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Abstract

In this paper we seek to identify robust predictors of individuals” attitudes
towards climate change and environmental degradation. While much of
the extant literature has been devoted to the individual explanatory poten-
tial of individuals’ characteristics, we focus on the extent to which these
characteristics provide robust predictions of climate and environmental at-
titudes. Thereby we adjudicate the relative predictive power of psycholog-
ical and socio-demographic characteristics,(as well as the predictive power
of combinations of these attributes: To do so we use a popular machine
learning technique, Random Forests, on three surveys fielded in China,
Switzerland, and the USA, using a variety of outcome variables. We find
that a psychological construct, the Consideration of Future Consequences
(CFC) scale, performs well in predicting attitudes, across all contexts and
better than traditional explanations of climate attitudes such as income
and education. Given recent advances suggesting potential psychological
barriers of behavioural change (Weaver, 2015) and the use of psychologi-
cal constructs to target persuasive messages (Abrahamse, Steg, Vlek et al.,
2007; Hirsh, Kang, and Bodenhausen, 2012), identifying important predic-
tors such as the CFC may allow to better understand public’s appetite for
climate and environmental policies and increase demand for these policies,
in an area where existing efforts have shown to be lacking (Bernauer and
McGrath, 2016; Chapman, Lickel, and Markowitz, 2017).
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Introduction

Climate change and environmental degradation pose serious challenges to hu-
mankind in general and policy makers specifically. These threats demand far-
reaching and substantial policy action in order to limit their negative effects.
Citizens have substantial influence on which policies are and will be imple-
mented, especially in democracies. While public opinion is not a sufficient
condition for far-reaching responses to these climate and environmental chal-
lenges, it has substantial impact on policies in Western democracies (Anderson,
Bohmelt, and Ward, 2017; Oehl, Schaffer, and Bernauer, 2017; Wlezien, 1995).
However, public opinion also has the potential to bring political efforts to halt
(see, for example, Diir and Mateo, 2014). Generally, the connection between at-
titudes and real world behaviour is well established in the social sciences (Fish-
bein and Ajzen, 1975; Ajzen, 1991). Thus, in order to understand the public’s
appetite for climate and environmental policy, the existing literature has largely
focused on explanations of climate and environmental attitudes. However, it is
unclear whether the factors that explain climate and environmental attitudes are
also the best once to anticipate future public appetite for climate and environ-
mental policies. Therefore, we propose that a logic of prediction is an important

complementary tool that can assist policymakers.

The current literature highlights many factors as being relevant to explain indi-
viduals’ climate and environmental attitudes. Socio-demographic factors such
as age and gender, individuals’ resources such as education, employment sta-
tus, and income (Blocker and Eckberg, 1989; 1997; Lee, Markowitz, Howe et al.,
2015; Franzen and Vogl, 2013; Inglehart, 1995; Mohai, 1992; Stern, Dietz, and



Kalof, 1993) and political variables such as party proximity and political ide-
ology (McCright and Dunlap, 2003; 2011; Mildenberger, Marlon, Howe et al.,
2017) have been demonstrated to impact attitudes. Based on this research, the
literature concludes that younger individuals, females, better educated, eco-
nomically better situated individuals, and politically left individuals are more
pro-environmental and pro-climate action. Furthermore a meta-study by Hornsey,
Harris, Bain et al. (2016) shows that political variables tend to outperform often
used variables, such as education and gender as determinants of attitudes to-

wards climate change.

Another branch of literature focusses on beliefs and values and their role in pro-
environmental attitudes and behaviour (Poortinga, Steg, and Vlek, 2004; Steg,
Bolderdijk, Keizer et al., 2014). Egoistic and biospheric values explain support
for pro-environmental behaviour. Biospheric values are shown to positively af-
fect pro-environmental attitudes and behaviours, whereas egoistic values tend
to be associated with less concern about environmental issues (De Groot and
Steg, 2007; de Groot and Steg, 2008). Conspiracy beliefs are argued to be as-
sociated with climate scepticism (Lewandowsky, Oberauer, and Gignac, 2013),
while others highlight general risk perceptions and awareness (Lee, Markowitz,

Howe et al., 2015; Mindenberger and Tingley, 2017; Whitmarsh, 2011).

Finally, more general psychological concepts also receive substantial attention.
Psychological factors often present hurdles for pro-environmental behavioural
change (Steg and Vlek, 2009; Weaver, 2015). Thus understanding the interaction
between the environment and humans, and pro-environmental behaviour as a

consequence is crucial (Steg, Berg, and De Groot, 2013).



One particular psychological concept that has received attention is the consider-
ation of future consequences (CFC) scale (Strathman, Gleicher, Boninger et al.,
1994; Bruderer Enzler, 2015). This measure is said to capture “the extent to which
people consider distant versus immediate consequences of potential behaviors” (Strath-
man, Gleicher, Boninger et al., 1994: 742). Bruderer Enzler (2015) highlights
that the consideration of future consequences correlates with measures of in-
tended pro-environmental behaviour. Others establish the association between
more general psychological concepts, such as the Big Five (Hirsh and Dolder-
man, 2007; Milfont and Sibley, 2012; Pettus and Giles, 1987) or the California
Psychological Inventory (Borden and Francis, 1978). Understanding the psy-
chological underpinnings of pro-environmental and conservation behaviour is
essential to challenge climate change and environmental degradation (Clayton
and Myers, 2015; Gifford, 2008; Schmuck and Schultz, 2002; Stern, 1992). Bam-
berg and Moser (2007) use observational techniques, such as correlations and
meta-analytical structural equation models to confirm earlier findings by Hines,
Hungerford, and Tomera (1987). Psycho-social variables are substantially cor-

related with pro-environmental behaviour.

Understanding such psychological concepts, and the ability to predict individ-
uals’ attitudes and behaviour, become important for two reasons. First, Weaver
(2015) discusses potential barriers of behavioural change. For policy makers to
understand these barriers and design policies to avoid or leapfrog these hur-
dles, a profound understanding of psychological characteristics and their rela-
tion to climate-friendly and pro-environmental behaviour is essential (also see

Steg and Vlek, 2009). Second, research in other disciplines finds psychological



targeting is effective to persuade individuals on digital platforms (Hirsh, Kang,
and Bodenhausen, 2012; Dubois, Rucker, and Galinsky, 2016; Matz, Kosinski,
Nave et al., 2017; Abrahamse, Steg, Vlek et al., 2007). Yet by focusing on ex-
plaining climate and environmental attitudes, existing research has focused less
on our ability to predict these attitudes. Ultimately, explanatory and predictive
power are two separate concepts (Shmueli, 2010; Muchlinski, Siroky, He et al.,
2016), necessitating a different approach than the standard observational and

experimental framework used to understand climate attitudes.!

Current meta studies such as Milfont, Wilson, and Diniz (2012) provide im-
portant starting points to better understand the relationship of attitudes and
pro-environmental and climate-friendly behaviour. Milfont, Wilson, and Diniz
(2012) explicitly assess the explanatory power of the time perspective, in their
case also amongst others the here used CFC scale, on different measures of envi-
ronmental engagement. Analysing data from 19 independent samples in seven
countries, they find an association of future orientation, and pro-environmental
attitudes and behaviour. In line with these findings, past or present orientation

is not associated with pro-environmental attitudes and behaviour.

In doing so, Milfont, Wilson, and Diniz (2012) provide an important starting
point to understand the role of time considerations for pro-environmental be-
haviour. Their findings highlight the robustness of this explanation of pro-
environmental behaviour beyond specific countries and contexts. Yet meta-
analyses, in focusing on the effect of variables, do not explicitly test the pre-

dictive power of said variables and thus whether they significantly improve

For a notable exception see Lee, Markowitz, Howe et al. (2015).



predictive power in general as well as relative to other variables. Therefore this
paper complements such work by explicitly testing the predictive power of dif-
ferent variables and examining the overall predictability of climate attitudes in

a variety of contexts, with the use of Random Forest models.

Our focus on the predictive capacities of variables is important as much em-
phasis is typically placed on explanation rather prediction, and at worse are con-
flated. While assessing predictive power is important scientifically, it also has
relevance for policy makers. From the perspective of policy makers, the ability
to predict the public’s appetite for policies is likely more important than ex-
plaining potential changes in the variance of policy support. Moreover, the low
predictive power of some variables, such as education and employment status,
casts some doubt about their theoretical and practical worth. Substantially, the
real world consequences of the assessed attitudes are too important to simply
focus on explanatory power and neglect their predictive power (Muchlinski,
Siroky, He et al., 2016; Shmueli, 2010), obviating our ability to anticipate future

developments in attitudes and thus policy.

In light of these trends and considerations, we use Random Forests (see e.g.
Breiman, 2001; Liaw and Wiener, 2002), a popular machine learning technique,
to assess the predictive power of common individual characteristics. We do so
using data from three surveys fielded in China, Switzerland, and the United
States. A Random Forest consists of constructing many decision trees, a non-
parametric predictive modelling approach. Decisions trees consist of splitting
the data into subgroups (e.g. male vs. female, high vs. low education), until

an accurate prediction of the outcome can be formed based off of these splits.
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By aggregating the results of many trees, a Random Forest provides predictions
that are more robust and less sensitive to overfitting than the result of a single
decision tree, as well as not being dependent on parametric functional forms as

in tradition statistical models such as linear regression.

The results find that the Consideration of Future Consequences (CFC) scale is
a robust predictor of climate and environmental attitudes. Its predictive power
is similar to that of knowing whether an individual does not believe in climate
change and the political party an individual supports. Furthermore by having
strong predictive power and more variation than such discrete measures, the
CFC leads to purer nodes. Surprisingly other individual characteristics, such as
income and education, are found to have lower predictive power. Given their
importance for other attitudes and behaviour (Fishbein and Ajzen, 1975; Ajzen,
1991), this paper highlights how variables that may be relevant for explaining
individuals” attitudes are nevertheless not well suited to predict and individu-

als’ climate and environmental attitudes.

The paper is structured as follows. First, we introduce the survey data and
methods. We then present the results from our Random Forest analysis, (ex-
amining the relative predictive power of individuals” characteristics. The final

section offers concluding thoughts.

Data and Methods

We analyse three original surveys on climate attitudes from three different coun-

tries (China, Switzerland, USA). Our outcome measures, the environmental at-
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titudes that we seek to predict, are briefly summarised in Table 1. These items
cover a wide array of attitudes individuals may hold concerning the environ-
ment and climate change, capturing many relevant issues regarding adapta-
tion and mitigation. The first and second surveys targeted the population in
both China and the USA (n = 3007 and n = 3000 respectively). In the USA
(n = 3000) the survey was fielded from 28th November to 7th December 2016,
and in China (n = 3007) from 7th December to 16th December 2016, by Ipsos.
The USA survey is representative of the general population in terms of age,
employment status, gender, income and region. Participants from China were
recruited from tier I and II cities and using a quota to ensure representativeness
for age, employment status, gender, income and region (for more information
on the study design, see Beiser-McGrath and Bernauer, 2018).> Participants for
the third survey in Switzerland were randomly selected car owners registered
in the Canton of Zurich (n = 1919) and fielded from 28th September 2016 to
25th January 2017 and was self-commissioned. A random sample of 10,000 cars
registered in the Canton of Zurich was drawn, and then invited to an online sur-
vey via a postal letter, resulting in 1919 full completions (for more information

on the study design, see Huber, Anderson, and Bernauer, 2018).

To predict the outcomes, we include individual characteristics in line with the
previous literature. Thus, we include standard demographics such as age, gen-
der, education and employment status. Additionally, political variables such

as political ideology, defined as self-placement on a left-right scale, and which

2Full item wording is located in the supplementary information (see section SI.1).
3The properties of these sample are summarized in the supplementary information (see sec-
tion SI.2). For a comparison of sample and population, see section SI.3 in the appendix.



Table 1: Description of Climate and Environmental Outcomes to Predict in the
Surveys

China and USA Switzerland

Reducing Emissions (RE)... Environmental Concern Scale (ECS)
1. ... is costly 1. Childrens” Environmental Conditions
2. ... fosters innovation 2. Heading Towards Catastrophe
3. ... motivates other countries 3. Angry about TV reports
4. ... shows country leadership 4. Limits of growth reached
5. ... without other countries not enough 5. People don’t act consciously
6. ... based on Historical burden 6. Environmentalists exaggerate

7. Politicians do not do enough

8. Reduce living standard

9

. Environment prior jobs

political party individuals support are included. We measure climate scepti-
cism by asking individuals whether they believe climate change is caused by
humans. Finally, the CFC scale consists of twelve items designed to capture
the extent to which future outcomes play a role in individuals’ current decision
making. Using principal component analysis, a dimension reduction technique,
we estimate two dimensions from the twelve items. These two dimensions cap-
ture concern for immediate benefits and concern for future outcomes respec-

tively (Bruderer Enzler, 2015).4

We use Random Forests, an ensemble supervised learning method, to predict

“For full description of these variables see section SI.1. Due to the political landscape in
China, we could neither ask party id nor political ideology.



climate and environmental attitudes. Random Forests are comprised of the
construction of many classification trees, which consist of splitting predictor
variables into subsets that best predict the outcome of interest. Random Forests
constructs these trees with the use of bootstrapping, which involves resampling
with replacement observations so as to construct many different samples from
the original data, and then fitting a classification tree on each sample. The re-
sults of this are then averaged over to construct the final predictions (bootstrap
aggregation or “bagging”). We estimate the Random Forests in the R (R Core
Team, 2015), using the ‘randomForest” package (Liaw and Wiener, 2015) which
implements Brieman’s Random Forest algorithm (Breiman, 2001). For each for-
est we grow 1000 trees, and allow for the square root of the number of variables

to be predictors for each tree.

We use two means to assess the importance of variables for predicting envi-
ronmental attitudes. First, we use two common measures for Random Forests
that consist of examining how inferences change when variables are permuted,
i.e. their values randomly reshuffled. The first measure, mean decrease in ac-
curacy, is concerned with prediction error. Specifically, the prediction error is
calculated for every tree using the data that was not a part of that particular
sample (out-of-bag data), and then again calculated after having permuted the
predictor variables. The difference between the two is then averaged. The sec-
ond measure, mean GINI reduction, is concerned with how a given variable,
when included, is able to reduce the level of complexity of the classification
trees. A good predictor, will result in simpler classification trees, i.e. trees with

a lower node impurity. Again this measure is averaged across all classification

10



trees.

Second, we re-estimate the analysis considering what would have happened
if we had not had a given survey item or battery of items like the CFC in the
tirst place. To do so we re-estimate the Random Forests on our training data-set
leaving out one or two variable(s) at a time, and then save the proportion of

outcomes in test data set correctly predicted.®

We also extend this analysis to examine the effects of omitting pairs of vari-
ables upon the accuracy of our predictions. This is motivated by the possibility
that the omission of certain combinations of variables may lead to a greater de-
cline in predictive accuracy than the sum of their parts. Such conditionalities
have been demonstrated in previous research attempting to explain policy at-
titudes. For example, Ansolabehere and Hersh (2013) find in the case of the
United States that the impact of gender upon political participation is depen-
dent upon race, and vice versa. Therefore we examine the potential differential
impact of failing to measure certain pairs of variables, beyond their additive

impacts.

Results

We start by displaying the pairwise relationships between our predictors and
outcome variables in figure 1. We use R? to measure associations as this al-
lows to compare factors and metric variables.® In general, the CFC-Future scale

substantially correlates with climate attitudes in China (left panel Figure 1). In

>Our test and train data are constructed by randomly splitting our data in half.
®In a bivariate regression, the R? is equal to Pearson’s r, squared.
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comparison, the CFC-Immediate only strongly explains the first climate atti-
tude [RE 1]. Neither of the standard demographics (age, gender, income, edu-
cation and employment) show noteworthy correlations with climate attitudes.
In the USA (middle panel Figure 1), climate scepticism strongly correlates with
climate attitudes, followed by political ideology and party identification. This
strongly reassembles the literature (McCright and Dunlap, 2003; 2011). The CFC
scales only explain specific items [RE 3 and 4 for CFC-Future and RE 1 for CFC-
Immediate]. Other variables do not strongly correlate with climate attitudes. In
Switzerland, party identification, political ideology and climate scepticism tend
to correlate strong with environmental attitudes. Other variables do not explain

substantial shares of the dependent variable.

Having presented common measures of association, we turn to the results from
the Random Forests. Figure 2 summarises the outcome from Random Forest
regressions, displaying which variables are important for predicting environ-
mental attitudes. We can see that some general patterns emerge. First, the con-
sideration of future consequences scale, particularly the dimension capturing
long-run concerns, is consistently classified as important using the GINI reduc-
tion measure and often for the Accuracy measure. The key exception to this is
the Accuracy measure for the Swiss car drivers survey, with the measure only
being in the top 5 predictors approximately half of the time. Second, education,
employment and gender tend to be consistently poor predictors of environmen-
tal and climate attitudes. The GINI reduction measure highlights the potential
importance of age as a predictor, while the Accuracy measure partly confirms

this observation. Third, individuals” political attitudes and party support are

12



a) China b) USA c) Switzerland
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Figure 1: The extent to which environmental attitudes are correlated with individual
characteristics, measured by the R* obtained from bivariate regressions. Points indi-
cate the respective R?, with the shape and colour referring to the specific individual
characteristic. Definitions of the outcomes can be found in table 1.

important predictors in the USA and somewhat important in Switzerland, both
regarding the Accuracy and GINI reduction measure. While there are some

similarities to Figure 1, the CFC scales in particular perform better in predicting,

than would be expected from explaining.

The results presented in figures 1 and 2 suggest striking similarities but also
substantial differences between the contexts. Especially political ideology and
party identification as substantially different meanings in the USA and Switzer-
land. In the USA, especially recently, there is strong polarisation between the

two major parties (Layman, Carsey, and Horowitz, 2006; Fiorina, Abrams, and

13
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Figure 2: Which variables are the most important Random Forests. Displayed are two
measures of variable importance: i) Mean Decrease in Accuracy and ii) Mean GINI
Reduction. Mean Decrease in Accuracy measures how the accuracy of our predictions
change if we permute the values of the named variable. Mean GINI Reduction measures
how node purity is affected by permuting the named variable.

Pope, 2008; Fiorina and Abrams, 2008), with political issues sorted along party
lines. Obviously, party affiliation is strongly associated with views on climate
change (McCright and Dunlap, 2011). On the other hand, Swiss politics are

characterised by compromise rather than polarisation. Not surprising, posi-

tions on climate change are less contested.

Being a climate sceptic matters equally in all three countries and is by far the
strongest explanation and predictor of climate and environmental attitudes in

Switzerland and the USA. China, on the other hand, deviates as climate scepti-
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cism does not relate to climate attitudes.
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Figure 3: How the accuracy of prediction changes when excluding a factor from
the Random Forests.

Next we turn to examining what would have happened if we had failed to in-
clude an item in the survey. To do so we re-estimate the Random Forests leaving
one factor out at a time, and then calculate the proportion correctly predicted.
Figure 3 shows the results from this analysis. We can clearly see that across
countries, the omission of the CFC scale consistently leads to a decline the pre-
dictive accuracy of the Random Forests. This is strongest in the case of (China
and USA for certain outcomes, with omitting the CFC decreasing the propor-

tion correctly predicted. Also noteworthy is that there is heterogeneity across
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countries in the ability to predict climate(attitudes.

Figures 4 displays how the predictive accuracy of the Random Forests changes
dependent upon the pairs of variables that are omitted. Tracing the horizon-
tal and vertical path of the consideration of future consequences, we can see
that failing to include it consistently reduces the predictive power of the model

across all countries((indicated by the darker squares)

We can also see that there may be some interactions, in terms of larger decreases
in predictive power when certain pairs of variables are omitted. We see across
all three countries that the omission of the CFC in combination with age leads to
a substantial decline in predictive power. Furthermore, there are some country
specific patterns. In the case of China we can see that omitting the CFC in com-
bination/employment and gender is particularly relevant. While in Switzerland
the CFC in combination with an individuals’(climate skepticism or employment

makes a difference.

Conclusions

Our findings highlight the importance of considering the CFC scales as an im-
portant explanation and predictor of climate and environmental attitudes through-
out three different countries and different populations. These results have sub-
stantial consequence for which survey items to include. The CFC scales in-
clude 12-items, which is a marginal cost for the improved predictive power
of the models at hand. Additionally, the results suggest that standard demo-

graphics might not suffice to acceptably predict climate and environmental at-
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Figure 4: How the accuracy of prediction changes when excluding two factors
at a time from the Random Forests. Each cell corresponds to the proportion
correctly predicted from the Random Forests when omitting both the row and
column variable. The diagonal (is omitted as it refers to the decrease in predic-
tion for the removal of one factor (as column and row are the same), which is
displayed in Figure 3.
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titudes.

These findings become particularly important in light of recent findings that
emphasises the importance tailoring messages to elicit attitudinal and behavioural
change (Abrahamse, Steg, Vlek et al., 2007; Hirsh, Kang, and Bodenhausen,
2012; Dubois, Rucker, and Galinsky, 2016; Matz, Kosinski, Nave et al., 2017;
Lorenzoni, Nicholson-Cole, and Whitmarsh, 2007). According to this research,
tailored messages increase support for climate policy and foster pro-environmental
behaviour. High predictive power of prior attitudes, as identified here, become
of importance, if we think about how to optimise tailoring. As Bernauer and
McGrath (2016) suggest, purely reframing is unlikely to shift people’s opinions.
Tailoring frames has the potential to overcome these hurdles and induce pub-
lic support where simple reframing is bound to fail. Thus, understanding and
assessing predictive power is particularly important to understand how con-
tinuing demographic (Colby and Ortman, 2014) and pyschological (Wei, Lu,
Galinsky et al., 2017) changes will lead to changes in environmental attitudes.

In return, this helps to better tailor frames in order to increase their impact.

At the moment, these psychological constructs are rarely included in more gen-
eral surveys on environmental attitudes and politics such as the ISSP Environ-
ment (ISSP Research Group, 2012), which constitute one of the foundations
of social science research on environmental and climate attitudes. While re-
searchers are often ultimately left to use whatever items are included in such
surveys, our findings nevertheless urge scholars to consider these questions for
their own original surveys. In the case of the CFC scale, the number of items

(twelve) is relatively small compared to the substantial improvement of predic-

18



tive power.

More generally, by focusing on overall prediction rather than specific inference
about the effect of a certain variable, machine learning methods are less sen-
sitive to problems such as low degrees of freedom (i.e. when the number of
variables is close to the number of observations). Random Forests are able to
do so by only using a randomly selected subset of variables for each tree. This
means that while we may use many predictors as a whole, within each tree there

is no degrees of freedom problem.

However, one limitation to machine learning approaches generally, and Ran-
dom Forests specifically, is the choice of hyperparameters. Hyperparameters
are parameters that are not estimated, but rather chosen a priori.” Examples of
hyperparameters in the case of Random Forests are how many trees to include
and the maximum number of variables allowed for a given tree. Naturally the
performance of the Random Forest to predict outcomes is dependent upon the
hyperparameters chosen. This, however, is subject to researcher experimen-
tation and can require considerable effort to find the “optimal” combination.
As we wish to show in this paper the potential for Random Forests, we con-
sider it sufficient to show its use for one choice of hyperparameters. However,
researchers who wish to use Random Forests more extensively to predict cli-
mate attitudes and behaviour, should devote attention to different specifications

which might affect the quality of their predictions.

’One can think of these being the “settings” of the model.

19


robhuber
Hervorheben


References

Abrahamse, Wokje, Steg, Linda, Vlek, Charles, et al., 2007. “The effect of tai-
lored information, goal setting, and tailored feedback on household energy
use, energy-related behaviors, and behavioral antecedents.” Journal of Envi-
ronmental Psychology 27:265-276.

Ajzen, Icek, 1991. “The theory of planned behavior.” Organizational Behavior and
Human Decision Processes 50:179-211.

Anderson, Brilé, Bohmelt, Tobias, and Ward, Hugh, 2017. “Public opinion and
environmental policy output: a cross-national analysis of energy policies in
Europe.” Environmental Research Letters 12:1-10.

Ansolabehere, Stephen and Hersh, Eitan, 2013. “Gender, Race, Age and Voting:
A Research Note.” Politics and Governance 1:132-137.

Bamberg, Sebastian and Moser, Guido, 2007. “Twenty years after Hines,
Hungerford, and Tomera: A new meta-analysis of psycho-social determi-
nants of pro-environmental behaviour.” Journal of Environmental Psychology
27:14-25.

Beiser-McGrath, Liam F. and Bernauer, Thomas, 2018. “Private Provision of
Global Public Goods: How International Reciprocity Affects Public Support
for Climate Policy.” Working Paper .

Bernauer, Thomas and McGrath, Liam F, 2016. “Simple reframing unlikely to
boost public support for climate policy.” Nature Climate Change 6:680 EP —.

Blocker, T. Jean and Eckberg, Douglas Lee, 1989. “Environmental issues as
womens issues: General concerncs and local hazards.” Social Science Quar-
terly 70:586-593.

—, 1997. “Gender and environmentalism: Results from the 1993 general so-
cial survey.” Social Science Quarterly 78:841-858.

Borden, Richard J. and Francis, Janice L., 1978. “Who cares about ecology? Per-
sonality and sex differences in environmental concern.” Journal of Personality
46:190-203.

Breiman, L., 2001. “Random Forests.” Machine Learning 45:5-32.

Bruderer Enzler, Heidi, 2015. “Consideration of Future Consequences as a Pre-
dictor of Environmentally Responsible Behavior: Evidence From a General
Population Study.” Environment and Behavior 47:618—643.

20



Chapman, Daniel A., Lickel, Brian, and Markowitz, Ezra M., 2017. “Reassessing
emotion in climate change communication.” Nature Climate Change 7:850-852.

Clayton, Susan D. and Myers, Gene, 2015. Conservation psychology: understand-
ing and promoting human care for nature. WILEY-Blackwell, second edition ed.

Colby, Sandra L. and Ortman, Jennifer M., 2014. “Projections of the Size and
Composition of the U.S. Population: 2014 to 2060.” Current Population Reports,
P25-1143, US Census Bureau, Washington, DC P25-1143.

de Groot, Judith I. M. and Steg, Linda, 2008. “Value Orientations to Explain
Beliefs Related to Environmental Significant Behavior: How to Measure Ego-
istic, Altruistic, and Biospheric Value Orientations.” Environment and Behavior

40:330-354.

De Groot, Judith .M. and Steg, Linda, 2007. “Value Orientations and Environ-
mental Beliefs in Five Countries: Validity of an Instrument to Measure Ego-

istic, Altruistic and Biospheric Value Orientations.” Journal of Cross-Cultural
Psychology 38:318-332.

Diekmann, Andreas and Preisendrfer, Peter, 2001. Umuweltsoziologie: eine
Einfiihrung. Rororo Rowohlts Enzyklopdie, Rowohlt-Taschenbuch-Verl.

Dubois, David, Rucker, Derek D., and Galinsky, Adam D., 2016. “Dynamics
of Communicator and Audience Power: The Persuasiveness of Competence
versus Warmth.” Journal of Consumer Research 43:68-85.

Diir, Andreas and Mateo, Gemma, 2014. “Public opinion and interest group
influence: how citizen groups derailed the Anti-Counterfeiting Trade Agree-
ment.” Journal of European Public Policy 21:1199-1217.

Fiorina, Morris P., Abrams, Samuel A., and Pope, Jeremy C., 2008. “Polarization
in the American Public: Misconceptions and Misreadings.” The Journal of
Politics 70:556-560. 00193.

Fiorina, Morris P. and Abrams, Samuel J., 2008. “Political Polarization in the
American Public.” Annual Review of Political Science 11:563-588.

Fishbein, Martin and Ajzen, Icek, 1975. Belief, attitude, intention, and behavior: an
introduction to theory and research. Addison-Wesley series in social psychology,
Addison-Wesley Pub. Co.

Franzen, Axel and Vogl, Dominikus, 2013. “Two decades of measuring envi-
ronmental attitudes: A comparative analysis of 33 countries.” Global Environ-
mental Change 23:1001-1008.

21



Gifford, Robert, 2008. “Psychologys essential role in alleviating the impacts of
climate change.” Canadian Psychology/Psychologie canadienne 49:273-280.

Hines, Jody M., Hungerford, Harold R., and Tomera, Audrey N., 1987. “Anal-
ysis and Synthesis of Research on Responsible Environmental Behavior: A
Meta-Analysis.” The Journal of Environmental Education 18:1-8.

Hirsh, Jacob B. and Dolderman, Dan, 2007. “Personality predictors of Con-
sumerism and Environmentalism: A preliminary study.” Personality and Indi-
vidual Differences 43:1583-1593.

Hirsh, Jacob B., Kang, Sonia K., and Bodenhausen, Galen V., 2012. “Personalized
Persuasion: Tailoring Persuasive Appeals to Recipients’ Personality Traits.”
Psychological Science 23:578-581.

Hornsey, Matthew J., Harris, Emily A., Bain, Paul G., et al., 2016. “Meta-
analyses of the determinants and outcomes of belief in climate change.” Na-
ture Climate Change 6:622—626.

Huber, Robert A., Anderson, Bril, and Bernauer, Thomas, 2018. “Can Social
Norm Interventions Promote Voluntary Pro Environmental Action?” Working
Paper .

Inglehart, Ronald, 1995. “Public Support for Environmental Protection: Objec-
tive Problems and Subjective Values in 43 Societies.” PS: Political Science and
Politics 28:57.

ISSP Research Group, the, 2012. “International Social Survey Programme: En-
vironment IIT - ISSP 2010.” .

Layman, Geoffrey C., Carsey, Thomas M., and Horowitz, Juliana Menasce,
2006. “PARTY POLARIZATION IN AMERICAN POLITICS: Characteristics,
Causes, and Consequences.” Annual Review of Political Science 9:83-110. 00457.

Lee, Tien Ming, Markowitz, Ezra M., Howe, Peter D., et al., 2015. “Predictors
of public climate change awareness and risk perception around the world.”
Nature Climate Change 5:1014-1020.

Lewandowsky, Stephan, Oberauer, Klaus, and Gignac, Gilles E., 2013. “NASA
Faked the Moon Landing-Therefore, (Climate) Science Is a Hoax: An

Anatomy of the Motivated Rejection of Science.” Psychological Science 24:622—
633.

Liaw, Andy and Wiener, Matthew, 2002. “Classification and Regression by ran-
domForest.” R News 2:18-22.

22



—,  2015. “Breiman and Cutler’'s Random Forests for Clas-
sification ~and  Regression.” Retrieved ~ from  https://crany-
projectorg/web/packages/randomForest/indexhtml .

Lorenzoni, Irene, Nicholson-Cole, Sophie, and Whitmarsh, Lorraine, 2007.
“Barriers perceived to engaging with climate change among the UK public
and their policy implications.” Global Environmental Change 17:445-459.

Matz, S. C., Kosinski, M., Nave, G., et al., 2017. “Psychological targeting as
an effective approach to digital mass persuasion.” Proceedings of the National
Academy of Sciences 114:12714-12719.

McCright, Aaron M. and Dunlap, Riley E., 2003. “Defeating Kyoto: The Con-
servative Movements Impact on U.S. Climate Change Policy.” Social Problems
50:348-373.

——, 2011. “The politicization of climate change and polarization in the amer-
ican publics views on global warming, 2001-2010.”  Sociological Quarterly
52:155-194.

Mildenberger, Matto, Marlon, Jennifer R., Howe, Peter D., et al., 2017. “The
spatial distribution of Republican and Democratic climate opinions at state
and local scales.” Climatic Change 145:539-548.

Milfont, Taciano L. and Sibley, Chris G., 2012. “The big five personality traits
and environmental engagement: Associations at the individual and societal
level.” Journal of Environmental Psychology 32:187-195.

Milfont, Taciano L., Wilson, Jessie, and Diniz, Pollyane, 2012. “Time perspective
and environmental engagement: A meta-analysis.” International Journal of
Psychology 47:325-334.

Mindenberger, Matto and Tingley, Dustin, 2017. “Beliefs about Climate Beliefs:
The Importance of Second-Order Opinions for Climate Politics.” British Jour-
nal of Political Science .

Mohai, Paul, 1992. “Men, women, and the environment: An examination of
the gender gap in environmental concern and activism.” Society & Natural
Resources 5:1-19.

Muchlinski, David, Siroky, David, He, Jingrui, et al., 2016. “Comparing Random
Forest with Logistic Regression for Predicting Class-Imbalanced Civil War
Onset Data.” Political Analysis 24:87-103.

Oehl, Bianca, Schaffer, Lena Maria, and Bernauer, Thomas, 2017. “How to mea-

23



sure public demand for policies when there is no appropriate survey data?”
Journal of Public Policy 37:173-204.

Pettus, Alvin M. and Giles, Mary B., 1987. “Personality characteristics and en-
vironmental attitudes.” Population and Environment 9:127-137.

Poortinga, Wouter, Steg, Linda, and Vlek, Charles, 2004. “Values, Environmen-
tal Concern, and Environmental Behavior: A Study into Household Energy
Use.” Environment and Behavior 36:70-93.

R Core Team, 2015. “R: A Language and Environment for Statistical Comput-
ing.” Vienna, Austria: R Foundation for Statistical Computing Retrieved from
https://wwwR-projectorg/ .

Schmuck, Peter and Schultz, Wesley P. (eds.) 2002. Psychology of Sustainable De-
velopment. Springer US.

Shmueli, Galit, 2010. “To Explain or to Predict?” Statistical Science 25:289-310.

Steg, Linda, Berg, Agnes E. van den, and De Groot, Judith I. M, 2013. Environ-
mental psychology: an introduction. Wiley-Blackwell.

Steg, Linda, Bolderdijk, Jan Willem, Keizer, Kees, et al., 2014. “An Integrated
Framework for Encouraging Pro-environmental Behaviour: The role of val-

ues, situational factors and goals.” Journal of Environmental Psychology 38:104—
115.

Steg, Linda and Vlek, Charles, 2009. “Encouraging pro-environmental be-
haviour: An integrative review and research agenda.” Journal of Environmen-
tal Psychology 29:309-317.

Stern, Paul C., 1992. “Psychological Dimensions of Global Environmental
Change.” Annual Review of Psychology 43:269-302.

Stern, Paul C., Dietz, Thomas, and Kalof, Linda, 1993. “Value Orientations,
Gender, and Environmental Concern.” Environment and Behavior 25:322-348.

Strathman, Alan, Gleicher, Faith, Boninger, David S., et al., 1994. “The consider-
ation of future consequences: Weighing immediate and distant outcomes of
behavior.” Journal of Personality and Social Psychology 66:742-752.

Weaver, R. Kent, 2015. “Getting People to Behave: Research Lessons for Policy
Makers.” Public Administration Review 75:806-816.

Wei, Wengqji, Lu, Jackson G., Galinsky, Adam D., et al., 2017. “Regional ambient
temperature is associated with human personality.” Nature Human Behaviour
1:890-895.

24



Whitmarsh, Lorraine, 2011. “Scepticism and uncertainty about climate change:
Dimensions, determinants and change over time.” Global Environmental
Change 21:690-700.

Wilezien, Christopher, 1995. “The Public as Thermostat: Dynamics of Prefer-
ences for Spending.” American Journal of Political Science 39:981.

25



Supplementary Information

SI.1 Variable overview

Table 3: Variable Overview

Variable La- China USA Switzerland
bel

1. Environmen-

tal Conditions
Environmental

Children
Concern

2. Heading To-
Scale(Diekmann

wards Catastrophe
and

3. Angry about TV
Preisendrfer,

reports
2001)

4. Limits of growth
reached

5. People don't act
consciously

6. Environmental-
ists exaggerate

7. Politicians do not

do enough
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Variable La- China USA Switzerland

bel
8.  Reduce living
standard
9. Environment
prior jobs
1. Reducing emissions costly
2. Reducing emissions innovation
Climate 3. Reducing emissions motivates others
Attitudes 4. Reducing emissions US leadership
5. Unilateral action not enough
6. Historical burden
Age 18-81 and more Age in years
1. How things might be
CFC Future

. Outcomes that result in many years
(Bruderer En-
. Willing to sacrifice now

2
3
4. Take warnings seriously
5

zler,
2015)
. Perform behaviour with distant rather than immediate consequences
1. Mainly act to satisfy immediate needs
CFC Immediate

. Behaviour only influences by immediate outcomes
(Bruderer En-
. Convenience is a big factor in decision making
zler,

2015)

2

3

4. Future problems solved before reach crisis

5. Sacrificing now unnecessary. Problems solved later
6

. Only care about immediate concerns. Future problems later
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Variable La- China USA Switzerland
bel
7. Day to day rather than distant outcome important
Climate Carbon dioxide is a) causing cli- Climate change is
Scepticism mate change, b) contributing a men made: strongly
little bit to climate change, c) not agree to strongly
causing climate change, d) DK disagree
Education 6-point scale: No high school to 4-point scale: Min-
Postgraduate degree imum  Education,
Apprenticeship,
High Education
Entry, University
Employment 9-point scale: full-time, part- 4-point scale: full-
time, several non-working time, part-time, un-
paid working and
not working.
Gender 2-point scale: male, female
Income 16-point scale 5-point scale:
above, close to,
below average, DK,
no response.
Party ID 7-point scale: List of 7 parliamen-
Strong/Weak/Lean D/R, tary parties, others
Independent
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Variable La- China USA Switzerland
bel

Political Ide- 6-point scale: Very conservative 10-point scale: Very

ology - very liberal, not sure left - very right

The two dimensions of the Consideration of Future Consequences (CFC) scale
are calculated using a two-dimensional Principal Components Analysis (PCA),
both following the guidance of previous research (Bruderer-Enzler 2015) and
the results of applying the Kaiser rule (Kaiser 1960). The two principle compo-

nents are then used as predictors in the Random Forests.
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Table 2: Survey items that make up the Consideration of Future Consequences
scale, and their loading upon two dimensions.

Question China USA Switzerland
Immediate Future | Inmediate Future | Immediate Future

I consider how things might be in the 0.06 0.65 0.12 0.76 -0.23 0.58

future.

Often I engage in a particular behav- -0.29 0.57 0.09 0.74 0.02 0.71

ior to achieve outcomes that may only
result many years from now.

I mainly act to satisfy my immediate 0.74 0.05 0.78 0.16 0.65 -0.28
concerns, figuring the future will take
care of itself.

My behavior is only influenced by the 0.70 -0.05 0.76 0.13 0.63 -0.08
immediate (i.e. a matter of days or
weeks) outcomes of my actions.

My convenience is a big factor in the 0.43 -0.28 0.60 -0.01 0.51 0.24
decisions I make or the actions I take.

I'am willing to sacrifice noe to achieve -0.11 0.57 0.10 0.72 -0.17 0.65
future outcomes.

I think it is important to take warn- 0.19 0.68 0.26 0.68 -0.22 0.56

ings about negative outcomes seri-
ously even if the negative outcome
will not occur for many years.

I think it is important to perform a be- 0.14 0.70 0.01 0.69 -0.04 0.60
havior with important distant conse-
quences than a behavior with less im-
portant immediate consequences

I generally ignore warnings about 0.80 0.12 0.74 0.19 0.56 -0.31
possible future problems, because I
think the problems will be resolved
before they reach crisis level.

I think that sacrificing now is usually 0.82 0.14 0.78 0.15 0.60 -0.34
unnecessary since problematic future
outcomes can be dealt with at a later
time.

I only act to satisfy immediate con- 0.83 0.15 0.84 0.18 0.72 -0.28
cerns, figuring that I will take care of
future problems that may occur at a
later date.

Since my day-to-day work has spe- 0.55 -0.27 0.72 0.08 0.55 -0.05
cific outcomes, it is more important to
me than behavior that has distant out-
comes.

Eigenvalue 3.68 223 4.01 2.70 271 2.37

Note: Loading matrix from principal component analysis using the ‘varimax’ extraction. (Dis-)Agreement with each
item was reported on a five-point scale ranging from very atypical to very typical. Cells cells with a factor loading of 0.4
or higher are highlighted.
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SI.2  Descriptive Statistics
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Figure 16: Distribution of climate scepticism. For the USA and China the question
wording is “In your view, are emissions of carbon dioxide...”. In Switzerland the mea-
sure capture the agreement to the statement “Global climate change is strongly influ-
enced by humans. [german: Der globale Klimawandel ist stark vom Menschen beein-

flusst.]”

SL17



SI.3  Representativeness

Table 4: Sample Quality Switzerland

Variable Category Sample Population

Birthyear* 1963 (mean) 1964 (mean)

Gender Female 38 % 37 %
Male 62 % 63 %

Note: The sample’s population are car holders in the Canton of Zurich.
If not stated otherwise (*), differences between sample and population
are not statistically significant.

SI.18



Table 5: Sample Quality China

Variable Category Sample Population
18-24 16% 16%
25-34 25 % 19 %
Age 35-44 25 % 23 %
45-54 22 % 18 %
55+ 12 % 25%
Employment Statust Employed 86% 84%
Not employed 14 % 16%
Gender Female 49 % 50 %
Male 51 % 51 %
<10,000 RMB 1% 2%
10,000 - 29,999 RMB 5% 7 %
30,000 - 59,999 RMB 7 Y% 13 %
60,000 - 79,999 RMB 9 % 12 %
Incomef
80,000 - 119,999 RMB 28 % 19 %
120,000 - 199,999 RMB 34 % 28 %
>200,000 RMB 13 % 19 %
Prefer not to say 2% NA
East China 30 % 30 %
Northern China 13 % 13 %
Region North East 9 % 9 %
North West 7 % 7 Y%
South Central China 27 % 27 %
South West 14 % 14 %

Note: The sample’s population is drawing from tier I and tier II cities.
If not stated otherwise (*), differences between sample and population
are not statistically significant. If not stated otherwise (f), dimensions
represent hard quota.
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Table 6: Sample Quality USA

Variable Category Sample  Population
Age 18-24 11 % 12 %
25-34 17 % 18 %
35-44 17 % 17 %
45-54 18 % 18 %
55-64 17 % 17 %
65+ 19 % 19 %
Employed full-time 43 % 48 %
Employment Statust Employed part-tome 13 % 10 %
Not working 42 % 44 %
Gender Male 49 % 48 %
Female 51 % 52 %
<$29,999 16 % 21 %
$30,000 - $49,999 17 % 17 %
Income $50,000 - $79,999 22 % 22 %
>$80,000 40 % 40 %
Prefer not to answer 5% NA
Northeast 18 % 18 %
Region Midwest 21 % 21 %
South 37 % 37 %
West 24 % 24 %

Note: The sample’s population is the general population. If not stated
otherwise (¥), differences between sample and population are not sta-
tistically significant. If not stated otherwise (}), dimensions represent
hard quota.
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