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ABSTRACT

The United States faces persistent political polarization over clean energy transitions.
While research has explored various social and political factors shaping clean
energy support, we know little about how climate change emotions influence policy
preferences, largely due to data limitations. This study develops a novel simulation
methodology combining machine learning with survey analysis to examine how
climate change fear shapes clean energy policy preferences. We train an XGBoost
model using Chapman University’s Survey of American Fears and apply it to
Pew’s American Trends Panel survey containing clean energy ideology measures.
Challenging conventional wisdom, our findings reveal that conservative partisanship
does not suppress the impact of existential insecurity on clean energy support,
with effects varying across behavioural preferences. This approach demonstrates
how machine learning can bridge data gaps while advancing our understanding of
emotional influences on clean energy policy attitudes.
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INTRODUCTION

A nationwide transition to clean energy still faces persistent political
challenges in the United States. While there is an established scientific
consensus of climate change, the urgence to change the status quo fails
to trigger existential insecurity of many Americans (Popovski, 2024). It is
because the public support for clean energy policies remains deeply polarized
among partisan lines (Mayer and Parks, 2024; Mayer and Smith, 2024).

Scholars find that strong partisanship amplifies polarization over climate
change policies among Americans (Mayer, 2019; Mayer and Parks, 2024;
Mayer and Smith, 2024). Strong Republican partisans always oppose clean
energy policies, while strong Democrats support them. A 2023 Pew’s
American Trends Panel Survey (ATP2023) confirm the partisan divisions
(Funk, Tyson and Nolan, 2023). However, it remains unclear whether this
partisan effect varies across different levels of climate change fear, as existing
surveys measuring clean energy policy preferences lack data on Americans’
climate change perceptions.
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Environmental psychologists find that the fear of climate change
is common and can motivate individuals to adopt pro-environmental
behaviours (van der Linden, 2015; Clayton and Karazsia, 2020). The fear
of climate change triggers one’s existential insecurity (Kester et al., 2020;
von Gal, Fabiani and Piccardi, 2024). Scholars also find that socio-cultural
and demographic indicators such as race, gender, education, income, and
religiosity are consistently strong predictors for climate change fear (Hickman
et al., 2021). However, existing studies rely heavily on overseas cases or
non-probabilistic samples from U.S., which limits their generalizability to
the broader American population. While the Chapman University Survey of
American Fears (CUSAF), a nationally representative sample, has consistently
measured Americans’ climate change attitudes using a six-item index since
2014 (Bader et al., 2022), the survey lacks measurements of clean energy
policy preferences as well.

A SIMULATION STRATEGY

To address the gap, this study introduces a simulation-based methodology
that combining machine learning with traditional survey analysis to examine
how fear of climate change interacts with political partisanship to shape
clean energy policy preferences and behaviours. Our analytical strategy
proceeds in three stages. First, with a pooled CUSAF data (N = 8,755),
we train a XGBoost (Extreme Gradient Boosting) model to estimate the
relationship between commonly used apolitical demographic features and
fear. We choose XGBoost because research shows that XGBoost performs
high level of accuracy in predicting environmental ideologies (Yang and
Li, 2021; Shao and Zhang, 2024; Tripathi and Trigunait, 2024). We also
conduct robustness checks to ensure model time invariance, as the training
data spans multiple collection periods. Second, we apply the model to Pew
Resarch Center’s American Trends Panel Survey Wave 128. With the Pew
sample, we simulated fear of climate change scale using an identical group
of demographic indicators. And finally, we analyse how these simulated
emotional predispositions interact with the strength of political partisanship
to predict support for clean energy policies.

Selection of Data and Variables

For training data, we pooled 7 cross-sectional samples of CUSAF together
(Wave 2014, and 2016–2019, 2021, and 2022). We choose this survey
because CUSAF is the only national survey that has been conducted annually
since 2014, except for 2020 (suspended due to the pandemic). Every sample is
nationally representative. We only exclude the 2015 wave due to the lacking
relevant items. The eventually pooled sample size is 8,755.

We construct a fear of climate change index as the outcome variable. The
index is constructed using six four-point Likert scales (from 1 = Not afraid
to 4 = Very afraid after reverse recoding) that has been consistently included
in CUSAF since 2014. The items ask respondents “How afraid are you of”
a. air pollution; b. pollution of drinking water; c. pollutions of oceans, rivers
and lakes; d. extinction of planet and animal species; e. oil spills; and f. global
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warming and climate change. The fear index show strong internal consistency
with Cronbach alphas range from 0.91 to 0.94. And the index is rescaled to
the range from 1 to 4.

We selected eight shared demographic indicators between CUSAF and
Pew’s ATP survey, standardizing their coding schemes for consistency: we
coded 1. A four-category race and ethnicity (non-Hispanic white, non-
Hispanic black, Hispanic, non-Hispanic other races); 2. a five-point interval
of age cohort; 3. household income (standardized); 4. a four-category of US
Census region (Northeast, Midwest, South, West); 5. a two-category gender
(Male, non-Male); 6. a binary formal education (Less than bachelor degree,
Bachelor degree or above); 7. a four-category religious traditions (Protestant,
Catholic, Other religions, Religious nones); 8. a six-point interval of religious
attendance.We coded a year variable to identify each survey wave’s collection
period.

For data of simulation and interaction analysis, we analyse data
from Pew’s American Trends Panel Wave 128 (May 2023), a nationally
representative sample (N = 10,329). After removing cases with missing data,
our analytical sample comprised 9,758 respondents (94.5% of original).
For the interaction analysis, we used a four-category variable combining
partisan and ideological strength (Liberal Democrat, Moderate/Conservative
Democrat, Moderate/Liberal Republican, and Conservative Republican) as
the moderator.

We select three clean energy transition policy preferences and behaviours
as outcome variables for interaction analysis. The first outcome variable is
a binary item asks respondents whether they think the federal government
should prioritize policy either to develop clean energy or to expand fossil
fuel extraction. The second outcome variable is an index of six items asking
respondents if they favor or oppose policy proposals to a. plant more trees;
b. tax business by carbon emissions; c. provide tax cut to encourage carbon
emission reduction technologies; d. requiring power plants to eliminate all
carbon emissions by 2040; e. require oil companies to seal methane gas leaks;
and f. require new buildings to be run only on electricity. The Cronbach alpha
of the policy index is 0.75. The third outcome variable is a four-point Likert
scale asking respondents how likely do they consider to purchase an electric
vehicle.

Model Training and Time Invariance Tests

We first train our model within each wave of the training data and test if our
model’s fit statistics vary by year. Figure 1 visualizes our model fit statistics
by wave. As the figure shows, the model fit statistics get stabilized in the
post-2017 waves.

Therefore, we created a pre/post-2017 dummy variable and retrained the
model with this additional temporal indicator. Our findings suggest the most
powerful predicators are income, religious attendance and age with relative
contribution parameters (gains) are (0.23, 0.18, and 0.10). Figure 2 illustrates
the nonlinear relationships between the estimated fear index and the three
key predictors (95% CIs are in shades). Religious attendance and income (in
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z-scores) negatively predict climate change fear, while age shows a curvilinear
relationship, with respondents aged 30–50 reporting the lowest fear levels.

Figure 1: Time invariance test result for the XGBoost modelling across CUASF waves.

Figure 2: Feature importance in predicting the fear scale.

FINDINGS

We apply the trained model with the APT2023 data and simulate fear of
climate change scores for each respondents. Figure 3 shows the distribution
of the simulated fear of climate change index, and the red dashed line refers
to the mean of the distribution. As it shows, the index distribution is in a
shape of good normality with a mean of 2.35, standard deviation of 0.35,
and a skewness of 0.34 and kurtosis score of only −0.1.
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Figure 3: Histogram of the simulated fear scale distribution with the ATP2023 data.

We then run regression models with the simulated fear index interacting
with the strength of partisanship. As the fear index is predicted by the
mentioned eight demographic indicators, we do not control these common
indicators in our regression modelling. Figure 4 visualized our interaction
results.

Overall, all three interactions are statistically significant and themodels are
of reasonably high level of model fit statistics (for the policy priority model,
the pseudo-R2 is 0.29, for the policy choice model, the R2 is 0.31, and for
the electric vehicle purchasing model the R2 is 0.29).

Figure 4: Interaction analysis results.
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Second, we find that the partisan division is declining with the increase of
fear of climate change across all three outcome variables. More importantly
and interestingly, we find that for liberal Democrats (the blue lines), the
effects of fear on clean energy transitioning preferences and behaviours
declines while for the conservative Republicans (pink lines), the effects
increase in a significant way. For example, regarding the likelihood of buying
electric vehicles, the effect almost doubled for conservative Republicans as
their fear of climate change increase from 1.5 to 3.5, indicating that right-
wing partisanship fail to hinder the effect of fear of climate change on clean
energy transitioning preferences.

CONCLUSION

This study is one of the first in the scholarship that adopt machine
learning simulation method to analyze multiple waves of several nationally
representative surveys. Thus, the study advances our understanding of
clean energy policy preferences in three ways. First, methodologically, we
demonstrate how machine learning can bridge data gaps between surveys
with different focuses, enabling more comprehensive analysis of climate
attitudes using nationally representative data. Our simulation approach
shows promise for future research combining datasets to study complex
social phenomena. Second, we challenge conventional wisdom about partisan
polarization in clean energy policy preferences. While partisanship remains
a strong predictor, our findings reveal that its hindering effect weakens
as climate change fear increases. Conservative Republicans show increased
support for clean energy initiatives when they experience higher levels of
climate fear, suggesting emotional responses may override partisan resistance
Third, our results highlight the varying impact of climate fear across different
clean energy behaviors and policy preferences, from general policy support
to specific actions like electric vehicle purchases.

However, our study has limitations. The simulation approach, while
innovative, relies on demographic predictors and cannot capture all factors
influencing climate fear. Additionally, our cross-sectional data cannot
establish causal relationships or track how these relationships evolve over
time.

Policy-wise, our findings suggest that addressing climate change fears
through evidence-based communication might be effective even among
conservative populations, particularly when focused on specific policy
proposals rather than broad ideological positions. Future research could
examine how different policy framing approaches might affect the
relationship between partisan identity and climate-related fears, particularly
using longitudinal data to track changes over time.
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