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Abstract
Economic incentives are in widespread use to stimulate the development of the electric vehicle
industry. However, the distributional effects of such incentives have been subject to little empirical
inquiry. This study examines how California’s electric vehicle rebate program impacts different
income groups financially. Two effects are considered: the income distribution of rebate beneficiaries
and the income distribution of the rebate payers. The results reveal that the overall net financial impacts
of the electric vehicle rebate program are regressive: the benefit distribution is highly regressive while
the cost distribution is slightly progressive. Recent efforts to improve the fairness of the rebate program
do not alter our findings. Policy implications are discussed.

1. Introduction

During the quest for a greener future, energy and environmental policymakers should consider
the impact of policies on income distribution. The tension between environmental regulations
and their impact on different income groups emerged in 1969 when the National Environ-
mental Policy Act was signed. Despite the “double dividend” hypothesis, which predicts that
both environmental and economic gains will result from energy and environment policies, the
gains are not shared equally by all income groups (Sandler & Pezzullo, 2007).

Studies find that the benefits of many environmental policies outweigh the costs and
are sustainable (Freire-González, 2018). But are environmental policies equitable? There is
rapidly growing literature on how the impacts of environmental and energy policies are
distributed by income class. This literature can be considered a facet of environmental justice
(Gianessi et al., 1979; Robinson, 1985; Parry & Small, 2005; Fullerton, 2008, 2011; Bento,
2013). There are studies on the costs and/or benefits of renewable energy (Hwang, 2010;
Ming et al., 2014; Yang et al., 2019; Höckner et al., 2020). However, currently, no study
considers both the benefits and costs of renewable energy policy from a reallocation
perspective among income groups. If the distribution of costs and benefits follow a different
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pattern, then focusing only on one side of the benefit-cost equation will miss the net
distributional impact on society.

In this article, we offer an applied contribution to the emerging energy-equity literature
by investigating the income-distribution impacts of the California Electric Vehicle Rebate
Program (CVRP), a program designed to help stimulate consumer demand for plug-in
electric vehicles (PEVs). Consumers who purchase a qualified PEV are eligible to receive
a cash rebate. The size of the rebate has varied since the program was initiated in 2013, but
the rebate has been as large as $5000 per vehicle. Due to distributional concerns that wealthy
Californians were capturing a significant share of the rebates, the CVRP was modified in
March 2016 to include income thresholds that disqualify high-income households. We
investigate how the financial benefits of the rebate are distributed before and after this policy
change.

Further, the subsidy program is funded indirectly by consumers. The revenues to
support the rebates are drawn from California’s cap and trade program to control
greenhouse gas emissions from stationary sources. Companies pay for emission permits
in an annual auction, but eventually the costs transfer to consumers, who ultimately pay
the costs of the permits, as those costs are passed through from companies to consumers
(Bento, 2013).

In this study, our results show that, before enforcing the income thresholds, the benefits
of the CVRP program were highly regressive but the costs were slightly progressive. When
combining benefits and costs, we find that the net impacts are regressive. In addition to
reaffirming that the CVRP program benefits largely high-income groups, our study shows
that focusing on the rebate benefits, without considering costs, slightly overestimates the
inequality. Furthermore, we show nonlinear aspects to the distributional impacts. The top
10 % of the California population by income receives 33 % of rebates, but the population
bearing the highest share of the rebate cost (13.5 %) is those with incomes at the 70–80 %
percentile of the income distribution. This result highlights that, in order to improve equality,
policymakers can reduce rebates at high-income levels and/or redistribute the cost of rebates
by switching the funding source to other public finance sources. As policymakers reallocate
the rebate and cost distributions, theymight – in order to accomplishmore fairness – strive to
achieve more equality in the shares of benefits and costs experienced by each income group.

1.1 The California clean vehicle rebate program

The CVRP provides rebates to qualified PEV buyers, and the level of rebate depends on the
vehicle design and the vehicle type. Eligible vehicle designs include battery-electric vehicles
(BEVs), plug-in hybrid electric vehicles (PHEVs), and fuel cell vehicles (FCVs). Each of
these vehicle designs is also recognized for compliance credits in the Zero Emission Vehicle
(ZEV) program administered by the California Air Resources Board (CARB).

Technically, ZEVs are vehicles powered by electric motors with energy stored in a
lithium-ion battery or hydrogen fuel cell. The types of vehicles covered include light-duty
cars and trucks, neighborhood electric vehicles, and motorcycles. Currently, the rebate for
zero-emission light-duty cars and trucks is a maximum of $2500, while the maximum rebate
is $900 for neighborhood electric vehicles and motorcycles. PHEVs are vehicles that are
capable of driving with battery power in conjunction with an internal combustion engine,
and that battery can be charged by plug-in electric power. Themaximum rebate for PHEVs is
currently $1500.
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The size of the rebate was independent of income until 2016. Starting in March 2016, the
CVRP set a household income ceiling of $500,000 for rebate eligibility. Moreover, house-
holds with incomes less than $72,900 were made eligible for an additional $1500 in rebates
on top of the base rebate.

The funding source for the CVRP is mainly the state’s cap-and-trade program for
greenhouse gases (Center for Sustainable Energy, 2016). Revenue is raised from an auction,
where the government sells emissions allowances to companies in need of allowances.
Having taken effect in 2013, California’s cap-and-trade scheme has created one of the largest
carbon permit markets in the USA. The program covers 85 % of California’s emissions,
including the electricity sector and transport fuels.

The revenues from the carbon cap-and-trade program are the sole source of funding for
the state’s carbon reduction programs, and the CVRP program is one of them. Because the
cap-and-trade program is the sole funding source for the CVRP program, the distribution of
costs of the cap-and-trade program by income group is the same as the distribution of costs of
the CVRP program by income group.

1.2 Who benefits?

DeShazo et al. (2017)were the first authors to explore the distributional effects of the CVRP.
They dispensed surveys to potential PEV buyers in California and integrated the results with
market conditions to estimate the rebate’s impact. They showed, using a model simulation,
that higher income groups received most of the rebates. They also analyzed some reforms,
including higher rebates for lower-income groups and vehicle price caps that might make the
CVRP more equitable and cost-effective. Rubin and St-Louis (2016) also reach a similar
conclusion by utilizing the CVRP rebate data. However, such studies have not considered
how the CVRP collects funding from the cap-and-trade program.

Previous studies have examined the costs of cap and trade by income in absolute terms
and as a share of household income. Hassett et al. (2007) computed the effect of a national
energy tax. They found that the ratio of energy expenditures to income decreases with
income. Grainger and Kolstad (2010) estimate the distribution of potential carbon prices by
income group using the 2003 Consumer Expenditure Survey and an input-output model.
They show that the cost of a carbon tax increases as family income increases, but the cost-to-
income ratio decreases as income increases (again implying a regressive pattern of costs).
Jones and Kammen (2014) estimate a model of carbon emissions at the zip code level using
data from the Consumer Expenditure Survey. Independent variables include household
energy consumption from the National Household Travel Survey and transportation infor-
mation from the Residential Energy Consumption Survey. We use information from their
study below to ascertain the cost distribution of cap and trade.

1.3 Contribution of the study

As both the benefits and cost of the CVRP program increase with income, a more complete
analysis is needed for policymakers to evaluate the CVRP program’s redistribution effect.
Our research thus connects two intellectual traditions in public finance. One concerns the
income distribution of people who benefit from a government program. The other concerns
the income distribution of people who pay for a government program. Bringing the two
distributions together, we offer insight into the CVRP’s net-benefit distribution.We evaluate
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the net benefit to income ratio and show that the ratio offers different policy implications than
the result when considering only the benefit ratio or only the cost ratio. To the best of our
knowledge, this is the first study considering both the funding source and benefits of the
CVRP program.

We build on the work of Rubin and St-Louis (2016) and DeShazo et al. (2017)) in several
ways. First, we use data on the actual incidence of rebates by zip code to validate their
survey-based finding that high-income groups receive most of the rebates. Second, we
explore whether the recently adopted income-based reforms have changed the income
distributions of rebate beneficiaries. Finally, we calculate the CVRP cost distributions on
different income groups using the California cap-and-trade program’s income distribution.

Our results reaffirm previous findings that the CVRP benefits increase with income.
Whenwe examine rebate distributions after the programwasmodified, we again find that the
CVRP benefits increase with income. The distribution of the costs of the program is more
complicated. The results reveal that middle-income groups bear most of the total expense
from the CVRP program. Most interesting are our findings when benefit and cost distribu-
tions are compared. Income groups with incomes between the 70th and 80th percentiles pay
for 13 % of the total CVRP program costs and receive 16 % of the rebate benefits. On the
other hand, the highest 10 % income group bears 11 % of the costs but receives 33 % of the
total rebates.

2. Theoretical basis and hypothesis

Our objective is to determine how the financial benefits and costs of the CVRP vary by
income class. During the study, we make the following assumptions: (i) the only funding
source for the CVRP program in California is from the cap-and-trade program; (ii) the
government revenue from the California cap-and-trade program solely depends on energy
consumption; and (iii) the zip code mean income represents the mean income for rebate
receivers. We also focus on the California CVRP program and do not consider other electric
vehicle policies, such as charging station distribution and charging rates. With these
assumptions, our results focus on the CVRP program’s redistribution effects, but not the
general electric vehicle equity problem.

We evaluate the distributional impact of policies by exploring the ratio of benefits to costs
in different income groups. Progressiveness occurs when the ratio of benefit to income
declines with income or when the ratio of cost to income rises with income. Regressiveness
implies the opposite patterns. In contrast to a complete benefit-cost analysis, we introduce a
public finance perspective and focus on the financial redistribution of the CVRP program.
Thus, we do not consider the effectiveness of the CVRP program in stimulating electric
vehicle sales or its environmental benefits and risks. By focusing on the financial redistri-
bution effect, this study provides a straightforward overview of how the CVRP program
reallocates income in California.

Themain index of interest, therefore, is the net benefit-cost to income ratio at the zip code
level. In our study, we use the following equation to calculate the net benefit to income ratio:

ratioi ¼ benefiti� cos tið Þ=incomei (1)

In Equation (1), the ratio is the net benefit to income ratio in zip code i. The benefit is zip
code i’s benefits from the CVRP program. The cost is zip code i’s costs from the CVRP
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program. The income is zip code i’s median income. If the ratio is greater than zero, then zip
code i’s benefits aremore than the costs from theCVRP program. If the ratio is less than zero,
then zip code i’s benefits are less than the costs from the CVRP program.

The funding source and mechanism of the CVRP program also suggest how its benefits
and costs distribute among income groups. The funding source of the CVRP program
distributes among all residents, because its funding source, the California cap-and-trade
program, charges all residents who consume electricity and gasoline. Meanwhile, only
residents buying electric vehicles receive rebates. The benefits should be expected to
concentrate on high-income consumers, given that purchasers of new PEVs are predomi-
nantly high-income consumers. For example, a recent trade survey found that the average
Tesla buyer’s income was $503,000 for the Model X, $267,000 for the Model S, and
$160,000 for the newModel 3 (Prenzler, 2016, 2017). Therefore, we expect that the benefits
of the CVRP programwill be regressive but the distributions of costs and net benefits are not
obvious without careful study.

3. Data and methods

We then consider the data and methods concerning financial benefits and then the data and
methods concerning financial costs.

3.1 Financial benefits: consumer rebate data

The unit of analysis in this study is at the zip code level. Due to privacy concerns, there is no
single data source after 2015 that provides information on how much money each recipient
received in CVRP rebates and that recipient’s household income. Instead, the data provided
by the CVRP include the rebate amounts and the zip code of the recipient’s address.
Therefore, the rebate data are aggregated at the zip code level, as well as matched with
income and other demographic information at the zip code level.

The rebate data are compiled from the survey statistics of the California Clean Vehicle
Rebate Project (Center for Sustainable Energy, 2018). There are many advantages to using
these data. As the information is used for issuing rebates, the survey statistics dataset
contains accurate information about the rebate and related information. The data used in
this research cover rebates from 2010 to 2017, allowing us to explore the potential change in
buyers responding to the income-related policy changes of 2016.

The dataset contains the rebate amount and the zip code where each rebate was issued.
The data were collected from a voluntary survey given to the rebate receivers and included
the zip code where they register to receive the rebate, the amount of rebate they received, the
manufacturer of the car, and power sources. The survey also contains personal information,
but samples collected after 2015 are not disclosed to protect buyer privacy. Therefore, in this
research, the rebate information is compiled according to their zip code and year and then
linked to other information.

The income information for each zip code is gathered from the Internal Use Statistics of
Income (SOI) individual tax return files. The aggregate gross income variable contains the
total income (before taxes) within each zip code. The SOI zip code level data only cover
2010–2015. Therefore, income data after 2015 are represented by the 2015 data, the latest
year available. Population data were necessary to estimate average income. The population
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within each zip code was collected from the 2010 Zip Code Tabulation Areas from the
Census Bureau. The zip codeswith a small population can generate extreme values (i.e., they
are sensitive to minor changes), so only zip codes with a population of more than 100 are
included in the analysis.

Ultimately, the data analyzed cover 1659 zip codes within California and a total of 8380
observations for 2010–2017. The total number of zip codes within California is 2597. The
number is reduced in this dataset because there are zip codes that either had no rebates issued
or had insufficient populations. The total observations were also separated from those
occurring before and after the income cap was imposed (accounting for 6811 and 2566
observations, respectively) to ascertain whether the policy change was effective. There are,
however, overlaps between the two groups, as the date of the policy change is in the middle
of a year, so the rebates issued before and after that year are averaged separately.

3.2 Financial costs: cap and trade auction revenues

For the cap-and-trade program’s cost distribution, we ascertain carbon emissions by zip code
in California and then assume that the program’s costs in each zip code are proportional to a
zip code’s share of statewide carbon emissions. In effect, we are assuming that the costs
of the cap-and-trade program are passed on to the final product consumers, a standard
assumption in the cap-and-trade literature. Thus, zip codes with a large (small) average share
of carbon emissions incur a large (small) share of the costs from the permit auctions.

The carbon emissions data for our main analysis were obtained from Jones and Kammen
(2014), which relied on the Residential Energy Consumption Survey and the U.S. Census.
Comparedwith other studies, the data used in Jones andKammen (2014) aremore up-to-date
and relevant to the zip code unit of analysis used in our research. Jones and Kammen
analyzed at the zip code level using a two-stage approach. In the first stage, the Residential
Energy Consumption Survey was used to estimate the coefficients for energy use. With the
coefficients estimated, they compiled the local living patterns from the U.S. Census and
estimated the emissions distribution of carbon dioxide.

As a robustness check, we also used emissions information from Grainger and Kolstad
(2010). To simulate the potential impact of a carbon tax, they utilized data from the 2003
Consumer Expenditure Survey and a standard input-output table for U.S. production
estimated by the U.S. Bureau of Economic Analysis.

4. Results of unconstrained program

Table 1 summarizes the California data on rebates received and mean income, reporting the
mean rebate at the individual level and the mean income at the zip code level. Among those
receiving a rebate, the average rebate was about $2200. The mean income was about
$95,500. The average ratio of rebate to population was about $3.9 per 100 persons.

Figure 1 displays on a map of California the distributions of zip codes benefiting and
losing due to the CVRP. The map provides a visual indication of how the two quantities are
related. In the map, those zip codes receiving more rebates than costs are marked as red, and
those zip codes contributing fewer rebates than costs are marked as blue. Those zip codes
without rebate data are left inwhite. Although Figure 1 does not include the income category,
it reveals that only the high-income regions of San Francisco and Los Angeles, and a few
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other regions tend to receive more rebates than costs. The rest of the areas in the state, which
tend to have lower median incomes, tend to have smaller rates of rebates compared to costs.

The income distribution of the cap-and-trade program’s mean cost is compared to the
income distribution of themean rebate in Figure 2. In this figure, income, rebate received and

Table 1. Summary statistics for California rebate program.

2010–2016 2016–2017 All years

Details Panel A: Individual level
Rebates received

(U.S. dollars)
2123.8 2375.7 2209.8
(683.8) (885.3) (768.0)

Panel B: Zip code level
Mean income (U.S. dollars) 95,518.5 12,1177.2 95,518.5

(29,5013.7) (40,7758.1) (29,5013.7)
Mean rebate received (U.S.

dollars per 100 people)
3.054 4.478 3.866
(17.76) (22.29) (21.05)

Note: Reported is the mean of each variable with standard deviations in parentheses.

Figure 1. Net financial impact of the CVRP program by zip code.
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rebate costs are averaged at the zip code level. The right side of Figure 2 reports the
distribution of rebate percentage received by each income category while the left side
reports the percentage distribution of the cap-and-trade cost by income (Jones & Kammen,
2014). The income intervals are chosen to ensure that each category has the same population
size.

Note that the distribution of financial costs among income classes is different from the
distribution of financial benefits. The financial benefits of the rebates are concentrated in the
high-income categories while the low-income categories receive virtually no benefit from
the rebates. To be more specific, the group with the highest 10 % of income accounts for
11 % of the total costs but receives 33 % of the total rebates.

Figure 2 also shows that the rebate program’s costs are distributed relatively evenly across
income categories, with a slight pattern of progressiveness. The highest average financial
cost of the program is reported for people with incomes between 70 and 80% percentile.
Overall, the financial costs appear somewhat larger in the high-income categories than in the
low-income categories.

Table 2 shows that the ratio of net benefit to income increases from negative to positive as
income increases. The sign of net benefit shows whether a specific income group receives
more benefits than the costs. If the sign is positive, then the income group receives more
rebates than costs. Both mean benefits and costs increase as income increases, but the mean
benefits only surpass the cost for people with incomes higher than $66,670, and the benefits
continuously increase with income. The increasing ratio indicates that the net benefits of the
rebate program are concentrated in the highest income groups.

Table 3 reports the correlations, derived from simple linear regression, between mean
income, and mean financial cost and mean financial benefit of the CVRP. Previous studies
also suggest household demographics (i.e., the number of children and number of household
vehicles) and consumer demographic information (i.e., race, household age, education,

Figure 2. Distribution (%) of financial burden and financial rebate as a share of income,
by zip code.
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housing type, and political attitudes) (DeShazo et al., 2017) are correlated with buying
electric vehicles. However, due to the data limitations, we include only income and race in
the analysis. Amore complete dataset might need a survey specific to electric vehicle buyers.

The result shows the magnitude of the associations between the variables, but we do not
aim to test causality or make predictions. We also include population density and race into
the analysis, as previous literature suggests (Jones & Kammen, 2014; Muehlegger &
Rapson, 2019). Structured similarly to models 1 and 2, models 3 and model 4 include the
population density and race as control variables.

The results of models 1 and 2 show that zip codes with higher incomes both contribute
more to and receive more from the rebate program. The mean income coefficient of model
3 is a little bit lower than that of model 1, as Jones and Kammen (2014) suggested, but the
conclusion about the significance of the coefficient does not change. Therefore, the previous
implication is maintained. The difference between models 2 and 4 is minor, showing that
including the population density variable does not change the basic finding.

In models 1 and 3, the mean income coefficient is significant and positive, even though
the coefficients are small. The coefficient magnitudes mean little because income in the
original surveys was categorical. Instead, the scale matters: the significant p-values show a
high correlation, implying that the higher income zip codes contribute significantly more to
the rebate program through the California cap-and-trade program. Meanwhile, in models
2 and 4, the income coefficients are also small and are also significant and positive. The
significant p-values here mean that, on average, the higher-income people receive more
rebates.

By comparing the results of the two estimates, we see that the positive average income
coefficients for receiving rebates are 90–100 times that for contributing to the program. The
ratio shows that, although higher income groups contribute somewhat more to the rebate
program as income increases, the benefits received from the program increase far more
rapidly with income. One reason for this result is that the cap-and-trade program’s financial
costs are shared by all residents in California (through higher prices for products), but the
benefits of receiving the rebates are concentrated among wealthy consumers to buy new
PEVs, a highly expensive consumer product. Therefore, the results of the estimates and

Table 2. Net benefit to income ratio.

Income group
percentage

Income interval
($)

Rebate
received ratio

Cost
ratio

Net benefit (rebate
ratio-cost ratio)

0–10 % 5908–25,580 0.730 5.914 �5.184
10–20 % 25,581–32,290 1.718 8.478 �6.760
20–30 % 32,291–38,941 2.416 8.634 �6.218
30–40 % 38,942–45,115 3.789 9.470 �5.681
40–50 % 45,116–52,891 4.406 9.912 �5.505
50–60 % 52,892–63,741 6.411 9.928 �3.517
60–70 % 63,742–76,114 9.390 10.622 �1.232
70–80 % 76,115–96,854 16.582 13.487 3.096
80–90 % 96,855–15,0111 21.134 12.355 8.779
90–100 % 15,0112– 33.424 11.231 22.193
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Table 3. Statistical predictions of mean cost and mean rebate.

Association of income with financial cost and financial benefit

(1) (2) (3) (4)

Mean cost Mean rebate received Mean cost Mean rebate received

Mean income ($10,000) 0.00263*** (5.21) 0.372*** (99.24) 0.00266*** (5.26) 0.372*** (99.25)
White ratio 0.578** (2.84) �0.643 (�0.43) 0.246 (1.17) �1.030 (�0.66)
Latino ratio �1.505*** (�10.88) 1.808 (1.76) �1.254*** (�8.72) 2.100* (1.96)
Black ratio �14.75** (�2.71) 44.82 (1.11) �11.74* (�2.16) 48.32 (1.19)
Asian ratio �21.72** (�3.26) 38.59 (0.78) �17.46** (�2.62) 43.54 (0.88)
Population density of zip code �0.0000176*** (�6.23) �0.0000205 (�0.97)
Constant 1.959*** (72.41) �2.214*** (�11.02) 1.993*** (72.36) �2.174*** (�10.61)
Observations 8663 8663 8663 8663

Note: t statistics in parentheses.
*p < 0.05;
**p < 0.01;
***p < 0.001.
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coefficients suggest the same conclusion as the visual inspection of Figure 2: the rebate
program’s distributional impacts are regressive.

4.1 Comparing before and after income restrictions

In 2016, therewas amajor change in theCVRP that sought to address concerns about income
inequity. Before the change, there was no income restriction on receiving the clean vehicle
rebate. After 29 March 2016, two stages of income ceilings were imposed on the rebate, as
well as two stages of additional rebates for low-income consumers. From that date to
31 October 2016, the income ceiling was $250,000 for a single filer and $1500 was added
to the rebate for lower-income buyers. After 31 October 2016, the income ceiling was
lowered to $150,000 and the additional rebate was raised to $2500.

The previous analysis did not consider the change of policy, and therefore it is reasonable
to consider how much the new policy changed the impacts on income distribution. To
examine whether our previous conclusion is robust to the change, the data used in Figure 1
are split into two parts: before 29 March 2016, and after 29 March 2016. After splitting, the
dataset for observations before the policy changes contains 9929 observations while the
dataset after the policy changes contains 2763 observations.

Figures 3 and 4 display the income distribution of both the rebate contribution ratios and
the rebate received ratios, before (Figure 3) and after (Figure 4) the policy changed. The
distribution of the contribution to the rebate program before the policy change is more like
that of Figure 2, with 39 % of rebates flowing to the highest income groups. This is not
surprising because most of the observations in the main dataset were collected before the
policy changes. Since the income interval has been chosen to even the population within
each category, the scales are somewhat different. After the income constraint was imposed,
the ratio decreased to 25 %.

Figure 3. Distribution (%) of financial burden and financial rebate as a share of income, by
zip code, before income restrictions.
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Despite the policy change, the patterns displayed in Figures 3 and 4 suggest similar
conclusions to those drawn from Figure 2: the cost of the rebate program derived from the
California cap-and-trade program is relatively evenly distributed among different income
groups while the benefits of the rebate program concentrate on the highest income group.
Groups other than the highest income group obtain almost no benefits from the rebate
program. The cost of the rebate policy is relatively evenly borne among different income
groups and actually increases slightly as income increases.

Tables 4 and 5 list the ratios of net benefit to income, before (Table 4) and after (Table 5)
income ceiling was included. The income intervals are different in Tables 4 and 5, showing
the change in income in California. However, the mean net benefit to income ratio increases
with income in both Tables 4 and 5. This means that including the income ceiling does not
change the fact that the rebate policy predominantly benefits individuals with higher
incomes.

Tables 6 and 7 examine the correlations among mean income, meaningful contribution
to the rebate program, and mean rebate received from the program using different emission
estimations. Models 1 and model 2 examine the correlation between income, mean rebate
received, andmean rebate contribution individually. Models 3 and 4 also include population
density as a control variable.

The results of Tables 6 and 7 show similar results to that of Table 3. In general, people
with higher incomes bear more costs and receivemore benefits from the rebate program. The
mean income coefficients in model 1 in Tables 6 and 7 are lower than those in Table 3.
However, the conclusion regarding the significance of the coefficient does not change. In
other words, even after the policy change, higher-income people still received more rebates.

In both tables, mean income coefficients are significant and positive. Again, although the
magnitude of these coefficients should not be interpreted numerically, their scales are still

Figure 4. Distribution (%) of financial burden and financial rebate as a share of income, by
zip code, after income restrictions.
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comparable. The significant p-values also mean that, on average, the higher-income people
pay more to, and receive more rebates from, the rebate program.

The ratio of benefits to costs from the rebate program is also similar to that found in
Table 3. The positive income coefficients for receiving rebates are approximately
150 times those of the cost from the program between model 3 and model 4 in
Table 6, and the number grows to 276 times between model 3 and model 4 in
Table 7. The ratio means that, although the high-income groups contribute more to the
rebate program, the benefits received from the program rise far faster as income rises.
Therefore, the inference that higher-income people receive more from the rebate program
is the same and, thus, is robust to the changes in policy.

Table 4. Net benefit to income ratio before income ceiling.

Income group
percentage

Income interval
($)

Rebate
received ratio

(%)
Cost

ratio (%)
Net benefit (rebate
ratio-cost ratio)

0–10 % 5908–25,580 0.730 5.914 �5.184
10–20 % 25,581–32,290 1.718 8.478 �6.760
20–30 % 32,291–38,941 2.416 8.633 �6.218
30–40 % 38,942–45,115 3.789 9.469 �5.681
40–50 % 45,116–52,891 4.406 9.911 �5.505
50–60 % 52,892–63,741 6.411 9.927 �3.516
60–70 % 63,742–76,114 9.390 10.621 �1.231
70–80 % 76,115–96,854 16.582 13.486 3.096
80–90 % 96,855–15,0111 21.134 12.355 8.780
90–100 % 15,0112– 33.4241 11.23043 22.194

Table 5. Net benefit to income ratio after income ceiling.

Income group
percentage

Income interval
($)

Rebate
received ratio

(%)

Cost
ratio
(%)

Net benefit (rebate
ratio-cost ratio)

0–10 % 6775–30,197 1.875 7.749 �5.874
10–20 % 30,298–38,473 3.626 10.393 �6.767
20–30 % 38,474–46,126 4.629 9.659 �5.029
30–40 % 46,127–53,139 5.923 10.159 �4.237
40–50 % 53,140–64,471 7.384 10.185 �2.801
50–60 % 64,472–77,310 8.472 9.915 �1.443
60–70 % 77,311–93,011 14.477 11.980 2.497
70–80 % 93,012–11,9746 15.748 10.474 5.274
80–90 % 11,9747–19,1825 19.203 10.930 8.273
90–100 % 19,1826– 18.664 8.444 10.220
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Table 6. Statistical predictions of mean cost and mean rebate, before income restrictions.

(1) (2) (3) (4)

Mean cost Mean rebate received Mean cost Mean rebate received

Mean income ($10,000) 0.00263*** (5.21) 0.395*** (81.64) 0.00266*** (5.26) 0.395*** (81.61)
White ratio 0.578** (2.84) 0.669 (0.24) 0.246 (1.17) �0.377 (�0.13)
Latino ratio �1.505*** (�10.88) 1.692 (0.94) �1.254*** (�8.72) 2.457 (1.31)
Black ratio �14.75** (�2.71) 31.85 (0.48) �11.74* (�2.16) 34.82 (0.52)
Asian ratio �21.72** (�3.26) 44.87 (0.54) �17.46** (�2.62) 52.31 (0.63)
Population density of zip code �0.0000176*** (�6.23) �0.0000431 (�1.37)
Constant 1.959*** (72.41) �2.316*** (�6.67) 1.993*** (72.36) �2.185*** (�6.07)
Observations 8663 5244 8663 5244

Note: t statistics in parentheses.
*p < 0.05;
**p < 0.01;
***p < 0.001.
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Table 7. Statistical predictions of mean cost and mean rebate, after income restrictions.

(1) (2) (3) (4)

Mean cost Mean rebate received Mean cost Mean rebate received

Mean income ($10,000) 0.00157*** (4.43) 0.423*** (66.04) 0.00153*** (4.45) 0.423*** (66.03)
White ratio 1.147*** (5.36) 1.682 (0.43) 0.444* (2.05) 0.157 (0.04)
Latino ratio �2.828*** (�19.88) 0.912 (0.35) �2.306*** (�15.92) 2.043 (0.75)
Black ratio �30.62*** (�5.37) 36.86 (0.36) �27.78*** (�5.01) 43.01 (0.42)
Asian ratio �30.08*** (�4.22) 238.8 (1.85) �24.09*** (�3.48) 251.8 (1.94)
Population density of zip code �0.0000308*** (�11.93) �0.0000668 (�1.38)
Constant 3.706*** (126.95) �2.304*** (�4.35) 3.791*** (129.74) �2.120*** (�3.88)
Observations 2316 2316 2316 2316

Note: t statistics in parentheses.
*p < 0.05;
**p < 0.01;
***p < 0.001.
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5. Discussion: potential policy responses

The results of the analysis indicate that the current CVRP has a strongly regressive
distribution of financial benefits and a modestly progressive distribution of financial costs.
Although the rebate program later included an income ceiling for those receiving the
rebate and an increased rebate for lower-income groups, the policy change has not
changed the fact that the distribution of CVRP financially benefits the high-income
groups. The reason that imposing income restrictions does not change the distribution
of CVRP benefits could be that the rebate does not compensate enough for high PEV
prices in lower-income groups and a lack of public charging infrastructure discourages
low-income consumers more than high-income consumers. Low-income groups are more
sensitive to vehicle price (Muehlegger & Rapson, 2018) and less likely to own their
houses (Sierzchula et al., 2014).

In addition to the CVRP’s direct redistribution effect, the program has also helped
wealthier people access cheaper transportation. According to the comparison tool developed
by the U.S. Department of Energy, the national average price for one gallon of gasoline is
$2.84, while the cost for one e-gallon is $1.19 (EGallon, 2018). (California has higher prices
for gasoline and electricity than the national average). Thus, including the income distribu-
tion of vehicle operating costs would likely have made the CVRP financial benefits appear
even larger than they are without considering energy costs.

The CVRP and its income redistribution could be justified by the social gains from
reducing greenhouse gas emissions by encouraging the use of ZEVs. However, studies show
that the social gains from reducing emissions are not as large as would be expected by the
difference in emissions between the average car and a ZEV (Archsmith et al., 2015; Jenn
et al., 2016; Muehlegger & Rapson, 2020; Xing et al., 2021). The buyers for ZEVs tend to
replace fuel-efficient vehicles with ZEVs, so the emission reduction is smaller than average
(Muehlegger & Rapson, 2020; Xing et al., 2021). Furthermore, the current ZEV policy also
encourages manufacturers to produce less-efficient vehicles, due to the compliance averag-
ing in regulatory programs (Jenn et al., 2016).

On the other hand, both the Random Utility Model estimation (Langbroek et al., 2016)
and the recent experience from the state of Georgia show the rebate program’s importance to
the commercial viability of the electric vehicle industry. For several years Georgia stimu-
lated PEV sales with a generous PEV rebate of $5000. When Georgia canceled the financial
incentive for PEV sales, the volume of PEV sales fell significantly (Lambert, 2017). Thus,
insofar as the rebates’main policy goal is to increase PEV sales, efforts to enhance the equity
of rebate design need to be analyzed carefully.

The most obvious modification to increase equity would be to increase the rebate that
lower-income people receive. Since low-income consumers are more price-sensitive
(Muehlegger & Rapson, 2018) and more likely to purchase used cars than new cars
(Muehlegger & Rapson, 2019), it may be worthwhile to consider rebates for purchases of
used PEVs. California’s efforts to help low-income people purchase new PEVs may be
misguided because new PEVs are quite expensive, well above the $35,000 average trans-
action price for a new light-duty vehicle in 2017.On the other hand, the current federal policy
of restricting federal tax credits to new PEVs has had the indirect effect of reducing used
PEVs’ resale value, which in turn has made used PEVs more affordable than they otherwise
would be. Thus, efforts tomake PEVsmore affordable for low-income consumers need to be
analyzed with care.
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Although the average prices of new PEVs have decreased in recent years, the savings
on fuel and rebates for the owner still may not be large enough to cover the initial price
premium. This factor is especially significant for the lower and middle-income groups, as
they access the used car market where consumers are more sensitive to prices, rebates,
and operating expenses (DeShazo et al., 2017). Affordable leasing arrangements for used
or new PEVs might be an attractive option for some low-income and middle-income
households.

Another policy alternative is to focus rebates on the types of vehicles that lower-
income consumers purchase. Rebating on luxury BEVs such as the Tesla Model X does
not make the BEV more accessible to lower and middle-income groups, yet Tesla buyers
have been a major beneficiary of federal and state incentives (Hardman et al., 2017).
Since the lower and middle-income consumers are usually in the market for nonluxury
vehicles, and since the average ratio of rebate to vehicle price is higher for nonluxury
vehicles, policymakers should consider focusing the rebates on nonluxury vehicles. As
this article went to press, California was considering more equity-related changes to the
CVRP (Carpenter, 2021).

Another aspect worth considering is whether PEVs can meet the daily needs of
lower-income drivers. Although PEVs have much lower energy costs than gasoline
vehicles, only high-income households are able to utilize the strength of PEVs while
minimizing the difficulties. First, high-income households tend to have two or more
vehicles while low-income households may have only one vehicle. The high-income
household can buy a PEV that will be utilized only for short-range or inner-city driving
and that requires 2–4 hours to charge and receive a rebate. Low-income households
are less likely to have more than one vehicle and, thus, that vehicle must have the
capability to meet all of the household’s needs. In this respect, the short-range BEV is a
less attractive option than a PHEV or even an HEV that does not require lengthy
charging (Van Haaren, 2011; Graham-Rowe et al., 2012; Neubauer & Wood, 2014;
Xing et al., 2021). Secondly, despite the mass investment in public charging infra-
structure, house renters still have difficulties in charging their PEVs. Therefore,
increasing the charging infrastructure in low-income areas (Sierzchula et al., 2014),
targeting the rebate on vehicles meeting a certain driving range, and enforcing rechar-
ging standards might also attract lower and middle-income buyers. China is rapidly
gaining experience in commercializing affordable PEVs by deploying public infra-
structure in advance and, thus, the Chinese experience should be examined for its
relevance to other settings.

In addition to lowering the price of new PEVs, changing the funding source for the rebate
program also helps to increase equity. The resource redistribution among different income
groups raises equity concerns for PEV rebates. Our results show that the middle-income
groups pay for most of the rebates, but the highest 10 % income group receives most of the
rebates. If the tax base for the CVRP program changes to a capital-gains tax, the cost of the
CVRP program would be distributed more heavily in higher-income groups that experience
the lion’s share of capital gains.
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