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Abstract

To combat climate change, this paper investigates numerous factors influencing Electric Vehicle
(EV) adoption across U.S. states from 2014 to 2022 using various multivariate machine learning
models. After testing multiple combinations and iterations of Gradient Boosting Machines,
Decision Trees, Neural Networks, and Regressors; RandomForestRegressor, XGBoost,
GradientBoostingRegressor, BayesianRidge, and LinearRegression were selected as the
optimal ensemble model. These models analyzed the impact of ten socioeconomic,
technological, operational, political, and policy variables on EV registrations per 10,000 people
and were trained on a curated dataset utilizing multiple sources rather than a pre-existing
dataset. Models were evaluated for quality of fit and robustness through control analysis and
repeated iterations; along with sensitivity analysis using the linear regression model. Contrary to
conventional thinking, findings through this work show that availability of charging infrastructure
was the most significant factor driving EV uptake, outweighing in-kind and financial policy
incentives. Notably, a 20% increase in charging infrastructure was linked to a 3.67% increase in
EV ownership. Statistically significant coefficients were also found for gas prices and motor fuel
taxes. These results provide novel insights for policymakers about the best practices to spur
greater EV adoption, suggesting that a strategy prioritizing infrastructure development could
more effectively promote EV uptake and accelerate the transition to a sustainable,
emissions-free future.

Introduction

Climate change is one of humanity’s greatest threats with the effects of continued warming
being numerous [1, 2], making the next 5 years as the most critical for climate action [3]. While
international action to combat this issue is desirable, mitigation at the national level in the United
States is both possible and still needed, given the US’s outsized role and impact on warming
with one of the highest CO2 emissions per capita in the world [4].

Driving U.S. emissions is the transportation sector, which contributes to roughly 29% of all
emissions [5]. Out of which, nearly half of transportation-related emissions come from light-duty
passenger vehicles [6, 7], also known as ICEVs (Internal Combustion Engine Vehicles), which
rely on gasoline for fuel [8]. To reduce these emissions, accelerating the adoption of electric
vehicles is necessary. As a note, when Electric Vehicle (EV) is referenced, it solely refers to
Battery Electric Vehicles (BEVs), or vehicles that run only on electricity from batteries built into
the car as defined by [8].

Most studies have found a strong positive correlation between the number of public charging
outlets and the sale of EVs [10, 11, 12]. [13] and [14] identify range anxiety as a major limitation.
To address this issue, [15] isolates two main ways: increasing the availability of EV charging
stations and increasing the range of each EV to assuage concerns about range anxiety [16, 17];
both factors are theorized to correlate to greater EV uptake. [18] find that changes in gas prices
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have four to six times the impact on EV adoption compared to electricity prices. Additionally,
electricity prices do have a strong negative correlation to EV adoption [19]. Previous studies
investigating the relationship between household income and EV adoption have found mixed
results [20, 21].

Political ideology has been found to significantly affect EV adoption, with 50% of EV
registrations in the top 10% most Democratic counties [23, 24]. This trend is explained by the
alignment of EVs with pro-environmentalist Democrats [25]. Research shows a negative
correlation between EV purchase cost and EV uptake, as well as the price of lithium-ion
batteries, which power EVs [26, 27, 28, 29]. In terms of policy variables, we see mixed results
with government tax credits [30, 31]; gas taxes have a negative impact [32, 33, 34] while
offering HOV access for plug-in and hybrid EVs positively impacts EV purchases [ 35, 36, 37].

Methodology
Models

To determine which ML models were to be used, a review of existing research was conducted.
[41] measured EV adoption in Italy, employing linear regression, bridge regression, decision tree
regressor and extreme gradient boosting regressor. [42] explored a multitude of different models
and combinations stemming from Gradient Boosting machines, extreme gradient boosting
machines, and random forests. [43] employed Support Vector Machine, Decision Tree, and
Random Forest. Finally, [44] and [45] use Gradient Boosting Decision Trees and linear
regression. Thus, | employed a combination of previously tested ML techniques: (Multivariable)
Linear Regression (LR), Bayesian Ridge Regression (BRR), Random Forest (RF), Extreme
Gradient Boosting (XGB), and Gradient Boosting Regressor (GB).

Data

Based on the factors analyzed to be the most critical in the literature review, this paper took into
account 10 socioeconomic, technological, operational, political, and policy variables to analyze
EV adoption from 2014 to 2022. These variables were: presence of EV charging infrastructure,
price of electricity, price of gasoline, median household income, political affiliation of state
legislatures, difference in average cost of purchasing an EV versus an ICEV, average EV battery
range, and average price of lithium-ion EV batteries. The policy factors were: EV tax credits, the
state motor fuel tax rate, and HOV access for EVs. The target variable was EV adoption,
measured in terms of total electric vehicles registered per 10,000 individuals in a given region.
Note that while there are 50 states in the US, 4 states were omitted from the dataset due to data
limitations.

EV charging infrastructure was calculated in terms of the number of public charging station
outlets in each state and relied on data from the U.S. Department of Energy (DoE) [46]. Price of
electricity entailed determining the residential cost of electricity per state in terms of cents per

" These states were: Alaska, Colorado, Hawaii, and New Hampshire. The District of Columbia (DC) was also omitted due to
data limitations.
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kilowatt of electric power and utilized data from the U.S. Energy Information Administration (EIA)
[47]. Price of gasoline was measured using data from the EIA [48], and variable was calculated
using the total wholesale/retail price of gasoline at gasoline refineries. Median income was
calculated as the average household income in each state and was determined using data from
the Federal Reserve Bank of St. Louis [49].

Political affiliation of each state used data from Ballotpedia, citing official electoral results [50].
Since this paper evaluated EV ownership trends at the state-level, political affiliation included
solely the party affiliation of members of the state legislature and the state governor. To measure
and scale political affiliation numerically based on each state’s various numbers of seats in their
upper and lower houses, an index from 0 to 1 was created, where 0 (100% Republican
legislature) and 1 (100% Democrat legislature). This index gave 50% of weight to whether the
governor is Democrat (1 if Democrat) and 50% equally between the lower and upper houses of
the legislature. To ensure each body was given equal weight, the total number of seats and the
number of Democrat-held seats were converted into the same relative units. The total state
legislature seats value was measured by multiplying the number of seats in the lower house by
the upper house seats and adding this to the product of the number of seats in the upper house
and the lower house seats. The total Democrat seat value was calculated by multiplying the
number of lower house seats held by Democrats by the total number of seats in the upper
house and adding this to the product of the number of Democrat seats in the upper house and
the total lower house seats.

The difference in cost of purchasing an EV versus purchasing an ICEV was calculated to be the
annual, industry-wide average cost of purchasing an EV in the United States minus the yearly
average cost of purchasing an ICEV. Data for the average price of an EV and of an ICEV came
from Kelley Blue Book’s annual September dataset on industry-wide prices [51]. Average range
of an EV is the total distance in miles an EV can drive on a fully charged battery. Data for this
cited the median EV range per year from the DoE. [52]. Average price of EV lithium-ion
batteries also used data derived from the DoE. [53]. Data was standardized and converted into
2021 dollars to adjust for inflation. To shift to the policy-making variables: EV Tax Credit is
designed to incentivize the purchase of EVs by reducing the cost of buying one. The total value
of the credit was calculated to be the sum of the baseline $7,500 federal credit plus the value of
the varying state credit. Due to the mixed literature consensus regarding efficacy of rebates
versus tax credits, this variable solely includes the financial incentives offered by states and the
federal government to subsidize the upfront cost of purchasing an EV. The Motor Fuel Tax,
commonly known as “the gas tax,” is a tax levied by states on the consumption of gasoline[54].
HOV Access refers to an exemption put into place by certain states that allows EVs to drive on
(HOV) Lanes. Data for this variable came from the U.S. Department of Energy’s Alternative
Fuels Data Center [55].
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Results and Discussion

We employed multiple machine learning models to conduct multivariate prediction of EV
adoption, with the key motive of understanding which variables had the largest impact on EV
uptake rates. Initial analysis revealed several key factors influencing EV adoption.

Error LR BRR RF | XGB GB
R"2 0.703 0.703 0.976 | 1.000 | 0.991
RMSE 12.46 12.47 3.57 | 0.03 | 2.22

Table 1. RMSE and R”2 values for all models: LR Regular, BRR Regular, RF, XGB, GB.

Table 1 compares different models used, with all models performing reasonably well with
RA2 values above 0.70, meeting generally accepted criteria for model accuracy [56].

Final LR | P-Values | BRR
Feature Type LR|{BRR| RF | XGB | GB | Rank | [N] [LR] [N]

Infrastructure | Technology 1 1 1 2 1 1 11.85| 9.50E-34 | 11.65
Motor Fuel
Tax Policy 5 4 1 2 2 3.30 | 1.84E-06 | 3.28
Gas Price Operational 3 3 4 3 3 6.14 | 1.25E-11 6.07
Lithium Price |Socioeconomic | 4 5 3 4 4 -3.32 | 4.19E-02 | -3.27
HOV Access |Policy 2 2 10 5 8 5 8.42 | 1.95E-06 | 7.69
Political_Con
trol Political 6 6 5 6 6 6 2.96 | 1.38E-04 | 2.94
Median
Income Socioeconomic | 9 9 4 8 5 7 0.79 | 3.18E-01 0.90
Electricity
Price Operational 7 7 6 9 7 8 -2.92 | 5.36E-04 | -2.76
Tax Credit Policy 10| 10 8 7 9 9 0.64 | 4.19E-01 0.58
EV Range Technology 8 8 9 1 10 10 1.68 | 3.18E-01 1.66
Car Price
Difference Socioeconomic | 11 1 11 10 11 1 -0.39 | 6.70E-01 | -0.30

Table 2. Relative Importance of Variables based on LR, BRR, RF, XGB and GB.
Standardized coefficient values for LR and BRR, along with LR P-values.

Table 2 presents the relative importance of each variable across five models based on
coefficients or similar extracted values from each model, as well as the standardized coefficients
based on the LR model. The final rank is the ensemble combined rank based on averaging the
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relative ranking across all models. Almost every model concluded that EV Charging
Infrastructure was the most important factor affecting EV Adoption. Increased charging
availability makes buying an EV more convenient and practical, easing “range anxiety” amongst
consumers, which has been previously identified as a major hindrance to EV adoption [14, 15,
16]. The large impact of infrastructure on adoption can be seen in the examples of Vermont (VT)
and Louisiana (LA): LA has the lowest number of charging outlets per 10,000, and VT has the
highest (13x LA). As a result, VT has 7x EVs per capita compared to LA. The two next most
impactful variables were Motor Fuel Tax and Gas Price, respectively — both consumption related
factors. Higher gas prices and fuel taxes make ICEVs relatively more expensive to own and
operate, increasing the cost-effectiveness appeal of EVs. Other factors that were found to
positively correlate to EV adoption were: median income, political control, and EV Range.
Political Control being positively correlated to EV adoption means that the greater degree to
which seats in a state legislature are held by Democrats, the higher the levels of EV adoption.
This is supported by evidence in the literature review [23, 24, 25]. Policy variables, EV tax credit,
Motor Fuel Tax, and HOV Access, also were found to positively correlate to EV adoption, in the
expected directions. However, these variables did not exhibit as much impact as the charging
infrastructure did.

Conclusion and Analysis

Using various regression-based analyses based on data from 2014 to 2022, and modeling
number of factors, it was concluded that EV charging infrastructure is the most influential factor
for driving EV adoption across the US. These findings challenge conventional policy making
approaches that prioritize financial and in-kind incentives.

Results show that state incentives are not nearly as effective at increasing EV uptake as is
greater charging infrastructure availability. ML techniques revealed that EV infrastructure was by
far the most impactful factor on EV adoption, with the outsized positive correlation between
infrastructure and adoption. Additionally, conducting sensitivity analysis reveals that even a 20%
increase in charging infrastructure availability could produce a 3.67% across-the-board increase
in EV uptake, the most sizable impact out of any variable or policy?. Gas prices also emerged as
a statistically significant factor, with a much stronger impact on adoption than electricity prices,
which indicates that the comparative costs of refueling an ICEV outweigh those of charging an
EV when influencing consumer purchasing decisions.

The importance of charging infrastructure over traditional incentives such as HOV Access, EV
tax credits, and motor fuel taxes suggests a need to rebalance current EV efforts. Rather than
solely continuing investment into tax credits to decrease the upfront vehicle purchase cost of
EVs, federal and state governments need to invest more into expanding infrastructure access
throughout the US. This data-driven approach, will lead to sound, cost-effective policy making.
Administering tax credits will cost the US government over $180 billion over the next 10 years
[57]. Conversely, federal calculations estimate that, the average public charging outlet costs
$15,000 to construct, which means that increasing charging infrastructure by 20% would require

2A 20% increase in charging infrastructure was found to result in a 2.5 increase in delta EV adoption, which is an increase of
2.5 EVs per 10,000 people. Given that the average EVs per 10,000 people in each state is roughly 68, this represents an
increase of around 3.67%.
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less than $500 million®. That compared to the $18 billion per year being spent on tax credits,
which are far less effective than increased charging infrastructure, strongly corroborates the
findings of this paper.

In terms of limitations, each state has unique political, economic, and social factors influencing
EV purchase decisions, including a litany of diverse types of incentives and policies, like varying
rebates and credits for charging infrastructure and vehicle purchases. For model simplicity,
these differences had to be generalized, potentially overlooking more nuanced, state-specific
trends. Future research could conduct more focused regional or state -level analyses to uncover
local trends in EV adoption. Additionally, the COVID-19 pandemic introduced unexpected
variability in many factors. Moreover, the static, unchanging nature of certain variables
throughout the entire 9-year dataset used may have contributed to uncertainty regarding their
impacts on EV adoption. Future research could investigate these constant variables further,
potentially using state-specific factors and build alternative models that can more accurately
account for each factor.
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