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Abstract

This research paper assesses the impact of increased subsidies for low-to-
middle income consumers of electric vehicles from a policy change to Califor-
nia’s Clean Vehicle Rebate Project. The findings are the result of panel count
data and spatial autoregressive modelling. The analysis determines that a
positive and significant policy effect exists such that areas with high concen-
trations of low-income households experience increased rebate applications.
These same areas do not experience a significant change in vehicle purchase
preferences, indicating that the subsidy is allocated efficiently.
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1 Introduction

The global transition to a low carbon economy provides a host of natural experi-
ments to assess the impact of policy instruments. In the automobile industry, this
transition involves a shift away from internal combustion engine vehicles towards
clean energy vehicles. A number of national governments, including those in China,
the United Kingdom, France, and Germany, are making commitments to ban sales
of gasoline and diesel vehicles by the middle of the century (Ahrens 2017). In or-
der for these targets to be realised, alternative fuel vehicle markets will need to be
accelerated.

The case of California’s electric vehicle (EV) market is an example of an attempt
to accelerate this transformation. The Clean Vehicle Rebate Project (CVRP) is a
state-funded subsidy program that operates as an economic incentive for Californian
residents to purchase EVs. The program has been operating since 2010 and is largely
considered to be one of the key drivers behind California’s growing EV fleet (Tal
et al. 2013).

The biggest critique of subsidy programs is their efficacy and whether they gen-
erate additionality, meaning they create additional transactions that occur because
of the subsidy. The CVRP is not exempt from such criticism. There have been a
number of articles published criticizing the project for mainly benefiting wealthy,
white Californians (Rubin et al. 2016; Searle et al. 2016). This raises the issue of
whether the program is simply subsidizing a purchase that consumers would have
made anyway.

The project has recently made efforts to address the inequitable distribution of
rebates by implementing eligibility restrictions. Policy changes made in March 2016
and further amended in November 2016 target rebate applications among low-income
households. The restrictions include an income cap, to make high-income consumers
ineligible; and increased rebate amounts for low-to-moderate income consumers.
These changes have significantly adjusted the outlook of the program.

What has yet to be explored is the impact of the eligibility restrictions. The pur-
pose of this paper is to establish whether a significant policy effect exists such that
CVRP rebate applications increased among low-income households. To determine
this, we will perform an econometric analysis to assess the volume of rebate applica-
tions and the vehicle purchase preferences of low-income households before, during
and after the policy change. Section 2 presents a literature review on subsidies and
the EV market; Section 3 outlines the data and empirical methods used; Section 4
presents tabled regression results; Section 5 analyzes and provides a discussion of
the results; and Section 6 concludes.
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2 Background and Literature Review

2.1 CVRP and Subsidies

Along with federal and other state incentives, such as tax credits and HOV lane
access, the CVRP program has been an important instrument in developing Cal-
ifornia’s EV market. The program has been operating since 2010 and provides
rebates between $900 and $7,000 based on the type of vehicle purchased and the
applicant’s household income. In terms of absolute numbers, it has been a highly
successful project; during its 8 years of operation, the program has distributed over
250,000 rebates and garnered more than $560 million in funding1 (CVRP 2018).
Given the program’s success, it is no surprise that the state sold around 30% of all
EVs in the United States between 2011 and 2015 (ATV Sales Dashboard 2018).

As mentioned, the program has recently undergone a number of changes in or-
der to generate more rebate applications among low-income households (Figure 1).
These changes involve an income cap, making high-income consumers ineligible, and
providing increased rebates for consumers who have a household income at or below
300% of the Federal Poverty Line (FPL). On March 29, 2016, the income cap for
single filers was set at a household income of $250,000, which was then reduced
to $150,000 on November 1, 2016. The increased rebate amounts were first set at
$1,500 in March and then increased to $2,000 in November. These alterations create
an analytical environment well-suited to test the efficacy of the CVRP subsidy.

Figure 1: Summary of CVRP Policy Changes

Subsidies operating as economic incentives are a common policy tool used by
policymakers. The effectiveness of such policies is largely a function of the addition-
ality generated. Simply comparing pre and post policy transaction volumes could
appear to capture the additionality effect. However, such a method assumes that
the trajectory of transactions under the counterfactual, the scenario where no policy
intervention takes place, is flat; meaning that, without a policy intervention, there
would be no difference in the outcome variable over the two time periods.

1As of May 31, 2018.
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An assumption of a flat trajectory in the case of EV adoption in California is
not likely to hold. The Californian EV market continues to exhibit strong annual
growth while continually gaining market share from the internal combustion engine
vehicle market (ATV Sales Dashboard 2018). This fact indicates that more advanced
techniques are required for a rigorous policy analysis and the methods used by this
paper shall be outlined in Section 3.

2.2 Relevant Literature

There are various related papers that look at the impact of subsidies on the adoption
of alternative fuel and energy-efficient vehicles. The empirical methods used in these
papers are worth considering for this analysis. They often provide indicators for
choosing appropriate regression techniques and control variables because they each
test different potential drivers of EV adoption.

Useful for direct application in this paper is the Campbell et al. (2012) review
on consumers of alternative fuel vehicles. The report profiles early adopters as those
who own at least two vehicles; drive a car to work; have a high level of education;
have high socio-economic status; are home owners; and are aged between 25 and 59.
The authors use the categories of age, income, car ownership, home ownership, and
education to perform a cluster analysis and determine areas where people who are
most likely to adopt an AFV are concentrated. This paper will use the early adopter
profile developed by Campbell et al. (2012) to identify appropriate demographic
control variables. By controlling for variables that are correlated with EV adoption,
the identified policy effect is more likely to be causal in nature.

Chandra et al. (2010) estimate the effect of tax rebates on EV sales in Canadian
Provinces, and is another paper of obvious relevance. In their analysis, Chandra
et al. use a set of panel models with time and entity fixed effects, and interaction
terms to isolate the policy effect. By having access to total vehicle registrations,
they develop a counterfactual scenario to determine the additionality of the rebates.
They find the rebates to have a positive and significant effect on the market share
for EVs. This paper will apply a selection of panel model techniques similar to those
of Chandra et al. (2010).

On a similar topic, Gallagher et al. (2011) analyze the use of different incentives
in generating consumer demand for EVs. One especially interesting result from the
authors’ paper is the effect of gasoline prices on EV adoption; they find that rising
gasoline prices are associated with increased EV sales but that this effect only occurs
significantly through high fuel economy vehicles. The association makes intuitive
sense but Gallagher et al. (2011) prove the link through empirical methods.

A final paper by Boomhower et al. (2014) analyzes participation in energy ef-
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ficiency programs at the margins. In their report, Boomhower et al. (2014) use a
regression discontinuity design (RDD) to overcome the issues of proving additional-
ity through causal inference. The techniques used by Boomhower et al. (2014) are
beyond the scope of this paper due to data limitations. However, if the data require-
ments were to be satisfied, it would be a useful addition to verify the conclusions of
this paper’s analysis.

These papers provide insight into the sorts of variables and techniques worth
considering when pursuing a policy analysis of EV rebates. Their influence is noted
throughout this paper as aspects of their works are included. In addition, the
results from this analysis aim to build upon the existing literature developed by
these papers.

2.3 Spatial Elements

As indicated by Morton et al. (2015) and Rubin et al. (2016), the uptake of EVs is
spatial in nature. This means that the potential hazard of spatial autocorrelation
needs to be considered. Previous studies on spatial elements of EV adoption are
limited but a few useful examples exist. The topic is spatial in nature given the
uneven distributions of both EV sales and EV charging infrastructure.

The Morton et al. (2015) report published in the Scottish Climate Exchange
provides a diagnostic of EV sales in the UK. It reveals that EV uptake is positively
correlated with levels of installed EV infrastructure and socio-economic characteris-
tics. Areas of high uptake, or hot-spots, were found to have a relatively high level of
charge point installations and a high prevalence of highly educated residents (Mor-
ton et al. 2015). The authors highlight the spatial nature of EV adoption, which
indicates that the methodology used in this paper should take spatial elements into
consideration.

Additionally, Bryan (2018) focuses on EV uptake in California and finds strong
spatial autocorrelation in charging infrastructure. The study attempts to determine
what the relationship is between charging stations in an area and its corresponding
EV uptake rate. In doing so, the analysis discovers significant spatial correlation
(Bryan 2018). This paper will take that correlation into account when determining
appropriate variable forms and model structure.
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3 Explanation of Data and Methodology

3.1 Data and Variables

3.1.1 Data Description

Since the policy change was statewide, this study covers all CVRP rebates in Califor-
nia. All data are collated at the census tract level so that an individual observation
represents an individual tract. The data are a panel with three distinct time periods:
March 29, 2015 to March 28, 2016 (pre-policy); March 29, 2016 to October 31, 2016
(mid-policy); and November 1, 2016 to October 31, 2017 (post-policy). These time
periods are denoted by the panel variable policy2.

The data were retrieved from various sources. EV rebate statistics were sourced
from CVRP; EV charging station data were sourced from the U.S. Department of
Energy’s Alternative Fuels Data Center Station Locator; and demographic data were
sourced from US Census Bureau (2018), specifically, the 2015 American Housing
Survey, and the 2015 and 2016 American Community Survey.

The econometric analysis in the following sections utilizes a host of variables.
The dependent variable, rebates, is a count of EV rebates per month by tract and
time period. The CVRP website estimates that CVRP rebates account for more
than 74% of EV purchases in California, and as such, their rebate statistics are used
in this context as a proxy3 for EV purchases in California (CVRP 2018). There
are two independent variables of interest used to help answer the research ques-
tion: lowincome and value. As for control variables, the demographics in this
paper include income (income), education level (education), EV charging stations
(stations), percentage of residents who drive alone to work (solodriver), vehicle
ownership (vehicle), travel time to work (time), age (age), population (population),
and a CES Disadvantaged Community Indicator (DAC). Table 1 presents a set of
summary statistics for the modeled variables.

3.1.2 Key Explanatory Variables

To help answer the question of whether the policy change affected increased rebates
among low-income households, this paper will use lowincome as a variable of in-
terest. lowincome represents a dummy variable for high (lowincome = 1) and low
(lowincome = 0) concentrations of low-income households. We determine a tract’s
concentration by totaling the number of low-income households in a tract and then

2A succinct description of policy can be found at the end of Section 3.1.
3This paper does not use more comprehensive vehicle registration data because the level of

granularity required makes the data very expensive.
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Table 1: Summary Statistics

count mean sd min max
Rebates 24123 5.00 7.90 0.00 147.00
Policy 24123 1.00 0.82 0.00 2.00
10% LI Threshold 3660 0.47 0.50 0.00 1.00
5% LI Threshold 1656 0.48 0.50 0.00 1.00
20% LI Threshold 7062 0.52 0.50 0.00 1.00
LI Cluster (≤$50,000) 24123 0.50 0.50 0.00 1.00
LI Cluster (≤$75,000) 24123 0.50 0.50 0.00 1.00
Vehicle Quality Indicator 17412 39007.44 11145.19 25891.84 75725.25
DAC Indicator 18023 0.18 0.39 0.00 1.00
Median Income 23892 69548.79 34169.49 4774.00 250000.00
Log(Median Income) 23892 11.04 0.48 8.47 12.43
Education 24123 0.50 0.50 0.00 1.00
Age 24024 37.48 7.83 15.50 78.70
Work Travel Time 23973 29.27 5.64 7.00 64.91
Solo Driver 24123 0.51 0.50 0.00 1.00
Vehicle Ownership 23934 2.10 0.34 0.19 3.00
Population 24123 4807.14 2143.76 0.00 40616.00
Charging Stations 24123 0.77 8.31 0.00 557.00
Observations 24123

dividing it by the total number of households. Then, by using the median con-
centration level as a separation point, we determine where low income households
are highly clustered and where they are not. This paper refers to tracts with large
concentrations of low-income households as low-income areas and tracts with small
concentrations of low-income households as non-low-income areas. As a robustness
check, the income cutoff that defines which households classify as low-income varies
between $50,000 and $75,000.

The variable value is used to determine whether any changes in vehicle purchase
preferences occurred post policy change. This variable utilizes the brand and engine
type of each vehicle purchased in the rebate statistics. Combining that data with a
price analysis of eligible car models makes it possible to create vehicle price estimates
of reasonably high accuracy. These price estimates are applied to the relevant rebate
and then collated at the census tract level to get an average vehicle price in each tract
and in each time period. We then generate the continuous variable, value, which
represents vehicle purchase preferences of each tract. V alue is a useful variable for
analysis into any changes in vehicle preferences once tracts are exposed to increased
rebates. A succinct description of both key indicator variables: lowincome and
value can be found at the end of this section.
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3.1.3 Variable Forms

The variables in this paper are modeled in various forms. Income and population
have been log transformed in order to provide a closer to normal distribution (Figure
2). Education uses the rate of Bachelor’s degree education among residents aged
25 or older. The variable solodriver uses the percentage of those 25 or older who
drive to work alone. Both education and solodriver are set as threshold dummy
variables that can take the values of 0 or 1, and, similarly to lowincome, both use
the statewide median level as the threshold. For example, since in the average tract
31% of householders have a bachelor’s degree or higher, the dummy is set = 1 if a
tract has an education rate ≥ 31%. This helps to create even distributions for a
better fit model. Age and vehicle ownership are two demographics used that have

(a) (b)

Figure 2: Median Income Density Functions

not been adjusted; they are just represented by their median values. As for stations,
the data on charging infrastructure includes all public and private charging stations
in California but does not include residential charging installations (US Dept. of
Energy 2018).

3.1.4 Additional Variable Breakdown

Key Explanatory Variables:

lowincomeit, valueit i = 1, ..., n t = 0, .., 2

lowincome = 0: non-low-income area;
lowincome = 1: low-income area
value = average EV sale value

Time Periods:
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t = 0, March 29, 2015 to March 28, 2016;
t = 1, March 29, 2016 to October 31, 2016;
t = 2, November 1, 2016 to October 31, 2017

policy = 0 at t = 0, policy = 1 at t = 1, etc.

3.2 Pooled Ordinary Least Squares (OLS) Models

rebatesi = β0+β1lowincomei+β2policy+β3lowincomei×policy+βcontrolsi+ui (1)

valuei = β0+β1lowincomei+β2policy+β3lowincomei×policy+βcontrolsi+ui (2)

Equation (1) exhibits the basic OLS model specifications for testing the null
hypothesis that there is no change in rebates among low-income areas. The equation
sees the explanatory variable of interest interact with the time variable, policy. This
is because interacting with a time variable allows for a comparison of outcomes at
different points in time. Since the base case, policy = 0, represents the pre-policy
time period, the coefficients of the interaction term at policy = 1 and policy = 2

will help isolate the difference in rebates compared to the reference case.4 Given the
correct model parameters, the sign and size of those coefficients will help determine
whether or not the policy change increased rebates among low-income areas or not.

Equation (2) tests the research question of whether there was a change in vehicle
preferences as a result of the policy intervention. It involves a similar interaction
term as (1). However, the outcome variable here is value, which is our proxy for vehi-
cle purchase preferences. As such, the interaction coefficients will estimate whether
there was a change in vehicle preferences among low-income households as a result
of the policy intervention.

3.3 Panel Models

While useful for outlining the basic models, using linear regression models for anal-
ysis of this particular dataset is not advised. This is because OLS models require
residuals to follow a normal distribution. Figure 3 shows the normalized density
function of EV rebates by tract, which clearly indicates a highly positively skewed
distribution. Additionally, there are a number of tracts (approximately 1500) that
report zero rebates across one time period or more, meaning that the rebates vari-
able cannot be log transformed to a normal distribution. Given the requirements
of linear models and the nature of the dependent variable, rebates, a pooled OLS
model is not suitable for this paper.

Since ordinary linear models are not suited to the data, we can look to utilize
4The reference case here is non-low-income areas at time period policy = 0
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Figure 3: EV Rebates Density Function

the panel nature of the data through a panel model. When contemplating a panel
model, a decision has to be made as to whether a fixed effects (FE), random effects
(RE), or hybrid model should be pursued. All three offer benefits and drawbacks
that this section will discuss in the context of the available dataset.

An FE regression provides the opportunity to remove time-invariant unobserv-
ables from the model. This is useful when there are time-invariant variables in the
error term that affect the dependent variable through a regressor. If unaddressed,
the coefficient estimates on endogenous variables pick up the effect of unobservables,
meaning it becomes impossible to determine if the coefficient reflects a consistent
and unbiased estimate. An FE regression strips out these fixed effects by subtracting
the averages over time from the model. This helps to solve the issue of time-invariant
unobservables.

An alternative model design is an RE regression. An RE model uses a weighted
least squares approach to create an efficient estimate by transforming the data so
that the error term is not autocorrelated. It is more precise than OLS since it
accounts for autocorrelation and is more efficient than FE as it keeps time invariant
variables.

The RE model has its limitations due to the the key assumptions that the model
parameters are random variables and that there exists no correlated heterogeneity.
This means that any unobserved individual effects must not embody elements that
are correlated with the regressors in the model (Greene 2008). So any individual
fixed effects that feature in the error term should be truly random and not affect
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the explanatory variables.
In the case of analyzing rebates, the assumption of no correlated heterogeneity

is likely violated. For example, a person’s valuation of the environment probably
affects their mode of transport to work; and a person’s mode of transport affects
their decision to purchase an EV. Since an individual’s valuation of the environment
is both unobservable and does not vary over time, the transport variable would be
endogenous and violate the required conditions for using an RE estimator.

Additionally, when running a Hausman test to determine whether RE is a consis-
tent estimator, we conclude that RE is an inappropriate model design. The Hausman
test rejects the null hypothesis that RE is the preferred model as there is correlation
between the unique errors and regressors in the model. For these reasons the FE
model estimator will be the basis of this paper’s analysis.

The FE regression model starts as a basic panel model:

Yit = β0 + β1Xit + αi + uit i = 1, ..., n t = 0, ..., 2 (3)

An FE design then uses a demeaning procedure to strip out time-invariant un-
observables. The resulting model can be outlined as:

Yit − Ȳi = β0 + β(Xit − X̄i) + (αi − ᾱi) + (uit − ūi) t = 0, ..., 2 (4)

where X̄i = 1
T

∑T
t=1Xit and ūi = 1

T

∑T
t=1 uit

Here Y is the dependent variable, rebates; X is the set of explanatory variables
defined in the previous section; and α is the unobserved time-invariant individual
effect. Since αi is constant, ᾱi = αi and hence the effect from time-invariant unob-
servables is eliminated.

As an additional note, the use of a Hausman-Taylor (HT) estimator as a hybrid
instrument would be applicable in this case. An HT model allows for certain vari-
ables to be endogenous, such as mode of transport to work, and the model treats
them as such (Hausman et al. 1981). This type of model operates as a hybrid
between FE and RE.

However, a model of this specifications is beyond the scope of this paper due to
the limitations of the statistical package used for analysis. Specifically, the use of
interaction terms, which are essential to this analysis, is limited5 when applied to
an HT model. Due to this, analysis via HT models is omitted from the study.

5Stata does not allow for interaction terms in its xthtaylor command.
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3.4 Spatial Autoregressive (SAR) Models

In order to satisfy the required panel conditions of strict exogeneity and no spatial or
temporal autocorrelation, any lagged effects of X must enter the model explicitly. In
the dataset it is suspected that the variable stations among the additional controls
is likely to suffer from spatial autocorrelation (Bryan 2018). If that is the case then
a spatially lagged variable for stations would have to be included in the model.

Spatial autocorrelation for stations implies that EV charging stations spill over
to neighbouring tracts. If there is well-developed charging infrastructure in sur-
rounding areas, it is unlikely that a neighbouring tract is exempt from such a trend.
Charging station development is often implemented (or at least subsidized) by lo-
cal governments and, especially in dense urban centers, municipalities can extend
across multiple census tracts. So if a tract is within the same jurisdiction as its
neighbours, it will likely have similar infrastructure and be spatially correlated. It is
thus important to analyze and control for any spillover effects that exist in charging
infrastructure.

Figure 4: Local Moran’s I scatter plots for EV Charging Stations (Queen Contiguity)

Assessing Local Indicators of Spatial Association (LISA) via a Local Moran’s
I (Figure 4) shows that significant spatial autocorrelation exists for EV charging
stations. Correlation exists in both the 2018 cross section (Figure 4a) and when
looking at changes over time (Figure 4b). Local Moran’s I statistics of 0.20 and 0.23
indicate that there is significant positive correlation between some tracts’ charging
infrastructure and the infrastructure of their neighbours. Without controlling for
this effect, the coefficient estimate for stations will capture its neighbours’ charging
station effect on EV rebates, as well as its own.
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To successfully isolate these two effects, a spatially lagged independent variable
for stations is required. Figure 5 and Figure 6 further break down the spatial

(a) Level in 2018 (b) Change between 2011 and 2018

Figure 5: LISA cluster map for EV charging stations in California (1st Order Queen
Contiguity)

autocorrelation within the sample. Interestingly, high-high autocorrelation for EV
charging infrastructure is found in areas that have a high density of EV sales (Figure
7. From these results, two things are clear; there is spatial dependence in EV
purchases and a positive relationship exists between EV purchases and charging
infrastructure.
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(a) 2011 (b) 2018

Figure 6: Charging Infrastructure Density Maps

The dense urban areas of Greater Los Angeles (Figure 14) and the San Francisco
Bay Area (Figure 156) contain pockets of statistically significant high-high and low-
low autocorrelation. This means that tracts with high EV rebates have neighbouring
tracts with similarly high levels and tracts with low EV rebates have neigbours with
low levels as well. In Figure 14, the municipalities of San Bernadino and Ingle-
wood come up as areas of highly significant high-high autocorrelation. Additionally,
Figure 15 shows similarly significant high-high autocorrelation in San Jose and the
surrounding area. These pockets of EV charging infrastructure and the potential
spillover effects on rebates could cause stations to be endogenous and so should be
accounted for in the model design.

Due to the existence of such prominent local spatial dependence, it is worth
testing models that use spatial lags. This paper will take spatial lags of stations
using a variety of spatial weights matrices: 1st and 2nd order queen contiguity
(bordering neighbours), and an inverse distance-based weights matrix. I will apply
the spatially lagged stations variable to the existing panel RE model to generate a
spatial autoregressive (SAR) model that accounts for the issue of endogeneity caused
by spatial autocorrelation.

The OLS SAR model with a spatially lagged independent variable takes the form
6Both Figure 14 and Figure 15 are located in Appendix C
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Figure 7: 2015 EV Sales Spot Density Map

of:
yi = x

|
iγ +m(y, s)iβ +m(x, s)

′

iθ +m(z, s)
′

iδ +m(v, s)
′

iλ+ εi (5)

where x| is the set of independent variables; m(y, s) represents average EV rebates in
neighbouring tracts; m(x, s) represents an average of spatially dependent explana-
tory variables in neighbouring tracts; andm(v, s) indicates unobserved neighborhood
characteristics autocorrelated over space.

Given the panel nature of the data and the decision to estimate an RE regression,
we can convert the pooled OLS model to panel data and simplify the matrix notation.
Since the model specifies only a spatially lagged explanatory variable, the spatially
lagged outcome variable and error can be dropped. The resulting SAR model can
be written as:

ynt = Xntγ + +WXntθ + cn + εnt t = 0, ..., T (6)

where Xnt is a matrix of the time-varying, spatially dependent regressors for time
period t with n number of panels; cn is a vector of panel-level effects; εnt is the
spatially lagged error; and W is the specified spatial weighting matrix.

Estimating the model using random effects that accounts for serial correlation
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in the error term provides:

ỹnt = X̃ntγ +WX̃ntθ + ε̃nt t = 0, ..., T (7)

This model is the basis for the SAR regressions produced by this paper. Since
the model uses a spatially lagged stations variable, the base model will include
stations as a control; subsequent control variables will then be added as with the
previous model specifications. The SAR model will be estimated by quasi-maximum
likelihood methods as it provides the more statistically efficient estimate than general
spatial two-stage least squares (StataCorp 2017, p. 48). Additionally, the model
specifies robust standard errors that are robust to heteroskedasticity and violations
of normality.

One issue however, is that maximum likelihood methods ignore the reflection
problem of not having enough exogenous variables to separately identify all the
parameters (Manski 1993). Fortunately, since the model design here does not use a
spatially lagged dependent variable, it should be possible to distinguish the effects
of ỹ from WX̃ in Equation (7).

3.5 Count Models

Based on the distribution of rebates, the dataset is best suited to a panel count
model. As indicated in Section 3.2, OLS models are not the ideal design for count
data so using poisson or negative binomial regressions, with fixed effects, should
provide a better fit distribution. The final set of models are ran using count model
specifications.

We prefer a poisson design over negative binomial. The data suffers from over-
dispersion, meaning that the conditional variance exceeds the conditional mean and
a negative binomial design may fit the data better than a poisson design. However,
this is not relevant unless we are to estimate probabilities for specific counts, which
we do not. Additionally, a negative binomial model with fixed effects does not truly
demean the data, meaning that time invariant variables are still included in the
estimation. We have already determined that the data needs to be demeaned in
order to account for potential omitted variable bias. For these reasons, a poisson
count model with panel fixed effects is the model specification that best fits the
data and provides concrete answers to the research questions posed. As a robustness
check, we run negative binomial and zero-inflated negative binomial regressions, in
addition to our poisson models (see Appendix).
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4 Presentation of Results

This section presents regression tables relevant to the methodological discussion.
Table 2 and Table 3 show results from the panel model specifications outlined in
Section 3.3. They test the various null hypotheses pertaining to the lowincome
and value regressors, with different sets of control variables in each column. Table
4 presents the SAR model outputs converted from quasi-maximum likelihood esti-
mates to average effects, which separate the direct and indirect effects of spatially
lagged variables. Table 5 and Table 6 then show the results of the panel count mod-
els for testing lowincome and value with various specifications. Collectively, these
tables represent the main findings of the study.7

Table 2: Panel regressions using concentration of LI households

(1) (2) (3) (4)
Rebates pm Rebates pm Rebates pm Rebates pm

Lowincome=1 -0.0789∗∗ -0.0850∗∗∗ -0.0850∗∗∗ -0.0840∗∗∗
(0.0237) (0.0242) (0.0242) (0.0240)

Policy=1 -0.120∗∗∗ -0.117∗∗∗ -0.118∗∗∗ -0.118∗∗∗
(0.0232) (0.0233) (0.0233) (0.0233)

Policy=2 -0.0713 -0.0654 -0.0654 -0.0666
(0.0441) (0.0432) (0.0433) (0.0432)

Lowincome=1 × Policy=1 0.123∗∗∗ 0.124∗∗∗ 0.124∗∗∗ 0.123∗∗∗
(0.0231) (0.0232) (0.0232) (0.0231)

Lowincome=1 × Policy=2 0.113∗ 0.113∗ 0.113∗ 0.112∗
(0.0448) (0.0446) (0.0446) (0.0444)

Log(median income) -0.0725 -0.0721 -0.0877
(0.0486) (0.0480) (0.0516)

Education level -0.00463 -0.00371
(0.0147) (0.0146)

Constant 0.544∗∗∗ 1.348∗ 1.345∗ 0.728
(0.0223) (0.540) (0.536) (0.698)

Additional Controls No No No Yes
Observations 24007 23902 23902 23902
Standard errors in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

7Appendix A and Appendix B tabulate further regression outputs which are also referenced in
the discussion.
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Table 3: Panel regressions testing changes in vehicle purchase preferences

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

Lowincome=1 -1121.8 -1109.2 -1116.7 -1126.5
(764.1) (758.6) (757.2) (756.4)

Policy=1 2194.1∗∗∗ 2206.1∗∗∗ 2200.2∗∗∗ 2297.0∗∗∗
(343.3) (345.4) (344.1) (352.2)

Policy=2 -1599.1∗∗∗ -1593.2∗∗∗ -1600.7∗∗∗ -1657.9∗∗∗
(362.2) (333.8) (331.7) (314.4)

Lowincome=1 × Policy=1 379.2 376.5 386.0 372.3
(447.1) (442.5) (442.9) (443.1)

Lowincome=1 × Policy=2 1267.0∗∗∗ 1253.0∗∗∗ 1259.3∗∗∗ 1271.2∗∗∗
(348.2) (347.1) (346.7) (350.1)

Log(median income) 81.16 146.3 64.26
(1091.0) (1112.4) (1126.6)

Education level -551.6 -597.5
(453.5) (461.5)

Constant 39115.3∗∗∗ 38183.5∗∗ 37811.4∗∗ 62466.2∗
(267.6) (12220.7) (12354.7) (23666.0)

Observations 17395 17381 17381 17381
Standard errors in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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Table 4: SAR Effects ( dy
dx
)

(1)
Rebates

Direct Effect
LI Cluster=1 -4.306∗∗∗

(0.182)

Policy=1 -5.055∗∗∗
(0.0774)

Policy=2 -0.820∗∗∗
(0.0775)

LI Cluster=1 × Policy=1 4.284∗∗∗
(0.109)

LI Cluster=1 × Policy=2 1.274∗∗∗
(0.109)

Log(Median Income) 1.168∗∗∗
(0.0855)

Education 4.637∗∗∗
(0.163)

Charging Stations 0.00374
(0.00717)

Constant -16.89∗∗∗
(1.055)

Additional Controls Yes
Indirect Effect
Charging Stations 0.00983

(0.0139)
sigma_u
Constant 5.169∗∗∗

(0.0471)
sigma_e
Constant 3.470∗∗∗

(0.0194)
Observations 24123
Standard errors in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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Table 5: Poisson count models using concentrations of low-income households

(1) (2) (3) (4) (5)
Rebates pm Rebates pm Rebates pm Rebates pm Rebates pm

Rebates pm
Lowincome=1 -0.186∗∗∗ -0.187∗∗∗ -0.185∗∗∗ -0.185∗∗∗ -0.183∗∗∗

(0.0325) (0.0325) (0.0325) (0.0325) (0.0326)

Policy=1 -0.145∗∗∗ -0.145∗∗∗ -0.147∗∗∗ -0.147∗∗∗ -0.149∗∗∗
(0.00950) (0.00950) (0.00954) (0.00956) (0.00994)

Policy=2 -0.0851∗∗∗ -0.0851∗∗∗ -0.0893∗∗∗ -0.0897∗∗∗ -0.0902∗∗∗
(0.0105) (0.0105) (0.0108) (0.0108) (0.0118)

Lowincome=1 × Policy=1 0.165∗∗∗ 0.165∗∗∗ 0.166∗∗∗ 0.166∗∗∗ 0.165∗∗∗
(0.0255) (0.0255) (0.0255) (0.0255) (0.0255)

Lowincome=1 × Policy=2 0.346∗∗∗ 0.346∗∗∗ 0.347∗∗∗ 0.348∗∗∗ 0.345∗∗∗
(0.0222) (0.0222) (0.0222) (0.0222) (0.0223)

Education level -0.0139 -0.0134 -0.0132 -0.0129
(0.0308) (0.0308) (0.0308) (0.0308)

Log(population) 0.194 0.195 0.194
(0.103) (0.103) (0.109)

Charging stations 0.00104 0.00110
(0.00251) (0.00250)

Observations 21707 21707 21705 21705 21702
Standard errors in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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Table 6: Poisson count models testing vehicle purchase preferences

(1) (2) (3) (4) (5)
Value Value Value Value Value

Value
Lowincome=1 -0.0303 -0.0301 -0.0304 -0.0304 -0.0307

(0.0167) (0.0170) (0.0170) (0.0170) (0.0170)

Policy=1 0.0532∗∗∗ 0.0535∗∗∗ 0.0533∗∗∗ 0.0538∗∗∗ 0.0557∗∗∗
(0.00528) (0.00545) (0.00545) (0.00546) (0.00571)

Policy=2 -0.0409∗∗∗ -0.0407∗∗∗ -0.0409∗∗∗ -0.0399∗∗∗ -0.0422∗∗∗
(0.00458) (0.00551) (0.00550) (0.00556) (0.00582)

Lowincome=1 × Policy=1 0.0145 0.0145 0.0147 0.0146 0.0143
(0.0123) (0.0123) (0.0123) (0.0123) (0.0123)

Lowincome=1 × Policy=2 0.0318∗∗ 0.0315∗∗ 0.0316∗∗ 0.0314∗∗ 0.0320∗∗
(0.0108) (0.0108) (0.0108) (0.0108) (0.0108)

Log(median income) 0.000462 0.00228 0.00921 0.000463
(0.0368) (0.0368) (0.0372) (0.0379)

Education level -0.0152 -0.0163 -0.0165
(0.0149) (0.0148) (0.0148)

Log(population) -0.0998 -0.0892
(0.0687) (0.0731)

Charging stations -0.00252
(0.00182)

Observations 16268 16261 16261 16261 16261
Standard errors in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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5 Discussion and Interpretation of Results

5.1 Panel Estimates

The panel regression outputs for lowincome provide evidence of a positive policy
effect. However, for the set of panel models we only discuss general trends. Given
the methodological reasons mentioned in Section 3.3, these outputs provide a base
level of interpretation but do not have enough explanatory power to help draw
robust conclusions. Instead, the interpretations from our count models in Section
5.2 quantify the changes in rebates over time.

5.1.1 Model Outcomes

The estimates that assess rebate applications over time (Table 2) indicate that a
strong and positive policy effect exists. This is shown by the statistically significant
and positive coefficients on lowincome × policy. According to this set of models,
there was a significant increase in rebates among low-income areas during the onset
of the policy, which then reduced but remained positive beyond November 2016.
These results make intuitive sense given that the policy change increased rebates for
low-income households.

In the same table, the coefficients on the standalone lowincome variable also
provide an intuitive result. It shows the general trend that areas with low concen-
trations of low-income households tend to purchase more EVs than those with high
concentrations. This is understandable given the established relationship between
income and EVs.

Table 7 in Appendix A results show the strength of the relationship between
rebates and income. In all columns where it is included, the estimate for income
returns a large and highly significant result. Additionally, when income is intro-
duced to the model, the constant term switches from a positive to a negative value,
while remaining statistically significant. The constant represents the base value for
rebates if all regressors are zero, so the change in sign indicates a strong and positive
relationship. The trend showcased here between income and EV purchases provides
backing for policy measures that attempt to create a more equitable market for EVs.

In terms of vehicle purchase preferences, the results in Table 3 suggest a potential
shift toward more expensive vehicles. This is indicated by the statistically significant
and positive coefficient for lowincome = 1 × policy = 2. This means that at time
period 2 we expect a shift toward more expensive vehicles among low-income areas.
Increased rebates act as a price reduction for EVs so a shift towards more expensive
vehicles is a likely result. If this result holds when verified with a count model
(section 5.2) then it implies that the subsidy is not being allocated efficiently. Such
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an argument is reasonable but due to the issues inherent in this model design, it
needs to be verified against a count model design.

5.1.2 SAR Addition

Figure 8: Charging Stations in Greater Los Angeles, February 2018

Table 4 summarizes the SAR model results when testing the lowincome regressor
and provides similar indicators of a strong and positive policy effect. Both inter-
action term estimates are comparable to the equivalent non-SAR model outputs in
Table 2, column 4. In fact, the only significant difference between the two models
is the coefficient on the standalone lowincome term. The effect for lowincome in
Table 4 is larger in size than the non-SAR estimate, indicating a larger disparity in
rebates between areas with high and low concentrations of low-income households.
The remaining coefficient estimates adjust only slightly.

The SAR results imply that the effect of spatial autocorrelation in stations has
a minimal effect. Both the direct and indirect effects for stations return results that
are statistically insignificant at any reasonable confidence level. So although there
may be significant spatial correlation in stations, the variable has little impact
on rebates and its effect does not change significantly when spatial correlation is
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accounted for. This means that the suspected endogeneity from stations is not a
notable issue.

Figure 9: Charging Stations in San Francisco Bay Area, February 2018

5.2 Count Estimates

In light of the methodological discussion in Section 3, the estimates from the count
models provide the most concrete results and are used as the basis of the conclusions
drawn by this paper.

5.2.1 Final Results Testing Lowincome

The results from our panel count models testing the effect of the policy change on
low-income areas indicate a strong and positive policy effect. In Table 5, we opt to
use the dummy variable lowincome to differentiate areas of high and low proportions
of households eligible for increased rebates. Across column (1) to (5) new control
variables are added. The set of models end up providing highly significant results for
the key variables with very low standard errors relative to the coefficient estimates.

Column (5) from Table 5, which uses a poisson count model and includes all de-
mographic controls, reports a very strong policy effect. The coefficient on lowincome
indicates that tracts with a high proportion of low income households purchase fewer
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Figure 10: IRR transformed output from Table 5 Column (5)

EVs than those with low proportions. This is an intuitive result given the litera-
ture on the positive relationship between income and EV purchases (Campbell et al.
2012). Beyond its sign, the coefficient is difficult to interpret as it is the difference
in logs of expected counts.

An easier way to interpret the coefficients is to transform them into incidence
rate ratio (IRR). By summing the relevant standalone and interaction coefficients,
and then taking the exponent, we can estimate the expected rebates per month
from low-income areas relative to non-low-income areas. This is shown graphically
in Figure 10 and provides a result that is easier to interpret.

The reference case for these models is rebates per month in non-low-income areas
at time period 0. This means that an IRR of 1 would indicate a 1:1 relationship
in rebates per month between the treatment group and the reference case. So if
the IRR coefficient for lowincome was 1, we would expect 1 rebate per month from
low-income areas for every 1 rebate in non-low-income areas.

Figure 10 indicates that there is significant growth in expected rebate volumes
among low-income areas relative to non-low-income areas in the pre-policy time
period. In the year prior to the first policy change, we would expect between 781 and
888 rebates per month from low-income areas relative to 1,000 rebates per month
from non-low-income areas. This result is in line with the criticism that CVRP
received prior to the policy change: rebates were mostly accruing in non-low-income
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areas.
However, as we move to the mid-policy time period, which is after the first policy

change, rebates from low-income areas are indistinguishable from those in non-low-
income areas in time period 0. For every 1,000 rebates per month from non-low-
income areas, we would expect between 919 and 1049 applications from low-income
tracts; suggesting that low-income areas were at parity with non-low-income areas.

Further, expected rebates from low-income areas in time period 2 exceed those
from non-low-income areas in time period 0. We now expect between 1,105 to
1,251 rebates from low-income areas for every 1,000 rebates in non-low-income areas.
When comparing the IRRs in the year prior to the first policy change (time period
0) and the year following the second policy change (time period 2) there is a clear
increase in expected rebates among low-income areas. There is no overlap in the
95% confidence intervals, meaning these results are statistically significant at the
95% significance level.

The outputs of the panel count models indicate a significant increase in rebate
applications among low-income households relative to pre-policy levels. The positive
and increasing policy effects in the post-policy time periods indicate that low-income
households have continued to increase their share of rebate applications beyond the
initial policy change. These results agree with the equivalent panel estimates using
lowincome.

Figure 12 in Appendix A showcases a robustness check by using a lowincome
variable which only includes households of income up to $50,000 in the proportion
of eligible households. The estimates of this model reaffirm the previous results
since they show similar sized coefficients for each key regressor. These additional
estimates are essential for checking the robustness of the results in Table ?? since
the eligibility income level varies between $48,720 and $61,260 depending on the
number of occupants in a household (CVRP 2018).8

5.2.2 Final Results Testing value

The estimates in Table 6, which use a panel count model to test vehicle purchase
preferences, disagree with the initial panel model results that the policy causes a
slight shift in vehicle purchase preferences towards more expensive vehicles. The
coefficient for lowincome in column (5) indicates that there is no clear tendency for
non-low-income areas to purchase more expensive vehicles than low-income areas;
the coefficient is insignificant at any reasonable confidence level. The interaction
term in time period 2 does return a statistically significant result but when the total

8The levels for two or three occupant households are used here as the mean number of occupants
in California is 2.55. The values are scalable by $12,540 per occupant, with a base level of $36,180
(CVRP 2018).
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policy effect is summed (interaction + standalone term) the output is insignificant.
Figure 11 provides a graphic that showcases this result and is again easier to

interpret than the model coefficients. The outputs are the IRR transformed coeffi-
cients for lowincome. The overlapping confidence intervals imply that there is no
statistically significant change in vehicle purchase preferences. This means there was
no shift in purchasing preferences post-policy implementation. These results indi-
cate that tracts with high eligibility for increased rebates experienced no significant
shift in purchase preferences as a result of the policy. The results suggest that the
increased subsidies are not being allocated inefficiently

Figure 11: IRR transformed output from Table 6 Column (5)

5.3 Policy Implications

By providing increased rebates for applicants with income levels 300% or below the
Federal Poverty Line, California’s CVRP program has helped spur a substantial
increase in EV purchases among low-income households. This result is robust to
variations in both the model and indicator variable specifications. The success
of this policy change indicates that well-designed instruments can help bridge the
equity gap that exists in the EV market.

This result is complimented by the lack of evidence for inefficient subsidy alloca-
tion, meaning there is no evidence in favour of the hazard of no additionality. With
the data available in this analysis, it is difficult to firmly conclude that the policy
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generated additional EV purchases, however there is strong evidence of efficient sub-
sidy allocation as the increased rebates did not amount to more expensive vehicle
purchases among low-income consumers. This is an outcome that governments im-
plementing subsidy programs aim to achieve and these results helps to justify that
the CVRP program is an example of an effective public subsidy.

5.4 Caveats, Limitations and Future Research

5.4.1 Spatial Influence of Charging Infrastructure

There are a number of caveats that need to be made for interpreting this paper’s
results. The choice of a queen contiguity matrix in Table 10 may not adequately
reflect the spatial dependence of stations. Many households that own EVs likely
have charging capabilities within their own homes and would only require external
charging when outside their tract. The influence of charging stations at work, for
example, is not included in this matrix. Results using inverse distance and 2nd order
queen contiguity matrices are presented in Appendix B, Table 12 and Table 13, each
with similar results, but they also do not necessarily represent the spatial nature
of stations either. As a possible remedy, the analysis could focus on a particular
region such as Greater Los Angeles or the San Francisco Bay Area. One could then
include a variable for distance from downtown, which would help account for the
increased effect of centrally located charging stations.

Additionally, the matrix uses coordinates from the center of tracts, which could
causes issues. Tracts are split based on median populations, meaning some span a
very large area while others a very small area. Since the queen contiguity method
uses bordering tracts as weights, the degree of areal influence is not evenly dis-
tributed across the sample (Bryan 2018). Since exposure to EVs would be based
on proximity and not on bordering census tracts, the queen contiguity method used
here is unlikely to cover all the spatial interactions taking place. Having said that,
generating an adequate spatial weights matrix representative of stations’ spatial
influence would be a very sizable project.

5.4.2 Variable Omissions and Endogeneity

Quantifying the effect of gasoline prices and the effect of omitting total vehicle
registrations is beyond the scope of this paper but they are likely to affect the
estimates of this model. As a result, the policy effect reported in this paper should be
interpreted with caution and further research should be taken to check the robustness
of this result.

Gasoline prices have been shown to be very significant indicators for changes in
EV purchases (Gallagher et al. 2011). During the time period used in the analysis,
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gas prices in California fell 2.3% (EIA 2018). Based on the literature, this would
cause EV purchases (and thus CVRP rebates) to fall (Gallagher et al. 2011). This
means that any increase in EV purchases is likely to be a conservative estimate of
the policy effect.

Omitted variables bias through endogenous variables may also be an issue. The
variable time, which is suspected to be endogenous, is included in the additional
controls. The analysis tested the effect time had on the model by adding and
removing the variable from the regression. There were negligible changes to the
coefficients and standard errors of the key regressors. This implies that the model
is a good fit for the data and that much of the variation is explained by the model,
despite the possibility of endogenous variables.

5.4.3 Reverse Causality

Another important assumption in the model is that no reverse causality exists be-
tween any of the independent variables and EV purchases. A particular concern is
the relationship between charging stations and EVs. Policies that increase charging
infrastructure are likely to be at least partially in response to an increased level of
EVs.

To control for this, analysis using an instrumental variable would be useful. The
instrument would need to be relevant to charging stations, exogenous to the error
term, and satisfy the exclusion restriction. The number of parking spaces in an
area could be used, for example, however it would need appropriate spatial lags
since parking regulations are determined at a less granular level than an individual
census tract. Analysis using instrumental variables would control for endogeneity
resulting from reverse causality and allow for unbiased and consistent estimators.
Additionally, the size of the effect charging stations has on rebates is very small,
meaning the issue of reverse causality is not a huge problem in this analysis.

5.4.4 Additional Techniques

As previously mentioned, there are techniques not used in the analysis that could
check this paper’s results and provide evidence of causality and additionality. The
use of a Hausman-Taylor estimation would be useful to check the validity of the
RE models and to carry out further estimation. An RDD would change the data
requirements of the paper quite significantly by requiring vehicle registrations but,
if used similarly to Boomhower et al. (2014), could help achieve causal inference.
Although not used in this paper, these are both techniques that should be considered
in future research.

Furthermore, using analytical tools such as matching criteria would be a useful
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addition. Regressions using matching would likely be more effective for testing
comparable tracts against each other. This tool would serve as another option for
further analysis.

The culmination of the issues mentioned in this section means it is difficult
to assert causal inference from the models used in this analysis. More rigorous
techniques and datasets are required to assert causality and additionality of EV
purchases. The final model results should thus be interpreted with caution.

6 Conclusion

In an effort to accelerate California’s transition to a low carbon economy, the CVRP
program incentivizes the adoption of EVs through subsidies. Since program partic-
ipants have generally been middle-to-high income consumers, the California Air
Resources Board have altered eligibility requirements to provide extra incentives for
low-income households. The analysis provided by this paper has tested whether
the policy changes have affected an increase in rebate applications among disad-
vantaged communities and whether the changes have altered their vehicle purchase
preferences.

Via empirical methods of panel count data and SAR regression analysis, this
paper has determined that increased rebates for low-income consumers spurred a
substantial increase in EV purchases among low-income households. Additionally,
there is no evidence of a shift toward more expensive vehicles as a result of a larger
subsidy. These results are robust to scaling of the key indicator variables and altering
of the model specifications.

Although causal inference on additionality is difficult to prove, the indication is
that the funding translated into additional electric vehicle purchases as opposed to a
shift toward more expensive vehicles. As a result, the goals of the policy adjustment
are proving to be met. This outcome is a significant step toward understanding how
effectively implemented subsidies can help alleviate inequities in markets exposed to
regulatory change.
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Appendix A Additional Model Outputs

Figure 12: IRR transformed output using $50,000 as cutoff

Figure 13: Output from Table 3 Column (4)
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Table 7: OLS regressions testing relationships of control variables

(1) (2) (3) (4) (5) (6) (7)
Rebates p/m Rebates p/m Rebates p/m Rebates p/m Rebates p/m Rebates p/m Rebates p/m

Education level 0.673∗∗∗ 0.286∗∗∗ 0.299∗∗∗ 0.291∗∗∗ 0.223∗∗∗ 0.219∗∗∗ 0.219∗∗∗
(0.0797) (0.0394) (0.0374) (0.0369) (0.0441) (0.0441) (0.0436)

Log(median income) 0.671∗∗∗ 0.692∗∗∗ 0.707∗∗∗ 0.807∗∗∗ 0.757∗∗∗ 0.757∗∗∗
(0.121) (0.135) (0.133) (0.178) (0.173) (0.173)

Age -0.00377 -0.00355 -0.00306 0.00497∗ 0.00498∗
(0.00288) (0.00295) (0.00280) (0.00191) (0.00192)

Solo driver dummy -0.0512 -0.0132 -0.0366 -0.0366
(0.0354) (0.0271) (0.0267) (0.0267)

Vehicle Ownership -0.221 -0.294 -0.294
(0.179) (0.184) (0.185)

Log(population) 0.400∗∗∗ 0.400∗∗∗
(0.0713) (0.0717)

Charging stations 0.000735
(0.00130)

Constant 0.143∗∗∗ -7.073∗∗∗ -7.162∗∗∗ -7.311∗∗∗ -7.957∗∗∗ -10.89∗∗∗ -10.89∗∗∗
(0.00981) (1.308) (1.362) (1.337) (1.583) (2.008) (2.009)

Observations 24067 23902 23902 23902 23902 23902 23902
Standard errors in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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Table 8: Pooled OLS Regressions using Clusters of LI Households

(1) (2) (3)
CEV Rebates CEV Rebates CEV Rebates

LI Cluster=1 -6.523∗∗∗ -8.375∗∗∗ -0.854∗∗∗
(0.0925) (0.193) (0.155)

Policy=1 -5.053∗∗∗ -5.136∗∗∗
(0.213) (0.176)

Policy=2 -0.815∗∗∗ -0.830∗∗∗
(0.241) (0.200)

LI Cluster=1 × Policy=1 4.284∗∗∗ 4.366∗∗∗
(0.219) (0.189)

LI Cluster=1 × Policy=2 1.273∗∗∗ 1.289∗∗∗
(0.250) (0.213)

Log(Median Income) 8.596∗∗∗
(0.247)

Education 2.393∗∗∗
(0.0891)

Constant 8.258∗∗∗ 10.21∗∗∗ -90.06∗∗∗
(0.0892) (0.188) (2.514)

Additional Controls No No Yes
Observations 24123 24123 23892
Standard errors in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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Table 9: Panel Regressions using CES Disadvantaged Community (DAC) Indicator

(1) (2) (3) (4) (5)
Rebates Rebates Rebates Rebates Rebates

DAC=1 -6.104∗∗∗ -0.769∗∗∗ -0.132 -0.0291 1.989∗∗∗
(0.171) (0.164) (0.157) (0.156) (0.446)

Policy=1 -4.575∗∗∗ -4.607∗∗∗ -4.616∗∗∗ -4.608∗∗∗ 1.438∗∗
(0.101) (0.102) (0.102) (0.102) (0.502)

Policy=2 -0.656∗∗∗ -0.608∗∗∗ -0.599∗∗∗ -0.594∗∗∗ 0.730
(0.0912) (0.0898) (0.0897) (0.0893) (0.447)

DAC=1 × Policy=1 3.693∗∗∗ 3.751∗∗∗ 3.747∗∗∗ 3.713∗∗∗ -1.578∗
(0.136) (0.139) (0.138) (0.140) (0.767)

DAC=1 × Policy=2 1.378∗∗∗ 1.386∗∗∗ 1.381∗∗∗ 1.346∗∗∗ -0.669
(0.142) (0.142) (0.141) (0.141) (0.678)

Log(Median Income) 9.723∗∗∗ 8.237∗∗∗ 9.189∗∗∗ 8.613∗∗∗
(0.280) (0.289) (0.349) (0.219)

Education 2.828∗∗∗ 2.189∗∗∗ 2.068∗∗∗
(0.121) (0.152) (0.179)

Constant 8.568∗∗∗ -100.5∗∗∗ -85.76∗∗∗ -96.77∗∗∗ -92.31∗∗∗
(0.149) (3.053) (3.135) (3.424) (2.157)

Additional Controls No No No Yes Yes
Observations 18023 17980 17980 17980 17980
Standard errors in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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Table 10: Spatial Autoregressive (SAR) Models using Clusters of LI Households

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

Rebates
LI Cluster=1 -8.369∗∗∗ -7.037∗∗∗ -4.687∗∗∗ -4.463∗∗∗

(0.156) (0.165) (0.179) (0.182)

Policy=1 -5.057∗∗∗ -5.056∗∗∗ -5.054∗∗∗ -5.054∗∗∗
(0.0774) (0.0774) (0.0774) (0.0774)

Policy=2 -0.827∗∗∗ -0.825∗∗∗ -0.819∗∗∗ -0.818∗∗∗
(0.0776) (0.0775) (0.0775) (0.0775)

LI Cluster=1 × Policy=1 4.286∗∗∗ 4.285∗∗∗ 4.284∗∗∗ 4.284∗∗∗
(0.109) (0.109) (0.109) (0.109)

LI Cluster=1 × Policy=2 1.276∗∗∗ 1.276∗∗∗ 1.274∗∗∗ 1.274∗∗∗
(0.109) (0.109) (0.109) (0.109)

Charging Stations 0.00676 0.00679 0.00123 0.00117
(0.00812) (0.00793) (0.00761) (0.00718)

Log(Median Income) 1.968∗∗∗ 1.728∗∗∗ 1.178∗∗∗
(0.0925) (0.0885) (0.0857)

Education 4.554∗∗∗ 4.546∗∗∗
(0.160) (0.163)

Constant 10.18∗∗∗ -12.12∗∗∗ -12.92∗∗∗ -14.79∗∗∗
(0.111) (1.054) (1.005) (1.014)

Additional Controls No No No Yes
Queen Contiguity (1st Order)

Charging Stations 0.0291 0.0245 0.00881 0.00652
(0.0157) (0.0154) (0.0147) (0.0139)

sigma_u
Constant 6.089∗∗∗ 5.906∗∗∗ 5.597∗∗∗ 5.187∗∗∗

(0.0533) (0.0521) (0.0500) (0.0472)
sigma_e
Constant 3.470∗∗∗ 3.470∗∗∗ 3.470∗∗∗ 3.470∗∗∗

(0.0194) (0.0194) (0.0194) (0.0194)
Observations 24123 24123 24123 24123
Standard errors in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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Table 11: Robustness Check of Count Models using Clusters of LI Households

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

Rebates
LI Cluster (<=$75,000)=1 0.166∗∗∗ 0.586∗∗∗ 0.735∗∗∗ 0.761∗∗∗

(0.00441) (0.0210) (0.0247) (0.0234)

Policy=1 0.508∗∗∗ 0.504∗∗∗ 0.504∗∗∗ 0.505∗∗∗
(0.00511) (0.00494) (0.00494) (0.00488)

Policy=2 0.943∗∗∗ 0.918∗∗∗ 0.919∗∗∗ 0.919∗∗∗
(0.00793) (0.00754) (0.00756) (0.00745)

LI Cluster (<=$75,000)=1 × Policy=1 1.165∗∗∗ 1.175∗∗∗ 1.176∗∗∗ 1.170∗∗∗
(0.0297) (0.0297) (0.0294) (0.0290)

LI Cluster (<=$75,000)=1 × Policy=2 1.358∗∗∗ 1.392∗∗∗ 1.391∗∗∗ 1.392∗∗∗
(0.0284) (0.0289) (0.0285) (0.0283)

Log(Median Income) 5.500∗∗∗ 3.824∗∗∗ 3.991∗∗∗
(0.204) (0.135) (0.141)

Education 2.402∗∗∗ 2.154∗∗∗
(0.0562) (0.0520)

Charging Stations 1.003∗
(0.00111)

Constant 42.73∗∗∗ ≤ 0.001∗∗∗ ≤0.001∗∗∗ ≤0.001∗∗∗
(2.289) (≤0.001) (≤0.001) (≤0.001)

Additional Controls No No No Yes
/
ln_r 6.802∗∗∗ 9.305∗∗∗ 10.98∗∗∗ 14.61∗∗∗

(0.280) (0.390) (0.460) (0.643)

ln_s 1.386∗∗∗ 2.069∗∗∗ 2.568∗∗∗ 3.465∗∗∗
(0.0297) (0.0509) (0.0663) (0.0978)

Observations 24123 23892 23892 23892
Exponentiated coefficients; Standard errors in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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Table 12: Spatial Autoregressive (SAR) Models using Clusters of LI Households,
2nd Order Queen Contiguity Weights

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

Rebates
LI Cluster=1 -8.368∗∗∗ -7.037∗∗∗ -4.687∗∗∗ -4.464∗∗∗

(0.157) (0.165) (0.179) (0.182)

Policy=1 -5.055∗∗∗ -5.054∗∗∗ -5.052∗∗∗ -5.051∗∗∗
(0.0774) (0.0774) (0.0774) (0.0774)

Policy=2 -0.822∗∗∗ -0.818∗∗∗ -0.812∗∗∗ -0.808∗∗∗
(0.0778) (0.0777) (0.0777) (0.0777)

LI Cluster=1 × Policy=1 4.285∗∗∗ 4.284∗∗∗ 4.283∗∗∗ 4.283∗∗∗
(0.109) (0.109) (0.109) (0.109)

LI Cluster=1 × Policy=2 1.275∗∗∗ 1.274∗∗∗ 1.272∗∗∗ 1.271∗∗∗
(0.109) (0.109) (0.109) (0.109)

Charging Stations 0.00866 0.00852 0.00202 0.00196
(0.00805) (0.00787) (0.00755) (0.00712)

Log(Median Income) 1.971∗∗∗ 1.730∗∗∗ 1.180∗∗∗
(0.0925) (0.0886) (0.0858)

Education 4.560∗∗∗ 4.557∗∗∗
(0.160) (0.163)

Constant 10.19∗∗∗ -12.13∗∗∗ -12.92∗∗∗ -14.81∗∗∗
(0.113) (1.054) (1.005) (1.014)

Q2
Charging Stations 0.0135 0.000509 -0.0136 -0.0270

(0.0248) (0.0243) (0.0233) (0.0220)
sigma_u
Constant 6.090∗∗∗ 5.908∗∗∗ 5.597∗∗∗ 5.187∗∗∗

(0.0534) (0.0521) (0.0500) (0.0472)
sigma_e
Constant 3.470∗∗∗ 3.470∗∗∗ 3.470∗∗∗ 3.470∗∗∗

(0.0194) (0.0194) (0.0193) (0.0193)

Additional Controls No No No Yes
Observations 24123 24123 24123 24123
Standard errors in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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Table 13: Spatial Autoregressive (SAR) Models using Clusters of LI Households,
Inverse Distance Weights

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

Rebates
LI Cluster=1 -8.322∗∗∗ -7.008∗∗∗ -4.673∗∗∗ -4.463∗∗∗

(0.157) (0.165) (0.179) (0.182)

Policy=1 -5.116∗∗∗ -5.101∗∗∗ -5.085∗∗∗ -5.066∗∗∗
(0.0791) (0.0791) (0.0789) (0.0788)

Policy=2 -1.031∗∗∗ -0.980∗∗∗ -0.923∗∗∗ -0.860∗∗∗
(0.0959) (0.0951) (0.0939) (0.0924)

LI Cluster=1 × Policy=1 4.288∗∗∗ 4.287∗∗∗ 4.286∗∗∗ 4.285∗∗∗
(0.110) (0.109) (0.109) (0.109)

LI Cluster=1 × Policy=2 1.291∗∗∗ 1.287∗∗∗ 1.282∗∗∗ 1.277∗∗∗
(0.110) (0.110) (0.110) (0.110)

Charging Stations 0.00556 0.00605 0.000236 0.000959
(0.00808) (0.00790) (0.00758) (0.00715)

Log(Median Income) 1.958∗∗∗ 1.721∗∗∗ 1.177∗∗∗
(0.0925) (0.0886) (0.0857)

Education 4.544∗∗∗ 4.538∗∗∗
(0.160) (0.164)

Constant 9.591∗∗∗ -12.45∗∗∗ -13.13∗∗∗ -14.84∗∗∗
(0.197) (1.058) (1.009) (1.016)

idist
Charging Stations 0.880∗∗∗ 0.669∗∗ 0.442∗ 0.181

(0.233) (0.228) (0.219) (0.208)
sigma_u
Constant 6.080∗∗∗ 5.901∗∗∗ 5.594∗∗∗ 5.186∗∗∗

(0.0533) (0.0521) (0.0499) (0.0472)
sigma_e
Constant 3.471∗∗∗ 3.471∗∗∗ 3.471∗∗∗ 3.470∗∗∗

(0.0194) (0.0194) (0.0194) (0.0194)

Additional Controls No No No Yes
Observations 24123 24123 24123 24123
Standard errors in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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Appendix B Income Threshold Count Models

Table 14: Negative Binomial Count Models using a 10% Income Threshold

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

Rebates
10% LI Threshold=1 1.395∗∗∗ 1.191 1.146 1.099

(0.0894) (0.142) (0.123) (0.109)

Policy=1 0.625∗∗∗ 0.625∗∗∗ 0.620∗∗∗ 0.620∗∗∗
(0.0298) (0.0298) (0.0289) (0.0287)

Policy=2 1.295∗∗∗ 1.296∗∗∗ 1.285∗∗∗ 1.287∗∗∗
(0.0510) (0.0510) (0.0494) (0.0490)

10% LI Threshold=1 × Policy=1 0.872∗ 0.872∗ 0.876∗ 0.878∗
(0.0570) (0.0570) (0.0561) (0.0557)

10% LI Threshold=1 × Policy=2 0.920 0.920 0.928 0.928
(0.0491) (0.0491) (0.0485) (0.0480)

Log(Median Income) 4.554 2.978 4.338
(4.391) (2.561) (3.455)

Education 2.378∗∗∗ 2.004∗∗∗
(0.122) (0.118)

Charging Stations 1.000
(0.00355)

Constant 13.18∗∗∗ ≤0.001 ≤0.001 ≤0.001
(2.303) (≤0.001) (≤0.001) (≤0.001)

Additional Controls No No No Yes
/
ln_r 10.30∗∗∗ 10.29∗∗∗ 14.59∗∗∗ 18.86∗∗∗

(1.421) (1.418) (2.269) (3.150)

ln_s 1.589∗∗∗ 1.594∗∗∗ 2.111∗∗∗ 2.714∗∗∗
(0.0934) (0.0937) (0.137) (0.194)

Observations 3660 3660 3660 3660
Exponentiated coefficients; Standard errors in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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Table 15: Poisson and Negative Binomial Count Models using Income Thresholds

(1) (2)
Rebates Rebates

Rebates
5% LI Threshold=1 0.868

(0.127)

Policy=1 0.522∗∗∗ 0.534∗∗∗
(0.0332) (0.0158)

Policy=2 1.157∗∗ 1.167∗∗∗
(0.0590) (0.0279)

5% LI Threshold=1 × Policy=1 1.168
(0.109)

5% LI Threshold=1 × Policy=2 1.065
(0.0811)

Log(Median Income) 0.845 6.833∗∗∗
(2.099) (1.999)

Education 1.965∗∗∗ 2.053∗∗∗
(0.174) (0.0868)

Charging Stations 0.995 1.004
(0.00613) (0.00294)

20% LI Threshold=1 0.973
(0.0673)

20% LI Threshold=1 × Policy=1 1.139∗∗
(0.0523)

20% LI Threshold=1 × Policy=2 1.111∗∗
(0.0414)

Constant 135.7 ≤0.001∗∗∗
(3694.3) (≤0.001)

Additional Controls Yes Yes
/
ln_r 26.75∗∗∗ 20.98∗∗∗

(10.03) (2.760)

ln_s 2.406∗∗∗ 2.708∗∗∗
(0.247) (0.140)

Observations 1656 7062
Exponentiated coefficients; Standard errors in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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Appendix C Additional GeoDa Figures

(a) Level in 2018 (b) ∆ between 2011 and 2018

Figure 14: LISA cluster map for EV Charging Stations in Greater Los Angeles (1st
Order Queen Contiguity)

(a) Level in 2018 (b) ∆ between 2011 and 2018

Figure 15: LISA cluster map for EV Charging Stations in the San Francisco Bay
Area (1st Order Queen Contiguity)
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(a) Level in 2018 (b) ∆ between 2011 and 2018

Figure 16: LISA significance map for EV Charging Stations (1st Order Queen Con-
tiguity)

(a) Level in 2018: 0.547 (b) ∆ between 2011 and 2018: 0.383

Figure 17: Local Moran’s I scatterplots for EV Charging Stations (Nearest Neigh-
bours, k = 4)
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(a) Level in 2018 (b) ∆ between 2011 and 2018

Figure 18: LISA cluster map for EV Charging Stations (Nearest Neighbours, k = 4)

(a) Level in 2018 (b) ∆ between 2011 and 2018

Figure 19: LISA significance map for EV Charging Stations (Nearest Neighbours,
k = 4)

Appendix D Statistical Tests

Deviance Pearson
Goodness-of-fit 8110.057 8409.228
p-value <0.001 <0.001

Table 16: Pearson Goodness-of-fit
Test

Model Wald Statistic p-value
Threshold 21314.57 ≤ 0.001
Cluster 1214.84 ≤ 0.001

Table 17: Wald Test Statistics
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