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Abstract

This paper studies emissions from household energy use, which account for one third of
U.S. emissions. We draw on a new survey to document that some households purchase energy-
saving equipment because, in addition to cutting energy costs, they want to reduce emissions.
We build a macro-environmental model in which emissions result from home production tasks
involving either clean or dirty equipment, and some households have distaste for their own
emissions. We analyze the most cost-effective subsidy on clean equipment. We show that
changes in households’ emissions distaste have similar effects on household emissions as a

modest sized carbon tax.
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1. Introduction

Emissions from household activities, such as driving and heating, account for approximately one
third of U.S. emissions. Reducing these emissions has been an important focus of federal and state
climate policy. For example, the U.S. Inflation Reduction Act (IRA) budgeted around $60 billion
in subsidies for purchases of electric cars, solar panels, and other clean equipment to raise energy
efficiency in home production (see e.g. Bistline, Mehrotra and Wolfram, 2023). Likewise, over half
of U.S. states have additional incentive programs to increase residential energy efficiency.! Yet, the
macroeconomic literature studying the effects of climate policy has largely abstracted from home
production, focusing instead on firm production (e.g. Golosov, Hassler, Krusell and Tsyvinski,
2014; Barrage and Nordhaus, 2024), innovation (e.g., Acemoglu, Aghion, Bursztyn and Hémous,

2012) or the spatial reallocation of economic activity (e.g., Cruz and Rossi-Hansberg, 2024).

This paper develops a model of home production and household energy use to study the deter-
minants of household carbon emissions and how they respond to climate policy. To guide our
modeling choices, we conduct a new nationally representative survey about the reasons house-
holds use (or do not use) clean equipment for different home production tasks. The conventional
wisdom is that households use clean equipment whenever it makes financial sense based on energy
savings, tax credits, or other monetary incentives. However, we document that a significant frac-
tion of U.S. households use clean equipment because they care about reducing their own carbon
emissions in addition to lowering their energy bills, a characteristic we refer to as environmental
preference. The notion that environmental preferences can impact households’ decisions builds on
earlier work that studies the role of environmental preferences for firm product innovation (Aghion,
Bénabou, Martin and Roulet, 2023) and for the provision of environmental public goods (Costello
and Kotchen, 2022; Chan, 2024; Wichman, 2016).

With these motivations in mind, we adapt a standard model of home production (Becker, 1965;
Benhabib, Rogerson and Wright, 1991) to focus on households’ equipment choices and their im-
plications for energy use and emissions. Drawing from the literature on automation (Acemoglu
and Restrepo, 2019), we model home production as a continuum of home-services tasks. House-
holds can produce each task using either dirty equipment and energy or clean equipment and no
energy. The tasks are meant to capture, for example, how home lighting can be done with ei-
ther incandescent or LED bulbs, and transportation can be done with either an electric or gasoline
car. The relative productivity of clean equipment varies across tasks. In addition to switching to
clean equipment, households can also reduce their emissions by using residential solar to directly

produce clean energy.

I'See Stock (2019) for an engaging overview of U.S. climate policy, and www.naseo.org/sreeps for specifics
on residential energy efficiency programs by state.


www.naseo.org/sreeps

Households in our model differ in their income potential and environmental preferences. We
model environmental preferences as household distaste for their own emissions, similar to the
warm glow of Andreoni (1990). Households with zero distaste for carbon emissions look like
standard households in macroeconomic models. Households with non-zero distaste receive an
environmental warm glow from reducing their emissions. Utility is non-homothetic with curvature

in market consumption and home production and linear distaste for emissions.

Despite its simplicity, our model matches the key relationships from our survey between house-
hold clean equipment, environmental preferences, and income. For example, we find in our sur-
vey that clean equipment ownership is positively correlated with income, but that environmental
preferences are uncorrelated with income. Our model replicates these same patterns. Reducing
emissions in our model is a normal good; high-income households implicitly purchase more emis-
sions reduction by using clean equipment for more tasks. This result does not require high-income
households to have stronger environmental preferences. Instead, the mechanism comes from the
non-homothecitity in utility; the relative utility benefit of a dollar spent on emissions reduction
through the purchase of clean equipment increases with income, implying that high-income house-

holds use clean equipment for more tasks, all else constant.

We calibrate our model using data from our survey and from existing data sets on household equip-
ment and energy use, including the Residential Energy Consumption Survey (RECS) and the Con-
sumer Expenditure Survey (CEX). Our specification of utility departs from the typical approach in
the home-production and environmental-macro literatures in that it includes home-services tasks
and carbon emissions. As such, it is important to ensure that our model can quantitatively replicate
standard features of the data such as the price elasticity of energy demand, average energy and
equipment budget shares and any variation in these shares with household income. Our calibrated
model matches these moments quite closely. Moreover, we show that environmental preferences
are necessary to capture the heterogeneity in clean equipment use across households that we ob-

serve in the data.

We use the model to study the impact of climate subsidies directed specifically to households,
such as the subsidies for electric vehicles, heat pumps, and solar panels provided by the federal
government and also by state and local programs. Policymakers have two primary considerations
in their design of household climate policy: (1) determining which equipment to subsidize, and
(2) identifying which income groups are eligible to receive the subsidy. We solve for the subsidy
policy that minimizes the cost of achieving an emissions target when the policymaker can choose

both of these margins. We finance the subsidy with a flat tax on labor income.

This exercise yields two key insights for the design of cost-effective household subsidies. First, the

subsidies only apply to clean equipment with intermediate levels of adoption. Subsidizing only an
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intermediate range of clean equipment means that the subsidy does not apply to clean equipment
that most households already own, like LED lights. Nor does it apply to clean equipment that vir-
tually no one owns in equilibrium, like dynamic windows, since the productivity of that equipment
must still be too low to make the subsidies worthwhile. Instead, it applies to clean equipment like

electric vehicles and heat pumps, that some, but not all, households already own.

Second, the highest income households are not eligible for the subsidies. Environmental pref-
erences create a trade off in determining whether high-income households should be eligible.
High-income households with weak environmental preferences are the biggest emitters because
they produce the most home production and use relatively little clean equipment. Excluding these
households requires the policymaker to use a larger subsidy to attain the emissions target, pushing
the policy cost up. Working in the other direction, high-income households with strong environ-
mental preferences are the least cost effective, in that they have the smallest emissions reduction
per dollar of subsidy receipts. These households are largely inframarginal because the subsidy ap-
plies to more clean equipment that they would have bought anyway, reducing its cost-effectiveness.
Excluding the highest income households from the subsidy balances the benefits from subsidizing
the biggest emitters (high-income households with weak environmental preferences) with the costs
from subsidizing the least cost-effective households (high-income households with strong environ-

mental preferences).

We next use the model to gauge the impact of changes in household attitudes towards climate
change on aggregate household emissions. Over the past decade, the American public has gener-
ally become more concerned about climate change (Leiserowitz et al., 2023). This trend could be
due to changes in information, experiences, or beliefs, all of which would manifest as a change in
environmental preferences in our model. We simulate the effect on household emissions if climate
concern continues to rise over the next ten years, following the historical trend. We find that the
elevated future levels of climate concern lead to a 5.2 percent reduction in aggregate household
emissions, absent any climate policy. This decrease in emissions is equivalent to what policy-
makers could achieve with a 5.4 percent subsidy to all clean equipment, or with a 57 dollar per
ton carbon tax. These results highlight that changes in household attitudes can have meaningful

impacts on U.S. emissions.?

Related literature. This paper takes its inspiration — and title — from the literature on home pro-
duction in macroeconomics, including studies of business cycles (Benhabib, Rogerson and Wright,
1991; Greenwood, Rogerson and Wright, 1993; McGrattan, Rogerson and Wright, 1997), labor
supply (Rupert, Rogerson and Wright, 2000; Greenwood, Seshadri and Yorukoglu, 2005), taxa-

ZPrior work has studied changes in preferences in other contexts, particularly for risk (see e.g., Levin and Vidart,
2023; Malmendier and Nagel, 2011; Guiso et al., 2018; Howden et al., 2022).



tion (Rogerson, 2008; Olovsson, 2015), housing (Aruoba, Davis and Wright, 2016), and inequality
within (Boerma and Karabarbounis, 2021) and across countries (Parente, Rogerson and Wright,
2000). Our study departs from this literature in its focus on carbon emissions and climate policy,
as well as on the prominent role we give to environmental preferences. Kuhn and Schlattmann
(2024) also model households’ equipment choices; they study climate policy when households can
choose between an old durable good that produces carbon emissions and a modern one that does
not. One key difference is they find that subsidies should target high-income households, whereas
in our context this is not necessarily the case. Other previous studies have modeled household
energy choices (Fried, Novan and Peterman, 2018, 2024; Kinzig, 2024), but they abstract from the
potential for households to use clean equipment and residential solar, a main focus of this paper

and of U.S. climate policy.

A primary goal of our paper is to develop a model of home production and energy use which
we can use to analyze the impact of climate subsidies targeted to households. This approach
complements an empirical microeconomic literature that studies the effects of specific subsidy
policies for household clean equipment, such as subsidies for energy-efficiency improvements in
appliances (Davis et al., 2014) and lighting (Shojaeddini and Gilbert, 2023), as well as subsidies
for electric vehicles (Muehlegger and Rapson, 2022) and weatherization upgrades (Fowlie et al.,
2018; Graff Zivin and Novan, 2016). As in our analysis, these papers find that the subsidies
increase uptake of the clean equipment and reduce energy use, though with varying degrees of

rebound.

Our paper also adds to a well-established environmental literature that has developed models to
study clean energy subsidies as a form of second-best climate policy (see Newell, Pizer and Raimi,
2019, for a review). This literature has been complemented more recently by several macro stud-
ies on subsidies for clean energy or clean innovation (e.g., Arkolakis and Walsh, 2023; Bistline,
Mehrotra and Wolfram, 2023; Casey, Jeon and Traeger, 2023; Hassler, Krusell, Olovsson and Re-
iter, 2020; Hinkelmann, 2024). Unlike our work, which focuses explicitly on subsidies received by
households, these earlier papers study the impacts of subsidies received by firms. Two papers that,
like in our work, develop models to specifically study subsidies for household equipment are Colas
and Saulnier (forthcoming), who study the optimal spatial distribution for subsidies to residential

solar, and Kuhn and Schlattmann (2024) as mentioned above.

The paper proceeds as follows: Section 2 describes key facts from our survey and existing data
sets on household energy use, clean equipment, and emissions. Section 3 develops our model of
home production and energy use and Section 4 calibrates the model using data from our survey and
from the CEX and RECS. Section 5 presents our quantitative results on household-focused climate

policy and the emissions impacts of changes in public climate concern. Section 6 concludes.



2. Household Emissions and Clean Equipment: Stylized Facts

We lay out the key stylized facts that motivate our model and quantitative analysis of household
energy use. We begin by presenting two facts using existing data sets. We then document an

additional set of facts from a new survey that we conducted on U.S. households.

2.1. Existing Data

Fact 1 Household emissions account for approximately one third of aggregate emissions.

Figure 1: U.S. Carbon Emissions by Sector
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Note: The figure plots the share of emissions from each sector. The EIA divides emissions to four sectors: indus-
trial, commercial, transportation, and residential. Emissions from home production equal residential emissions and
a portion of transportation emissions. We separate transportation emissions into business and household transporta-
tion, as described in Appendix A.1. The dashed line represents the average home production share of emissions.

We define household emissions as emissions from households’ direct use of energy for tasks such
as heating, cooking, and driving. The Energy Information Administration (EIA) divides U.S. emis-
sions into four sectors: commercial, industrial, transportation, and residential. Emissions from
home production equal the emissions from the residential sector (from activities like heating and
cooking) as well as a portion of the emissions from the transportation sector from household driv-
ing.? Figure 1 plots the share of U.S. emissions from home production (in blue) and the emissions
from different aspects of firm production (in green, orange, and red). The key takeaway from Fig-
ure 1 is that emissions from home production are an important source of U.S. emissions, equal to

approximately one third of total emissions. This fraction is remarkably stable over time.

3Appendix A.1 describes how we separate transportation emissions into emissions from household driving and
emissions from business transportation.



Fact 2 High-income households are more likely to use clean equipment and residential solar.

It is widely known that high-income households are more likely to use solar panels and other types
of clean equipment (see e.g., Dorsey and Wolfson, 2024; Borenstein and Davis, 2016). We present
this result systematically for expositional purposes. We focus on the types of clean equipment
included in the 2015 or 2020 RECS and/or the 2023 CEX: heat pumps, electric vehicles, energy-
efficient appliances, and well-insulated housing.

To illustrate how the use of clean equipment and residential solar vary with household income, we

estimate the following regression in each data set:

Yie = o+ Y_ BjeIncome;; + Y + Mk + Eix- (1)

J
Variable Yj; is an indicator that equals one if household i owns equipment type k and variable
Income;; is an indicator that equals one if the household is in income group j. Variables 7, and ¥;

denote fixed effects for age and census region, respectively.

The top panels of Figure 2 report the estimated coefficients on income (the ﬁ’ s) in the RECS
and the CEX for electric vehicles and solar panels. High-income households are more likely to
have both items. For example, the fraction of households with an electric vehicle is four to six
percentage points higher for households in the highest income group (those with income above
$150 thousand per year) relative to the lowest income group (those with income less than $35

thousand per year, the omitted category).

The bottom panels of Figure 2 report the income coefficients for energy-efficient appliances,
weatherization/insulation, and heat pumps, which are only included in the RECS. High-income
households are also more likely to have relatively inexpensive clean equipment, such as energy-
efficient appliances and weatherization/insulation. However, unlike the other types of clean equip-
ment, high-income households are not more likely to have heat pumps. Consistent with this result,
Davis (2024) finds that the adoption of heat pumps does not vary with household income and is

instead strongly correlated with geography, climate, and electricity prices.



Figure 2: Variation in Clean Equipment with Household Income
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Note: The figure plots the estimated coefficients on income from equation (1) in the RECS (squares) and CEX
(diamonds) with 95 percent confidence intervals. Energy-efficient appliances are defined in the 2015 RECS as
appliances that are Energy Star certified. This category is not available in the 2020 RECS. We define weatheriza-
tion/insulation as having the highest insulation level, “well insulated”.



2.2. New Survey Evidence

The existing data sets can help us understand which households use clean equipment and residen-
tial solar, but they do not contain information on why households make these choices. While stan-
dard economic reasoning predicts that households purchase clean equipment whenever it makes
financial sense, households could also be motivated to use clean equipment by an environmental

warm glow. We ran a new household survey to explore this possibility.

We ran the survey online through the Understanding America Study (UAS), a panel of 14,000
households managed by the University of Southern California. We conducted our survey on a
nationally representative subset of 3,362 households from November 2023 to February 2024. We
asked each household whether they owned/leased or had considered purchasing the following types
of equipment: (i) all-electric or plug-in hybrid vehicle (electric vehicle), (ii) non-plug-in (NPI)
hybrid vehicle, (iii) residential solar, (iv) heat pump heating and cooling, (v) energy-efficient ap-
pliances, and (vi) weatherization or insulation. We only asked homeowners about equipment that
must be installed in the home. For solar panels and heat pumps, we asked homeowners to report if

these items were present when they purchased their home.

We then asked a series of questions to understand why households had purchased or considered
each piece of equipment. Respondents were given different factors and asked to rank them in order
of importance. The factors included one environmental factor, “reducing carbon emissions,” non-

environmental factors such as “tax credits and rebates,” “increasing the value of my home,” and

“reducing energy costs”, as well as “other” with the option to specify a different reason.

Lastly, we asked households the Six Americas Short Survey (Chryst et al., 2018) to measure
their levels of concern about climate change. The Six Americas classification was developed by
Maibach et al. (2011) and has been used for over a decade to separate the population into six
groups, the “Six Americas,” that perceive and respond to climate change in distinct ways. The
groups range from dismissive, those who think climate change is not happening, to alarmed, those
who think climate change is an urgent threat. The Short Survey was developed to predict respon-
dents’ Six Americas type with only four questions (see Appendix A.3). We asked our survey
respondents these questions and, based on their responses, assigned them to one of the six levels
of climate change concern. We asked these questions at the end of our survey to ensure that they

did not affect the responses to other questions.

The households in our sample are representative in that their geographic, demographic, and income
characteristics broadly match those from the Current Population Survey (CPS) and the American
Community Survey (ACS) (Appendix Figures A2-A4). We show in the Appendix that our results

are robust to weights calibrated with iterative proportional fitting so that our sample precisely



Table 1: Percent of Households with Clean Equipment and Residential Solar

(D () 3) “4) &)
% Electric Veh. Hybrid (NPI) Solar Panels Heat Pumps Appl./Weath.
(a) Own/Lease
All Households 4.9 16.4 4.9
Homeowners 5.5 14.7 7.5 27.9 80.8
Renters 3.8 19.6 0
(b) Considered
All Households 33.5 32.7
Homeowners 32.8 33.6 45.5 15.6 33
Renters 34.7 30.9

Note: The table reports the fractions of households that own/lease each type of clean equipment (panel a) and the
fraction of those who don’t own/lease that have considered the clean equipment (panel b). Appendix Table A2
includes ownership rates for electric vehicles and hybrids which exclude those households who reported that they
do not drive or do not need a car, ownership rates for solar panels among those in single-family homes, and the
fraction of homeowners who installed solar panels or heat pumps themselves rather than buying a house which
already had them.

matches the CPS distributions of age, education, gender, income, race, and region.

Panel a of Table 1 reports the fraction of households in our sample that own (or lease) residential
solar and each type of clean equipment. Electric vehicles are the least common, owned/leased by
5 percent of households, while energy-efficient appliances are the most common, owned/leased by
81 percent of homeowners. Panel b of Table 1 reports the share of households who do not own
the clean equipment or residential solar but considered purchasing it. Almost half of homeowners
who do not have solar panels have considered installing them, and one third of households without

an electric vehicle have considered one.

Our survey matches the empirical patterns in the existing data sets quite well. Higher income
households in our survey are substantially more likely to use residential solar and all types of
clean equipment except heat pumps (see Appendix Figure AS), consistent with our findings in the
RECS and the CEX in Fact 2.* We also compare the distribution of climate change concern in our
survey to the distribution collected as part of the Climate Change and the American Mind (CCAM)
project, a series of biannual surveys of public opinion on climate change run by Yale and George
Mason universities. Figure 3 plots the fraction of households with each level of climate change

concern in our survey (blue) and from the CCAM project over the same time period (red). The

“Note that clean equipment and residential solar ownership rates are slightly higher in our sample compared to
the CEX and RECS (Appendix Table Al). This difference likely reflects the fact that use of clean equipment and
residential solar has increased over time.



Figure 3: Distribution of Climate Change Concern

30| WM Our Survey, Fall 2023
IE=1 CCAM, Fall 2023

20

Share of sample

10

Dismissive  Doubtful Disengaged Cautious Concerned Alarmed

Note: The figure plots the percent of households with each level of climate change concern in our survey (blue
filled) and from the CCAM project (red boxes).

distributions match quite closely.

2.3. Survey Facts

We discuss three new facts on household decisions to use clean equipment and residential solar

from our survey data.

Fact 3 Reducing emissions is important for some households’ decisions to use clean equipment

and residential solar.

We focus on the portion of our survey in which we asked households to rank the factors that
were most important in their decisions to purchase or to consider purchasing clean equipment
and residential solar. Table 2 reports the share of households ranking each factor as either first
or second most important. In line with standard economic reasoning, many households purchase
clean equipment because it makes financial sense by reducing fuel or energy costs (row 2), or
by allowing them to claim tax credits and rebates (row 3). However, a substantial portion of
households also make these purchases because it reduces their carbon emissions (row 1), consistent

with the notion that some households are motivated by an environmental warm glow.’

3 Appendix Table A3a shows the same pattern with survey weights, and Appendix Table A3b shows the same
pattern for households who have considered but not yet purchased clean equipment.
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Table 2: Households Ranking Each Factor as First or Second Most Important

% Electric Veh. Hybrid (NPI) Solar Panels Heat Pumps Appl./Weath.
(1) Reduce carbon emissions 44 35 27 17 23
(2) Reduce fuel costs 70 75
energy costs 91 87 89
(3) Tax credits and rebates 33 27 44 22 25
(4) Performance, quiet, safety 39 47
Raise home value 26 48 50
(5) Other 6 7 5 17 5
N 156 470 131 187 1718

Note: The table reports the fraction of households that ranked each factor (row) as either first or second most important
for their decision to purchase a given type of equipment (column).

We use the term environmental preferences to refer the degree to which a household cares about
their emissions. The results in Table 2 suggest considerable heterogeneity in environmental pref-
erences across households. For example, among households who purchased an electric vehicle,
44 percent said that reducing carbon emissions was one of the two most important factors in their
decision, suggesting strong environmental preferences, but 66 percent did not say that it was one

of the two most important factors, suggesting weak environmental preferences.
Fact 4 Environmental preferences are uncorrelated with income.

We show that environmental preferences are uncorrelated with income. We measure environmental
preferences in two ways: first, by whether the household ranked reducing carbon emissions as
important for their decisions, as in Fact 3, and second, by the household’s level of concern about

climate change. We show in Appendix A.5 that these two measures are highly correlated.

Beginning with the first measure, we estimate the linear probability model:

Yi=a+ ) Bj-(Income);;+n;+7%+& (2)

j=1
where Y; is an indicator for whether household i ranked reducing carbon emissions as an important
factor for their purchase of at least one type of clean equipment or residential solar. (Income);; is
an indicator variable that equals one if household i is in income group j. Variables 1n; and 7; denote

fixed effects for age and census region, respectively. Table 3 reports the results.

There are no statistically significant differences across income groups in the share of households

who report that reducing carbon emissions is an important factor, with or without controls for age
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and region.%7 These results are perhaps surprising given the positive correlation between income
and clean equipment ownership that we document in Fact 2. Income matters for what households
actually purchase (Fact 2) but not for what they like (Fact 4).

Table 3: Percent Ranking Carbon Emissions as Important

Most Important 1st or 2nd
(D 2) 3) “4)
$150k+ 0.035 0.036 0.044 0.033
(0.025) (0.025) (0.035) (0.036)
$100-150k -0.012  -0.011  -0.023  -0.026
(0.023) (0.023) (0.034) (0.034)
$60-100k -0.031  -0.030 -0.048 -0.052
(0.021) (0.021) (0.032) (0.032)
$35-60k -0.023  -0.022 -0.035 -0.036
(0.023) (0.023) (0.036) (0.035)
Controls: Age, Region v v
Observations 2019 2019 2019 2019

Note: The table reports the results from equation (2) where the outcome is ranking reducing carbon emissions the
most important (columns 1 and 2), or the first or second most important (columns 3 and 4) factor in their decision to
purchase at least one type of clean equipment. Robust standard errors are reported in parentheses. Significance at the
0.1, 0.05, and 0.01 levels indicated by *, **, and ***, respectively.

Similarly, we estimate equation (2) when the dependent variable is an indicator for whether the
household ranked reducing carbon emissions as an important factor in their decision to consider
solar or at least one type of clean equipment. Appendix Table A6 reports the analog of Table 3
for the considered regression. Again, we see no statically significant differences across income

groups.

We repeat the analysis with our second measure of environmental preferences, the household’s
level of climate concern based on the Six Americas classification. This measure has the advantage
that it is available for all households in our sample, not just those who already purchased or con-
sidered purchasing solar or clean equipment. Appendix Table A7 shows that the household’s level
of concern about climate change is also uncorrelated with income, consistent with the results in
Table 3 and Appendix Table A6.

These results are not specific to the linear probability model. Appendix Table A4 reports probit marginal effects
for the same specification. The results are unchanged. Appendix Table A5 shows that the results are also unaffected
by the use of survey weights.

7One possibility is that our income measure is too noisy to reveal any meaningful correlations. However, this is
not likely because we closely match the correlations between income and clean equipment ownership in the RECS and
CEX (see Appendix Figure AS).
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Fact S Households with stronger environmental preferences are more likely to use clean equip-

ment and residential solar.

We show that households with stronger environmental preferences are more likely to use clean
equipment and residential solar, suggesting that environmental preferences are an important de-
terminant of households’ energy-related decisions. We estimate the following linear probability

model:

Yi = o + BrMore Concerned; + Ny + Vik + Yik + ik 3)

where Yj; 1s an indicator for whether household i had purchased equipment type k, More Concerned;
is an indicator which equals one if household i is in either the Alarmed or the Concerned group.
Approximately 55 percent of households fall into one of these two categories. Variables 7;, v;, and

v: denote fixed effects for age, income, and census region, respectively. Table 4 reports the results.®

Overall, households with stronger environmental preferences are more likely to purchase clean
equipment. For example, more-concerned households are five percentage points more likely to
purchase an electric vehicle. Since only four percent of less-concerned households own electric
vehicles (see Appendix Table AS8), this result implies that more-concerned households are more
than twice as likely to purchase an electric vehicle. Similarly, more-concerned households are 5

percentage points more likely to have solar panels.’

Panel b of Table 3 reports the analogous results when Yj; is an indicator for whether the household
considered purchasing equipment of type k.9 We also see significant differences in the likelihood
of considering the purchase of clean equipment by environmental preference. More-concerned
households are 24 percentage points more likely to consider electric vehicles, 14 percentage points
more likely to consider solar panels, and 16 percentage points more likely to consider energy-

efficient appliances or weatherization/insulation.

We do not see a statistically significant difference in the likelihood of purchasing or consider-
ing heat pumps by environmental preference. Heat pumps have only recently been marketed as
climate-friendly. It is possible that this messaging was not in place at the time many households

replaced or considered replacing their heating and cooling systems. Moreover, Anderson and

8 Appendix Table A9 reports the marginal effects from a probit regression, Appendix Table A10 reports a weighted
version of the linear probability model. The results are largely unchanged. Appendix Tables A1l and A12 report
separate results for each of the six levels of climate concern. Again, the overall patterns persist.

9 Appendix Table A14 repeats in the analysis in Table 4 for heat pumps and solar panels among the subsample
of households who choose to install these items. This exercise excludes households who purchased homes with heat
pumps and solar panels already installed. The results are qualitatively similar.

10We drop all households who already purchased equipment of type k from the regression.
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Table 4: Environmental Preferences and Clean-Equipment and Residential Solar Decisions

(a) Own/Lease
(1) (2) (3) 4) )
Electric Veh. Hybrid (NPI) Solar Panels Heat Pumps Appl./Weath.
More Concerned 0.047%%%* 0.012 0.046* -0.003 0.016
(0.011) (0.016) (0.026) (0.020) (0.017)

FE: Age, Income, Region v v v v v
Observations 2154 2172 823 1980 2125
Adjusted R? 0.073 0.023 0.100 0.053 0.042

(b) Considered

ey 2 3) “4) )
Electric Veh. Hybrid (NPI) Solar Panels Heat Pumps Appl./Weath.
More Concerned 0.244%** 0.225%%* 0.136%** 0.027 0.155%%**
(0.020) (0.022) (0.037) (0.019) (0.055)
FE: Age. Income, Region v v v v v
Observations 1996 1683 672 1427 284
Adjusted R? 0.126 0.088 0.034 0.019 0.061

Note: The table reports the results from equation (3) where the outcome is own/leasing (panel a) or considered (panel
b) a given type of equipment. In columns (1) and (2), we drop households who reported that they do not drive or do
not need a car. In column (3) the sample is restricted to households with single-family detached homes, excluding
those who reported that solar panels are not feasible for their house/roof. Table A 14 reports results for installing solar
panels or heat pumps. Robust standard errors are reported in parentheses. Significance at the 0.1, 0.05, and 0.01 levels
indicated by *, **, and ***, respectively.

Kirkpatrick (forthcoming) find large variation in the private energy-cost savings from switching to
heat pumps, from -$772 to $690 dollars per year, mainly driven by differences in climate, energy
prices, and alternative fuel types. This substantial variation in pecuniary benefits could dominate

any variation due to environmental preferences in the data.

3. Model

Household emissions depend on two key margins. The first is the total amount of home produc-
tion the household undertakes. For example, how much do they drive, cook, or use the washing
machine? How big of a space do they heat and how warm do they make it? The second is the
equipment the household uses for their home production. For example, do they drive an electric

vehicle or a gasoline car? Do they have a heat pump or a natural gas furnace? Do they use energy-
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efficient appliances? These two simple margins form the basis for our model of home production

and household energy use.

Our model augments the standard home production framework (Becker, 1965; Benhabib et al.,
1991) to include a continuum of tasks (as in Acemoglu and Restrepo, 2019) with clean and dirty
production technologies for each task (as in Aghion et al., 2024). Home production tasks include
heating, transport, laundry and so on. Households in the model can also use residential solar to
produce clean (carbon-free) energy. Drawing from our survey evidence, households have hetero-

geneous distaste over their own carbon emissions.

3.1. Households Preferences and Endowments

The economy is populated by a continuum of measure one of households. Preferences are:
u(ciyhi,vi) = xIn(c;) + (1 — %) In(h;) — v, “4)

where ¢; is consumption of market goods, /; is home production, and v; is the household’s own

carbon emissions. Home production depends on a CES aggregate of home production tasks,

1 ey T
hl:UO Cli(j)sd]} ,

where ¢;(j),j € [0, 1] denotes household i’s production of task j and parameter € is the elasticity
of substitution across tasks. To produce each task, the household can use a dirty technology that
requires energy or a clean technology that does not. The production functions for task j using the
dirty and clean technology are:
4ilj) = { rr;in.[xld( j.), %ei( J)] :dirty technology )
x5 ()H)P()) : clean technology

1

If the household uses the dirty technology to produce task j, then they must combine dirty equip-
ment, x?(j), with energy, e(), in fixed proportions. If instead they use the clean technology, then

they can produce task j directly from clean equipment, x“(j), without any energy.

Function ®(j) is the relative productivity of producing with the clean technology. We arrange the
tasks on the unit interval so that tasks with a higher index have higher clean productivity, implying

that ®(j) is strictly increasing in j. We assume the simple functional form:

D(j) =9,

15



For example, compare the tasks of lighting and heating. The household can produce lighting using
dirty equipment (e.g., an incandescent bulb) and energy or clean equipment, (e.g., an LED bulb)
and very little energy. It is cheaper to produce lighting with clean equipment than with dirty equip-
ment (including both the energy and the light-bulb costs). In contrast, depending on the electricity
price and the climate, it can be more expensive to produce heating with clean equipment (e.g.,
a heat pump) than with dirty equipment (e.g., a natural gas furnace) (Anderson and Kirkpatrick,
forthcoming). Thus, we interpret ®(lighting) > ®(heating) and we view lighting as being ordered

higher than heating along the continuum.

We model environmental preferences as household distaste for their own carbon emissions, v;, that
they generate through home production. The strength of this distaste, captured by 6; € [0, o) varies
across households. Some households have strong distaste (6 >> 0), implying that they care a lot
about reducing their own emissions, while other households have no distaste (6 = 0), implying

that they do not care about reducing their emissions.

Each household i is endowed with one unit of time with productivity, ;. The household supplies
their effective labor, {;, to firms and earns labor income, w{;, where w is the market wage per
efficiency unit of labor. This exogenous model of labor supply abstracts from the household’s
allocation of time between home work, market work, and leisure. While this channel is important
for earlier work on home production, it is not a key determinant of household emissions, the
focus of the present paper. For example, the emissions from heating depend on amount of heating
produced and the type of heating equipment, not on the amount of time the household spends
setting the temperature. As such, we build the model to focus explicitly on the equipment and

energy that households use to produce home production tasks.

3.2. Residential Solar

Households can purchase residential solar to generate clean (carbon-free) energy. Residential
solar differs from the equipment discussed in Section 3.1 in that it does not directly produce home-
services tasks. Instead, households substitute the solar energy they produce for the energy that they

would otherwise purchase to decrease their energy expenses and carbon emissions.

If the household purchases solar, the number of panels they purchase, S({;), is exogenous and
varies with the household’s (fixed) labor productivity, {;. The intuition is that the amount of solar
a household can install is limited by the size of their roof. Higher income households tend to have
larger houses with bigger roofs, and thus can install more solar panels. The household’s production

of solar energy, €, is directly proportional to the number of panels: ¢! = as;, where s; € {0,5(8;)}.

In practice, a household’s decision to install solar depends on many factors. Some of these factors
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we directly model, such as income and environmental preferences, but other factors are outside of
our model, such as the tilt, orientation, and shadiness of the roof, the sunniness of the location,
and the roof quality and material. To account for the factors outside of our model, we assume that
households draw idiosyncratic solar taste shocks. Households draw a separate taste shock for each
solar installation option: install, do not install. The taste shocks are independently and identically
distributed across households and installation options. At the start of the period, the household

draws the values of the taste shocks from a Gumbel distribution with scale parameter 7.

3.3. Household Emissions

The carbon emissions for household i, v;, depend on their energy use and on their solar energy

vi=1 (/Oleiu)dj—ef)-

The integral fol e;(j)dj is the household’s total energy demand and ef is the amount of this demand

production,

that is met by the household’s production of solar energy. The difference, fol ei(j)dj — e} equals

the household’s use of carbon energy. Parameter 11 denotes the carbon intensity of carbon energy.

3.4. Analysis of the Household Problem

Households maximize utility plus the solar taste shock. They choose consumption, whether to in-
stall solar, and, for each task, clean and dirty equipment and energy. Let Q; = {c¢;, {x¢(j),x¢(j),ei(j)}V)j}
denote the set of choice variables exclusive of the solar installation decision. The household’s ob-

jective function equals:

max {maxu(c,-,hi,vi) + Y5, maxu(c;, hi,v;) +T?S},
5i€{0,5(&)} | Qi Q;

where T3 and 17" denote the realizations of the solar taste shock if the household does and does

not install solar, respectively.

The household preforms this optimization subject to the budget constraint,
1 d 1 J 1
wh=art st [t [ ([ atai-a) s ©
and the non-negativity constraints,
¢i 2 0, {x;(j) = 0, x{(j) 2 0, ei(j) > 0}V,
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Variables p¢, p¢, p®, and p* denote the relative prices of clean equipment, dirty equipment, energy,
and solar panels, respectively. In the analysis that follows, let A; denote the multiplier on the budget

constraint for household i.

We study the factors that affect the household’s clean equipment and solar decisions. Beginning

with clean equipment, we have the following proposition.

Proposition 1 For each household i, there exists a cutoff

C

14

J*
0\
o(p! +ppe+ 1)

1

(7

such that the household will use the clean technology for all tasks with j > J and will use the dirty
technology for all tasks with j < J}.

Proof The first order condition for household i for task j equals:

(l—l)( h; )é_ /ll-f;—; :if clean
hi qi(J) Ai(p?+up®) +pu6; :if dirty.

The household will produce with the clean technology if the marginal utility cost of producing with

the clean technology is less than the marginal utility cost of producing with the dirty technology:

li% < Ai(p? + up®) + u6;. (8)

J* is the index that equates the marginal costs. Since the marginal utility cost of producing with
the clean technology (left-hand-side of (8)) is strictly decreasing in j, the household will use the
clean technology for all tasks with j > J*. Q.E.D.

We exploit the properties of J* to show that our model matches the empirical relationships between

income, environmental preferences, and clean equipment from Section 2.
Corollary 1 Use of clean equipment is positively correlated with income.

The cutoff, J* is increasing in A;, the shadow-value of income. Thus, all else constant, higher
income households choose a lower cutoff, implying that they use clean equipment for more tasks,

consistent with Fact 2.

The intuition for this result stems from the non-homothetic specification of preferences (equation

(4)). The marginal utility of consumption and home production falls as both quantities rise, but the
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marginal disutility of emissions does not depend on the level of emissions. As a result, reducing
emissions is a normal good for all households with 8 > 0. Higher income households purchase
more emissions reduction by using clean equipment for more tasks. As in our survey, the positive
correlation between clean equipment and income does not require a positive correlation between
environmental preferences and income. Environmental preferences matter for what households

want, but income matters for what they actually purchase.
Corollary 2 Use of clean equipment is positively correlated with environmental preferences.

The cutoff J* decreases with 8, implying that households with stronger environmental preferences

use clean equipment for more tasks, consistent with Fact 5.

To demonstrate the implications of corollaries one and two, Figure 4 plots household emissions
from each task for two different households. The households differ in their income and environ-
mental preferences, but have the same total emissions, equal to the area under each curve in Figure
4. Household one has high income and strong environmental preferences. Corollaries one and two
imply that this household will use clean equipment for many tasks (cutoff Ji is relatively low),
reducing their emissions. However, since they have high income, the household produces more
home production, increasing their emissions from the tasks for which they use dirty equipment.'!
In contrast, household two has low income and weak environmental preferences. Corollaries one
and two imply that this household will use clean equipment for few tasks (cutoff J3 is relatively
high), increasing their emissions. However, since they have low income, the household produces
less home production, reducing their emissions from the tasks for which they use dirty equipment.
In principle, either household could have larger total emissions; we have drawn the case for which

they are equal.

We can place specific tasks at different points on the x-axis, based on the relative productivity of
the clean equipment for that task. For example, as discussed above, we interpret clean equipment
for lighting (LED bulbs) as has having relatively high productivity and clean equipment for heating
(heat pump) as having relatively low productivity. We place lighting and heating along the x-axis in
Figure 4 so that lighting is to the right of heating. As drawn, household one uses clean equipment

for both lighting and heating, but household two only uses clean equipment for lighting.

'We focus on the empirically relevant region of the parameter space in which the income-elasticity of demand for
each task is positive for both households.
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Figure 4: Emissions From Home Production Tasks For Two Households
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Note: The figure plots emissions from each task for two hypothetical households, one with high income and strong
environmental preferences (solid blue line) and a second with low income and weak environmental preferences
(dashed orange line). The tasks are aranged along the x-axis in order of increasing productivity of the clean
equipment.

The variation in the cutoff J* across households results from the inclusion of environmental prefer-
ences in the model. If we abstract from environmental preferences (6; = 0, Vi), then all households
choose the same cutoff, J* = p¢/(¢(p? + up®)), implying that they all use clean equipment for the
exact same set of tasks. This prediction is not consistent with our survey data or with RECS. For
example, in our survey data, we document considerable heterogeneity in the fraction of households
that use each type of clean equipment and in the fraction of households that consider adopting each
type of clean equipment (see Table 1).!> Such variation suggests that clean equipment adoption
decisions are heterogeneous across households, a feature our model without out environmental

preferences cannot capture.

We turn to the household’s decision to install solar.

12While some of this heterogeneity in the data could result from the slow adoption of relatively new clean technolo-
gies, our survey data suggest that slow adoption is not the dominant factor. For example, only 35 percent of households
without an electric vehicle cite not needing a new car as their reason for not buying an electric vehicle.
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Proposition 2 The probability a household with productivity {; and environmental preferences 6;

installs solar equals

oy ealr @0
Prob’((;, 6;) = exp(y1a5(¢;, 6;)) +exp(y1am(¢, 6;)

where @i and i denote the household’s optimized utility with and without solar, respectively.

The scale parameter, 7y, controls the strength of the correlations between the probability a household
has solar and their income and environmental preferences. As 7y approaches infinity, the taste
shocks become the only factor that affects the household’s solar decision and these correlations

approach zero.

3.5. Firms

A unit mass of perfectly competitive firms produce the final consumption good from labor, and
produce clean and dirty equipment, carbon energy, and solar panels from units of final good. The

production functions are:
Y =AN, X° =AY, X9=A%¢ E=A%° S=AY"

where N denotes total effective labor used to produce the final good and Y€, Y4, Y¢, Y* denote
units of final good used to produce clean equipment, dirty equipment, energy, and solar panels

respectively. The final good is the numeraire.

3.6. Competitive Equilibrium

We define a competitive equilibrium as a set of prices: {w,p, p¢, p°, p*}, allocations for each
household i, {c;,si,{x¢(j),x¢(j),ei(j)}Vj}, production plans for firms {N,Y ¥4 Y Y*} such
that:

1. Given prices, household allocations solve the household’s optimization problem.
2. Given prices, firm allocations maximize profits.

3. The labor market clears

1
N = / ¢di.
0
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4. The energy, equipment, and solar markets clear:

_/ (/ ei(j d]—e)dz X© = // jdjdi x4 = // j)djdi, S—= /sdz

5. The resource constraint holds:
1 1
Y+/ eidi = / cidi+ Y +Y Yo +YS.
0 0

Firm profit maximization and market clearing yield the equilibrium expressions for the wage and

the relative prices of clean equipment, dirty equipment, energy, and solar panels:

4. Model Calibration and Validation

To simulate the effects of household-focused climate policy and changes in public attitudes towards
climate change, we need to parameterize the model to match key features of the U.S. data. We use
three data sets: (1) our survey data, (2) the 2020 RECS, and (3) the 2022 CEX. We take some
parameters directly from the data. Given these parameters, we jointly calibrate the remaining

parameters so that a set of moments in the model match their corresponding empirical targets.

4.1. External Calibration

We determine the distribution of environmental preferences directly from our survey data. We
assign households to one of the six categories of climate concern from Figure 3. We assume that
each level of concern maps to a unique value of 8 € [0,0]. Dismissive households have 8 = 0,
alarmed households have 6 = 8, households in category i € [2,5] have value 6; = (i —1)0/5. We
take the fraction of households in each category directly from our survey.

Relative productivities A¢, A%, A€, and A* pin down the units of energy, dirty equipment, clean
equipment, and solar panels. Parameter 1 pins down the units of carbon emissions. None of these
units are relevant for our model. We normalize these parameters to unity. We set the value of the
cross-task elasticity of substitution, € equal to 0.5, in line with the values commonly used in the

task literature (see e.g., Humlum, 2021; Acemoglu and Restrepo, 2019).
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4.2. Internal Calibration

We jointly choose the remaining parameters to match a set of empirical targets. While all targets
are jointly determined, some targets are more important for some parameters than others. We

discuss each parameter and its primary target in turn.

Parameter ) determines the relative utility benefits from home production tasks. We choose ¥
to match the average ratio from the CEX of non-energy expenditures on home production (i.e.,

expenditures on housing and equipment) relative to total consumption expenditures, equal to 0.30.

Parameter ¢ is primarily pinned down by the average energy expenditure share. All else constant,
higher levels of ¢ imply a lower cutoff J* (see equation (7)), which, in turn, implies that the house-
hold uses clean equipment for more tasks, reducing their energy expenditure share. We choose ¢
to match average energy expenditure share in the CEX, equal to 0.098. Parameter 8 controls how
energy expenditure share changes with income. If = 0, then 8 = 0 for all households and energy
expenditure share is constant across income groups. Positive values of 8 imply that reducing emis-
sions is a normal good for some households (those with 8 > 0), causing energy budget share to
fall more steeply with income. We choose 6 to match the ratio of the average energy expenditure

share among the top half of the income distribution relative to the bottom half of the distribution.

Leontief parameter u is disciplined by the price elasticity of household demand for energy. u
determines the relative importance of energy costs as a component of total cost for the tasks the
household produces with the dirty technology. Higher values of i increase the relative importance
of energy costs, which, in turn, increase the magnitude of the price elasticity of energy demand.
In a meta-analysis of price elasticities of energy demand, Labandeira, Labeagac and Lopez-Otero
(2017), find estimated long-run elasticities ranging from -0.77 to -0.19 depending on the energy
product in question. We target a value of -0.62, which is their mean long-run estimate for the

residential sector, and not too far from their mean overall estimate of -0.52.

We choose the productivity of solar, ¢, to match the fraction of households with residential solar
in our survey, equal to 4.9 percent.'> The Gumbel scale parameter controls the relative importance
of the taste shocks compared to income and environmental preferences in the household’s decision
to install solar. We choose the scale parameter to match the portion of households with solar who

are more-concerned, as defined in Fact 5, equal to 0.61.

It remains to choose the amount of solar a household installs, conditional on their labor produc-
tivity, S(§;). Many utility companies use net-metering which implies that households are only

compensated for solar energy they produce up to the amount of electricity they consume. As a

BFollowing the CEX, we only ask homeowners about residential solar, implicitly assuming that solar is zero for
renters. Consistent with this assumption, only one percent of renters have solar panels in the 2020 RECS.
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result, households are typically advised to install the amount of solar panels necessary to meet
their electricity needs. Based on these incentives, we choose S({;) for each value of { so that, on
average, the household’s solar output equals the empirical fraction of household energy use from
electricity, 0.17.14

Table 5: Model Fit

Target Model Data
Equipment expenditure share 0.30 0.30
Price elasticity of energy demand -0.62  -0.62
Energy expenditure share 0.10 0.10
Energy expenditure share ratio: top half to bottom half  0.72  0.72
Variance of log expenditures 0.66  0.66
Fraction of solar HHs who are more concerned 0.61 0.61

Note: The table reports the values of the targeted moments in the model (column 1) and in the data (column 2).

Finally, we divide households into ten equally sized income groups. We assume labor productivity
is log-normally distributed with mean f; and variance Gg. We normalize the mean to unity and

we choose the variance to match the variance of log expenditures from the CEX, equal to 0.66.

Table 5 reports the values of the moments in the model and in the data. The model fits the data

quite closely. Table 6 summarizes the values of the calibrated parameters.

Table 6: Main Parameter Values

Parameter Value
Consumption exponent: 0.57
Cross-task elasticity of substitution: €  0.50
Maximum value of 8: 6 0.96
Leontief parameter: 0.68
Clean-equipment productivity scaler: ¢ 0.77
Gumbel scale parameter: y 0.06
Solar productivity: o 0.08
Variance of labor productivity: (72 0.96

Note: The table reports the values of the calibrated parameters. The calibrated values of S({) and { are in Appendix
B.
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Figure 5: External Validation: Energy and Equipment Budget Shares
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Note: The left and right panels plot energy budget share and equipment budget share respectively by income
quintile in the model (dark blue) and data (light blue). Quintile one corresponds to the lowest income group.

4.3. External Validation

Utility in our model is atypical in that it depends on tasks and carbon emissions in addition to con-
sumption. As such, it is important to ensure that our model can replicate the patterns of household
behavior that we see in the data. Specifically, we compare the correlations between income and

expenditures on energy, equipment, and solar in the model and the data.

The left panel of Figure 5 plots energy budget share across income groups in the model (light
blue) and the CEX (dark blue). In the calibration, we target the difference in energy expenditure
share between the top and bottom halves of the income distribution. Figure 5 demonstrates that the

model also does well matching the more micro variation between income and energy budget share.

The right panel of Figure 5 plots equipment budget share across income groups in the model and
the CEX. In the calibration, we target average equipment budget share, but we do not target the
variation across income groups. Equipment budget share in the CEX is relatively constant across

income groups. The model matches this pattern quite closely.

Appendix Figure B1 plots energy and equipment expenditures in levels instead of as shares in both
the model and the data. Both energy and equipment expenditures increase with income, and, as

one would expect from Figure 5, the magnitudes are similar between the model and the data.

We also analyze how income affects the likelihood that a household uses residential solar in the

model compared to our survey data. High-income households in the model are 3 percentage points

“Data on household electricity use are from EIA Table 2.2. Appendix A.1 explains how we calculate household
energy consumption.
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more likely to use solar than low-income households. To determine the corresponding empirical

relationship, we run the following regression in our survey data:
solar; = Py + Bi(high income); + ¥ + &;.

The variables solar; and (high income); are indicator variables which equal 1 if the household has
solar or is high (above median) income, respectively. Variable ¥; denotes state fixed effects. The
estimated value of B; = 0.04, implying that high-income households are 4 percentage points more

likely to have solar than low-income households, similar to the model value.

Overall, the calibrated model matches the empirical patterns quite well. The decline in energy
budget share with income is similar between the model and the data, and equipment budget share
is relatively constant across income groups. High-income households are approximately three or

four percentage points more likely to use solar.

5. Quantitative Results

We first quantify the key determinants of household emissions and how they vary across house-
holds. We next analyze the impacts of household-focused climate policies and solve for the climate
policy that minimizes the cost of reaching an emissions target. Finally, we study the potential for

changes in public attitudes towards climate change to impact aggregate household emissions.

5.1. Household Emissions: Determinants and Distribution

Figure 6 plots average emissions by income quintile and environmental preference group. As in
Fact 5, we collapse households into two environmental preference groups, more concerned, those
that are either concerned or alarmed, and less concerned, those that are either dismissive, doubtful,
disengaged or cautious. 55 percent of households are in the more-concerned group. The units of
the y-axis are emissions relative to the emissions of the average household. For example, a value

of 2 means that the household emits twice as much as the average household.

Figure 6 reveals two important patterns. First, emissions increase substantially with income. At
the extreme, emissions for the average household in the fifth income quintile are over five times
higher than emissions for the average household in the first income quintile. This result is perhaps
expected given that household energy use increases substantially with income in both the model

and the data (see Appendix Figure B1) and emissions are closely linked to energy use.

To understand why energy use and emissions increase with income, Figure 7 plots two key de-

terminants of household emissions; the level of home production, 4;, and the energy efficiency of
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Figure 6: Distribution of Household Emissions
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Note: The figure plots household emissions, by income quintile and environmental preference group. The units of
the y-axis equal emissions relative to the emissions of the average household.

home production, /;/e; where e; = fol e;(j)d j. Household emissions also depend on residential so-
lar, but so few households use solar in the baseline (less than five percent) that it is not an important

driver of the aggregate patterns.

Home production increases with income (left panel of Figure 7), pushing up household energy
use and emissions. For example, high-income households tend to have larger houses and thus use
more energy for heating and cooling. Energy efficiency also increases with income (right panel of
Figure 7), somewhat muting the increase in energy use from more home production. The intuition
follows directly from Corollary 1. High-income households use clean equipment for more tasks,
increasing their energy efficiency. Household emissions rise with income in Figure 6 because the

increase in home production dominates the increase in efficiency.

The second key pattern from Figure 6 is that environmental preferences have a large effect on emis-
sions for high-income households and almost no effect for low-income households. Among house-
holds in the fifth income quintile, average emissions among less-concerned households are more
than double average emissions among more-concerned households. In contrast, among households
in the first income quintile, average emissions among less-concerned households are only 9 per-
cent higher than average emissions among more-concerned households. The intuition stems from
the result that reducing emissions is a normal good. High-income households with strong environ-

mental preferences purchase more emissions reduction than low-income households with strong
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environmental preferences. Consequently, the impact of environmental preferences on emissions

increases with income.

Figure 7: Determinants of Household Emissions
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Note: The left and right panels plot household home production, A; and energy efficiency of home production,
h;/e; where e; = fol ei(j)dj, respectively, by income quintile and environmental preference group. The units on the
y-axis equal the value of the plotted variable relative to its value for the average household in the economy.

5.2. Household-Focused Climate Policy

We consider the impact of different policies designed to reduce household emissions. Policymak-
ers face two primary considerations in their design of household climate policy: (1) determining
which equipment to subsidize, and (2) identifying which households should be eligible to receive
the subsidy. For example, the IRA includes subsidies for solar panels and particular types of clean
equipment, such as electric vehicles and heat pumps. Some of the subsidies have income caps,

implying that only households with income below the threshold are eligible to receive the subsidy.

To start, we examine the effect of two simple policies for which all households are eligible; a
subsidy for all clean equipment and a subsidy for solar. We then solve for the subsidy policy
that minimizes the cost of emissions reduction when the policymaker can choose the subsidized
equipment and the eligible income groups. We choose the size of the subsidy in each experiment
so that it reduces household emissions by 10 percent, loosely in line with the IRA projections.!?

We finance the subsidies with a flat tax on labor income.

Clean-Equipment Subsidy. A clean-equipment subsidy, s > 0, reduces the price of all clean

SBistline et al. (2023) project that the IRA will reduce economy-wide emissions by approximately 15 percent
relative to a scenario without the IRA. However, much of this reduction is through improvements in the electricity
sector, suggesting that the decrease in household emissions without changes to the electricity sector, the analog to our
model, will be smaller.
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equipment from p¢ to (1 —s)p°. All households are eligible to receive the subsidy. We find
that the subsidy required to attain the emissions target equals 10 percent and the associated labor

income tax equals 2.3 percent.

Table 7: Aggregate Effects of Household Climate Policies

Subsidy Policy
Clean-equipment Solar Cost-minimizing

%A Emissions -10.0 -10.0 -10.0
%A Clean equipment 20.7 -6.9 15.1
%A Dirty equipment -10.0 -3.9 -9.9
%A Solar energy -6.5 438.1 -2.6
%A Home production 2.1 -5.0 -0.0
%A Consumption -2.8 -5.6 -1.2
Policy cost (% of GDP) 2.3 54 0.8

Note: The table reports the aggregate effects of a clean-equipment subsidy (column 1) a solar subsidy (column 2)
and the cost-minimizing subsidy (column 3).

The first column of Table 7 reports the aggregate effects of the clean-equipment subsidy. The pol-
icy leads to a 21 percent increase in clean equipment and a 10 percent decrease in dirty equipment.
The signs of these effects are evident from the expression for the cutoff, J*, in equation (7). The
subsidy reduces the relative price of clean equipment, which, in turn, reduces the cutoff, implying

that households use clean equipment for more tasks.

By making clean equipment cheaper, the subsidy reduces the relative price of home production.
Households increase home production by 2 percent in response. Similarly, the subsidy decreases
the relative cost of reducing emissions though clean equipment compared to solar, leading to a
small decline in solar energy production. Finally, the cost of attaining the emissions target using a

subsidy to all clean equipment equals 2.3 percent of GDP.

A key element of household-focused climate policy is which households are eligible for the policy.
Of particular interest is how income affects eligibility; should the subsidy apply to all households,
as in the case of the clean-equipment subsidy, or should the subsidy phase out with income in
the sense that only lower income households are eligible? To provide insights on the tradeoffs
associated with an income phase out, Figure 8 plots the distribution of emissions reduction in
response to the subsidy (left panel) and of the cost effectiveness of the emissions reduction (right
panel). We measure cost effectiveness as the household’s emissions reduction divided by their

implicit subsidy receipts, where implicit subsidy receipts for household i equal s°p© [ Jl,-* x5(j)dj.

The two panels of Figure 8 present a potential tension when considering an income phase out.

High-income households, especially those with weak environmental preferences, reduce emis-
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Figure 8: Distribution of Emissions Reduction and Cost Effectiveness: Clean-Equipment Subsidy

Emissions Reduction i Cost Effectiveness

[ Less concerned
I More concerned —

N
o

2.5

N
T

1.5+

relative to average
- (6]

I
o

0.5

OH1I I || 0 Ik

2 3 4 5 1 2 3 4 5
Income quintile Income quintile

Emissions reduction per dollar

Emissions reduction relative to average

Note: The left and right panels plot emissions reduction, emissions reduction per dollar of implicit subsidy pay-
ments by income quintile and environmental preference group. The units on the y-axis show the value of the
plotted variable relative to its value for the average household in the economy.

sions the most in response to the subsidy (left panel), because they emit the most without the
subsidy. Using an income phase out to exclude these households from the policy would require
policymakers to use a larger subsidy to reach the emissions target, potentially raising the policy

cost.

On the other hand, high-income households, especially those with strong environmental prefer-
ences, are the least cost-effective (right panel). These households are largely inframarginal be-
cause, in the absence of the subsidy, they use clean equipment for more tasks. Thus, the subsidy
subsidizes more equipment that they would have bought anyway, reducing its cost effectiveness.
Using an income phase to exclude these households would focus the policy on most cost-effective

segment of the population, potentially lowering the policy cost.

Solar Subsidy. A subsidy to solar, s°, reduces the price of residential solar from p* to (1 —s°)p®.
All households are eligible for the subsidy. The subsidy required to attain the emissions target

equals 74 percent and the associated labor-income tax equals 5.4 percent.

The second column of Table 7 reports the aggregate effects of the solar subsidy. The subsidy
increases residential solar energy production by more than a factor of five. In contrast to the clean-
equipment subsidy, the solar subsidy leads to declines in both consumption and home production.
The policy reduces disposable income by 5.4 percent (the size of the tax) for all households. How-
ever, only 38 percent of households use solar under the subsidy policy. For the 62 percent of
households who do not use solar, the decline in disposable income is not offset by subsidy re-

ceipts. This negative income effect causes these households to reduce both consumption and home
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production, leading to the aggregate declines in Table 7.

The aggregate decrease in home production implies that households reduce both clean and dirty
equipment. Clean equipment falls by more than dirty because the solar subsidy decreases the
relative price of reducing emissions with solar compared to clean equipment, causing households

to shift their expenditures on emissions reduction from clean equipment to solar.

The cost of the solar subsidy equals 5.4 percent of GDP, more than double the cost of the clean-
equipment subsidy. This high cost stems from two factors: (1) solar is unattractive for some house-
holds (as captured by the taste shocks) and (2) solar capacity is limited by the size of the house-
hold’s roof. The capacity constraints imply that achieving the emissions target requires widespread
adoption of solar. Indeed, 38 percent of households adopt solar under the subsidy, up from just un-
der 5 percent in the baseline. Such widespread adoption necessitates that some households for
whom solar is relatively unattractive adopt. Incentivizing these households requires a larger sub-

sidy, pushing the up the policy cost.

To see this result formally, we consider the cost of the solar subsidy when we re-calibrate the model
so that households can install twice as much solar as in the current calibration, effectively relaxing
the capacity constraints. In this case, achieving the emissions target only requires 23 percent of
households to adopt solar, as opposed to 38 percent in the baseline calibration. The subsidy is also
considerably smaller, equal to 49 percent instead of 74 percent. The policy costs 2.8 percent of

GDP, approximately half of its cost in the baseline specification.

Cost-Minimizing Subsidy. We solve for the subsidy policy that minimizes the cost of attaining
the emissions target. The policymaker chooses the level of the subsidy to clean equipment, the
level of the subsidy to solar, the range of clean equipment to subsidize, and the range of household
incomes that are eligible for the subsidies. As before, we require the subsidy to reduce household

emissions by 10 percent and we finance the subsidy with a flat tax on labor income.

Table 8 summarizes the characteristics of the two simple policies and, in the third row, the cost-
minimizing policy. The cost-minimizing policy includes a moderate income phase out; households
in the bottom 80 percent of the income distribution are eligible and households in the top 20 percent
are not. This phase out reflects the balance between targeting the most cost-effective households
(the low-income households) and targeting the biggest emitters (the high-income, less-concerned
households). The optimality of the income phase out depends critically on environmental prefer-
ences. Without environmental preferences, there are no cost-savings from targeting the subsidy to
low-income households because all households have the same cutoff, J = p¢/(¢(p? + 1p®)) Vi,
implying that no single household is more cost-effective than another.

The income phase-out implies that the biggest emitters are not covered by the policy, and as a
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Table 8: Policies that Attain the Emissions Target

s¢ s* T Eligible Eligible HHs
(percent) (percent) (percent) tasks (income deciles)
Clean equipment 10 0 2.3 [0,1] 1-10
Solar 0 76 5.6 none 1-10
Cost-minimizing 19 0 0.88 [0.36, 0.66] 1-8

Note: The table summarizes the characteristics of three policies that attain the emissions target: a subsidy to all
clean equipment (row 1), a subsidy to solar (row 2) and the cost-minimizing subsidy (row 3).

result, the policymaker needs to use a larger subsidy to attain the emissions target. The cost-
minimizing clean-equipment subsidy is 19 percent, almost twice as big as the simple clean-equipment
subsidy. Additionally, the cost-minimizing subsidy does not include a subsidy to solar. Subsidizing
solar is more costly than subsidizing clean equipment because the subsidy must be large enough to

overcome the effect of the taste shocks for any households that choose to adopt solar in response.

The cost-minimizing subsidy applies to clean equipment used for an intermediate range of tasks,
ordered along the continuum between indices 0.36 and 0.66. This range balances the need to subsi-
dize clean equipment with relatively high productivity with the need to subsidize clean equipment
that households would not purchase without the subsidy. To help interpret this result, Figure 9
plots the fraction of households that use the clean equipment for each task in the baseline. Over
the subsidized range of tasks, between 3 and 54 percent of households would use clean equipment

without the subsidy.

It is useful to map the subsidized range of tasks to specific tasks and their associated clean equip-
ment. While we do not observe the relative productivity of clean equipment for different tasks we
do observe the level of adoption. The vertical lines in Figure 9 represent the placement of specific
tasks, based on the empirical level of clean equipment adoption for that task. For example, five
percent of households in our survey have electric vehicles (see Table 1). Since electric vehicles
are a type of clean equipment used for driving, we place driving at the x-value where 5 percent of
households use clean equipment for the task. Similarly, 85 percent of households use LED lights
in RECS, and so we place, lighting, the associated task, farther to the right at the x-value where 85

percent of households use clean equipment for the task.

Figure 9 implies that heating and transport are within the subsidized range under the cost-minimizing
subsidy, but laundry and cooking appliances and lighting are outside of the subsidized range. These

results suggest that the least costly way for policymakers to attain the emissions target is to subsi-
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Figure 9: Fraction of Households That Use Clean Equipment For Each Task
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Note: The figure plots the fraction of households that use the clean technology for each task in the baseline. The
vertical lines show where different tasks could lie along the continuum based on the fraction of households that
use clean equipment for that task. The clean equipment associated with the driving, heating, laundry/cooking, and
lighting tasks respectively are electric vehicles, heat pumps, energy-efficient laundry and cooking appliances, and
LED bulbs.

dize electric vehicles and heat pumps, but subsidize not energy-efficient laundry or cooking appli-

ances or LED lights.

The third column of Table 7 reports the aggregate effects of the cost-minimizing subsidy. Going
straight to the last row reveals that there are large cost-savings from carefully designing household-
focused climate policy. The cost of the cost-minimizing subsidy equals 0.8 percent of GDP, less
than one third of the cost of the clean-equipment subsidy, and less than one sixth the cost of the

solar subsidy.

To understand why the cost of the cost-minimizing subsidy is so much smaller than the clean-
equipment subsidy, we decompose the impact of each subsidy on household emissions into three
channels. The first channel is fechnology substitution. The subsidy reduces the relative price of
clean equipment. In response, households use clean equipment for more tasks, as evident from the
second row of Table 7. For example, the subsidy could cause a household to switch their heating

equipment from a natural gas furnace to a heat pump.

The second channel is fask substitution. The subsidy reduces the relative cost of the tasks the
household produces with the clean technology, causing households to switch from dirty to clean

technology tasks. Let j; < J* and j, > J* so that the household produces task j; with the dirty
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technology and task j, with the clean technology. The household’s demand for task j; relative to
task j, equals:

4

_ (1-59)p
mi(j2) {9 ja(p?+ pupe + 1)

An increase in the subsidy reduces the relative demand for the dirty-technology task. For example,
if lighting is a clean task and driving is a dirty task, then the subsidy could cause households to do

more lighting and less driving.

The third channel is the home production effect. The subsidy affects the relative price of home
production, and the accompanying tax payments affect the household’s disposable income. Both
of these factors could cause households to adjust their level of home production and the associated

energy demand, as evident from the fifth row of Table 7.

Figure 10 decomposes the emissions reduction under the clean-equipment subsidy (left bar) and
under the cost-minimizing subsidy (right bar) into the task substitution, technology substitution,
and home production effects. Under both policies, the majority of the emissions reduction is from
technology substitution; task substitution is relatively minor in comparison. Returning to the earlier
examples, the subsidy policies are more likely to incentivize the household to switch from a natural
gas furnace (dirty equipment) to a heat pump (clean equipment) then they are to incentivize the

household to do more lighting (if lighting is a clean task) and less driving (if driving is a dirty task).

The home production effect is negative under the clean-equipment subsidy, muting the reduction in
emissions from the policy. This response is a form of rebound, a well-studied phenomenon in the
environmental literature (see Gillingham, Rapson and Wagner (2016) for a review) in which house-
holds increase their use of an energy-using good following an improvement in energy efficiency.
The intuition in our context is that the subsidy reduces the relative price of home production,
causing households to increase home production (fifth row of Table 7) which, all else constant,

increases emissions.

The decrease in the relative price of home production is stronger when the subsidy applies to
more clean equipment that is inframarginal- in the sense that the household would have purchased
the equipment in the absence of the subsidy. Consider a task, ji, that the household produces
with clean equipment under a subsidy, but with dirty equipment otherwise, and a task j, that the
household produces with clean equipment regardless of whether there is a subsidy. The subsidy
reduces the marginal cost of task j, by the size of the subsidy. In contrast, the subsidy reduces the
marginal cost of task j; by less then the size of the subsidy because the household must incur the

additional cost of using the clean technology instead of the dirty.
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Figure 10: Decomposition of Household Emissions Reduction
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Note: The figure decomposes the emissions reduction under the clean-equipment and cost-minimizing subsidies
into three channels: (1) task substitution effect (dark blue), (2) technology substitution effect (light blue) and (3)
home production effect (red).

Unlike under the clean-equipment subsidy, the home production effect actually leads to a slight
increase in emissions reduction under the cost-minimizing policy. This difference in sign is due
to two factors. First, the highest income households are not eligible for the subsidy, but they
still pay higher taxes to finance the subsidy. Higher taxes without any subsidy receipts reduce
their disposable income, causing them to reduce home production and emissions. Second, by
targeting equipment with intermediate levels of adoption, the cost-minimizing policy subsidizes
less inframarginal equipment. As a result, it leads to a smaller decrease in the relative price of
home production, reducing rebound among households that do receive the subsidy. Consequently,

aggregate home production falls by 0.1 percent (fifth row of Table 7), reducing emissions.

In sum, the cost-minimizing policy reduces the policy cost compared to the clean-equipment sub-
sidy because both the income phase out and the targeted equipment range reduce rebound. The
income phase out ensures that the households with the potential for the largest rebound (i.e., those
with the most clean equipment in the baseline) are not eligible for the subsidy. The targeted equip-
ment range avoids subsidizing equipment with high levels of adoption in the baseline, reducing

rebound among the eligible households.
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5.3. Changes in Public Concern for Climate Change

The analysis from our survey and model highlight that a household’s level of climate concern is
a quantitatively important determinant of their emissions. This result raises the possibility that
changes in public attitudes towards climate change, absent any climate policy, could have mean-
ingful effects on aggregate household emissions. Results from the CCAM project suggest that
Americans’ climate concern has generally increased over the past decade. For example, the frac-
tion of households who are more concerned (i.e., those who are either concerned or alarmed)
increased from 39 to 55 percent from 2013 to 2023 (see Appendix Figure C1). This trend could be
due to changes in information, experiences, or beliefs, all of which would manifest as a change in

environmental preferences in our model.

We explore the aggregate impact on household emissions if the historical trends in climate change
concern continue going forward. Panel a of Figure 11 plots our predicted distribution of climate
concern in 2033 when we assume that the change in the fraction of the population in each group
over the next ten years is the same as the change from the past ten years. We find that the elevated
climate concern in 2033 reduces household emissions by 5.2 percent relative to our baseline spec-
ification, as shown by bar (1) in panel b of Figure 11. The mechanisms underlying this emissions
reduction mirror those from the subsidy policies; elevated climate concern causes households to
increase clean equipment and solar energy and to decrease dirty equipment. To put this emissions
impact in perspective, bars (2) and (3) show the decrease in household emissions from 5 and 10
percent subsidies to clean equipment, respectively. The emissions reduction from elevated cli-
mate concern is equivalent to a clean equipment subsidy in between these two values, equal to 5.4

percent.

We compare the emissions impact of elevated climate concern to the emissions impact from a car-
bon price. Two of the largest carbon pricing programs in the U.S. are the California Cap and Trade
Program and the Regional Greenhouse Gas Initiative (RGGI). Bars (4) and (5) plot the decrease in
household emissions from carbon prices equal to the 2024 average under RGGI, 21 dollars per ton,
and under the California Cap and Trade Program, 35 dollars per ton. The predicted decrease in
household emissions from either carbon price is smaller than the reduction from elevated climate
concern. The emissions impact from from elevated climate concern is equivalent to a 57 dollar
per ton carbon price, more than double the RGGI price and more than 50 percent higher than the

California Cap and Trade price.

We focused on a realistic near-term change in climate concern based on the historical trends. Alter-
natively, we could consider a more extreme shift in which everyone becomes alarmed (the highest

level of climate concern). Such a dramatic increase in climate concern would reduce household
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Figure 11: Reduction in Emissions from Counterfactual Distribution of Climate Concern
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Note: Panel (a) plots the baseline distribution of climate change concern (black boxes) and a projection of the 2033
distribution (green filled) based on the observed change in concern between 2013 and 2023 in the CCAM data.
Panel (b) plots the percent reduction in emissions in several scenarios: (1) the projected shift in public concern
from panel (a), (2) a subsidy on clean equipment of 5 percent, (3) a subsidy on clean equipment of 10 percent, (4)
a carbon tax equivalent in size to the Regional Greenhouse Gas Initiative (RGGI), and (5) a carbon tax equivalent
in size to the California Cap and Trade Program.

emissions by 23 percent, equivalent to a 24 percent subsidy to clean equipment. It is also possible
that public concern for climate change could decrease over time instead of increase, pushing up
household emissions. For example, our model predicts that if climate concern returns to its 2013
distribution, then household emissions would increase by 4.8 percent. In the extreme, if every-
one becomes dismissive of climate change (the lowest level of concern), then household emissions

would increase by 65 percent.

Taken as a whole, these results highlight that shifts in climate concern can meaningfully impact
household emissions, absent any specific climate policy. Simply extrapolating the historical trend
in climate concern forward ten years leads to a 5.2 percent reduction in household emissions,
equivalent to what one would achieve under a 5.4 percent subsidy to clean equipment or a 57
dollar per ton carbon tax. Thus, accounting for environmental preferences and their impact on
household decisions is important for understanding households’ emissions-related decisions and,

ultimately, for designing household-focused climate policy.
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6. Conclusion

Emissions from households’ direct use of energy account for approximately one third of U.S. emis-
sions in the aggregate. This paper develops a new model of home production and household energy
use to study the determinants of household emissions and how they respond to climate policies and
to shifts in public attitudes towards climate change. Household emissions in the model result from
a set of home production tasks involving either clean or dirty varieties of equipment. Additionally,
households have heterogeneous distaste for their own carbon emissions. Using a new survey, we
document that such environmental preferences exist, vary across households, are correlated with

households’ clean equipment decisions, but are uncorrelated with household income.

We use the model to study the most cost-effective approach to designing climate subsidies for
households, such as those included in the IRA and in many state and local programs. We find that
such subsidies should target a range of clean equipment with intermediate levels of adoption, and
should phase out for the highest income households. Both of these features reduce the amount of
inframarginal clean equipment covered by the subsidy, leading to less rebound and greater emis-
sions reduction. We also use the model to predict how future changes in environmental preferences
could impact emissions. We find that if climate concern increases over the next decade by the same
amount as in the past decade, household emissions will fall by 5 percent, the same decrease as our

model predicts from a 57 dollar per ton carbon tax.

A unique feature of our study is that we focus specifically on the emissions from household energy
use, as opposed to the emissions from firm energy use. Households are similar to firms, in that
they produce home production using equipment and energy, and they can choose equipment with
varying degrees of energy efficiency. However, households also differ critically from firms in
that they have preferences for consumption, home production, and importantly in our context, for
the environment. Indeed, we show that changes in these preferences alone can have substantial

emissions effects absent any policy.
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Appendix: For Online Publication Only

A. Stylized Facts

We restrict our analysis in all samples (CEX, RECS, our survey) to people between the ages of 20
(to limit the effect of students) and 84 (the 99th percentile of the age distribution in our survey).
We drop all households with quarterly expenditures less than zero from the CEX.

A.1. Household Energy and Emissions Shares

We calculate household energy consumption and carbon emissions from the EIA data. We de-
scribe the process for energy consumption. The process for carbon emissions is analogous. The
EIA divides energy use into four categories, residential, transportation, commercial, and industrial.
Residential energy use includes all energy used by households at their residence. The transporta-
tion sector energy consumption includes all energy used by vehicles. Household energy consump-
tion in our model equals residential energy consumption plus a portion of transportation energy
consumption.

We take the following steps to determine the fraction of transportation energy from households.
First, we calculate the fraction of petroleum use in the transportation sector that is attributable to
light-duty vehicles and motorcycles. Next, we calculate the portion of light-duty and motorcycle
vehicle miles traveled (VMT) that are attributable to households. Given these two fractions, we
use the following formula to calculate household transportation energy use:

light-duty vehicle petroleum HH VMT

HH t = %
fans energy trans petroleum light-duty vehicle VMT

X trans petroleum
©)

This calculation assumes that all household transportation energy use is from petroleum used for
light-duty vehicles and motorcycles.

We describe how to calculate each fraction in equation (9). Data on the fraction of transportation
petroleum used by light duty vehicles and motorcycles is from the National Highway Statistics
Tables and data on petroleum use by light duty vehicles and motorcycles and on total petroleum
use for all transportation is from Table 4-6 from the National Highway Statistics.'¢

Data on average household VMT is from Table 3.4 of the National Household Survey (U.S. De-
partment of Transportation, 2022). The data report household VMT for years 1983, 1990, 1995,
2001, 2009, 2017, and 2022. The data after 2009 include self-reported and network calculated dis-
tance traveled. The data prior to 2009 only include self-reported distance. We adjust the pre-2009
data based on the average fraction of self-reported to network calculated distance post 2009.

Data on the number of households is from the U.S. Census Bureau, retrieved from FRED, Federal
Reserve Bank of St. Louis, (series TTLHH). Household VMT equals average household VMT
multiplied by the number of households.

16The data can be downloaded from: www .bts.gov/content/energy-consumption-mode-transpo
rtation.


www.bts.gov/content/energy-consumption-mode-transportation
www.bts.gov/content/energy-consumption-mode-transportation

Total light-duty vehicle VMT is the sum of short- and long-wheel base light duty vehicle VMT.
The data is from the Bureau of Transportation statistics.!”

A.2. Survey Design

We introduced the survey to respondents as being about “energy-saving investments at home.”
In the first section of the survey, we asked households if they owned or leased several types of
equipment. For equipment which they did not own/lease, we asked if they had considered purchas-
ing/leasing it.

We included the following types of equipment:

Electric vehicles (including all-electric and plug-in hybrids)

Non-plug-in (NPI) hybrid vehicles

Home solar panels

* Heat pump heating and cooling

Energy efficient appliances

— Energy efficient appliances include Energy Star certified refrigerator, clothes washer or
dryer, dishwasher, electric or induction range, stove, or oven.

Home weatherization or insulation

— Costing more than $1000

We only asked homeowners about solar panels, heat pumps, energy efficient appliances and weath-
erization/insulation. We asked all households about electric and NPI hybrid vehicles. For solar
panels and heat pumps, we asked homeowners to report if these items were present when they
purchased the home.

In the second section, we asked respondents why they owned/leased each type of clean equipment
that they owned/leased and why they considered owning/leasing each type of equipment that they
had considered. Respondents were given different factors and asked to rank up to three of them in
order of importance. We randomized the order in which the factors appeared, with “other” always
appearing last.

We included the following factors for all types of clean equipment:

* Reducing carbon emissions

* Reducing [energy; fuel] costs

7The data can be downloaded from: www.bts.gov/content/light-duty-vehicle-short-wheel
-base—-and-motorcycle-fuel-consumption—-and-travel and www.bts.gov/content/othe
r-2-axle-4-tire-vehicle-fuel-consumption—-and-travel.


www.bts.gov/content/light-duty-vehicle-short-wheel-base-and-motorcycle-fuel-consumption-and-travel
www.bts.gov/content/light-duty-vehicle-short-wheel-base-and-motorcycle-fuel-consumption-and-travel
www.bts.gov/content/other-2-axle-4-tire-vehicle-fuel-consumption-and-travel
www.bts.gov/content/other-2-axle-4-tire-vehicle-fuel-consumption-and-travel

¢ Tax credits and rebates

* Other: please specify

For solar panels, energy efficient appliances, and weatherization/insulation, we also included
* Increasing the value of my home

For electric vehicles and hybrids, we included
* Performance, quiet, safety

We also asked respondents why they did not own/lease/consider certain types of equipment. Again
they were given several factors to rank, which appeared in a randomized order. The factors were
the following:

* It is too expensive / There are not enough tax credits

SOoon

* I plan to [own/lease; install]

* Other: please specify
For electric vehicles and hybrid vehicles:

* I don’tdrive /I don’t need a car /I don’t need a new car
For electric vehicles and plug-in hybrids:

* There is no place to plug it in at my home / I’'m not confident about charger network

* The electrical grid still produces a lot of carbon emissions
For NPI Hybrids only:

* Hybrid cars are still gasoline powered
For solar panels

* It is not feasible at my house/on my roof

* The utility company does not pay enough for excess solar generation
For heat pumps; energy-efficient appliances or weatherization/insulation

* My [heating/cooling; appliances/insulation] do not need to be replaced.

* I do not have control over decisions about [the heating/cooling system at; to make energy
saving investments on] my home.

The survey code book can be accessed at https://uasdata.usc.edu/index.php
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A.3. The Six Americas Classification Method

The Yale Program on Climate Change Communications and George Mason University Center for
Climate Change Communications have run a series of nationally representative surveys about cli-
mate change perceptions since 2008, called the Climate Change and the American Mind (CCAM)
project. Maibach et al. (2011) used latent class analysis of the data on 36 questions from these
surveys to develop a segmentation of the population into six groups who perceive and respond
to climate change in distinct ways. The six segments minimized the variance within group while
maximizing variance between groups. The resulting classification method essentially uses a multi-
nomial logit regression to assign group membership based on answers to certain questions.

Chryst et al. (2018) ask respondents four questions about their views on climate change (see figure
A1) and use the answers to divide respondents into six groups, with concern levels ranging from
dismissive of climate change to alarmed. The coefficients necessary to assign groups with data
from the Short Survey are available in Table 2 of Chryst et al. (2018). A convenient group scoring
tool is also available on the Yale Climate Communications website.'®

Figure A1l: Six Americas Short Survey

How important is the issue of How worried are you about
climate change to you personally? climate change?
40
2 Y
£ £
© [
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k] k]
* R
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How much do you think climate How much do you think climate change
change will harm you personally? will harm future generations of people?
40 50
é_ 30 35 é_ 40
30
2 2 26 2
o O oo
ES 17 R
10 14 10
0 8 0
Dont know Only a little A great deal Dont know Only a little A great deal
Not at all A moderate amount Not at all A moderate amount

Note: This figure plots the distribution in our sample of responses to each of the questions in the Six Americas Short
Survey from Chryst et al. (2018). In all cases we replaced the phrase “global warming” with “climate change”.

A.4. Additional tables and figures

Bhttps://climatecommunication.yale.edu/visualizations-data/sassy/
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Figure A2: Geographic Balance

Our Survey

Census ACS 2022

Alaska: .2 | e Alaska: .2
Hawaii: .3 b . & Hawaii: .4

Alaska: .2
Hawaii: .3

Alaska: .2
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Note: This figure plots the share of our sample, the 2022 ACS, and 2023m6-m11 CPS residing in each state.
In green our survey data is weighted by weights calibrated to ensure that our sample precisely matches the CPS
distributions of age, education, gender, income, race, region.



Figure A3: Demographic Balance
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(5) % Home Owner

0% 25% 50% 75%

Note: This figure plots summary statistics for our sample (blue), 2023m6-m11 CPS (purple), and 2022 ACS (red).
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(a) Income Distribution (b) Education Distribution
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(c) Age Distribution
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Note: This figure plots the distribution of income (a), education (b), and age (c) in our sample (blue), the CPS
(purple), and our sample weighted with weights calibrated to match the CPS (green).



Table Al: Comparison to Other Data

Income Age Home Owner Electric Veh. Solar Panels Heat Pumps
2020 RECS $60-75k 53 67% 1.5 % 4.6% 14.4%
2020 CEX $40-50k 51 66% 0.7% 3.3%
2023 CEX $60-75k 51 65% 2.2% 5.7%
2024 Our Survey $60-75k 52 65% 4.9% 7.5% 27.9%
2024 Our Survey, Weighted $75-100k 49 64% 5.5% 8.1% 29.3%

Note: This table reports summary statistics in our sample, the 2020 RECS, and 2020 and 2023 CEX. Income is
median income. Age is average age. For solar panels and heat pumps we restrict to home owners in both samples for

comparability. RECS and CEX are weighted.

Table A2: Percent of Households with Clean Equipment and Solar

Drivers Single Family Home
% Electric Veh. Hybrid (NPI) Solar Panels Solar Panels Heat Pumps
Own/Lease 7 18 9 8 29
Considered 32 33 49 46 16
Installed 8 7 10

Note: The table reports the fractions of households that own/lease each type of clean equipment (first row), consid-
ered purchasing (second row), or installed equipment themselves, rather than buying a house at which they were
already installed (third row). Columns (1)-(3) have sample restrictions which differ from Table 1. In columns
(1)-(2) we drop households who reported that they don’t drive or don’t need a car. In columns (3) we restrict to

home owners with a single family home.



Figure AS5: Variation in Clean Equipment with Household Income
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Note: The figure plots the coefficients for the income fixed effects in equation (1) run in the 2020 RECS (squares),
2023 CEX (diamonds), and our sample (circles), as well as 95 percent confidence intervals. Engery-efficient
appliances are defined in the 2015 RECS as appliances that are Energy Star certified (which is not available in the
2020 survey). Weatherization/insulation is defined in the 2020 RECS as having the highest insulation level, “well

insulated”.



Table A3: Households Ranking Each Factor as First or Second Most Important

(a) Own/Lease
Y% Electric Veh. Hybrid (NPI) Solar Panels Heat Pumps Appl./Weath.
w W W W W W W W W W
(1) Reduce carbon emissions 44 39 35 33 27 25 17 16 23 20
(2) Reduce fuel costs 70 66 75 76
energy costs 91 91 87 83 89 88
(3) Tax credits and rebates 33 31 27 28 44 42 22 23 25 25
(4) Performance, quiet, safety 39 41 47 49
Raise home value 26 32 48 49 50 54
(5) Other 6 12 7 7 5 3 17 18 5 5
N 156 470 131 187 1718
(b) Considered
% Electric Veh. Hybrid (NPI) Solar Panels Heat Pumps Appl./Weath.
w W W W W W W W W W
(1) Reduce carbon emissions 53 47 34 31 28 26 28 26 26 24
(2) Reducing fuel costs 81 83 90 87
energy costs 95 94 87 84 87 85
(3) Tax credits and rebates 25 27 21 22 37 37 23 28 28 28
(4) Performance, quiet, safety 35 36 41 43
Raise home value 32 35 43 42 37 42
(5) Other 4 4 3 2 3 3 7 8 5 4
N 1009 224 875 223 94

Note: The table reports the fraction of households that ranked each factor (row) as either first or second most important

for their decision to purchase (panel a) or consider (panel b) a given type of equipment. Raw fractions are reported in
(u) columns, weighted fractions are reported in (w) columns. Weights are calibrated with iterative proportional fitting
so that our sample precisely matches the CPS distributions of age, education, gender, income, race, region.

10



Table A4: Percent Ranking Carbon Emissions as Important
Probit, Marginal Effects

Most Important 1st or 2nd
(D 2) 3) “4)
$150k+ 0.035 0.037 0.044 0.032
(0.025) (0.025) (0.035) (0.036)
$100-150k -0.012  -0.010 -0.023  -0.026
(0.023) (0.023) (0.034) (0.034)
$60-100k -0.031  -0.029 -0.048 -0.051
(0.021) (0.021) (0.032) (0.032)
$35-60k -0.023  -0.022 -0.035 -0.036
(0.023) (0.023) (0.035) (0.036)
Controls: Age, Region v v
Observations 2019 2019 2019 2019

Note: The table reports probit marginal effects from an analogous specification to equation (2) where Y; is an indicator
for whether household i ranked reducing carbon emissions the most important (columns 1 and 2), or either first or
second important (columns 3 and 4) factor in their decision to purchase at least one type of clean equipment. Table 3
reports the equivalent linear probability model. Robust standard errors are reported in parentheses. Significance at the

0.1, 0.05, and 0.01 levels indicated by *, **, and ***, respectively.

Table AS: Percent Ranking Carbon Emissions as Important
Weighted Linear Probability Model

Most Important 1st or 2nd
(D 2) 3) 4)
$150k+ 0.026  0.037 0.006  0.002
(0.032) (0.033) (0.047) (0.048)
$100-150k -0.010 -0.002 -0.030 -0.030
(0.030) (0.031) (0.046) (0.047)
$60-100k -0.046  -0.039 -0.071 -0.072
(0.028) (0.029) (0.045) (0.045)
$35-60k -0.041  -0.036 -0.026 -0.029
(0.030) (0.030) (0.051) (0.051)
Controls: Age, Region v v
Observations 2019 2019 2019 2019

Note: The table reports the weighted version of Table 3. That is, results from equation (2) where Y; is an indicator
for whether household i ranked reducing carbon emissions the most important (columns 1 and 2), or either first or
second important (columns 3 and 4) factor in their decision to purchase at least one type of clean equipment. Weights
are calibrated with iterative proportional fitting so that our sample precisely matches the CPS distributions of age,
education, gender, income, race, region. Table 3 reports the unweighted version. Robust standard errors are reported
in parentheses. Significance at the 0.1, 0.05, and 0.01 levels indicated by *, **, and ***, respectively.
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Table A6: Percent Ranking Carbon Emissions as Important
Considered Equipment

Most Important Ist or 2nd
(D 2) 3) “4)
$150k+ 0.010 0.008  0.050 0.050
(0.031) (0.032) (0.038) (0.039)
$100-150k -0.026 -0.027 -0.050 -0.051
(0.031) (0.031) (0.038) (0.038)
$60-100k -0.028 -0.029 -0.013 -0.016
(0.029) (0.029) (0.037) (0.036)
$35-60k -0.017 -0.016 -0.021 -0.021
(0.032) (0.032) (0.039) (0.039)
Controls: Age, Region v v
Observations 1768 1768 1768 1768

Note: The table reports the results from equation (2) where Y; is an indicator for whether household i ranked reducing
carbon emissions the most important (columns 1 and 2), or either first or second important (columns 3 and 4) factor
in their consideration of at least one type of clean equipment. Robust standard errors are reported in parentheses.
Significance at the 0.1, 0.05, and 0.01 levels indicated by *, **, and ***, respectively.

Table A7: Percent “More Concerned” About Climate Change

ey 2
$150k+ 0.036 0.027
(0.028) (0.028)
$100-150k -0.026  -0.030
(0.027)  (0.027)
$60-100k 0.008 0.003
(0.025) (0.025)
$35-60k -0.049*  -0.049*
(0.027)  (0.026)
Controls: Age, Region v
Observations 3291 3291

Note: The table reports the results from equation (2) where Y; is an indicator for whether household i is More Con-
cerned about climate change. We classify a household as More Concerned if it is in either the concerned or alarmed
Six Americas categories. Robust standard errors are reported in parentheses. Significance at the 0.1, 0.05, and 0.01
levels indicated by *, **, and *** respectively.
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Table A8: Clean Equipment by Environmental Preferences

(1) (2) 3 €] )
% Electric Veh. Hybrid (NPI) Solar Panels Heat Pumps Appl./Weath.
(a) Own/Lease
More Concerned 10 19 21 28 81
Less Concerned 4 16 15 28 80
(b) Considered
More Concerned 45 44 68 17 40
Less Concerned 20 21 55 14 27

Note: This table reports the fraction of households in the sample owns/leases or considered each type of equipment,
split by their level of climate concern. In (1) and (2), we drop households who reported that they do not drive or do
not need a car. In (3) the sample is restricted to households with single-family detached homes, excluding those who
reported that solar panels are not feasible for their house/roof. Appendix Table A13 reports the share of households

who have installed solar panels and heat pumps by level of climate concern.

Table A9: Environmental Preferences and Clean Equipment Decisions
Probit, Marginal Effects

Own/Lease Equipment Considered Equipment
ey @) 3) “ 4) (6)
Electric Veh. Hybrid (NPI) Solar Panels  Electric Veh. Hybrid (NPI)  Solar Panels
More Concerned 0.044 %+ 0.013 0.045* 0.245%%* 0.225%%%* 0.137%#%*
(0.010) (0.016) (0.025) (0.020) (0.022) (0.037)
Age, Income, Region v v v v v v
Observations 2154 2172 823 1996 1683 672

Note: This table reports probit marginal effects for equation (3). Table 4 reports results for the equivalent linear
probability model. Robust standard errors are in parentheses. Significance at the 0.1, 0.05, and 0.01 levels indicated
by *, ** and ***, respectively.
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Table A10: Environmental Preferences and Clean Equipment Decisions
Weighted Linear Probability Model

Own/Lease Equipment Considered Equipment
ey @ 3 “ ®) (6)
Electric Veh. Hybrid (NPI) Solar Panels Electric Veh. Hybrid (NPI)  Solar Panels
More Concerned 0.050%** 0.018 0.035 0.228**%* 0.193%#%%* 0.168***
(0.015) (0.022) (0.033) (0.026) (0.027) (0.047)
Age, Income, Region v v v v v v
Observations 2154 2172 823 1996 1683 672

Note: This table reports a weighted linear probability model for equation (3). Weights are calibrated with iterative
proportional fitting so that our sample precisely matches the CPS distributions of age, education, gender, income, race,
region. Table 4 reports results for the unweighted linear probability model. Robust standard errors are in parentheses.
Significance at the 0.1, 0.05, and 0.01 levels indicated by *, **, and ***, respectively.
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Table A11: Environmental Preferences and Clean Equipment Decisions
Linear Probability Model

(a) Own/Lease
(D (@) 3) “) &) (6)
Electric Veh. Hybrid (NPI) Solar Panels Heat Pumps Appliances Weath./Insul.
Alarmed 0.074%%* 0.065%* 0.069* -0.025 0.016 0.027
(0.017) (0.026) (0.039) (0.025) (0.030) (0.038)
Concerned 0.035%* 0.046* 0.090%* -0.041* -0.021 -0.069%*
(0.016) (0.026) (0.040) (0.025) (0.031) (0.037)
Cautious 0.013 0.071%** 0.036 -0.032 -0.044 -0.067*
(0.016) (0.027) (0.041) (0.026) (0.032) (0.039)
Disengaged or Doubtful 0.008 0.042 0.039 -0.024 -0.018 -0.030
(0.015) (0.028) (0.040) (0.027) (0.033) (0.041)
Age, Income, Region v v v v v v
Observations 2152 2170 822 1979 1976 2056
Adjusted R? 0.075 0.025 0.066 0.005 0.037 0.049
(b) Considered
ey 2 3) “) 5
Electric Veh. Hybrid (NPI) Solar Panels Heat Pumps Appl./Weath.
Alarmed 0.414%** 0.375%** 0.353%** 0.045 0.348%%**
(0.030) (0.034) (0.061) (0.034) (0.092)
Concerned 0.240%** 0.245%%* 0.1817%%* 0.020 0.216%*
(0.029) (0.032) (0.064) (0.033) (0.087)
Cautious 0.129%** 0.130%** 0.178%* 0.006 0.136
(0.029) (0.033) (0.069) (0.034) (0.090)
Disengaged or Doubtful 0.068** 0.082** 0.180%** 0.009 0.173%*
(0.029) (0.033) (0.070) (0.035) (0.094)
Age, Income, Region v v v v v
Observations 1995 1682 672 1426 284
Adjusted R? 0.148 0.102 0.059 0.017 0.070

Note: This table reports the coefficients for each level climate concern in a regression analogous to equation (3) where
Y; is an indicator for whether household i had purchased (panel a) or considered purchasing (panel b) a given type of
equipment. The omitted category is Dismissive. Disengaged and Doubtful are pooled together due to the small sample
sizes in those groups. Table 4 reports results for aggregated levels of climate concern. Robust standard errors are in
parentheses. Significance at the 0.1, 0.05, and 0.01 levels indicated by *, **, and ***_ respectively.
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Table A12: Environmental Preferences and Clean Equipment Decisions
Probit, Marginal Effects

Own/Lease Equipment Considered Equipment
ey 2 3) “) 5 (6)
Electric Veh. Hybrid (NPI) Solar Panels Electric Veh. Hybrid (NPI)  Solar Panels

Alarmed 0.069%#** 0.067** 0.067* 0.418%** 0.372%%* 0.356%%*

(0.018) (0.027) (0.038) (0.030) (0.034) (0.060)
Concerned 0.036%** 0.049%* 0.091%* 0.24 3% 0.242%%% 0.183%**

(0.017) (0.027) (0.040) (0.029) (0.032) (0.064)
Cautious 0.014 0.072%* 0.035 0.133% 0.127%#% 0.178%#

(0.017) (0.028) (0.040) (0.029) (0.033) (0.069)
Disengaged or Doubtful 0.006 0.044 0.036 0.071** 0.080%* 0.183%#%*

(0.018) (0.029) (0.041) (0.029) (0.033) (0.069)
Age, Income, Region v v v v v v
Observations 2152 2170 822 1995 1682 672

Note: This table reports probit marginal effects for each level of climate concern in a regression analogous to equation
(3) where Y; is an indicator for whether household i had purchased (columns 1-3) or considered purchasing (columns
4-6) a given type of equipment. The omitted category is Dismissive. Disengaged and Doubtful are pooled together
due to the small sample sizes in those groups. Table A9 reports results for aggregated levels of climate concern.
Robust standard errors are in parentheses. Significance at the 0.1, 0.05, and 0.01 levels indicated by *, **, and ***,
respectively.

Table A13: Equipment Installation by Environmental Preferences

(1) ()
% Installed Solar Panels Heat Pumps
More Concerned 18 9
Less Concerned 12 10

Note: This table reports the share of households who have installed solar panels or heat pumps split by their level
of climate concern. In (1) the sample is restricted to households with single-family detached homes, excluding
those who reported that solar panels are not feasible for their house/roof. Table A8 reports the share of households
who own/lease or have considered solar panels and heat pumps by level of climate concern.
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Table A14: Equipment Installation by Environmental Preferences

Linear Probability Model Probit Marginal Effects
(1) 2 (3) 4)

Solar Panels Heat Pumps Solar Panels Heat Pumps

More Concerned 0.052** -0.011 0.052*=* -0.010
(0.024) (0.013) (0.024) (0.013)

FE: Age, Income, Region v v v v

Observations 823 1980 823 1980

Note: The table reports the results from equation (3) where the outcome is having installed solar panels or heat
pumps. Columns (1)-(2) are linear probability model coefficients, (3)-(4) are probit marginal effects. In (1) and (3) the
sample is restricted to households with single-family detached homes, excluding those who reported that solar panels
are not feasible for their house/roof. Table 4 reports results for owning/leasing solar panels (3) or heat pumps (4) or
considering them (b). Robust standard errors are reported in parentheses. Significance at the 0.1, 0.05, and 0.01 levels
indicated by *, **, and ***, respectively.
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A.5. Additional Analyses

We show that our two measures of environmental preferences are highly correlated. Specifically,
we show that households that are more concerned about aggregate climate change are more likely
to care about reducing their individual emissions. We estimate the following linear probability
model:

Y=o+ Z B; - (Climate concern);; +1; + V; + ¥ + & (10)
j=1
where ¥; is an indicator for whether household i ranked reducing carbon emissions an important
factor for their purchase of at least one type of clean equipment or residential solar. (Climate concern); ;
is an indicator variable that equals one if household i is in Six Americas’ group j. Variables n;, v;,
and 7; denote fixed effects for age, income, and census region, respectively. Table A15 reports the
results.

There is a monotonic relationship between a household’s level of climate concern and the likeli-
hood that they ranked reducing carbon emissions as an important factor. For example, households
with the highest level of climate concern are 51 percentage points more likely to have ranked re-
ducing carbon emissions as an important factor than those with the lowest level of concern. We
show the same pattern among those households who have considered but not yet purchased clean
equipment in Table A18. Table A16 reports probit marginal effects for the same specification,
and Table A17 shows the results with survey weights. Again, the results are unchanged. These
strong positive correlations suggest that households with stronger environmental preferences not
only care about reducing their own emissions, but also global emissions.
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Table A15: Percent Ranking Carbon Emissions as Important

Most Important Ist or 2nd
ey 2 3) “)
Alarmed 0.242%*%*  (0.243%%*  (.514%%*  (.510%**
(0.020) (0.020) (0.024) (0.025)
Concerned 0.072%**  0.071%** 0.311%** (.310%**
(0.013) (0.014) (0.023) (0.024)
Cautious 0.032%**  (0.028%*  (0.139%** (.]137#**
(0.012) (0.012) (0.022) (0.022)
Disengaged or Doubtful 0.000 0.000 0.061%**  (.062%**
(0.008) (0.009) (0.019) (0.020)
Controls: Age, Region, Income v v
Observations 2018 2018 2018 2018

Note: The table reports the results from equation (10) where Y; is an indicator for whether household i ranked reducing

carbon emissions the most important (columns 1 and 2), or either first or second important (columns 3 and 4) factor
in their decision to purchase at least one type of clean equipment. The omitted base group is Dismissive. Disengaged
and Doubtful are pooled together due to the small sample sizes in those groups. Robust standard errors are reported in
parentheses. Significance at the 0.1, 0.05, and 0.01 levels indicated by *, **, and ***, respectively.

Table A16: Percent Ranking Carbon Emissions as Important
Probit, Marginal Effects

Most Important Ist or 2nd
ey () 3) C))
Alarmed 0.242%%%  (0.244%%*  (.514%**%  (0.510%**
(0.020) (0.020) (0.024) (0.024)
Concerned 0.072%*%*  0.072%*%*  0.311%*%* (Q.311%**
(0.013) (0.013) (0.023) (0.023)
Cautious 0.032%*%*  (0.029%**  (.139%**  (,]138***
(0.012) (0.011) (0.022) (0.022)
Disengaged or Doubtful 0.000 0.001 0.061%#%*  (.062%**
(0.008) (0.008) (0.019) (0.019)
Controls: Age, Region, Income v v
Observations 2018 2018 2018 2018
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Note: The table reports probit marginal effects for a regression analogous to equation (10) where Y; is an indicator for
whether household i ranked reducing carbon emissions the most important (columns 1 and 2), or either first or second
important (columns 3 and 4) factor in their decision to purchase at least one type of clean equipment. The omitted
base group is Dismissive. Disengaged and Doubtful are pooled together due to the small sample sizes in those groups.
Robust standard errors are reported in parentheses. Significance at the 0.1, 0.05, and 0.01 levels indicated by *, **,
and ***, respectively.



Table A17: Percent Ranking Carbon Emissions as Important
Weighted Linear Probability Model

Most Important Ist or 2nd
(1) (2) 3) 4)
Alarmed 0.199%*%  (.198***  (.447*%* (.45]***
(0.022) (0.023) (0.033) (0.033)
Concerned 0.074%*%*  0.070%**  (0.298***  (.305%**
(0.016) (0.015) (0.032) (0.032)
Cautious 0.040%*  0.033**  (0.125%** (.130%**
(0.015) (0.016) (0.029) (0.029)
Disengaged or Doubtful -0.000 -0.004 0.045%* 0.049%*
(0.007) (0.009) (0.026) (0.025)
Controls: Age, Region, Income v v
Observations 2018 2018 2018 2018

Note: The table reports a weighted linear probability model for equation (10) where Y; is an indicator for whether
household i ranked reducing carbon emissions the most important (columns 1 and 2), or either first or second important
(columns 3 and 4) factor in their decision to purchase at least one type of clean equipment. Weights are calibrated
with iterative proportional fitting so that our sample precisely matches the CPS distributions of age, education, gender,
income, race, region. The omitted base group is Dismissive. Disengaged and Doubtful are pooled together due to the
small sample sizes in those groups. Robust standard errors are reported in parentheses. Significance at the 0.1, 0.05,

and 0.01 levels indicated by *, **, and ***, respectively.

Table A18: Percent Ranking Carbon Emissions as Important

Considered Equipment

Most Important Ist or 2nd
ey 2 3) “)
Alarmed 0.396%**  0.401%** 0.697***  0.700%**
(0.021) (0.022) (0.021) (0.022)
Concerned 0.134%%*  (.136%**  (0.395%**  (.395%**
(0.018) (0.018) (0.025) (0.025)
Cautious 0.039%**  0.040%*  0.207*%* (.203%**
(0.015) (0.016) (0.027) (0.027)
Disengaged or Doubtful 0.018 0.017 0.119%**  (.117%**
(0.013) (0.014) (0.025) (0.026)
Controls: Age, Region, Income v v
Observations 1767 1767 1767 1767

Note: The table reports the results from equation (10) where Y; is an indicator for whether household i ranked reducing
carbon emissions the most important (columns 1 and 2), or either first or second important (columns 3 and 4) factor
in their consideration of at least one type of clean equipment. Robust standard errors are reported in parentheses.

Significance at the 0.1, 0.05, and 0.01 levels indicated by *, **, and ***, respectively.
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B. Model Calibration

We divide households into ten equal sized income groups. The values of labor productivity in each
group, {{}, equal: {0.18,0.3,0.41,0.52,0.64,0.79,0.98,1.25,1.69,3.22}.

The amount of solar a household can install for each value of labor productivity, {S({)}, equals:
{0.05,0.08,0.1,0.13,0.15,0.17,0.2,0.24,0.28,0.39}.

Figure B1: External Validation: Energy and Equipment Expenditures
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Note: The left and right panels plot energy expenditures and equipment expenditures respectively by income
quintile in the model (dark blue) and data (light blue). Quintile one corresponds to the lowest income group.

C. Quantitative Results
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Figure C1: Historical Shift in Public Concern About Climate Change
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Note: The figure plots the 2013 distribution of climate change concern from the CCAM project (red filled) and our
baseline distribution (black boxes) from our survey data.
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