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Abstract

This paper examines the effect of the federal EV income tax subsidy on EV sales. I find that reduction
of the federal subsidy caused sales to decline by 43.2%. To arrive at this result, I employ historical time
series data from the Department of Energy Alternative Fuels Data Center. Using the fact that the subsidy
is available only for firms with fewer than 200,000 cumulative EV sales, I separate EV models into two
groups. The treatment group consists of models receiving the full subsidy, and the control group consists
of models receiving the reduced subsidy. This allows for a difference in differences (DiD) model structure.
To examine the robustness of the results, I conduct regression analyses. Due to a relatively small sample
size, the regression coefficients lack statistical significance. Above all, my results suggest that federal
incentives designed to promote EV consumption are successful in their objectives.
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1 Introduction

Supporting the rise in popularity of plug-in hybrid electric vehicles (PHEVs), and more recently, battery
electric vehicles (BEVs), federal and state policymakers have enacted various electric vehicle (EV) purchase
incentives aimed at reducing carbon emissions. However, the federal EV income tax subsidy—the United
States’ largest EV purchase incentive—is controversial in part because of the lack of empirical evidence.

Existing EV purchase incentives come in many types, including sales tax exemptions, income tax credits,
and tax rebates. Policies may target retirement and replacement decisions (e.g., "cash for clunkers") or
specific vehicle technologies, such as by offering different subsidies for BEVs and PHEVs (Gayer and Parker,
2013; Li, Linn, and Spiller, 2013; DeShazo, 2016). Smaller-scale state subsidies vary widely, from tax rebates
of up to $3, 500 in Colorado to no subsidies in Arkansas (AFDC, 2021). Non-pecuniary incentives such as
free parking, high occupancy vehicle lane access, and reduced toll fees have also been implemented (Ajanovic
and Haas, 2016; Clinton et al., 2015).

However, the most prominent EV subsidy in the United States is the federal EV income tax credit granted
by the American Clean Energy and Security Act of 2009. It provides a minimum credit of $2, 500, up to
$7, 500, based on the vehicle’s battery capacity and gross vehicle weight rating (American Clean Energy and
Security Act, 2009). To qualify, either a PHEV or a BEV must: (1) have a battery capacity of no less than
five kilowatt-hours, (2) use an external source of energy to recharge the battery (plug-in), (3) have a gross
vehicle weight rating not exceeding 14,000 pounds, and (4) meet specified emissions standards (AFDC, 2021).
Importantly, the tax credit is cut to 50% of the original value in the second calendar quarter following the
quarter in which the automaker passed the 200, 000EV sales threshold. It is cut down to 25% after another
two quarters and finally to 0% after another two quarters. The federal subsidy has been fully eliminated for
Tesla and GM, who exceeded the sales cap in Q3 and Q4 of 2018, respectively (see Figure 1). The sales cap
is a natural way to evaluate the effect of the federal subsidy on EV consumption as it creates an environment
where some automakers do and do not qualify.

As the climate crisis worsens, policymakers have sought to cut emissions in the transportation sector-the
fastest-growing emitter of carbon dioxide worldwide and the source of 29% of the United States’ carbon
emissions (Environmental Protection Agency, 2019; World Resources Institute, 2019). The 2021 Infrastruc-
ture Investment and Jobs Act recognizes the need to reduce emissions. The bill dedicates $7.5 billion to
building EV infrastructure and, if enacted, will be the "largest investment in clean energy transmission and
EV infrastructure in [U.S.] history" (The White House, 2021). In addition, the Clean Energy for America Act
proposes to increase the maximum credit of the current federal income tax subsidy from $7, 500 to $12, 500,
while the Electric CARS Act proposes to remove the existing sales cap (Clean Energy for America Act, 2021;
Electric CARS Act, 2021). Given the recent uptick in congressional interest for EV policy, an empirical
analysis of the federal subsidy’s effect on consumer behavior may be especially pertinent to lawmakers.

Proponents of these subsidies argue EVs generate a variety of long-term and short-term benefits, including
enhanced energy security, reduced negative environmental externalities, and benefits to other EV producers
in the form of innovation spillovers (Levitt, List, and Syverson, 2013; AFDC, 2021). Bloom, Schankerman,
and van Reenen (2013) estimate that positive innovation spillovers cause social returns to research and
development (R&D) that exceed private returns, providing a strong case for government support in R&D.
Meanwhile, opponents of EV subsidies argue that "free-riding" from wealthy buyers compromises their cost-
effectiveness, and that producers may simply raise prices in response to an extraneous price reduction (DeVries
2018). In this paper, a difference in differences (DiD) estimate is employed to evaluate the effect of the federal

1The “No data” areas in Figure 1 can be ignored because Tesla and GM are the only two automakers that have sold more
than 200,000 EVs at the time of writing.
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Figure 1: Phase-out Schedule of U.S. Federal EV Income Tax Credit.1 Credit: Resources for the Future

subsidy on EV sales (i.e., the treatment effect).2 Intuitive economic theory indicates that when the price
of a normal good rises, ceteris paribus, its consumption falls. In the EV context, if an automaker no longer
qualifies for the full federal subsidy, consumers will be forced to pay a higher out of pocket cost. Given the
higher cost, it is expected that EV consumption will fall. The question is: by how much?

Two primary considerations motivate the analysis. First, EVs are underproduced and underconsumed
relative to their socially optimal quantity because most market participants do not fully internalize their

2The "treatment" indicates a reduction of the federal subsidy for an EV automaker.
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environmental benefits. Fuel savings - the primary cost advantage of EVs over ICEs - are an important
factor influencing a consumer’s decision to purchase an EV or an ICE. According to recent studies, most
consumers fail to fully internalize the environmental benefits of EVs because they value them less than
a reduction in purchase price (Ziegler, 2012; Daziano and Bolduc, 2013; Heffner, Kurani, and Turrentine,
2007).3 Gillingham, Houde, and Benthem (2021) find that consumers act myopically with respect to fuel costs,
valuing a purchase price reduction about 2.6 to 6.6 times more than the equivalent amount in fuel savings.
An example of the "energy efficiency gap," unobserved costs and benefits of EV ownership are another reason
consumers are unable to fully internalize environmental benefits (an example of the "energy efficiency gap")
(Greenstone and Allcott, 2012).4 This literature suggests that direct subsidies—often more salient than
intangible environmental benefits or long-term fuel savings may be necessary to increase consumption and
production of EVs to their socially optimal quantity.

Second, subsidies could be needed to counteract upward price pressure caused by unfavorable supply-side
factors such as stubbornly low oil prices and high lithium-ion battery costs. While there have been numerous
projections of the demise of nonrenewable fossil fuels, it is unlikely that all fossil fuels will be depleted soon.5

Reasons include the invention of new extraction technologies, the availability of large deposits of oil shales,
and the increasing success rate of development and exploratory wells in recent decades. Oil shales are a
telling sign that fossil fuels are here to stay; if they become commercially viable, they could more than triple
the world’s existing oil reserves (Dyni, 2006; Covert, Greenstone, and Knittel, 2016). Despite the falling
price of lithium-ion batteries, a recent study by Bloomberg NEF (2021) suggests that battery prices must
fall below $100 per kWh (from their current price of around $140/kWh) for manufacturers to produce EVs
at a cost-competitive price with ICEs (Ziegler and Trancik, 2021). Even as the declining price of lithium-ion
batteries and increasing competition in the EV market give reasons for hope, the non-trivial possibility of a
substantial increase in oil reserves means that subsidies may be necessary to stimulate EV sales.

2 Methods

2.1 Data Collection

I obtain observational data from the United States Department of Energy Alternative Fuels Data Center
(AFDC), officially titled "U.S. Plug-In Electric Vehicle Sales by Model."6 The dataset contains annual EV
sales by model and type (BEV/EV or PHEV) from 2011-2019 for all EV manufacturers in the United States.
The sales data is reported to the Department of Energy by the Transportation Research Center at Argonne
National Laboratory. I collect corporate financial statistics (net income, total assets, and total liabilities) from
the balance sheets and income statements of Tesla, Ford, GM, and BMW (Standard & Poor’s Compustat,
2021).

3It should be noted that contrary to the popular conception of EVs as "zero emissions" vehicles, they are do not truly produce
zero emissions because they indirectly emit carbon through electricity generation. See, for example, President Biden Announces
Steps to Drive American Leadership Forward on Clean Cars and Trucks, 2021.

4While policymakers often perceive energy efficient technologies as a win-win opportunity, the existence of unobserved costs
and benefits (which are difficult for buyers to examine) leads buyers to become imperfectly informed about energy efficient
investments. This information asymmetry manifests in investment inefficiency (i.e., the so-called "energy efficiency gap")

5See, for example, When Fossil Fuels Run Out, What Then?, 2019.
6The Alternative Fuels Data Center is a reputable government source that provides data and general information about

alternative fuels and their federal and state subsidies.
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2.2 Difference in Differences

As of August 2021, the difference between the average price of EVs and ICEs is $7, 150 (Kelley Blue Brook,
2021). The federal subsidy theoretically makes EVs more attractive since it reduces this gap in average
purchase cost. I evaluate the extent to which the subsidy increases sales, or equivalently, the extent to which
reduction of the subsidy decreases sales. The 200, 000 EV sales cap is an exogenous source of variation that
can be used to assess the effect of the federal subsidy on EV sales.

This method assumes that the differences in pre-treatment sales and financial control variables between
the treatment and control units remain time-invariant. The treatment effect can then be found by calculating
the difference in the change in average sales before and after the effective treatment date between the treat-
ment and control unit (see Table 1). Often called "difference-in-differences" (DiD), this method identifies the
effect of the treatment (reduction in the federal subsidy) by controlling for pre-treatment differences among
the observed units and their manufacturers (Card and Kreuger, 1994).

Table 1. Treatment and Control Unit Sales Level.

Model 2014 2015 2016 2017 2018 2019

Chevrolet Volt 18,805 15,393 24,739 20,349 18,306 4,915

Ford Fusion Energi 11,550 9,750 15,938 9,632 8,074 7,476

Tesla Model S 16,750 26,200 30,200 26,500 25,745 15,090

BMW i3 6,092 11,024 7,625 6,276 6,117 4,854

Note: The Chevrolet Volt and Tesla Model S are treatment units, and the Ford Fusion Energi and BMW i3
are control units. Credit: AFDC.

The treatment companies in this study were Tesla and General Motors (GM) since they were the only
automakers that exceeded the sales cap and thus no longer qualify for the full federal subsidy.7 Their flagship
EV units are the Tesla Model S and Chevrolet Volt (a GM model), motivating the analysis of the subsidy’s
effect using sales of these two units. The two corresponding control companies are Ford and BMW, and their
flagship EV units are the Ford Fusion Energi and BMW i3. Given similar characteristics such as price and
type (e.g., BEV, PHEV), I demonstrate that the BMW i3 BEV is a valid control for the Tesla Model S BEV,
and the Ford Fusion Energi PHEV is a valid control for the Chevrolet Volt PHEV.

To measure the treatment effect using this model, several assumptions are made: (1) the anticipation of
the treatment among market participants has a negligible effect on sales, (2) there are no spillover effects, (3)
manufacturer financial statistics (net income, total assets, and total liabilities) exhibit parallel trends, and
(4) sales of the treatment and control units follow parallel trends.

72019 is the post-treatment year in which GM and Tesla receive the federal subsidy below the original amount. See Figure 1.
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2.3 Econometric Model

2.3.1 Difference in Differences Estimate

A difference in differences estimate is conducted using control units and treatment units that are similar in
price and type, and whose automakers have similar financial statistics. The subsidy shifts sales by δ̂1, as
defined below:

δ̂1 = (ȳB,2 − ȳB,1)− (ȳA,2 − ȳA,1) (1)

Where car units are indexed by treatment status T = A,B. A specifies the unit that is not affected by the
treatment, i.e., the control unit, and B indicates the unit that is affected by the treatment, i.e., the treatment
unit. Treatment and control units are observed in two time periods, t = 1, 2, where 1 represents the period
before the treatment goes into effect, i.e., pre-treatment, and 2 defines the period after the treatment goes
into effect, i.e., posttreatment. ȳA,1 and ȳA,2 represent the average annual sales of the control unit before
and after the effective treatment date, respectively, and ȳB,1 and ȳB,2 represent the corresponding average
annual sales for the treatment unit. To find the sales growth of unit A and unit B, the difference between
unit A’s average pre and post-treatment sales (ȳA,2 − ȳA,1) and the difference between unit B’s average pre

and post-treatment sales (ȳB,2 − ȳB,1) are calculated. Then, the treatment effect
(
δ̂1

)
, is found by taking

the difference between the change in the treatment unit’s average sales and the change in the control unit’s
average sales.

2.3.2 Generalized Difference in Differences Regression

I conduct agnostic DiD regression analyses to evaluate the robustness of the initial estimate. While the initial
estimate uses data from only two pairs of treatment and control units, the regression analyses draw data
from all units in the U.S EV market.8 The sales outcome (Ymft) is defined by the following linear regression
model:

Ymft = β0 + γf + λt + β1Dft + ϵmft (2)

Where the sales outcome, Ymft, is stated in terms of a particular model (m) of a particular firm (f) in
a particular year (t). Dft is a dummy variable indicating treatment status; Dft is 1 if a particular firm
is receiving 100% of the federal subsidy in a given year and 0 if it is not.9 ϵmft represents idiosyncratic
noise - variables other than the federal subsidy that may affect sales of the treatment or control unit in the
post treatment period. The coefficients of each firm correspond to firm fixed effects (γf ), and coefficients
of each year correspond to year fixed effects (λt) · β1 indicates the treatment effect, and β0 is a constant.

β1 and δ̂1 (see Equation 1) have identical interpretations. Notably, though, they can have different values
because the regression model utilizes sales data from all units in the AFDC dataset, while the initial estimate
includes sales data from only two pairs of treatment and control units (over a shorter period of time).10 The
assumptions (see Methods) are accounted for in Equations 2 and 3 through the assumption that the error
term (ϵmft) is uncorrelated with respect to Dft.

8Recall that the treatment and control unit pairs used in the initial DiD estimate are (1) Tesla Model S and BMW i3, and
(2) Chevrolet Volt and Ford Fusion Energi.

9Dft = 0 only during the post treatment period of a treatment unit. In the context of this study, Dft = 0 in the posttreatment
period of Tesla and GM units and Dft = 1 in all other circumstances.

10The observed time period in the initial estimate begins in 2015 because some models do not have recorded sales data prior
to 2014 for some models (see Figure 2 A-B).
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2.3.3 Logarithmic-Linear Difference in Differences Regression

A major limitation of the linear regression is that the right skewed nominal sales data may compromise the
accuracy of the regression coefficients (see Appendix C). To account for this potential shortcoming, I transform
sales from nominal to logarithmic form and conduct a logarithmic-linear regression using logarithmic sales:

log Ymft = β0 + γf + λt + β1Dft + ϵmft (3)

Where log Ymft is an approximation of the percentage change in sales. Equation 2 and Equation 3 are
equivalent apart from the difference in functional form-that is, whether the sales outcome (Ymft) is expressed
in logarithmic or nominal terms.

The accuracy of the predicted treatment effect can be increased if the β1 coefficient is converted from log
points to percentage points. Under the central assumption that the error term, ϵmft, is not correlated with
Dft, the exact percentage change in Ymft for ∆Dft is evaluated:

%Ymft = (exp (∆Dftβ1)− 1)× 100 (4)

Where ∆Dft is the change in the dummy variable (= 1 − 0) and β1 is the treatment effect (expressed
in log points). The percentage change in Ymft approximated by β1 is always a lower bound of the actual
percentage change in Ymft·

11 The discrepancy between the approximation and exact percentage change in
Ymft associated with ∆Dft rises exponentially as the β1 coefficient increases.

2.3.4 Regression Hypotheses

The hypotheses in the linear and log-linear regression models are defined below:

H0 : β1 = 0

H1 : β1 ̸= 0

Where the significance level is 5% (α = 0.05). H0 states that the federal subsidy has no effect on EV
sales, and H1 states that the federal subsidy has a non-zero effect on EV sales.

3 Results

3.1 Parallel Sales Trends

Several assumptions are evaluated, with the most integral being the parallel sales trends condition. Impor-
tantly, this condition can never be fully validated because the treatment unit counterfactual-the sales of the
treatment unit in the post treatment period if it still had been receiving the full federal subsidy-is never
observed. Instead, the condition is met if the observed outcome of the treatment and control unit visibly
follow parallel trends in the pre-treatment period.

As Figure 2A shows, the sales trends of the Chevrolet Volt and Ford Fusion Energi match closely through-
out the entire pre-treatment period (2015-2018), exemplifying parallel trends. Conversely, Figure 2B shows

11For example, a β1 value of 0.50 in the log linear regression means that a one-unit change in Dft is responsible for a 50%
increase in Ymft. Converting 50 log points to percentage points via Equation 4 indicates the exact percent change in Ymft is
65%(≈ (exp(0.50)− 1)× 100).
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that the sales growth of the Tesla Model S and BMW i3 diverge from 2016-2017. The parallel trends condi-
tion for this pair is reasonably met since the Model S and i3 experience nearly identical sales growth from
2017-2018.

Figure 2: Yearly Percentage Change in Sales. Note: A compares the sales trends of the Chevy Volt and Ford
Fusion Energi, and B compares the sales trends of the Tesla Model S and BMW i3.

3.2 Parallel Trends in Corporate Financial Statistics

Figure 3 (A-F) demonstrates that the annual percentage change in three financial control variables approxi-
mately follow parallel trends. As seen in Figure 3E, Ford’s 2,821% decrease in net income from 2019-2020 is
a clear outlier. It can be ignored because only trends in the pre-treatment period (2014-2018) are relevant to
the parallel trends condition. BMW, GM, and Ford generally experienced moderate growth (often between
0− 15%) with respect to the three observed financial statistics throughout the entire pre-treatment period.
This pattern is perhaps explained by their legacy status in the automotive market. On the other hand,
Tesla’s outlier trend might suggest that the chosen control firm (BMW) is invalid. The existence of Tesla as
an outlier is outweighed, however, by robust parallel trends in sales of the treatment and control units and
parallel trends in the financial control variables of the three other automakers.
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Figure 3: Yearly Percentage Changes in Corporate Financial Statistics. Note: A and B show total asset
trends, C and D show the total liability trends, and E and F show net income trends. A, C, and E compare
GM and Ford, while B, D, and F compare Tesla and BMW.
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3.3 Effect of Federal Subsidy on Sales of Treatment Units

3.3.1 Initial Difference in Differences Estimate

With the parallel trends condition largely met with respect to sales and, to a lesser degree, corporate financial
statistics, the initial DiD estimate is calculated:

δ̂1 = (ȳB,2 − ȳB,1)− (ȳA,2 − ȳA,1) (5)

As seen in the second to last column in Table 2, the reduction in the federal subsidy caused nominal sales of
the Tesla Model S to decline by 11,091 and of the Chevrolet Volt to decline by 7,416, in 2019. The nominal
sales decline of the Model S is 49.6% greater than that of the Chevrolet Volt. The last column shows that

the nominal effect of the subsidy
(
δ̂1

)
is 56.8% and 29.6% of average sales in the pre-treatment period for

the Model S and Volt, respectively. Notably, the relative treatment effect
(∣∣∣δ̂1

∣∣∣ /ȳB,1

)
for the Model S is

91.9% greater than for the Chevrolet Volt. The average nominal effect of the subsidy
(
δ̂1

)
is 9,254, and the

average relative effect is 43.2% (= 56.8% and 29.6%).12

Table 2. Difference in Difference Estimate Components.

ȳA,2 ȳA,1 ȳB,2 ȳB,1 δ̂1 |δ̂1|/ȳB,1

Chevrolet Volt & Ford Fusion Energi 7,476 10,989 4,915 19,518 -11,091 0.568

Tesla Model S & BMW i3 4,854 7,427 15,090 25,079 -7,416 0.296

Note: ȳA,1 and ȳA,2 represent the average annual sales for the control units (Ford Fusion Energi and BMW
i3) before and after the treatment went into effect, respectively. ȳB,1 and ȳB,2 represent the corresponding

average annual sales for the treatment units (Chevrolet Volt and Tesla Model S). δ̂1 is the treatment unit

sales lost due to the reduction of the federal subsidy, and
∣∣∣δ̂1

∣∣∣ /ȳB,1 represents δ̂1 as a percentage of the

treatment unit’s average pre-treatment sales.

3.3.2 Generalized Difference in Differences Regression

Regression analyses with more rigorous statistical techniques are performed in order to determine the ro-
bustness of the predicted treatment effect. The linear regression model is specified by Equation 2:

Ymft = β0 + γf + λt + β1Dft + ϵmft (6)

As seen in Table 3, the regression 1 β1 coefficient of −16575.2 means the subsidy caused sales to decline by
about 16572 units. Among the specifications, regression 1 has the greatest absolute t-value (4.493) and is the

12The relative effect expresses the treatment unit’s decline in average post treatment sales as a share of average pretreatment
sales.
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most statistically significant (p-value = 9.05e−06). The range between the smallest and largest β1 coefficient
in absolute terms is 14740.9(= 16, 575.2 − 1, 834.3). The range between the largest and smallest t-value in
absolute terms is 3.347 (= 4.493− 1.146 ). Regressions 1 − 5 are statistically significant ( p-value < 0.05 ).
The absolute value of the β1 coefficient decreases as the number of years in the regression decreases. Mean-
while, the p-value of the β1 coefficient increases as the number of years in the regression decreases (except
for regression 7).

Table 3. Linear Regression Coefficients.

Independent Variable Estimate (β1) Standard Error t− value Pr(> |t|)

Subsidy Eligible (Regression 1) -16,575.2 3,689.5 -4.493 9.05e-06

Subsidy Eligible (Regression 2) -15,641.2 3,885.0 -4.026 6.86e-05

Subsidy Eligible (Regression 3) -14,713.8 4,122.3 -3.569 0.000412

Subsidy Eligible (Regression 4) -13,731.71 4,424.12 -3.104 0.00211

Subsidy Eligible (Regression 5) -11,958.0 4,773.7 -2.505 0.01299

Subsidy Eligible (Regression 6) -9,399.2 5,182.9 -1.813 0.0716

Subsidy Eligible (Regression 7) -6,227.2 5,435.0 -1.146 0.2544

Subsidy Eligible (Regression 8) 1,834.3 1,401.3 1.309 0.196172

Note: Linear regressions are conducted across 8 different year specifications. Regression 1 contains sales data
for years 2011-2019, regression 2 contains sales data for years 2012-2019, regression 3 for years 2013-2019,
and so on until regression 8, which includes sales data for years 2018-2019. The values in the "Estimate"
column represents the β1 coefficients (expressed in nominal terms). The standard deviation of β1 coefficients
across all specifications is 4, 790.7075 units (figure not shown in table).

3.3.3 Logarithmic-Linear Difference in Differences Regression

The log-linear regression is defined by Equation 3:

log Ymft = β0 + γf + λt + β1Dft + ϵmft (7)

As seen in the "Estimate" column in Table 4, the β1 coefficient in regression 6 is 1.56285. The corresponding
%Ymft (377.2403) indicates the federal subsidy increases sales by about 377%. The %Ymft in regression 1
(170.3805) and in regression 8 (177.4609) are relatively more modest. There are no statistically significant
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regression coefficients among the year specifications. The range between the smallest and largest %Ymft is
206.8598(= 377.2403−170.3805), and the range between the smallest and largest t-value is 0.17993(= 1.393−
0.894). In contrast to the linear regression, the β1 coefficient increases as the number of years included in
the specification decreases (except for regressions 7 and 8).

Table 4. Logarithmic-Linear Regression Coefficients.

Independent Variable Estimate(β1) %Ymft Standard Error t-value Pr(> |t|)

Subsidy Eligible (Regression 1) 0.99466 170.3805 1.11248 0.894 0.371772

Subsidy Eligible (Regression 2) 1.13398 210.8002 1.15282 0.984 0.325912

Subsidy Eligible (Regression 3) 1.28049 259.8403 1.17431 1.090 0.276340

Subsidy Eligible (Regression 4) 1.34049 282.0915 1.17633 1.140 0.25549

Subsidy Eligible (Regression 5) 1.48502 341.5054 1.15260 1.288 0.198989

Subsidy Eligible (Regression 6) 1.56285 377.2403 1.1218 1.393 0.16549

Subsidy Eligible (Regression 7) 1.35010 285.7811 1.0020 1.347 0.180708

Subsidy Eligible (Regression 8) 1.02051 177.4609 0.9964 1.024 0.310397

Note: Log-linear regressions are conducted across 8 different year specifications. Regression 1 contains sales
data for years 2011-2019, regression 2 contains sales data for years 2012-2019, regression 3 for years 2013-
2019, and so on until regression 8, which includes sales data for years 2018-2019. The "Estimate" column
includes the unmodified β1 coefficients. The values in the " %Ymft” column are the outputs from Equation
4. The standard deviation of %Ymft across all specifications is 80.6274% (figure not shown in table).

4 Discussion

4.0.1 Difference in Differences Estimate

Losing the federal subsidy caused an average sales decline equivalent to 43.2% of average pre-treatment sales
(Table 2); the federal subsidy has a substantial positive impact on EV sales.13 Notably, the relative effect
of the subsidy on sales of the Volt is 91.9% greater compared to the Model S. This result is consistent with
Layard, Mayraz, and Nickell (2008), who found that lower-income consumers have a higher marginal utility

13Recall that δ̂1 is 56.8% for the Chevrolet Volt and 29.6% for the Tesla Model S.
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of income than higher-income consumers. Since the more affordable Volt targets middle-income consumers,
while the luxury Model S is geared towards higher-income consumers, the same price reduction should
engender a stronger motivation to purchase the former than the latter.

Moreover, there is reason to believe the true treatment effect is greater than the initial estimate suggests.
While a reduced form of the subsidy was available for GM and Tesla throughout 2019, the subsidy has
since been fully eliminated for the two companies. For GM in particular, 2019 is an incomplete post-
treatment period as the firm was still receiving 100% of the subsidy in Q1 of 2019.14 This likely caused
GM’s EV sales in the post-treatment period to be slightly greater than if the treatment was in effect for the
entire post-treatment period (i.e., if GM was following the same phase out schedule as Tesla). Unlike GM,
Tesla was receiving the reduced subsidy throughout the post-treatment period; the treatment effect may be
underestimated to a greater degree for the Volt relative to the Model S (see Figure 1).

4.0.2 Generalized Differences in Differences Regression

The fact that many of the linear regression specifications have negative β1 coefficients runs against the grain
of intuitive economic theory.15 This factor, in addition to the right skewed nominal sales data, reduces
confidence in the results of the linear regression and motivates a logarithmic linear regression analysis (see
Appendix C).16 The substantial positive treatment effect indicated by the log-linear regression is in line
with that of the initial estimate. The log-linear regression shows that the federal subsidy increases EV sales
by more than 300% in the most extreme case and by about 170% in the least extreme case. It is highly
implausible that the federal subsidy increases EV sales to the extent that the log-linear regression indicates.

The β1 coefficients of linear regression specifications 1 − 5 are statistically significant at the 5% level,
favoring H1. T high standard errors across all log-linear specifications do not support H1. However, they
suggest that more modest β1 coefficients could be obtained if additional data points are included in the
regression. The overall lack of statistical significance in the results of the regression model give reason for
greater reliance on the results of the initial estimate.

4.1 Limitations

4.1.1 Availability of Data

The lack of statistical significance in the regression model is not so much a result of underlying flaws in
study design as lack of sales data (especially with respect to treatment units). Several contingent factors
motivate future empirical evaluations of the treatment effect. Variation in β1 will decrease if data from more
control and treatment units is utilized. While a growing EV market clearly attracts new automakers to enter
(creating additional control units), it also motivates some existing manufacturers to produce new car models
even if they do not qualify for the full federal subsidy (creating additional treatment units). Additionally,
several EV automakers are expected to exceed the sales cap in the next few years (Federal EV Tax Credit
Phase Out Tracker by Automaker, 2021).17 If they receive less than the full federal subsidy, their existing
(control) units would become treatment units. Variation in β1 can also be reduced by utilizing more frequent

14The issue of an incomplete post treatment period could have been at least partly avoided if sales data were organized by
month or quarter. However, AFDC dataset used in this study organizes sales by year.

15It is a well-known among experts and laymen that demand for a normal good increases as its price decreases (as opposed
to say, Veblen or Giffen goods). However, Table 3 shows that the federal subsidy decreases sales.

16The counterfactual’s significant sensitivity to the number of years in the pre-treatment period reduces confidence in the β1

coefficients of both the linear and log-linear regression.
17Toyota is expected to exceed 200,000 EV sales in Q2 of 2022, followed by Ford in Q3 of 2022.

13



sales data (e.g., monthly, weekly).18 Even if the AFDC dataset continues to be organized at the annual level,
the number of data points will naturally increase as data is added from more years. It would be insightful for
further empirical examinations of the federal subsidy’s effect to incorporate more frequent sales data from
more units.

4.1.2 Study Scope

It is possible the treatment effect found in the initial estimate
(
δ̂1

)
differs significantly from the average

treatment effect for all EV manufacturers. If this is the case, the application of the treatment effect would be
limited to Tesla and GM. However, given that data for treatment units is limited to Tesla and GM, the fact

that the treatment effect
(
δ̂1

)
is broadly consistent with intuitive economic theory suggests that it should

apply to all EV manufacturers.
The results of this study are only applicable to the U.S federal income tax credit. One may intuit that a

proportional relationship exists between (1) the effect of smaller state income tax credits and the larger U.S
federal income tax credit, and (2) between other countries’ federal income tax credits and the U.S federal
income tax credit. But, the question of whether such proportional relationships exist unclear. Future research
that seeks to answer these questions would provide insight into the relationship between federal and state
EV subsidy design.19

4.2 Omitted Variables

4.2.1 Assumptions

The potential for factors unrelated to the federal subsidy to have affected EV sales in the post-treatment
period presents a possible limitation of this study. For instance, there are at least three potential limitations
concerning the previously stated assumptions (see Methods). First, the loss of the subsidy may have caused
a subgroup of price-conscious consumers to strategically shift away from the treatment unit in favor of
the control unit, violating assumption 2.20 While such behavior would exaggerate the difference in post-
treatment sales between the treatment and control unit, the potential overestimation appears to be trivial.
For, such strategically acting consumers are faced with a wide variety of similar EV brands. Thus, sales of
the treatment unit would be diverted to a broader group of models.21 Second, the parallel trends condition
may be violated if one of the observed units has a battery fire incident after the federal subsidy is reduced for
the treatment firm. However, these incidents are not particularly relevant to the parallel trends condition.
Reports of EV battery fires are not exclusive to a specific brand and the resulting consumer shock would
likely affect sales of all EV models rather than a single automaker (see, for example, Lambert, 2019; Colias
and Foldy, 2021). Third, the parallel trends condition may also be compromised if the error term, ϵmft,

18The latest year of available sales data in the AFDC dataset is 2019, meaning each treatment and control unit has only one
data point from the post-treatment period. If, for example, the AFDC records sales data on a monthly basis, the empirical
analyses specified in this study can draw from a data pool of post-treatment units 12 times larger than the size of the data pool
at the time of writing.

19The question of whether relationship (2) is proportional is especially important given the expected rise in India and China’s
share of global energy consumption, of which transportation is a major driving force. See China and India account for half of
global energy growth through 2035, 2011.

20Recall that the treatment and control units are selected based on their similarity with respect to a set of characteristics.
See Methods.

21Prominent alternatives to Tesla include luxury brands Mercedes, Porsche, and Volvo. Similar mid-price alternatives to
Chevrolet include Nissan, Toyota, and Smart.
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is correlated with Dft. Nonetheless, it is appropriate to assume ϵmft is not correlated with Dft since the
treatment and control units are reasonably similar (see Results).22 While the assumptions in this study are
limited in some regards, closer examination reveals that they are unlikely to cause a major overestimation of
the treatment effect.

4.2.2 Anticipation of Treatment

The treatment effect may be overstated if market participants act strategically in anticipation of the treat-
ment. For example, producers expecting to lose the federal subsidy may decide against starting the develop-
ment of new EV models, stop ongoing development of EV models, or discontinue existing EV models that are
most adversely affected by a reduction in the federal subsidy. Consumers can act strategically by purchasing
the treatment unit earlier than they anticipated in order to take advantage of the federal subsidy. These
behaviors could be seen in a pronounced swing in sales of the treatment unit shortly before the treatment
goes into effect. Figure 2 (A-B) reveals that instead of being a major swing, sales growth from 2017-2018
was the smallest for all units (excluding the Ford Fusion Energi).

4.2.3 Discontinued Chevrolet Volt

The initial estimate of the treatment effect on sales of the Chevrolet Volt could be an overestimation since
it does not account for the fact that the Chevrolet Volt was discontinued in March 2019 (Lambert, 2018).
The lack of a 2020 model may have dissuaded consumers intent on purchasing the new model. However,
the recorded sale of 68 new Volt units in 2020 implies the Volt was still available for purchase throughout
2019 and 2020 (Cain, 2021). The unit’s discontinuance is unlikely to substantially confound the effect of the
federal subsidy.

5 Conclusion

While the issue of EV policy has come to the fore, there is a lack of evidence on the effect of the federal EV
income tax credit on sales. Despite potential shortcomings, this study contributes an important finding to
the growing federal interest in EV policy and introduces fruitful avenues for further inquiry. Most important
to this study’s examination, I find that a partial reduction in the federal subsidy caused EV sales to decline
by 43.2% on average. This indicates the federal subsidy has a substantial positive effect on EV sales. It
further suggests that one way to stimulate sales could be to raise the sales cap threshold. To build upon the
results of this study, future work should use rigorous empirical techniques that incorporate more frequent
time series data and data from more units.
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8 Appendix

8.1 A. Role of Electric Vehicles in Promoting Human Welfare

Sometimes regarded as "the most important number you’ve never heard of," the social cost of carbon (SCC)
is an important tool used by policymakers to compare the cost and benefits of environmental policies (Roster,
2021)

The average net social benefit per EV can be estimated by multiplying the difference in lifetime carbon
emissions between the average EV and ICE by the SCC (Aguirre et al., 2012).23 The low bound net social
benefit is $1, 583 (using the White House’s 3% discount rate SCC of $51 per metric ton), while the high bound
net social benefit is $3, 881 (using Carleton and Greenstone’s 2% discount rate SCC of $125 per metric ton)
(Interagency Working Group, 2021; Carleton and Greenstone, 2021). Applying the average treatment effect
obtained in this study, the social opportunity cost per EV model in 2019 is $14.6 million in the low SCC
scenario, and $35.9 million in the high SCC scenario.24 The global net social impact is dramatically higher.

23Using a life cycle assessment (LCA), Aguirre et al. (2012) find the difference in lifetime carbon emissions between an EV
and an ICE to be 31.045 metric tons.

24The average effect found in the initial estimate, 9,254, is determined by averaging the effect of the federal subsidy on sales
of the Tesla Model S and Chevy Volt. It does not necessarily represent the average effect the subsidy would have on sales of
every model in the EV market in 2019.
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According to UN estimates, some 1.2 billion new cars will be added to the global fleet by 2050. Assuming
that all new cars are ICEs and that the net social benefit per EV remains constant at the low bound ($1, 583),
the global social opportunity cost is around $1.9 trillion (Modaresi, 2014).

The estimates of the net social benefit per EV suggest a reduction of the maximum credit ($7, 500) by
$5, 917 (using the low estimate) and $3, 619 (using the high estimate). Though, at least three contingent
factors indicate that a reduction may not be optimal. First, an LCA narrowly measures environmental impact
in terms of carbon emissions, excluding other relevant factors such as nitrogen oxide and volatile organic
compound emissions. An LCA that accounts for a broader array of environmental factors could indicate a
greater EV net environmental benefit than current estimates suggest. Second, current SCC estimates exclude
an increasingly important factorequity. The same nominal damage from climate change clearly has different
impacts on countries of varying prosperity.25 If wealth and income inequality continue to grow between
the so-called global north and south, which I expect it will, then the impact of climate change will become
even more disparate on a country level comparison (not to mention the growing income inequality within
many developed and developing countries). An equity-weighted approach would account for disproportionate
climate implications between regions. If implemented, it could raise the SCC by a factor of 2.5 or more
(Anthoff and Johannes, 2016). Third, the SCC does not account for the cost of consumer responses to
growing climate risk. The increasing frequency and intensity of extreme weather events would likely lead
consumers to purchase preventative measures such as insurance (Erb, 2021). These factors reduce confidence
in the current EV net social benefit. Given the uncertainty of the SCC and EV net environmental benefit, it
may not be optimal to lower the maximum credit of the federal subsidy until more comprehensive estimates
are available.

8.2 B. Alternative Policy Design

Although this study finds that the current federal income tax subsidy substantially increases EV sales,
alternative policy designs might be more cost-effective.

8.2.1 I. EV Charging Infrastructure

The slow charging time of EVs on standard household plugs has greatly stimulated demand for public fast-
charging stations. Despite the integral role of access to fast charging in consumer purchase decisions, these
stations have been underproduced because of a free-rider problem: individual firms incur significant costs to
set up and maintain extensive public charging infrastructure, but benefits (i.e., access to charging) can be
easily exploited by consumers of other firms that do not pay (i.e., free riders). If automakers act rationally,
there will be a lack of charging stations since firms do not want to shoulder the private costs of building
charging stations while being forced to share in the benefits.26 Despite the attempt by third party firms to
bridge this supply gap, the charging fees they impose on consumers raises the cost of owning an EV and

25Hurricanes Dorian and Harvey illustrate how a climate disaster can have markedly different relative impacts on regions of
varying wealth. Dorian, which made landfall in the relatively poor island nation of the Bahamas, costed $3.4 billion (a significant
but not exceptional figure). Despite the moderate nominal damage, the effect of the hurricane on the islands of Grand Bahama
and Great Abaco in particular are strikingly visible today. Meanwhile, Harvey caused around 37 times more damage than
Dorian ($125 billion), but evidence of its existence has all but disappeared since it made landfall in Texas (a relatively wealthy
U.S state). See Blake and Zelinsky, 2018; Damages and other impacts on Bahamas by Hurricane Dorian Estimated at $3.4
billion: report, 2019 .

26Tesla has evaded this market failure by creating a global network of proprietary "supercharger" stations. See
https://www.tesla.com/supercharger. This network makes charging more convenient for Tesla customers but may waste re-
sources as it duplicates the number of necessary charging stations.
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diminishes the expected value of fuel savings - the primary cost advantage of owning an EV over owning
an ICE. Federal intervention could attempt to solve this free rider problem through direct construction or
subsidization of a nationwide network of free public fast charging stations.

Li et al. (2017) estimate that subsidizing charging infrastructure could be twice as effective at encouraging
EV consumption than the current federal income tax subsidy. This provides strong motivation for the federal
government to subsidize construction of EV charging infrastructure. The Infrastructure Investment and Jobs
Act does just that, allocating over $7 billion in federal funds to EV infrastructure. Even so, the true effect
of such investment on EV sales remains unclear.

8.2.2 II. Income Tiered Incentives

An income stratified subsidy that favors lower income consumers is more politically palatable than the
federal subsidy. It also increases marginal environmental benefits. This is because, holding its environmental
footprint constant, an EV replacing a less fuel-efficient ICE creates a greater marginal environmental benefit
than if it were replacing a more fuel-efficient ICE. Bhat, Sen, and Eluru (2009) find that lower-income
consumers tend to drive vehicles that are older, more polluting, run on fossil fuels, and drive them longer than
higher-income consumers. An income stratified version of the federal subsidy reflects this higher likelihood.
For example, low-income consumers could receive a maximum credit greater than the current maximum of
$7, 500, and high income consumers receive a maximum credit less than $7, 500. While a recent amendment
to the $3.5 trillion Democratic infrastructure proposal put forth by Senator Deborah Fischer (R-Neb.) aims
to address the issue of equity in the federal subsidy,27 it differs fundamentally from the framework suggested
here.28

8.2.3 III. Salience in Consumer Purchase Decisions

A central assumption in public finance is that agents fully optimize their behavior with respect to taxes. The
current federal income tax credit performs optimally under this assumption. However, recent literature on
salience demonstrates that agents are inattentive or myopic to some forms of taxes (Goldin, 2015; Chetty,
Looney, and Kroft, 2009; Finkelstein, 2009). In the context of the federal subsidy, this literature suggests
that policymakers should prioritize more salient subsidies such as sales tax reductions and rebates over the
existing federal income tax credit.

Another factor in consumer purchase decisions related to salience is redemption cost, which varies based
on the complexity of the subsidy and the labor required to obtain it. Sales tax reductions and fee exemptions
require no redemption costs as they can be made available at the point of sale. Meanwhile, the relatively
high redemption cost of less salient incentives such as rebates and tax credits diminish their expected value
for consumers. The combined effect of high redemption costs and low salience may be illustrated by the
relatively small uptake rate of California’s state EV rebate program.29 However, there is scarce empirical
evidence for the relationship between low uptake rates and EV sales, and if the low uptake rates are due to
low salience or high redemption costs.

27Senator Deborah Fischer’s non-binding amendment to the current $7, 500 federal tax credit would eliminate the federal
subsidy for all EVs priced over $40, 000 and for households with an income of $100, 000 or more. See press release: Fischer
Opposes Senate Democrats’ Reckless Tax and Spend Plan, 2021.

28Notably, the Bloomberg NEF Electric Vehicle Outlook predicts that the average price of most EVs will fall below $40, 000
around 2030, implying that Senator Fischer’s amendment may be a decade too early.

29As of 2015, there was a 74% redemption rate for California’s state EV rebates (currently valued up to $7, 000) (see Clean
Vehicle Rebate Project, 2015). I use California’s rebate in lieu of the federal income tax credit since there is scarce evidence for
the uptake rate of the federal subsidy. This is appropriate because 42% percent of U.S. EVs are purchased in California, and
rebates and tax credits are similar in terms of salience (see Electric Vehicle Registrations by State, 2020).
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8.3 C. Descriptive Statistics

Table 5. Regression Model Descriptive Statistics.

Independent Variable Min Q1 Median Mean Q3 Max
SD

Nominal Sales 0 0 9 3,368 2,015 154,840
10,729.30

Logarithmic Sales 0 0 2.303 3.803 7.609 11.950
3.89

Note: In the nominal sales data, the mean (3, 368) is about 374.22 times larger than the median (9), indicating
a significant right skew. In the logarithmic sales data, the mean (3.803) is about 1.65 times greater than the
median (2.303). The mean to median ratio of the logarithmic sales data is considerably smaller than that of
the nominal sales data, indicating the logarithmic sales data has a more normal distribution. The primary
data points influencing the nominal sales distribution’s right skew are sales of the Tesla Model 3 in 2018 and
2019(139, 782 and 154,840, respectively). Its sales in 2018(139, 782) is about 12.6 standard deviations above
the mean, and its sales in 2019 (154, 840) is about 14.4 standard deviations above the mean.
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