
Nature Climate Change | Volume 13 | January 2023 | 32–39 32

nature climate change

Article https://doi.org/10.1038/s41558-022-01548-6

Multidimensional partisanship shapes 
climate policy support and behaviours

Adam P. Mayer1,3 & E. Keith Smith    2,3 

Partisanship is one of the largest and most studied social barriers to climate 
change mitigation in the United States. Here we expand conceptualizations 
of ‘left-right’ or ‘Democrat-Republican’ towards understanding partisanship 
as a multidimensional social identity with both negative and positive 
elements. Partisan support or opposition for climate action can be driven 
by identification with the partisan in-group (positive or ‘expressive’ 
partisanship), as well as perceived threats from the ‘out-group’ (negative 
partisanship). Using original survey data, we show that when negative 
and expressive partisanship is low, climate policy support is similar for 
Republicans and Democrats. However, differences in policy support increase 
when partisan identification amplifies. Yet, for climate behaviours, we find 
more limited partisan effects. The proposed multidimensional partisanship 
framework revisits the role of partisan polarization in shaping climate change 
action and points to alternative ways to transcend partisan barriers.

Although there is a high degree of consensus among climate scientists 
about the anthropogenic origin of climate change1, global emissions 
have yet to peak, leaving the climate system increasingly vulnerable to 
irreversible and abrupt changes2. The reasons for the failure to respond 
are complex. Fossil fuel technologies are deeply entrenched in indus-
trial societies and transitioning to renewable energy is no simple task3,4. 
Yet, the United States has lagged behind peer nations in CO2 emissions 
reductions and implementation of effective climate policy5.

There are undoubtedly technical challenges to rapid decarboniza-
tion, but much of the problem in the United States remains political. Par-
tisan polarization surrounding climate change is a substantial barrier to 
federal climate change policy, creating a loose patchwork of mostly state 
and local efforts towards decarbonization. Starting in the late 1980s and 
intensifying in the 1990s, the climate change counter-movement suc-
cessfully fomented disbelief in climate science, amplifying opposition 
to climate policy among political conservatives6,7. Republicans are less 
supportive of policies to mitigate climate change and are more likely 
to question the validity of climate science8,9. Yet, it remains unclear to 
which extent partisan polarization affects climate-relevant behaviours, 
a form of the ‘attitudes-behaviour’ gap10. Partisanship has been found 
to have a limited effect across a wide range of climate and energy behav-
iours11,12. Households that install solar panels are politically diverse13, but 
Democrats are more likely to purchase electric vehicles14.

Climate change polarization research often draws upon social 
identity frameworks, wherein partisanship is conceptualized as a group 
identity or social affiliation15,16. People are assumed to be socialized into 
a partisan identity at a young age, which often remains stable over their 
life course17,18. One major implication of adopting an identity framework 
is that many partisans will shift their attitudes (and possibly behav-
iours) to match what they consider to be appropriate for their social 
in-group. This often occurs via a cue-taking process, wherein partisan 
elites (for example politicians, media figures) frame salient issues, 
which are subsequently adopted by their co-partisans19,20. While some 
partisans will update their opinions rather abruptly when presented 
with an elite cue, partisan responses to elite cues are not uniform21,22. 
The social identity perspective on partisanship helps explain why 
there is intense polarization surrounding high-profile issues: partisans 
change what they think to match their group, creating a uniformity of 
opinion within a partisan social group.

Multidimensional partisan social identities
Drawing upon social identity theory23, partisans have been found to 
differ across two key dimensions: positive (‘expressive’) and negative 
partisanship24. Individuals typically have multiple social identities, 
which are hierarchically categorized by the salience of group affilia-
tion. Expressive partisans strongly identify with a political party and 
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hand, expressive partisanship might intensify partisan support for 
climate actions associated with the partisan in-group. For Democrats, 
this means that expressive partisanship might engender more support 
for policy priorities or behaviours associated with Democrats, but it 
may not intensify opposition from Republicans.

Research design
We use survey data from the United States (n = 1,604, Summer 2021) to 
evaluate the role of partisan social identities in shaping climate change 
policy support and behavioural intentions. We identify how expressive 
and negative partisanship moderate the effect of party affiliation across 
three measures of policy support (increases to fossil fuel taxes, support 
for renewable energies, banning old household appliances) and four 
measures of climate behavioural intentions (buying C02 offsets, reduc-
ing car usage, eating less meat, reducing warm water usage; Fig. 2).  
These measures of policy support encompass a range of ‘push’ and ‘pull’ 
instruments39, while behavioural intentions vary across dimensions 
of perceived costs associated with behavioural changes40. We adopt 
ordinal logistic regression to model the measures of policy support and 
behavioural intentions independently, where party affiliation interacts 
(product term) with negative and expressive partisanship to identify 
moderating effects. All regression models control for respondents’ 
climate change concern, social, institutional and scientific trust, gen-
der identification, age, income, educational attainment, racial/ethnic 
identification, region and rural/urban residence.

We rely upon predicted probabilities to interpret the practical 
implications of these nonlinear interaction regression models41, pre-
dicting the likelihood that respondents will have the highest response 
outcome of support for each policy measure (‘strongly support’) and 
climate change behaviours (‘very willing/I already do this’). Predic-
tive margins are calculated for different categories of party affilia-
tion (‘strong Republican’ and ‘strong Democrat’) and scores of the 
expressive/negative partisanship scales (−2 s.d., −1 s.d., mean, +1 s.d.  
and +2 s.d.)42.

Accordingly, predicted probabilities can be interpreted as the 
likelihood of strongly supporting climate policy measures or a high 
level of willingness to voluntarily engage in climate behaviours at the 
combination of each level of expressive or negative partisanship and 
affiliation (Figs. 3 and 4). For example, strongly affiliated Republicans 
that have heightened negative partisanship (+2 s.d.) are predicted to 
have a probability of 0.05 to be strongly in favour of increases to fossil 
fuels taxes (Fig. 3a,), while we estimate that 0.38 (or 38%) of strongly 
affiliated Democrats with heightened expressive partisanship (+2 s.d.) 
are strongly in support of renewable energy subsidies (Fig. 3b).

Climate change policy support
In terms of support for climate change policies, we find greatest sup-
port for renewable energy subsidies (56% in favour and only 20% 
opposed), followed by support for policies banning old appliances 
(46% in favour and only 28% opposed) and those that increase fossil 
fuel taxes (43% in favour, 34% opposed) (Fig. 2). The sample mean for 
responding ‘strongly in favour’ is plotted as a dashed grey line in all of 
the predicted probabilities (Fig. 3).

The effect of partisan affiliation on climate policy support is mod-
erated by expressive and negative partisanship (Fig. 3). For ‘Increas-
ing fossil fuel taxes’ (Fig. 3a), there is a powerful interaction between 
negative partisanship and party affiliation. At low levels of negative 
partisanship, we observe minimal differences between strong Repub-
licans and Democrats (both having a predicted probability of ~0.20). 
However, negative partisanship amplifies the effects of party affilia-
tion. Democratic support for fossil fuel taxes increases moderately at 
heightened levels of negative partisanship (a roughly 5% difference in 
support in comparison with low levels of negative partisanship). Yet, 
the predicted probability of a Republican being strongly in favour of 
increased fossil fuel taxes substantially decreases from 0.23 at low 

their supporters as a primary social ‘in-group’25,26. Partisan identity 
forms a central component of how they define and think of them-
selves27. Salient expressive partisanship encompasses both strong 
in-group affect, but also draws distinctions and sets boundaries against 
out-group members28.

Negative partisanship is less driven by the desire to maintain 
in-group status, and rather towards opposition and minimization 
of the out-group29. Group formation necessitates boundary setting 
and differentiation from the out-group30, but negative identities 
privilege the desire for distinctiveness over those for inclusion28. 
Negative partisanship has increased substantially in the last decade, 
with Democrats and Republicans increasingly reporting dislike for 
opposing partisans, finding them untrustworthy, or even in some 
extreme cases, not supporting their children marrying a member of 
the other party31,32. Yet, expressive partisan identities remain more 
prevalent than negative ones30,33.

Expressive partisan identities are associated with an increased 
likelihood of volunteering for campaigns and donating money to a 
political candidate26, as well as willingness to participate in boycotts34. 
Negative partisan identities draw upon political disagreements, often 
around salient issues among those that are more politically engaged35. 
For example, negative partisan identities can increase engagement 
in Occupy Wall Street protests or the anti-nuclear movement29, as 
well as opposition to climate change and COVID-19 restrictions and 
behavioural compliance.

Some debates contrast expressive with instrumental accounts of 
partisanship. In the instrumental account, voters choose parties on the 
basis of their policy platform and will quickly change their loyalties if a 
party does not align with their individual policy preferences36. Expres-
sive partisans adopt identities affiliated with the in-group rather than 
instrumentally aligning themselves with a party that best represents 
a set of policy preferences.

Expressive and negative partisanship are sub-dimensions of par-
tisanship. Expressive and negative partisanship are not particularly 
strongly related (r = 0.15) (Fig. 1), and are similarly held across Repub-
licans and Democrats (r ≤ 0.10). Expressive and negative partisanship 
are best understood as moderators, differentially shaping climate 
change support and behaviours within party affiliations.

Partisan differences are particularly salient for societal problems 
requiring collective actions such as climate change, as such dilem-
mas can only be resolved by participation of population majorities. 
However, the consequences of expressive and negative partisanship 
for policy support and climate behavioural intentions remain largely 
unknown. For instance, negative Republicans may oppose climate 
change actions, seeing such as a victory over Democratic policies, while 
non-negative Republicans may not necessarily be in opposition. Expres-
sive partisanship moderates partisan support for coal industry subsi-
dies37, where at low levels of expressive partisanship, Republicans and 
Democrats do not substantially differ—indeed, they both are mostly 
opposed. However, at heightened levels of expressive partisanship, 
Republicans are much more likely to support coal industry subsidies. 
In terms of negative partisanship, Democrats who are distrustful of 
Republicans are more supportive of renewable energy policies, while 
distrusting Republicans are more likely to be opposed38.

We hypothesize that partisan identification could be modified 
by expressive and negative partisanship. We expect that negative 
partisanship will drive partisans to oppose climate actions (policies 
and behaviours) that they associate with the opposition party (for 
example, carbon taxes or eating less meat). However, at the same 
time, negative partisanship is less likely to encourage support for the 
climate actions originating from their own partisan group. For example, 
negative partisanship probably creates resistance to restrictive forms 
of climate policy among Republicans, but may not further entrench 
policy support among Democrats, as negative partisanship is primarily 
motivated by the desire to defeat the partisan out-group. On the other 
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levels of negative partisanship to 0.05 at high levels. However, for 
expressive partisanship, there is comparatively less evidence of mod-
eration, where Democrats remain roughly 0.10 more likely to support 
increasing fossil fuel taxes across all levels of expressive partisanship. 
We find similar patterns for ‘Support for renewable energy subsi-
dies’ (Fig. 3b). Democratic support for renewable energy subsidies is 
strongly moderated by expressive partisanship. Democrats with high 
expressive partisanship are substantially more likely (0.38) to support 
such policies than those with lower levels of expressive partisanship 
(0.19). Yet among Republicans, we find a small decrease in predicted 
support for renewable energy subsidies at greater levels of expres-
sive partisanship (0.25 versus 0.17). Further, at low levels of negative 
partisanship, Republicans and Democrats have a similar likelihood of 
supporting renewable energy subsidies. But again, support decreases 
quite substantially for Republicans with heightened levels of negative 
partisanship, having a 0.11 predicted probability of being strongly in 
favour of supporting renewable energy subsidies. Alternatively, sup-
port for renewable energy subsidies increases moderately for Demo-
crats with heightened levels of negative partisanship.

Turning to support for ‘Banning old appliances’ (Fig. 3c), we 
observe more complex patterns of moderation. At low levels of expres-
sive partisanship, we find minimal differences between Republican 
(0.15) and Democratic support (0.13) for banning old appliances. Yet, 
support increases more substantially for Democrats (0.29) than for 
Republicans (0.16) at heightened levels of expressive partisanship. For 
negative partisanship, there is a smaller observed moderation by party 
affiliation, where Democrats become slightly more likely to support 

banning old appliances with heightened negative partisanship, while 
Republicans become slightly less supportive.

Climate change behaviours
Regarding willingness to engage in climate mitigation behaviours, 
49% are ‘very willing’ or ‘already do’ use warm water more sparingly, 
compared with 35% for willingness to reduce the number of times a 
week that they eat meat, 33% for reducing how often they use their car, 
and 28% for willingness to purchase CO2 offsets (Fig. 2).

The likelihood of being ‘very willing/I already do this’ to engage in 
four climate mitigation behaviours for respondents at varied levels of 
party affiliation is moderated by expressive and negative partisanship 
(Fig. 4). Compared with the observed moderation of climate policy sup-
port measures, expressive and negative partisanship do not strongly 
moderate the effect of party affiliation. Rather, somewhat surprisingly, 
we mostly find evidence of direct effects of expressive and negative 
partisanship, and comparatively smaller effects of party affiliation.

High levels of expressive partisanship are positively associated 
with willingness to purchase CO2 offsets and reduce car usage for both 
Democrats and Republicans, while heightened levels of negative parti-
sanship are associated with decreased willingness to eat less meat for 
both partisan groups. For using warm water more sparingly, we do find 
some evidence of moderation, where Republicans with high levels of 
negative partisanship (0.51) are less likely to change their behaviours 
than those with lower levels (0.44), while Democrats with heightened 
levels of negative partisanship (0.53) are more likely to use less warm 
water than those with lower levels (0.43).
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In sum, these findings suggest comparatively smaller differences 
between Republicans and Democrats in willingness to voluntarily 
engage in behaviours that can mitigate climate change.

Discussion
Partisanship is one of the most well-documented predictors of climate 
change policy support and remains one of (if not the) largest barriers 
to comprehensive federal policies in the United States. We find that 
partisan polarization around climate change policy is largely driven 
by expressive and negative aspects of partisanship, with negative 
partisanship having an especially pronounced effect. While previ-
ous research has focused mainly on inter-party polarization9,43–45, we 
find a key source of intra-party divergence and differentiation among 
Republican partisans. Republican resistance to climate change policy 
emerges primarily among Republicans with high levels of negative 
partisanship. We find fewer differences among Republicans based on 
levels of expressive partisanship.

A key implication of our analysis is that Republican resistance to 
climate change policies is for many, less about promoting the goals 
of the in-group and more about defeating those of Democrats. Figur-
ing out why some Republicans become negative Republicans is an 
important future task, warranting further analytic attention from 
researchers. Although there is a large literature on political socializa-
tion18, comparatively less is known about the forces that drive partisans 
towards negative partisanship. This is an important knowledge gap, as 
understanding how negative partisanship develops might open new 
avenues for transcending partisan polarization. Indeed, our analysis 
implies that simple Republican affiliation is not a major barrier to 
policy support or behavioural change—Republicans are, in fact, quite 
supportive of climate change policy if they are highly not negative 
partisans. Solving this social identity puzzle should be a central task 

of future research and may require qualitative data, longitudinal data 
and media analysis.

A promising finding of this study is that there is little polarization 
surrounding voluntary engagement in climate change mitigation 
behaviours. Particularly, expressive partisanship does not appear 
to be a barrier to willingness to engage in climate change behav-
iours for either Republicans or Democrats. Notably, at high levels 
of expressive partisanship, Republicans are found to be more likely 
than Democrats to purchase CO2 offsets. These findings suggest that 
partisan polarization may be more limited to climate change policy 
and attitudinal realms, while behavioural intentions may be a product 
of other motivating factors, such as perceptions of costs, risk and 
efficacy46. Although there are limits to the extent to which individual 
or household-level behavioural change can reduce societal-level 
emissions, we suggest that further research should attend to how to 
engender behavioural adaptation47 and encourage behaviours in a 
non-partisan way. For example, recent research has focused on iden-
tifying social tipping (or positive tipping) mechanisms48 which can be 
further expanded to explore how minimizing partisan differences can 
remove barriers to action, and creating more ‘critical conditions’ for 
rapid societal transformations49. Furthermore, future research could 
further explore the limited partisan differences in climate mitigat-
ing behaviours, as this could be a manifestation of the well-known 
attitude-behaviour gap10.

Some theoretical perspectives have assumed that conservatives 
are less likely to be concerned about environmental problems caused 
by deregulated markets (‘antireflexivity’)50 and more likely to reject 
environmental policies, as they inherently involve government inter-
vention (‘solution aversion’)51. Yet, our findings suggest that Republican 
opposition is largely among those preferring to impede Democratic 
goals (negative), as opposed to promoting those of their own party 
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(expressive). Accordingly, the barrier of polarization may be less a 
product of ideological differences, but rather out of a desire to limit 
victories of the perceived ‘out-group’. Additionally, these findings fur-
ther lend credence to the research on the moderating effects on party 
affiliation, such as by education52 and income53, as well as emerging 

research on how individual values and polarization interact to shape 
climate change policy support54.

The sheer power of negative and expressive partisanship could also 
allow for additional interventions to shift public opinion. Recall that 
a well-funded campaign to derail climate action is one of the primary 
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Fig. 3 | Interaction effect of partisan social identities by party affiliation 
for climate change policy support. Probabilities are calculated from ordered 
logistic regression estimates (Supplementary Table 1) of climate change policies 
on expressive and negative partisanship by partisan affiliation interaction 
product term, controlling for climate change concerns, social, institutional and 
scientific trust, gender identification, age, income, educational attainment, 
racial/ethnic identification, region and rural/urban residence. Predicted 
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(‘strongly in favour’), at the polar level of party affiliation 1 ‘strong Republican’ 
and 7 ‘strong Democrat’, and expressive and negative partisanship scales at 
−2 s.d., −1 s.d., mean, +1 s.d. and +2 s.d. for the interaction product terms, 
holding all other predictors at their means (marginal effects42). Error bars are 
95% confidence intervals around the predicted probabilities. Dashed grey lines 
indicate sample mean responses for outcome ‘Strongly in favour’. Analytical 
sample sizes: n = 1,151 (’increase fossil fuel taxes’, a), n = 1,142 (’support renewable 
energy subsidies’, b), n = 1,137 (’ban old household appliances’, c).
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causes of entrenched partisan polarization surrounding climate 
change6,55. The current work reveals some additional complexities: nega-
tive Democrats are much more supportive of climate policies, presum-
ably because they seek to ‘defeat’ or ‘win’ against Republicans in policy 
struggles. Partisan animus may be a driving force for negative partisans 
towards policies like carbon taxes. The implications of negative parti-
sanship are therefore complex—to some degree, our work implies that 
negative feelings toward Republicans could be harnessed to encourage 
climate policy support among Democrats. Indeed, one interpretation of 
our results is that it is advantageous, from a climate policy perspective, 

for Democrats to become more negative, and alternatively, when climate 
policy is framed as a component of Republican social identity, opportuni-
ties are presented towards overcoming barriers to support.

Online content
Any methods, additional references, Nature Portfolio reporting sum-
maries, source data, extended data, supplementary information, 
acknowledgements, peer review information; details of author contri-
butions and competing interests; and statements of data and code avail-
ability are available at https://doi.org/10.1038/s41558-022-01548-6.
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for ‘Willingness to engage in climate change behaviours’. Probabilities are 
calculated from ordered logistic regression estimates (Supplementary Table 2)  
of climate change behaviours on expressive and negative partisanship by 
partisan affiliation interaction product term, controlling for climate change 
concerns, social, institutional and scientific trust, gender identification, age, 
income, educational attainment, racial/ethnic identification, region and rural/
urban residence. Predicted probabilities are calculated at the highest value of 

climate change behaviours (‘very willing/I already do this’), at the polar level of 
party affiliation 1 ‘strong Republican’ and 7 ‘strong Democrat’, and expressive 
and negative partisanship scales at −2 s.d., −1 s.d., mean, +1 s.d. and +2 s.d. for the 
interaction product terms, holding all other predictors at their means. Error bars 
are 95% confidence intervals around the predicted probabilities. Dashed grey 
lines indicate sample mean responses for outcome ‘I already do this/very willing’ 
Analytical sample sizes: n = 1,146 (’buy CO2 offsets’, a), n = 1,170 (’reduce car 
usage’, b), n = 1,171 (’eat less meat’, c) and n = 1,172 (’use warm water sparingly’, d).
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Methods
Data collection
This study adheres to principles of ethical research on human research 
subjects: the survey instrument, data collection and storage for 
this project were approved by the ETH Zurich’s Ethics Committee 
(EK-2021-N-94). We partnered with Dynata (formerly known as Survey 
Sampling International) to sample adult residents of the United States 
(n = 1,604). We used quota samples for gender identification, educa-
tion, age, race and region of the country. We compared the sample 
demographic statistics and population parameters (Supplementary 
Table 3). Following their agreement with Dynata, respondents were 
compensated (typically with rewards points) for their completion 
of the survey. We excluded respondents who completed the survey 
in less than half the median completion time. Our survey further 
includes two attention checks, and respondents who failed either 
check were removed from the analytical sample. In total, 181 out of 
the original 1,785 respondents were removed for not passing the 
attention checks or for completing the survey too quickly (Supple-
mentary Table 4).

Our questionnaire was presented in English. At the start of the 
survey, respondents read information about the scope, purpose and 
possible risks associated with participation, and were asked to provide 
their consent. Some 9% did not provide consent and were directed to 
the end of the survey. Respondents were allowed to end their partici-
pation at any point and were able to skip questions. We did not collect 
information that could directly identify respondents. Online panels 
have grown increasingly more common in the academic literature, 
particularly for preliminary or exploratory research, but we remind the 
reader that our data are not a true probability sample although online 
panels typically provide relatively high-quality data 56,57.

Outcomes
We employed seven separate measures to capture two broader con-
structs: climate change policy preferences and climate change behav-
iours (Fig. 2). For climate policy preferences, we adopted three items 
from the European Social Survey, Wave 858 special module on ‘public 
attitudes to climate change’, each measuring support for distinct cli-
mate policies: increase fossil fuel taxes, support renewable energy 
subsidies and ban old household appliances. For each of the policy 
preferences, the respondents were asked how much they are in favour 
of or are against the policy, with outcomes ranging on a Likert-scale 
from (1) strongly against to (5) strongly in favour.

Next, we used four separate items adopted from Tobler et al.40 
measuring voluntary engagement in climate behaviours: buying CO2 
offsets, reducing car usage, eating less meat and using warm water 
more sparingly. As perceived costs present a substantial barrier to cli-
mate behavioural adaptation59, these items were designed to measure 
voluntary engagement in behaviours that are each associated with 
different forms of perceived adaptation costs: financial, time, incon-
venience and discomfort, respectively.

For each behaviour, respondents were asked to evaluate how 
willing, or not willing, they would be to make the behavioural change 
to address climate change, with responses ranging from (1) not at all 
willing to (5) very willing. Further, another response category was 
also presented: (6) ‘I already do this’ to account for respondents who 
have already made these behavioural adaptations. For parsimony and 
analytical purposes, we combined the responses ‘very willing’ and ‘I 
already do this’ into a single response item for our evaluations. We 
believe that people who are ‘very willing’ are not substantively different 
from those who responded that they ‘already do this’. Furthermore, we 
provided supplementary analyses, with these behavioural depend-
ent variables coded either as 5-item or 6-item (including ‘I already do 
this’ as the top response category) scales, finding non-substantive 
differences between these results (Supplementary Fig. 1). Such an 
approach reduces the variability of the outcome measures, which 

could reduce the power of these analyses. We weighed such concerns 
with the benefits of parsimony offered by the 5-item scale. Given that 
we find non-substantive differences between 5- and 6-item scales, we 
used the parsimonious coding, which has the added advantage of being 
more appropriate for ordinal logistic regression modelling techniques.

Partisanship predictors
Our focal predictors are indicators of party affiliation, expressive 
partisanship and negative partisanship. We used a seven-category 
variable for party affiliation (Fig. 1). For expressive partisanship, we 
employed an established 8-item scale26 and performed factor analysis 
to determine dimensionality, which strongly suggested that a single 
factor underlies these items (Supplementary Table 5). From here, we 
estimated a factor score with a mean of zero and standard deviation 
of one. For negative partisanship, we reproduced a scale developed 
by the Pew Research Center60. Again, we conducted a factor analysis 
to determine the dimensionality of these items, which provided 
strong evidence of a single-factor solution (Supplementary Table 6). 
Furthermore, internal reliability analyses suggest validity across items 
included in both scales (Supplementary Table 7). We then calculated 
a factor score, again with a mean of zero and standard deviation of 
one. The distribution of responses to each form of partisanship is 
displayed in Fig. 1.

Control variables
To avoid potential confounding variables, we included a range of controls  
in our regression analyses. One of the most consistent predictors of 
climate change support and policy support is risk perception or con-
cern—simply put, people who view climate change as a more serious 
problem are more likely to change their behaviours or support policies 
towards mitigation. Trust is also associated with increased climate change 
behaviours and policy support, albeit in complex ways61. Accordingly, 
we controlled for social trust (for example, trust in other people), insti-
tutional trust (for example, trust in governmental institutions) and trust 
in scientists as a source of information about climate change, vaccines, 
nuclear power and evolution (Supplementary Tables 8–10). We followed 
well-established practices to further control for socio-demographic 
characteristics: gender identification, education, age, income, racial 
identification, respondent geographical region and urban/rural inhabit-
ance. We provide descriptive statistics, variable coding and the original 
scale source (when appropriate) for all the predictor and control variables 
in Supplementary Table 11.

Analytic strategy
As the dependent variables are all scored on an ordinal scale, 
we adopted ordinal logistic regression as the modelling choice.  
Ordinal logistic regression models have well-documented chal-
lenges of interpretation62. In particular, within non-linear models, 
the coefficients of interaction product terms cannot be interpreted 
with regards to their significance or effect magnitude41. Accord-
ingly, we adopt predicted probabilities (margins42) as the primary 
analytical approach, exploring the substantive effects of the inter-
active product terms. For each outcome dependent variable, we 
first estimated ordinal logistic regression models for the direct 
and interactive effects of partisanship (Supplementary Tables 1  
and 2). All models were estimated with the control variables. We then 
calculated predicted probabilities for the likelihood to respond to the 
highest value of the outcome variable (for example, ‘strongly in favour’ 
for the measure of climate policy support, and ‘very willing/I already 
do this’ for climate behaviours) at substantive levels of party affiliation  
(1 ‘strongly Republican’ and 7 ‘strongly Democrat’), and expressive and 
negative partisanship scales (−2 s.d., −1 s.d., mean, +1 s.d. and +2 s.d.), 
holding all other predictors at their means.

Accordingly, predicted probabilities could be interpreted as the 
likelihood of supporting the climate policy measures or willingness 
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to engage in climate behaviours at the combination of each level of 
partisanship and affiliation (Figs. 3 and 4).

Robustness checks
We performed a series of robustness checks on these findings (see 
Supplementary Materials). In sum, we find that these results are robust 
against several potential forms of systematic biases, including potential 
confounding effects (Supplementary Tables 12 and 13) via potential 
omitted variables or spurious interaction effects (Supplementary Figs. 
2 and 3). Further, we note that the effects for behavioural willingness 
measures do not substantively vary across coding schemes—either 
‘very willing’ or ‘I already do this’ (Supplementary Fig. 1).

Furthermore, we explored potential sources of error via collin-
earity analyses, finding no single variable to have a variance inflation 
factor of over 2.3, with a mean of 1.45 across all items (Supplementary 
Table 14).

All data analyses were performed using Stata SE 16.1.

Ethics
The survey instrument, data collection and storage for this project 
were approved by the ETH Zurich’s Ethics Committee (EK-2021-N-94). 
The authors declare that they have adhered to all ethical regulations 
for research involving human subjects.

Reporting summary
Further information on research design is available in the Nature Port-
folio Reporting Summary linked to this article.

Data availability
Full original survey data are available on the Harvard Dataverse63 with 
the identifier https://doi.org/10.7910/DVN/8V9FDH.

Code availability
Analytical replication materials are available on the Harvard Data-
verse63 with the identifier https://doi.org/10.7910/DVN/8V9FDH.
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For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.

n/a Confirmed

The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement

A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

The statistical test(s) used AND whether they are one- or two-sided 
Only common tests should be described solely by name; describe more complex techniques in the Methods section.

A description of all covariates tested

A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons

A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient) 
AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)

For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted 
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For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings

For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes

Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

Our web collection on statistics for biologists contains articles on many of the points above.
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Data collection Survey data was collected using Qualtrics survey software.

Data analysis All data analyses were performed using Stata 16.1. 
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Behavioural & social sciences study design
All studies must disclose on these points even when the disclosure is negative.

Study description Quantitative analyses adopting ordered logistic regression estimates of climate change policy support and behaviors on 
multidimensional forms of partisanship.

Research sample We adopt non-probability, online panel (convenience) as the sample for these analyses. We sample adult residents of the U.S. 
(n=1,604) provided by an online panel service (Dynata). We used quota samples for gender identification, education, age, race, and 
region of the country. Comparison of sample statistics and population parameters are presented in Table S11 in the supplementary 
materials. 

Sampling strategy Respondents were recruited via a commerical panel provider, Dynata.  Dynata provide access to online panel and ensured sampling 
quotas were met. No personal information was collected from respondents (confidential data collection), and respondents were 
compensated for their participation according to their agreement with Dynata. The sample size (n=1,604) was chosen to maximize 
respondents with the available project funding.  The full sample is used for these analyses (adopting list-wise deletion methodologies 
common to regression techniques), and is broadly considered large enough for national US samples.

Data collection The survey design, data collection and analyses were all conducted by the project team, only access to the sample panel was granted 
via Dynata.  We fielded the survey in English. The survey instrument was approved by the ETH Zurich's Ethics Committee (EK-2021-
N-94). 

Timing Data were collected from July 22 to August 3, 2021.

Data exclusions Respondents under 18 years old were excluded from the study. Respondents that failed at least 2 of 3 attention checks were 
excluded from the analyses (~10.1% of responses). 

Non-participation Upon entering the survey, respondents are asked to provide their consent to participate in the study.  9% of those entering the 
survey chose to not provide consent. 

Randomization There were no randomizations and experimental designs utilized for the data used in these analyses.  Attitudinal climate change 
concerns, social, institutional, and scientific trust) and socio-demographic (gender identification, age, income, educational 
attainment, racial/ethnic identification, region and rural/urban residence) controls are included in all regression analyses to adjust for 
potential confounding effects. 

Reporting for specific materials, systems and methods
We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material, 
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response. 

Materials & experimental systems
n/a Involved in the study

Antibodies

Eukaryotic cell lines

Palaeontology and archaeology

Animals and other organisms

Human research participants

Clinical data

Dual use research of concern

Methods
n/a Involved in the study

ChIP-seq

Flow cytometry

MRI-based neuroimaging

Human research participants
Policy information about studies involving human research participants

Population characteristics We sample adult residents of the U.S. (n=1,604) provided by an online panel service (Dynata). We used quota samples for 



3

nature research  |  reporting sum
m

ary
April 2020

Population characteristics gender identification, education, age, race, and region of the country. Full comparisons of sample statistics and population 
parameters for the quotas are presented in Table S11 in the supplementary materials. 

Recruitment Respondents were recruited in contracted partnership with Dynata, an online panel provider.  Dynata provided access to 
their proprietary online panel and ensured sampling quotas were met. No personal information was collected from 
respondents (confidential data collection), and respondents were compensated for their participation according to their 
agreement with Dynata. 

Ethics oversight The survey instrument , data collection and storage for this project was approved by the ETH Zurich's Ethics Committee 
(EK-2021-N-94)

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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