = 0.39, p = .025, N = 49,415). However, the standard deviation of the slopes indicated substantial variability in the relationships across countries (tax-based policy SD = 5.43; nature protection policy SD = 2.94; green transition policy SD = 3.40; see also the deviation from the overall slope for each country in Figure S6). This variation is clear in Figure 2, which shows the results of a meta-analysis of the correlations between political orientation and policy support domains. Although many countries (24-25 countries, depending on the policy) show the expected significant negative correlation, indicating that a stronger self-identification with a conservative political orientation is associated with lower policy support, a substantial minority of countries (n = 14-18 countries) show the opposite effect, whereby stronger self-identification with liberal political orientation relates to lower policy support. 
We preregistered a hypothesis that the relationship between political orientation and policy support would depend on per capita CO2 equivalent (CO2e) emissions, hence potentially explaining some of this variability. We integrated CO2e emissions data available for 58 countries from Climate Watch25 and scaled this to avoid convergence issues. We then ran models examining the interaction between political orientation and CO2e emissions per capita (see Online Methods for details). As shown in Table 2, in these models, a stronger liberal political orientation was linked to greater support for nature protection policy, and greater CO2e emissions per capita was linked to lower support for every policy domain. The interaction between political orientation and CO2e emissions per capita was significant for both tax-based and nature protection policies. Inspection of slopes (Figure 3) indicate that the negative relationship between conservative political orientation and support for these policies was stronger within countries with higher CO2e emissions per capita. Nations with higher per capita emissions thus show a stronger ideology-based opposition to these policies, with conservative political orientation more strongly relating to lower support for climate taxes and efforts to protect oceans and forests. Although the interaction pattern appears similar for green transition policies, the interaction effect was not statistically significant (see Table 2).
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	Panel 1. Support for tax-based policy.
	Panel 2. Support for nature protection policy.
	Panel 3. Support for green transition policy.
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Figure 2. Correlation in each country between political orientation and a) tax-based, b) nature protection, and c) green transition policy support. Negative correlations indicate lower policy support among the more politically conservative. Colour coding reflects decile of CO2e per capita emissions, light grey reflects missing emissions data for a given country. 


Table 2
Results for three Linear Mixed Models examining the interaction between political orientation and CO2e emissions per capita on 1) tax-based, 2) nature protection, and 3) green transition policy support. 
	

Fixed effects
	Model 1:
Tax-Based
	Model 2:
Nature Protection
	Model 3:
Green Transition

	
	b
	p
	b
	p
	b
	p

	Conservative political orientation
	-1.13
	.107
	-1.14
	.002**
	-0.81
	.077

	CO2e emissions per capita
	-2.51
	.035*
	-2.57
	.007**
	-2.20
	.003**

	Conservative political orientation * CO2e emissions per capita
	-2.08
	.036*
	-1.23
	.031*
	-0.87
	.059


Note. * p < .05, ** p < .01, *** p < .001. Sample size was 44,025 for Model 1, 47,074 for Model 2, and 45,742 for Model 3, with 58 groups (countries) for each model.
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Figure 3. Association between political orientation (scaled by country) and support for policies at high (M+1SD), average (M), and low (M-1SD) levels of CO2e emissions per capita.


Sensitivity analyses 
We conducted some additional sensitivity analyses, which are reported in detail in the Supplementary Materials. The first series of analyses repeated the above tests with political orientation scaled by the entire sample, rather than by country, as we had not preregistered a scaling method. Findings from the first set of models, where only political orientation was included as a predictor, matched the non-significant (in the case of tax-based and green transition policy support) and significant negative (in the case of nature protection policy support) associations with political conservatism, and replicated the high variability across countries. The second set of models, which introduced CO2e emissions and the interaction with political orientation, returned the same pattern of results for political orientation showing a significant effect on support for nature protection policies and non-significant effects on support for tax-based and green transition policies. However, the significant effect of CO2e emissions on policy support was replicated only for nature protection and green transition policies, and the interaction was significant only for nature protection policies. We then repeated the full models while disaggregating the two-item political orientation scale into political orientation on economic and social issues. This analysis reproduced the same pattern of results as in the main text for tax policy for both forms of conservatism. It identified a significant conservatism-emissions interaction only for social conservatism predicting nature protection, suggesting that it is socially conservative views in particular that are more strongly related to lower support for nature protection policies in higher emission countries. Last, the interaction effect with per capita emissions was significant for both social and economic conservatism predicting support for green transition policies, while above this interaction was not significant with averaged political orientation. These sensitivity analyses therefore suggest that our correlational findings are sensitive to the way political orientation was scaled and which form of conservatism is measured. Taken together, they highlight the heterogeneity in conservatism-climate policy associations and a general pattern where higher emission nations show a stronger association, though per capita emissions certainly cannot fully explain this variability.
Discussion
We present the Climate Policy Support Scale, a three-dimensional measure that reliably assesses public support for tax-based, nature protection, and green transition climate policies. This scale is freely available for use in cross-cultural research, and we present the English version of the scale instructions in Appendix A. The clustering of policies suggests that this policy set divides into subscales based on the form of government-led action or imposition; be it a tax, act of protection, or investment. To our knowledge, this represents the first validation of a measure of climate policy support across a large number of countries. The scale achieved scalar invariance in 49 countries, which means that the scale can be used to make valid comparisons of mean levels of climate policy support across a sizable number, but not all, countries studied here. The scale achieved configural and metric measurement invariance across all 63 countries, which allowed us to document climate policy associations with political orientation.
We present evidence that there is substantial variability in the association between political orientation and these three policy domains. Previous research has highlighted that the link between political conservatism and denial is strongest in the United States, and stronger in English-speaking nations relative to non-English-speaking countries7, and that political conservatism has a stronger negative effect on public support for climate policies in North America than in Europe or Oceania8. These earlier findings come from a narrower range of countries than those studied here, or have relied on comparisons using large world regions. Our findings of the high variability in political orientation associations builds on other recent findings showing that the negative association conservatism has with trust in climate scientists that is typical in Western countries is reversed in China and Indonesia26, and the conservatism association with trust in scientists more generally is also reversed in South-East Asian countries27. One explanation for these reverse associations is that the political spectrum from liberal/left to conservative/right is not a suitable measure of political orientation in these nations26. Cologna and colleagues 27 further proposed that although it is more common for conservative-leaning political agents to sow doubts about science that undermine public trust in scientists, there are some nations with left-wing movements undermining trust in scientists. 
Although our analyses cannot determine the cause of these associations, the stronger ideology-based opposition could reflect that nations with higher emissions tend to have economies more reliant on the production and sale of fossil fuels, and thus greater vested interests in maintaining the economic status quo7 and a stronger climate change countermovement16. It was notable also that per capita emissions independently predicted lower support for all three policy domains, which could reflect the higher transition costs these nations face in responding to climate change28. It is possible that these transition costs could be a potential explanation for why liberal political orientation relates to lower policy support in some nations, such as when policies are perceived as entrenching inequality. 
Limitations of our research include that the policy support response scale was unipolar and thus can only index degree of support. Bipolar measures (i.e., ranging from strong opposition to strong support for policy) could be developed to help us understand relative opposition to policy9. As we have presented cross-sectional correlations, our conclusions cannot determine causal relationships and thus future research ought to examine the extent that political orientation and policy support are causally related, and in which direction(s). We also note that our correlational results were not all robust to different treatments of the data. That is, findings differed slightly depending on how political orientation was scaled (by country vs across the entire sample) and indexed (i.e., as social versus economic conservatism), indicating that our findings are sensitive to the way political orientation is measured and the way these associations are modelled (see Supplementary Materials). Recent research has also highlighted that associations with left-right and liberal-conservative scales vary widely across countries27, and our measurement conflated left-wing/liberal and right-wing/conservative to gauge self-placed political orientation. Finally, the moderator we proposed, CO2e emissions per capita, cannot fully account for the high variability in associations between political orientation and policy support. There are clearly important exceptions to this pattern, such as high emission countries with null or reversed associations (see Figure 2), which our data cannot explain. 
Importantly, our findings demonstrate that the conservative opposition to climate policy observed in WEIRD nations does not hold universally. In fact, generalising such a relationship to certain countries may be incorrect not only in that there is no significant association in some nations, but the relationship is reversed in direction in others. Our main contribution to the literature is presenting sufficient psychometric evidence on this climate policy scale to support its use in future cross-national research. Such efforts could include further work to learn the determinants of public support, such as perceptions of how fair and effective a given climate policy is, and how attitudes towards climate change and existing ideological leanings shape levels of support8. These future endeavours can build on the insights about the variability in associations with political orientation to further clarify whether (and when) political orientation is a relevant positive or negative predictor of climate-relevant views to support efforts to bridge political opinion gaps and collectively address climate change. 

Methods
Participants and procedure
The International Climate Psychology Collaboration data paper21 describes the study procedure in detail, including participant recruitment and data screening processes. In brief: participant recruitment ran from July of 2022 until July of 2023. After providing informed consent, participants were randomly allocated to one of twelve conditions. In 11 conditions, participants completed a task designed to influence their pro-climate responding (e.g., read a message, write a letter), and one condition was a control. We analyse responses from all participants (i.e., collapsing across conditions) because the interventions had only very small effects on policy support, with the largest effect revealing that policy support was 2.6% higher in a condition which asked participants to write a letter to a member of the future generation than the control condition22. The full sample included 27,243 (45.8%) men, 29,464 (49.5%) women, 402 (<1%) another gender, and 2,399 (4.0%) who preferred not to disclose their gender. The mean age was 39.12 years (SD = 15.77). Participants were only included in our analysis if they were included in the clean dataset described in Doell et al.21 and if they completed the items necessary for our analyses (see below); those with missing data were excluded from our analyses in line with our preregistration. 
Measures
To measure climate policy support, participants viewed the instructions: “Many countries have introduced policies to help reduce carbon emissions and help to mitigate the climate crisis. This can include the implementation of laws and requirements which broadly aim to reduce various greenhouse gasses. Please indicate your level of agreement with the following statements. I support…”, and they rated the nine policies in Table 1 on sliding scales from 0 (not at all) to 100 (very much so), with a midpoint marked at 50 (moderately). An additional ‘not applicable’ response option was removed prior to analysis, thus the sample size used in each analysis differs. Figure S1 shows the distribution of responses for each policy support item in each country. 
To measure political orientation, participants were asked “What is your political orientation for the issues listed below? Please note, by “liberal”, we mean classically left-wing, and by “conservative”, we mean classically right-wing.” They gave their responses on sliding scales from 0 (extremely liberal/left-wing) to 100 (extremely conservative/right-wing) with a midpoint 50 (moderate) for both “economic issues (e.g., taxes)” and “social issues (e.g., health care, education, etc.)”. There was also a “prefer not to respond” option removed prior to analysis. We computed a mean score for each participant for the analyses reported in the main text, though we explore these forms of political orientation separately in the Supplementary Materials.
To measure per capita emissions, a country-level variable, we used the Climate Watch25 CO2 equivalent (CO2e) emissions per capita data from 2020 as the most recent year’s data available. 
Statistical analyses
We preregistered our analysis plan prior to gaining access to the data: [blinded link for review: https://osf.io/5xn2h/?view_only=9ab6b92e6f8c46c388f66a6b061e8e8c] and explain deviations from the preregistration and exploratory analyses below. Syntax for our analyses is available on the OSF: [blinded link for review: https://osf.io/p947z/?view_only=edcc598d8d2a43dc836acd3e73198205]
Our first aim was to explore how many underlying factors make up support for this set of nine climate policies and, in the case of a multi-factor solution, which items make up each factor. To address this aim, we conducted Exploratory Factor Analysis (EFA). The UK data passed assumptions of exploratory factor analysis (no items correlated r >.80, KMO = 0.90, Bartlett’s test: 𝜒2(36) = 10571.02, p < .001). We based decisions about the number of factors on examination of the scree plot (see Figure S2) and eigenvalues, looking for a point of diminishing returns where adding factors explains little additional variance, and paying particular attention to the output of parallel analysis, and conceptual considerations (i.e., how interpretable the factors are). We used an oblique rotation to allow extracted factors to be correlated. We based decisions about the items that make up each factor on the meaning of extracted factors (face validity), and the rotated factor loadings (retaining items, at least initially, that load > .4 on a factor), and low cross loadings in the case of a multi-factor solution (retaining items that do not have high (< .3) cross-loadings). 
The exploratory step led to two promising factor structures: the three-factor solution based on the UK data, and a two-factor model based on the sample size weighted correlation matrix (described in the Supplementary Materials). To decide between them, we examined the measurement properties of the potential scales across countries. This involved testing the factor solution using multi-group confirmatory factor analysis using countries as the grouping variables. We evaluated model fit for the configural model based on preregistered cutoffs for CFI and TLI (values > .95 are good, > .90 is acceptable), RMSEA (from .06 to .08 is acceptable; < .06 is good), SRMR (< .08 is acceptable). When testing for metric invariance, we evaluated the change in model fit values for CFI caused by adding metric invariance restrictions. As there are more than 10 samples, we relied on Rutkowski and Svetina’s24 criteria of changes in CFI of -.02 or higher indicating metric invariance. We explored scalar invariance, using this same criteria, in the Supplementary Materials (see, e.g., Figure S3-S5 and Tables S1 and S2). We next examined the internal consistency of the resulting scale (or composite subscales) using the Omega coefficient (total) as a less biased measure of internal consistency and also Cronbach’s alpha coefficient as the internal consistency metric expected in many journals for policy indices29. Internal consistency values for each country are presented in Table S2 and means and standard deviations on each policy support subscale per country are presented in Table S3 and Figure S6. 
Next, we employed the scale within a linear mixed model to examine the relationship between political orientation and policy support. We created an initial linear mixed model that included a random intercept of country, and a random slope of political orientation. We added a robust optimiser if this model did not converge (bobyqa30). We did not preregister the use of a robust optimizer during model selection, however applying a robust optimizer, such as bobyqa, is appropriate when encountering convergence issues, especially in models with complex random effects structures. If this did not resolve the convergence issue, then we followed our preregistered plan to inspect whether it was appropriate to include the correlation between the intercept and slope and if not, run the model with zero correlation between these parameters. When this did not appear to be the source of the convergence issues, we assessed the model with country as a random intercept only. In addition to the results presented in the main text, Figure S7 includes visualisations of the overall relationship between political orientation and each policy domain as well as country specific relationships, and Figure S8 presents the deviation in the slope for each country for the relationship between political orientation and each policy subscale.
We ran a similar model to examine the potential moderating effect of CO2e emissions per capita. This analysis was based on cross-level interactions, which specify that the effect of individual-level political orientation on policy support depends on this country-level characteristic. We preregistered that we would initially run this model with the most complex random effects structure where we include a random intercept of country, and a random slope of the interaction between orientation and emissions. Should this model fail to converge, we planned to assess whether the issue may be due to correlational issues between the intercept and slope, and if not, to reduce the complexity of the model by removing the interaction term and only including a random slope of orientation. If this model also failed to converge, we planned to include no random slopes and inspect the model with a random intercept only. As pre-registered, we started with the maximal model, where we included the interaction between political orientation and CO2e emissions per capita as random slopes. All models had convergence issues, and we then removed the correlation between the intercept and slopes for Model 1 and 2 (see Table 3). Model 3 (Green Transitions; see Table 3) had to be further simplified due to convergence issues; the interaction with CO2e emissions per capita was removed from the random slopes of this model. Results with an alternative scaling of political orientation (by the whole sample) are reported in the Supplementary Materials (Table S5, Figure S9-10).
Finally, we preregistered that we may conduct exploratory analyses disaggregating political orientation on social and economic issues. These analyses are reported in the Supplementary Materials, and revealed that both domains of conservative political orientation interacted with emissions to predict lower support for tax-based and green transition policy, while the interaction was significant only for social conservatism predicting nature protection policy (see Table S6, Figure S11).
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Appendix A: Climate Policy Support Scale instructions and items 

Scale instructions: “Many countries have introduced policies to help reduce carbon emissions and help to mitigate the climate crisis. This can include the implementation of laws and requirements which broadly aim to reduce various greenhouse gasses. Please indicate your level of agreement with the following statements. I support…”

Scale items: 
Tax-based policies
1. Raising carbon taxes on gas/fossil fuels/coal
2. Increasing taxes on carbon intense foods (for example meat and dairy)
3. Taxes on airline companies to offset carbon emissions
Nature protection policies
4. Introducing laws to keep waterways and oceans clean
5. Protecting forested and land areas
Green transitions policies
6. Increasing the use of sustainable energy such as wind and solar energy
7. Increasing the number of charging stations for electric vehicles
8. Investing more in green jobs and businesses

Response options: Sliding scales from 0 (not at all) to 100 (very much so), midpoint marked at 50 (moderately). An additional ‘not applicable’ response option should be removed prior to analysis.

Supplementary Materials
Figure S1. Distribution of policy support ratings for each item across nations. 
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Figure S2. Scree plot from Exploratory Factor Analysis using UK data on full set of nine items (left panel) and refined set of eight items (right panel).
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Exploratory methods to investigate improvements to configural invariance 
In the main text, we described our findings about configural invariance of the three-dimensional climate policy scale, which identified a higher than ideal RMSEA value. Following our preregistered plan, we searched for the source of the misfit in an exploratory way. The multidimensional nature of the model precludes use of the multi-group factor analysis alignment method. We aimed to identify whether any particular items, factors, or samples contribute to non-invariance. 
We began by consulting modification indices to understand what changes to the model specifications would best improve fit. Results indicated that the highest modification index was for setting the airline tax item to load onto the green technology factor (𝜒2(1) = 512.08), and the second highest modification index was for setting the same item to load onto the nature protection factor (𝜒2(1) = 484.19). There was no strong theoretical justification to warrant making these changes, however the recommended modifications do converge on the airline tax item as a potential source of misfit. Because cross-loading this item so that it formed an indicator for all three factors would not provide a sensible measure or make theoretical sense, we instead tested a modified configural model that omits the item. Doing so slightly improved all model fit indices except the RMSEA, which was marginally worse with this model (Robust fit statistics: CFI = .974, TLI = .950, RMSEA = .089, 90% CI [.086, .092], SRMR = .036). Thus, removing the item was not a satisfactory resolution. Additionally, fitting the model to the full dataset did not identify any low factor loadings. 
A warning message alerted us to the possibility that the model was a particularly poor fit in five countries. Specifically, the message noted that the covariance matrix was not positive definite in five countries: Venezuela, Sri Lanka, Ecuador, France, and Germany. Fitting the model in all but these five countries was an obvious first candidate for improving model fit. However, doing so identified a new group of five countries where the covariance matrix was not positive definite (Philippines, Uganda, South Korea, Japan, Italy), and the model fit statistics showed little improvement (robust fit statistics: CFI = .968, TLI = .947, RMSEA = .088 [.085, .090], SRMR = .044). 
Considering the other fit indicators supported configural invariance, and the recommendation to allow up to an RMSEA value of .10 for invariance testing with ten or more groups (Rutkowski & Sventina, 2014), we accepted that the scale met configural invariance without further amendments. 

Scalar invariance exploratory analyses
After metric invariance, the next level of measurement invariance is scalar invariance. Scalar invariance is necessary to allow valid comparison between policy support scores using the scale across countries, as it implies that differences between samples is attributable to genuine differences in policy support. This is because scalar invariance tests if the intercepts are approximately equal across countries, and thus can identify whether particular samples are more likely to endorse or reject items for reasons besides their true level of support for policy. Achieving scalar invariance was not necessary to test our preregistered hypotheses, which required configural and metric invariance, but scalar invariance is nonetheless a useful feature of a cross-culturally valid scale. We therefore tested scalar invariance in an exploratory manner and found that the robust CFI for the scalar invariant model was .917, representing a ΔCFI = -.045. This indicates the scale was not scalar invariant across our full set of 63 countries. We proceeded in an exploratory way to try to identify the source of non-invariance, and specifically whether the scale did reach scalar invariance in a subset of countries. 
Method 1: Exploring a subset of scalar invariant countries using chi-square ratios.
The scalar invariance model produced a chi-square index of model fit in every country. The chi-square value is sensitive both to degrees of freedom, which are equivalent for each country as the same model is fitted, and sample size, which differed across samples. To take into account differences in sample sizes, we scaled each country’s chi-square value by the sample size to obtain a country-specific model fit index. The chi-square / sample size ratio ranged from 0.11 (in Italy) to 2.94 (in Chile) and is plotted in Figure S3. Larger ratios ought to indicate that the model fit was poorer in that country. We first identified the countries with the poorest-fitting scalar invariance model as those with ratios two standard deviations above the mean (Chile and Taiwan; see solid horizontal red line in Figure S3), followed by those one standard deviation above the mean (Philippines, Tanzania, Venezuela; see dashed horizontal red line in Figure S3). Using an iterative process, we tried first excluding the countries with ratios above these extremes, however in both cases, the change in model fit still exceeded the preregistered cutoff of -0.02 (removing those above M+2SD: ΔCFI = -0.025; removing those above M+1SD: ΔCFI = -0.0248). Thus, the scale was still non-invariant in the remaining countries. 
Continuing in an exploratory way to remove the countries with the next-poorest fit, we repeated the analysis removing the next worst fitting country each iteration until we reached the threshold for scalar invariance. This method removed the country with the next-highest chi-square ratio, recomputed the metric and scalar invariant models with the remaining countries, and calculated the difference in robust CFI values between these models. If the difference still exceeded the threshold for scalar invariance (ΔCFI ≥ -.02), the country with the next-highest chi-square ratio was removed. This loop repeated until the threshold was met. After 14 countries were removed (in the order in Figure S2; from Chile to Slovenia), the model reached the scalar invariance threshold in the remaining 49 countries. Specifically, in these 49 countries, the robust CFI for the metric model was .9692 and for the scalar invariance model, the robust CFI was .9492, resulting in a ΔCFI = -.0199.



Figure S3. Chi-square divided by sample size for scalar invariant model in each country. 
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Note. The red solid line denotes 1SD above the mean Chi-square/N ratio and the dotted line represents M+2SD. 
Method 2: Exploring a subset of scalar invariant countries using robust CFI values. 
Although our methods described above settled on a scalar invariant solution in 49 countries, we reached this solution in a highly exploratory way and using chi-square values, which are a contested index of model fit. Thus we aimed to use a second exploratory method of country removal to explore whether this method more efficiently reached a scalar invariant subsample. The multi-group CFA does not give model fit statistics per country besides the chi-square value, which we used above. However, we could obtain robust CFI values for each country by fitting a model that takes the factor loadings and intercepts from the scalar invariant model and using them as model constraints, given that the scalar invariant model constrains these values to be equal in every country. The robust CFI is a useful model fit index because it forms the basis of our invariance decision. To employ this method, we extracted the factor loadings and intercepts from the scalar invariance model, shown in Table S1, and created a model in lavaan using these values as factor loading and intercept constraints, which we then fitted in every country. Doing so allowed us to obtain a robust CFI value for this model in every country, which are plotted in Figure S4. The country ordering differs slightly to those based on chi-square ratios in Figure S3 and therefore gives another exploratory method of narrowing in on a subset of countries where the scale meets scalar invariance. 

Table S1.
Estimates used to constrain factor loadings and intercepts.
	 
	 
	Factor loading
	Intercept

	Tax policy
	 
	 
	 

	Raising carbon taxes on gas/fossil fuels/coal
	 
	30.933
 
	53.966
 

	Increasing taxes on carbon intense foods (for example meat and dairy)
	 
	29.599
 
	46.959
 

	Taxes on airline companies to offset carbon emissions
	 
	25.810
 
	58.721
 

	Nature protection
	 
	 
	 

	Introducing laws to keep waterways and oceans clean
	 
	22.108
 
	77.403
 

	Protecting forested and land areas
	 
	20.540
 
	79.699
 

	Green transitions
	 
	 
	 

	Increasing the use of sustainable energy such as wind and solar energy
	 
	25.427
 
	74.211
 

	Increasing the number of charging stations for electric vehicles
	 
	24.642
 
	63.760
 

	Investing more in green jobs and businesses
	 
	27.388
 
	69.072
 


 
Figure S4. Robust CFI for scalar invariant model in each country. 
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We fitted the metric and configural models and iteratively removed the country with the next-worst fit based on the robust CFI values in Figure S4, stopping when we reached the scalar invariance threshold. In total, 21 countries were removed (in order as per Figure S4, all countries from Chile to Tanzania) to identify that the measure achieved scalar invariance in the remaining 42 countries. In these 42 countries, the robust CFI for the metric model was 0.9685 and for the scalar invariance model, the robust CFI was .9487, resulting in a ΔCFI = -.0198. 
Method comparison and summary of scalar invariant subset of countries 
Our three-dimensional policy support scale did not achieve scalar invariance in the full sample of 63 countries. We tested two exploratory methods to refine the set of countries until we reached a subset where the scale did achieve scalar invariance. Removing countries iteratively based on the worst-fitting model according to the chi-square ratio reached scalar invariance after removing 14 countries, while removal according to robust CFI values from a model where constraints are applied to match those in the scalar invariant model did not reach scalar invariance until 21 countries were removed. There were 10 countries removed by both methods (Chile, Philippines, Portugal, Serbia, Slovakia, Sudan, Taiwan, Tanzania, Ukraine, Uganda), though only the chi-square ratio method resulted in removal of four countries not removed by the robust CFI method (Austria, Finland, Slovenia, Venezuela), while the robust CFI method removed 11 countries that were not necessary to achieve scalar invariance according to results using the chi-square ratio method (Algeria, Armenia, Brazil, China, Czech Republic, Ghana, India, North Macedonia, Peru, Sri Lanka, Uruguay). 
Together, these methods suggest removal based on chi-square ratio was more efficient at maximising retention of countries to identify as many as possible where the measurement model was scalar invariant. Figure S5 displays the main findings of these efforts by highlighting in green the 49 countries where the scale reached scalar invariance. 
Figure S5
World map illustrating the 49 countries where scalar invariance is achieved (green) or not (orange).
[image: ]
Note. Grey shading is used to represent countries where we do not have data. 

Our iterative method of identifying a scalar invariant subset of countries was exploratory and data-driven and the results ought to be considered in light of this. We had no a priori prediction regarding which countries would or would not achieve scalar invariance, and no theoretical rationale to explain why the non-invariant subset responded differently for reasons beyond differences in policy support. 
Internal consistency of climate policy subscales across countries
In the main text, we reported the Cronbach’s alpha and omega (total) values for each of the climate policy subscales computed with the entire sample. In Table S2, we report these results for each country. We could not compute the omega coefficient for nature protection as this was a two-item scale, thus we report the Spearman-Brown coefficient alongside the alpha. We preregistered that we would also report the averages for each of these two reliability coefficients across all samples. Averaging across results in Table S2 indicates that the average Cronbach’s alpha values were .81, .77, and .74 for tax, nature protection, and green transition policies, respectively. The average omega values were .81 for tax policy and .76 for green transition policy. The average Spearman-Brown coefficient for nature protection policy was .78.
Table S2.
Internal consistency statistics for policy domain subscales in each country.
	 
	Tax policy
	Nature protection policy
	Green transitions policy

	Country
	α
	ω
	α
	SB
	α
	ω

	Algeria
	0.71
	0.73
	0.63
	0.63
	0.67
	0.70

	Armenia
	0.81
	0.82
	0.72
	0.75
	0.70
	0.72

	Australia
	0.87
	0.87
	0.85
	0.85
	0.87
	0.88

	Austria
	0.83
	0.83
	0.60
	0.63
	0.68
	0.72

	Belgium
	0.80
	0.81
	0.80
	0.81
	0.73
	0.76

	Brazil
	0.85
	0.85
	0.78
	0.79
	0.71
	0.74

	Bulgaria
	0.86
	0.86
	0.78
	0.79
	0.82
	0.83

	Canada
	0.84
	0.84
	0.81
	0.82
	0.79
	0.80

	Chile
	0.55
	0.58
	0.24
	0.29
	0.60
	0.65

	China
	0.84
	0.84
	0.78
	0.78
	0.75
	0.77

	Czech Republic
	0.82
	0.82
	0.78
	0.79
	0.70
	0.72

	Denmark
	0.86
	0.87
	0.74
	0.75
	0.81
	0.82

	Ecuador
	0.78
	0.79
	0.86
	0.86
	0.74
	0.76

	Finland
	0.82
	0.83
	0.73
	0.73
	0.77
	0.79

	France
	0.79
	0.80
	0.81
	0.82
	0.71
	0.74

	Gambia
	0.81
	0.82
	0.76
	0.77
	0.69
	0.73

	Germany
	0.82
	0.83
	0.76
	0.77
	0.78
	0.80

	Ghana
	0.82
	0.83
	0.77
	0.78
	0.59
	0.63

	Greece
	0.78
	0.79
	0.82
	0.83
	0.79
	0.80

	India
	0.83
	0.84
	0.77
	0.77
	0.63
	0.66

	Ireland
	0.82
	0.83
	0.86
	0.86
	0.82
	0.83

	Israel
	0.83
	0.83
	0.81
	0.81
	0.71
	0.73

	Italy
	0.82
	0.82
	0.85
	0.85
	0.73
	0.75

	Japan
	0.83
	0.84
	0.74
	0.75
	0.77
	0.78

	Kenya
	0.77
	0.77
	0.71
	0.71
	0.69
	0.70

	Latvia
	0.79
	0.80
	0.77
	0.78
	0.79
	0.80

	Mexico
	0.80
	0.81
	0.85
	0.84
	0.73
	0.75

	Morocco
	0.74
	0.76
	0.76
	0.77
	0.83
	0.84

	Netherlands
	0.84
	0.84
	0.76
	0.77
	0.79
	0.80

	New Zealand
	0.85
	0.86
	0.82
	0.82
	0.79
	0.80

	Nigeria
	0.85
	0.85
	0.73
	0.73
	0.70
	0.72

	North Macedonia
	0.79
	0.80
	0.80
	0.82
	0.65
	0.69

	Norway
	0.88
	0.88
	0.77
	0.77
	0.79
	0.80

	Peru
	0.74
	0.75
	0.75
	0.76
	0.63
	0.66

	Philippines
	0.81
	0.81
	0.88
	0.89
	0.68
	0.77

	Poland
	0.82
	0.83
	0.83
	0.84
	0.78
	0.80

	Portugal
	0.76
	0.77
	0.69
	0.72
	0.50
	0.59

	Romania
	0.82
	0.83
	0.69
	0.73
	0.80
	0.82

	Russia
	0.81
	0.81
	0.79
	0.79
	0.74
	0.75

	Saudi Arabia
	0.82
	0.82
	0.85
	0.85
	0.88
	0.89

	Serbia
	0.78
	0.79
	0.82
	0.85
	0.71
	0.72

	Singapore
	0.85
	0.85
	0.83
	0.83
	0.78
	0.80

	Slovakia
	0.72
	0.74
	0.81
	0.82
	0.74
	0.76

	Slovenia
	0.75
	0.77
	0.79
	0.79
	0.66
	0.68

	South Africa
	0.84
	0.84
	0.79
	0.79
	0.78
	0.80

	South Korea
	0.81
	0.82
	0.81
	0.82
	0.80
	0.81

	Spain
	0.85
	0.86
	0.79
	0.82
	0.78
	0.80

	Sri Lanka
	0.74
	0.74
	0.75
	0.75
	0.58
	0.60

	Sudan
	0.82
	0.83
	0.79
	0.80
	0.82
	0.83

	Sweden
	0.82
	0.83
	0.81
	0.81
	0.81
	0.81

	Switzerland
	0.85
	0.86
	0.71
	0.72
	0.69
	0.71

	Taiwan
	0.77
	0.77
	0.67
	0.67
	0.74
	0.75

	Tanzania
	0.78
	0.78
	0.68
	0.72
	0.75
	0.79

	Thailand
	0.83
	0.84
	0.82
	0.84
	0.82
	0.84

	Turkey
	0.80
	0.81
	0.93
	0.93
	0.86
	0.87

	UAE
	0.80
	0.81
	0.83
	0.84
	0.80
	0.81

	Uganda
	0.82
	0.82
	0.46
	0.52
	0.75
	0.76

	UK
	0.85
	0.85
	0.87
	0.87
	0.85
	0.86

	Ukraine
	0.79
	0.79
	0.72
	0.72
	0.69
	0.71

	Uruguay
	0.76
	0.77
	0.73
	0.75
	0.68
	0.70

	USA
	0.89
	0.89
	0.85
	0.85
	0.89
	0.90

	Venezuela
	0.87
	0.87
	0.80
	0.85
	0.79
	0.83

	Vietnam
	0.82
	0.84
	0.77
	0.80
	0.73
	0.75


​​
Table S3. 
Mean (standard deviation) of support for climate policies across countries. 
	
	Tax-based policy
	Nature protection policy
	Green transitions policies

	Algeria
	61.19 (23.41)
	85.93 (16.46)
	85.56 (15.95)

	Armenia
	50.89 (27.87)
	89.37 (17.05)
	80.05 (19.12)

	Australia
	56.41 (27.43)
	82.64 (19.21)
	75.26 (23.11)

	Austria
	54.28 (28.20)
	77.56 (22.79)
	69.13 (22.8)

	Belgium
	51.04 (25.90)
	81.22 (19.31)
	69.82 (21.27)

	Brazil
	60.14 (29.23)
	90.82 (16.54)
	86.75 (16.82)

	Bulgaria
	57.86 (27.94)
	85.11 (19.61)
	77.63 (22.31)

	Canada
	52.62 (26.33)
	86.76 (16.86)
	77.97 (19.37)

	Chile
	80.06 (17.65)
	71.96 (19.94)
	76.23 (19.85)

	China
	62.19 (19.81)
	85.61 (13.8)
	82.15 (13.52)

	Czech Republic
	51.03 (25.86)
	88.75 (16.63)
	70.86 (20.89)

	Denmark
	58.6 (27.65)
	77.43 (20.68)
	74.54 (21.33)

	Ecuador
	58.83 (25.20)
	87.32 (19.19)
	79.13 (19.81)

	Finland
	50.33 (26.10)
	74.08 (22.29)
	66.67 (23.04)

	France
	59.01 (23.95)
	82.04 (19.04)
	70.47 (20.15)

	Gambia
	68.48 (24.56)
	87.37 (18.36)
	79.61 (19.72)

	Germany
	54.23 (27.58)
	78.79 (22.49)
	69.29 (23.80)

	Ghana
	63.53 (26.14)
	92.60 (13.82)
	83.17 (17.12)

	Greece
	51.68 (25.40)
	82.25 (19.62)
	74.79 (20.63)

	India
	65.12 (24.42)
	86.93 (13.78)
	83.88 (13.29)

	Ireland
	56.24 (24.52)
	83.11 (20.31)
	77.20 (20.44)

	Israel
	42.31 (28.01)
	80.11 (22.00)
	75.21 (21.04)

	Italy
	56.35 (25.55)
	87.92 (16.22)
	78.55 (18.23)

	Japan
	41.72 (22.51)
	73.89 (19.42)
	65.25 (21.08)

	Kenya
	64.82 (24.79)
	85.84 (17.86)
	77.16 (20.63)

	Latvia
	40.21 (27.75)
	82.64 (21.87)
	68.17 (26.69)

	Mexico
	60.78 (25.60)
	89.69 (16.48)
	82.58 (17.51)

	Morocco
	62.44 (23.52)
	83.74 (20.60)
	81.59 (20.11)

	Netherlands
	57.87 (27.58)
	81.77 (18.88)
	72.38 (21.59)

	New Zealand
	49.25 (27.07)
	79.48 (21.37)
	72.15 (21.75)

	Nigeria
	63.94 (25.03)
	87.32 (15.91)
	82.18 (16.88)

	North Macedonia
	49.18 (26.61)
	90.63 (17.39)
	81.2 (18.01)

	Norway
	50.36 (27.93)
	77.93 (21.06)
	70.74 (22.42)

	Peru
	59.45 (23.68)
	87.13 (18.01)
	78.50 (19.02)

	Philippines
	63.66 (23.80)
	94.99 (13.79)
	81.48 (17.63)

	Poland
	48.61 (27.18)
	85.11 (20.08)
	76.50 (21.92)

	Portugal
	53.85 (24.10)
	91.77 (11.50)
	81.72 (13.97)

	Romania
	46.50 (29.28)
	89.6 (16.81)
	77.16 (23.84)

	Russia
	44.02 (24.52)
	82.5 (20.74)
	70.27 (22.79)

	Saudi Arabia
	52.94 (25.03)
	68.09 (24.74)
	67.75 (23.93)

	Serbia
	51.34 (27.66)
	95.59 (12.79)
	78.71 (21.96)

	Singapore
	59.73 (22.83)
	78.6 (18.06)
	75.56 (16.50)

	Slovakia
	46.49 (24.25)
	81.24 (22.25)
	65.71 (23.31)

	Slovenia
	51.48 (26.31)
	83.10 (18.78)
	72.55 (20.89)

	South Africa
	58.01 (27.07)
	86.18 (17.67)
	79.51 (20.28)

	South Korea
	61.39 (21.75)
	81.67 (16.75)
	75.96 (17.99)

	Spain
	56.27 (27.88)
	87.88 (18.45)
	80.08 (20.57)

	Sri Lanka
	59.88 (22.35)
	92.67 (12.93)
	86.88 (14.26)

	Sudan
	67.91 (20.74)
	77.72 (17.38)
	76.82 (16.77)

	Sweden
	53.34 (26.45)
	75.45 (22.07)
	69.01 (22.91)

	Switzerland
	56.80 (28.55)
	82.35 (20.02)
	69.77 (20.93)

	Taiwan
	78.39 (10.28)
	78.61 (10.38)
	78.82 (9.52)

	Tanzania
	61.85 (25.34)
	85.18 (21.94)
	80.12 (19.96)

	Thailand
	65.44 (23.54)
	80.97 (21.06)
	77.62 (20.40)

	Turkey
	62.94 (26.66)
	91.19 (18.31)
	87.59 (19.03)

	UAE
	59.19 (23.33)
	76.10 (21.95)
	74.30 (20.61)

	UK
	59.56 (25.64)
	81.71 (19.99)
	75.9 (21.23)

	USA
	53.36 (30.42)
	78.56 (22.94)
	69.16 (27.42)

	Uganda
	72.41 (28.43)
	91.93 (13.17)
	81.12 (21.98)

	Ukraine
	57.17 (25.69)
	94.62 (11.1)
	84.93 (17.64)

	Uruguay
	58.25 (25.60)
	91.85 (13.15)
	85.31 (16.32)

	Venezuela
	63.67 (28.65)
	94.34 (15.29)
	85.77 (19.25)

	Vietnam
	62.52 (24.78)
	88.99 (15.41)
	82.29 (17.52)


Note. Countries shaded in grey did not achieve scalar invariance. 


Alternative exploratory factor analysis  
We also conducted an EFA based on a weighted correlation matrix (n = 51,171 complete cases). Both parallel analysis and inspection of the scree plot indicated an alternative, two factor solution. As shown in Table S4, the first factor explained 39% of the variance in the nine policy items and grouped nature protection and green technology policies, and the second factor grouped tax-based policies, explaining an additional 28% of the variance. We iteratively removed items with lower primary loadings and higher cross loadings, which included first the item ‘Increasing the number of charging stations for electric vehicles’, and next the public transport item also omitted from the UK-based model. The resulting seven-item, two-dimensional scale had a clear structure, with 41% of variance explained by a first factor, interpreted as grouping protection and green growth policies and 33% of the variance explained by a second factor, incorporating all tax-based policies. Testing in an exploratory way the results of extracting three factors on these data returned the same factor structure as the UK results (see Table 1 in the main text, n = 51,626 complete cases), whereby the tax-based, green technology, and nature protection factors explained 28, 24, and 22% of the variance, respectively. 

Table S4
Factor loadings from exploratory factor analysis of a sample size weighted correlation matrix of climate policy support items
	 
	Factor 1
Protection and green growth policies
	Factor 2
Tax-based policies

	Protecting forested and land areas
	.93
	 

	Introducing laws to keep waterways and oceans clean
	.91
	 

	Increasing the use of sustainable energy such as wind and solar energy
	.78
	 

	Investing more in green jobs and businesses
	.74
	 

	Raising carbon taxes on gas/fossil fuels/coal
	 
	.96

	Increasing taxes on carbon intense foods (for example meat and dairy)
	 
	.91

	Taxes on airline companies to offset carbon emissions
	 
	.71


 	The robust model fit indicators were also mixed for the two-factor model indicated by the weighted correlation matrix (shown in Table S4), with acceptable CFI (.947), TLI (.915), and SRMR (.051), and an unacceptable RMSEA (.119, 90% CI [.116, .121]). As these models were not nested, it is not possible to directly compare the three-factor model to the two-factor model. However, visual inspection of the configural invariance model fit indicators suggests that the two-factor model had relatively poorer fit. On balance, we accepted the three factor model first identified through the UK EFA. 


Figure S6. Mean levels of policy support (and 95% confidence intervals around the means) in each country. 
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Meta-analyses of correlations between conservative political orientation and policy support
Our preregistered analysis examining the associations between political orientation and policy support are reported in text. We conducted a series of non-preregistered random effects meta-analyses to further visualise the strengths of these associations. Results showed overall weak or null meta-analytic correlations with conservative political orientation, and high variability across nations, in the associations between conservatism and support for tax-based policies (r = -.02 [-.08, .04]; I2 = 97%, τ2 = 0.05), nature protection policies (r = -.05 [-.09, -.01], I2 = 94%, τ2 = 0.03), and green transition policies (r = -.04 [-.09, .00], I2 = 96%, τ2 = 0.03). The forest plots associated with these meta-analyses are presented in the main text to show the strength of associations in each nation (see Figure 2 in the main text).

Associations in each country between political conservatism and policy support
Figure S7 indicates the overall relationship as well as the country specific relationships between conservative political orientation and a) tax-based, b) nature protection and c) green transition policy support. We have modelled this both with smoothed lines and with the linear association between political orientation and policy support. 

Figure S7. Overall (bold blue) and country-specific relationships between conservative political orientation and support for each climate policy domain. 
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	Panel A. Smoothed line capturing trends per country 
	Panel B. Linear association per country 

	
	


Note. Relationship between political orientation and a) tax-based, b) nature protection, and c) green transition policy support. Political orientation was measured from 0 (extremely liberal/left-wing) to 100 (extremely conservative/right-wing) and policy support ranged from 0 (not at all) to 100 (very much so). Thickened blue lines indicate the relationship collapsed across countries, and thinner lines represent the relationship for each country. 

Formula for linear mixed models presented in the main text
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Deviation in the slope for each country
Figure S8 demonstrates the deviation from the overall slope, indicating that the negative association between conservatism and policy support was stronger in nations towards the bottom of the figure, and weaker in nations displayed at the top of the figure.

Figure S8. Deviation in the slope for each country for the relationship between political orientation and a) tax-based, b) nature protection, and c) green transition policy support. 
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Note: Political orientation is scaled by country. Bars represent 95% confidence intervals. 


Results for Political Orientation, Scaled by Whole Sample
In the main text, we scaled political orientation by country on the assumption that the way people use the sliding scale to place themselves between left-right/liberal-conservative labels may differ across countries. However, it is also possible to scale political orientation by the entire sample, and we had not preregistered which scaling method we would apply. Thus, here we report analyses with the alternate scaling for completeness. 
Associations between political orientation and climate policy support 
We repeated the linear mixed models from the main text examining the effect of political orientation (this time scaled by the entire sample; 60 countries) on the three forms of tax policy support, with country as a random intercept and political orientation included as a random slope. As in the main text, political orientation was not a significant predictor of tax-based policy support (b = -0.79, SE = 0.80, p = .332, N = 46,293) or green transition policy support (b = -0.91, SE = 0.50, p = .075, N = 48,018, required robust optimizer to converge), and the link between political orientation and nature protection policies was significant; those who were more politically liberal tended to have greater support for these policies (b = -0.91, SE = 0.44, p = .043, N = 49,415). Again, and in all cases, the standard deviation of the slopes indicated substantial variability in the relationship across countries (tax-based policy SD = 6.08; nature protection policy SD = 3.26; green transition policy SD = 3.57). Figure S9 demonstrates the deviation from the overall slope for each country, indicating that the negative association between conservatism and policy support was stronger in nations towards the bottom of the figure, and weaker in nations displayed at the top of the figure. 

Figure S9. Deviation in the slope for each country for the relationship between political orientation and a) tax-based, b) nature protection, and c) green transition policy support. 
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Note: Political orientation scaled by full sample. Bars represent 95% confidence intervals. 

Models including CO2e emissions per capita
We repeated the models examining the interaction between political ideology and CO2 equivalent (CO2e) emissions per capita with political orientation. CO2e emissions per capita was scaled, as was political orientation (by the whole sample). As with the models presented in the main text, all models had convergence issues. Models 1 and 2 converged with the inclusion of a robust optimizer (bobyqa). Model 3 had to be further simplified by removing the interaction with CO2e emissions per capita from the random slopes of this model. As shown in Table S5, in these models, a stronger liberal political orientation was linked to greater support for nature protection, consistent with the results in Table 2 of the main text where political orientation is scaled by country. Different from the results in the main text, a stronger liberal political orientation was not linked to green transition policies and tax-based policies. Greater CO2e emissions per capita was also linked to lower support for nature protection and green transition, but not tax, policies. This result differs to that presented in the main text, where emissions significantly predict support for all three policy domains. The interaction between political orientation and CO2e emissions per capita was significant only for nature protection policies, and not for tax and green transition policies. This result also deviates from that reported in the main text, where the interaction is significant for tax policies when political orientation is scaled by country. Following up the interaction for nature protection policy support through inspection of slopes indicates that the negative relationship between left-wing political orientation and nature protection policy support is strongest for countries with higher CO2e emissions per capita (see Figure S10), which is consistent with the findings reported in the main text. 

Table S5
Results for three Linear Mixed Models examining the interaction between political orientation and CO2e emissions per capita on 1) tax-based, 2) nature protection, and 3) green transition policy support. 
	

Fixed effects
	Model 1:
Tax-Based
	Model 2:
Nature Protection
	Model 3:
Green Transition

	
	b
	p
	b
	p
	b
	p

	Conservative political orientation

	-1.33
	.081
	-1.30
	.001**
	-0.83
	.101

	CO2e emissions per capita
	-1.67
	.069
	-1.60
	.040*
	-2.24
	.002**

	Conservative political orientation * CO2e emissions per capita
	-1.69
	.096
	-1.15
	.047*
	-0.94
	.067


Note. * p < .05, ** p < .01, *** p < .001. Sample size was 44,025 for Model 1, 47,074 for Model 2, and 45,742 for Model 3, with 58 groups (countries) for each model.


Figure S10. Association between political orientation (scaled by the whole sample) and support for nature protection policies at high (M+1SD), average (M), and low (M-1SD) levels of CO2e emissions per capita.
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Exploratory analysis disaggregating economic and social conservatism 
In the main text, we computed a mean score for each participant’s political orientation to average across their self-placement on a liberal/left-wing to conservative/right-wing scale on both economic and social issues. We preregistered that we would also repeat the analyses separately for political orientation on social and economic issues as an exploratory analysis. We examined social and economic conservatism in separate models. 
All models predicting policy support using social or economic conservatism, as scaled by country, converged without further adjustments needed. The models predicting support for tax policy revealed that neither economic (b = -0.78, SE = 0.67, p = .245, N = 46,519) nor social (b = -0.86, SE = 0.63, p = .179, N = 46,927) conservative political orientation significantly predicted support for tax-based policy. The models predicting support for nature protection showed that both economic (b = -0.80, SE = 0.32, p = .016, N = 49,696) and social (b = -0.95, SE = 0.39, p = .019, N = 50,236) conservatism predicted lower support for nature conservation policy. These results lead to the same conclusions presented in text, suggesting that regardless of whether political orientation is based on left-right self-placement on economic or social issues, or an index that averages these political orientations, the findings are the same. However, the models predicting support for green transition policies showed that social conservatism significantly predicted lower support for green transition policy (b = -1.01, SE = 0.42, p = .024, N = 48,745) though economic conservatism was not a significant predictor (b = -0.72, SE = 0.39, p = .072, N = 48,278). In the main text, the political orientation composite measure did not reveal a significant effect on green transition policy support. 
Results of our interaction models are presented in Table S6. For ease of comparison, we also copy the main results from the main text at the bottom of the table. As in the main text, the models required additional steps to converge. Of the models predicting support for tax-based policy, the model with economic conservatism converged after removing the correlation between the intercept and slopes and using a robust optimizer, and the model with social conservatism converged after removing the correlation only. Of the models predicting support for nature protection policy, the model with economic conservatism converged after removing the correlation, and the model with social conservatism required both removal of the correlation and a robust optimiser to converge. Of the models predicting support for green transition policies, the model with economic conservatism required the same further simplification reported in the main text (the interaction with CO2e emissions per capita was removed from the random slopes of this model), however the model with social conservatism converged with a robust optimiser and no further model modifications. 
Disaggregating political orientation into social and economic conservatism allows us to confirm that the pattern reported in the main text is the same for tax-based policy, with both forms of conservatism showing significant associations with policy support and significantly interacting with per capita emissions. In the main text, there was a significant interaction between aggregate conservatism and per capita emissions predicting support for nature protection. Our exploratory analyses identify a significant interaction between the socially conservative dimension of political orientation and per capita emissions in predicting reduced support, suggesting that socially conservative views are more strongly related to lower support for nature protection policies in higher emission countries. Meanwhile, there was no significant interaction between aggregate conservatism and per capita emissions in predicting support for green transition policies in the main text, yet we found that separately, both economic and social conservatism interacted with per capita emissions to predict support for these policies. This suggests that conservative views on social and economic issues, separately considered, are more strongly related to lower support for green transition policy in higher emission countries.
Table S6
Results for six Linear Mixed Models examining the interaction between economic and social political orientation and CO2e emissions per capita on 1) tax-based, 2) nature protection, and 3) green transition policy support. 
	

Fixed effects
	Model 1:
Tax-Based
	Model 2:
Nature Protection
	Model 3:
Green Transition

	
	b
	p
	b
	p
	b
	p

	Economic conservatism 
	
	
	
	
	
	

	Conservative political orientation

	-1.01
	.123
	-0.90
	.005**
	-0.65
	.099

	CO2e emissions per capita
	-2.50
	.036*
	-2.57
	.007**
	-2.19
	.003**

	Conservative political orientation * CO2e emissions per capita
	-1.91
	.037*
	-0.86
	.051
	-0.87
	.029*

	Social conservatism
	
	
	
	
	
	

	Conservative political orientation

	-1.12
	.071
	-1.23
	.001**
	-1.23
	.002**

	CO2e emissions per capita
	-2.50
	.035*
	-2.58
	.007**
	-3.02
	.003**

	Conservative political orientation * CO2e emissions per capita
	-1.79
	.038*
	-1.25
	.027*
	-1.44
	.016*

	Political orientation (index of social & economic conservatism – presented in main text)

	Conservative political orientation

	-1.13
	.107
	-1.14
	.002**
	-0.81
	.077

	CO2e emissions per capita
	-2.51
	.035*
	-2.57
	.007**
	-2.20
	.003**

	Conservative political orientation * CO2e emissions per capita
	-2.08
	.036*
	-1.23
	.031*
	-0.87
	.059


Note. Model 1 was tested with a sample size of 44,244 when examining economic conservatism, and 44,637 when examining social conservatism, Model 2 with sample sizes of 47,348 (economic conservatism) and 47,871 (social conservatism), and Model 3 with sample sizes of 45,995 (economic conservatism) and 46,448 (social conservatism).
Figure S11. Association between political orientation (scaled by country) and support for climate policy domains at high (M+1SD; red), average (M; orange), and low (M-1SD; green) levels of CO2e emissions per capita.
	Models with economic political conservatism
	Models with social political conservatism
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