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Abstract  
 
This paper examines the impact of charging infrastructure on electric vehicle (EV) adoption across 
U.S. states from 2016 to 2021. Using a fixed-effects Negative Binomial regression model, the 
study finds a strong, positive relationship between the number of charging ports and EV demand, 
indicating a 10% increase in ports yields a 9% rise in EVs. EV adoption is also positively 
influenced by income and gasoline prices. Contrary to expectations, government incentives and 
population density show limited or negative effects. These findings underscore the critical role of 
infrastructure in EV adoption and inform targeted, data-driven transportation and environmental 
policy strategies. 
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1. Introduction 
 
Due to environmental concerns, specifically carbon emissions, countries are looking into 
alternative energy for transportation. China alone accounts for 30% of the emissions and has 
responded by using subsidies and tax breaks to encourage the adoption of electric vehicles (EVs); 
it accounts for over 50% of the global EV market (Jaeger, 2023). In the US, a major oil-producing 
and consuming country, where the use of personal vehicles is common and accounts for 15% of 
global carbon emissions, alternative fuel vehicle (AFV) use has been the promoted option for many 
years. The US response to these environmental concerns was essentially government policies 
encouraging ethanol use, resulting in a significant increase in flex-fuel vehicles (FFV) or E85 
adoption since 2006. However, the future of significant growth since 2006 is uncertain due to the 
ethanol blend wall, which has given way to new alternatives such as Electric Vehicles (EVs). 
Figure 1 shows that the growth of FFVs dampened the use of EVs until 2014, when EVs' 
acquisition began its exponential growth, thanks to Tesla. 
  

 

Figure 1: Alternative Fuel Vehicle Acquisitions by Fuel Type 
However, the availability of EV charging stations and ports is limited, thus making EV ownership 
an inconvenience, resulting in the so-called “range anxiety,” and thus probably slowing its 
adoption. In addition to the lack of infrastructure, such as charging stations, and differences in 
political ideology (particularly between conservatives and liberals, which are reflected in red and 
blue states' policies), influence attitudes toward environmental protection and thereby affect the 
adoption of EVs.  How does the number of EV charging ports influence EV adoption across US 
states, and how does political ideology moderate the relationship? This paper aims to examine the 
effect of charging infrastructure (measured by the number of EV charging ports) on the adoption 
of EVs across the 50 US states and Washington, DC, using panel data analysis. In doing so, it 
addresses the lack of state-level panel quantitative evidence quantifying how public infrastructure 
shapes EV demand, particularly in comparison to substitutes like FFVs.  The next section presents 
the growth of EVs in the US. This is followed by factors influencing EV adoption, model 
specification, results and discussion, and summary and conclusion in that order.  
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2. The Growth of Electric Vehicles in the US 
 
US electric vehicles can be traced back to the 19th century, with an electric locomotive with a 
limited range of 1.5 miles at four mph (Rodriguez, 2023). Range anxiety has shaped the history of 
electric vehicles (EVs) since the 19th century, as Wilson (2023) detailed. The Electric Vehicle 
Company once operated 600 electric cabs in New York and used battery swapping stations. 
Despite early interest, EVs lost ground to internal combustion engine (ICE) vehicles after electric 
starters eliminated the need for hand cranking. While early models like the Ford Model T existed, 
Tesla’s 200-mile range in 2008 revived consumer interest. 
 
Tesla is a plug-in only EV or battery EV (BEV), but as outlined by Laufenberg et al.,(2010), there 
are three main EV types. Hybrid electric vehicles (HEVs), like the Toyota Prius, dominated the 
market before 2016, making up 90% of EVs, but their share has declined to about 70% since 2021. 
HEV batteries offer only a 2–3-mile range (NHTSA, n.d.). Battery electric vehicles (BEVs), such 
as the Nissan Leaf and Tesla models, run solely on electricity with ranges from 150 to 400 miles 
and have gained market share from 5% to 20%. Plug-in hybrid EVs (PHEVs), like the Chevrolet 
Volt, bridge both types and make up the rest of the market, with ranges of 20–70 miles (NHTSA). 
Since HEVs and PHEVs use gasoline, this study focuses on BEVs. 
 
BEV registrations rose from 280,000 in 2016 to 1.4 million in 2021 (DOE). Their growth has 
reduced average CO₂ emissions from 357 to 337 g/mile and achieved 119 mpge (miles per gallon 
equivalent) versus 26 mpg for all vehicles (EPA, 2023). Federal and state policies continue to 
support BEV adoption through incentives, emission standards, and infrastructure investment. The 
2021 infrastructure bill includes $7.5 billion for 500,000 charging ports by 2030. Walmart plans 
to expand charging stations nationwide (Kapadia, 2023), and Tesla has opened 12,000 
superchargers to non-Tesla users (Ford Motor Company, 2023). While there are many discussions 
on the various platforms on the expected impact of charging stations and ports on EV demand, 
there is no quantitative study on the subject. This study quantitatively examines how charging port 
availability influences BEV demand. Specifically, to what degree does the availability of charging 
ports influence EV acquisition? The next section of the paper is a summary of factors in the 
literature influencing EV demand. 
 
3. Factors Influencing EV Demand 
 
The demand for electric vehicles (EVs) is shaped by a combination of economic, technological, 
policy, infrastructure, and socio-demographic factors. One of the primary considerations is the 
total lifetime cost of ownership, including the purchase price, operating costs, maintenance, and 
environmental externalities. Although EVs generally have higher upfront purchase prices than 
conventional internal combustion engine (ICE) vehicles, their operating and maintenance costs are 
considerably lower due to lower fuel and servicing requirements. Government incentives such as 
purchase rebates and tax credits have been introduced to reduce the initial purchase cost, although 
evidence regarding their effectiveness is mixed. While financial incentives can stimulate EV 
adoption, recent evidence suggests that investment in charging infrastructure may provide 
comparable or even greater long-term benefits by reducing range anxiety and improving vehicle 
usability (Ledna et al., 2022).  
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Charging infrastructure has become one of the most important determinants of EV adoption. Public 
charging stations complement home charging by providing convenient charging opportunities for 
drivers without access to private parking and by facilitating longer-distance travel. According to 
the International Energy Agency (IEA), public charging infrastructure is a key enabler for EV 
adoption in dense urban areas, particularly where access to home charging is more limited (IEA, 
2023). The agency's most recent outlook reinforces this point, noting that while access to home 
and other private charging remains important, the availability and accessibility of public charging 
is key to enabling wider access to EVs, with the global stock of public charging points surpassing 
7 million by the end of 2025 (IEA, 2026). Peer-reviewed research corroborates this pattern at the 
sub-national level: using census-tract data from Washington State, Gifford & Barbier (2025) find 
that the existing local stock of public chargers is consistently and positively associated with higher 
EV adoption, with stronger effects observed for battery electric vehicles (BEVs) than for plug-in 
hybrids. Public fast chargers also reduce range anxiety and increase consumer confidence in 
adopting battery electric vehicles, a mechanism the IEA (2023) attributes specifically to publicly 
accessible fast chargers located along motorways, which enable longer journeys and address range 
anxiety, a persistent barrier to adoption. 
 
Technological improvements continue to influence consumer demand. Battery capacity, driving 
range, charging speed, and vehicle reliability have improved substantially over the past decade, 
reducing many of the concerns that historically discouraged EV adoption. Even so, reliability 
concerns have not disappeared entirely from the consumer decision calculus. Dominici et al. 
(2026), using a Kano-model analysis of EV purchase resistance in Southern Italy, find that 
epistemic trust—built through understanding and confidence in a product's reliability—remains 
key to the adoption of unfamiliar technologies, and they argue that transparent battery performance 
guarantees and field failure data can improve that trust. Nevertheless, battery performance remains 
sensitive to ambient temperature. Extremely cold or hot weather can reduce battery efficiency and 
driving range, making regional climate an important determinant of EV adoption. Using chassis 
dynamometer testing in a thermal chamber, Seo et al. (2025) find that usable battery energy 
declines by 4–8% at −18°C relative to 22°C, with HVAC energy consumption—especially cabin 
heating—proving to be the most dominant variable affecting EV driving range. Real-world driving 
data tell a similar story at more moderate temperatures: Park et al. (2025) report that at −15°C, 
energy efficiency dropped by 67% in city driving and 42% on the highway due to heating demand, 
while at 35°C, energy consumption rose by 24% in city driving and 12% on the highway due to 
air conditioning load. Temperature differences across U.S. states therefore remain an important 
consideration when modeling EV demand. 
 
Economic conditions also play a significant role. Higher household income increases consumers' 
ability to purchase relatively expensive EVs, while higher gasoline prices improve the relative 
operating cost advantage of electric vehicles over gasoline-powered automobiles. Consequently, 
income is generally expected to have a positive relationship with EV demand, whereas higher 
gasoline prices increase the attractiveness of EV ownership. This relationship is well established 
in the economics literature. A synthesis of recent studies by the Transportation Energy Institute 
finds that BEV demand elasticities to gasoline prices generally fall in the range of ~0.5 to ~0.9, 
such that a 20% increase in gasoline prices is associated with roughly a 10–18% increase in BEV 
sales (Transportation Energy Institute, 2026). Using panel data from California, Bushnell and 
Rapson (2022) similarly find that a given change in gasoline prices has roughly four to six times 
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the effect on EV demand as a similar percentage change in electricity prices. Income effects also 
interact with infrastructure. In a county-level panel of Washington State, charger deployment was 
found to increase EV adoption, but the effect is concentrated in high-income counties, with fast 
chargers generating larger and more widely distributed adoption gains than slower charging 
options (Gifford & Barbier, 2026). Relatedly, Muehlegger and Rapson (2022) find that EV demand 
among low- and middle-income households is highly price-elastic, with a 10% price reduction 
increasing low- and middle-income sales by roughly 21%, underscoring how affordability and 
income jointly shape adoption. 
 
Government policies influence EV adoption through a variety of mechanisms, including purchase 
incentives, tax credits, charging infrastructure investment, emission regulations, utility programs, 
and other supportive legislation. However, recent studies emphasize that policy effectiveness 
depends not only on the presence of incentives but also on their magnitude, accessibility, and 
interaction with charging infrastructure and vehicle availability. This is not a new insight: in an 
early and influential study of hybrid-vehicle incentives from 2000–2006, Gallagher and 
Muehlegger (2011) found that the type of tax incentive offered is as important as the value of the 
tax incentive—conditional on value, sales tax waivers were associated with more than a ten-fold 
increase in hybrid sales relative to income tax credits, since waivers are immediate and easy to 
obtain while tax credits are delayed and harder to apply for. More recent work extends this logic 
to EV subsidies and charging infrastructure jointly. Complementary investment in charging 
stations and purchase subsidies was found to have larger impacts for lower-income car buyers who 
live in low-density areas, demonstrating the intricate interactions between affordability and 
charging station accessibility in driving consumer decisions. Considerable variation exists across 
U.S. states in both policy design and implementation, suggesting that differences in state policy 
environments contribute to regional differences in EV adoption. 
 
Finally, socio-demographic and geographic characteristics influence EV demand. Population 
density can affect adoption in opposing ways. Dense urban areas typically offer greater access to 
public charging infrastructure and shorter travel distances, both of which favour EV adoption. 
However, apartment dwellers often have limited access to home charging, potentially offsetting 
these advantages. Nationally representative survey evidence supports this tension directly. In a 
National Renewable Energy Laboratory (NREL) study of residential parking and electrical access, 
Ge et al. (2021) found that compared to households in high-density suburban areas, individuals 
living in low-density suburban or rural areas were significantly less likely to adopt a plug-in EV, 
while the coefficient on living in an urban area itself was negative relative to high-density 
suburbs—a pattern consistent with reduced home-charging access among urban renters and 
multifamily-housing residents. The World Resources Institute likewise notes that renters and 
residents living in multifamily housing lack the ability to integrate charging into their own private 
residence, making areas dense with apartment complexes and rented properties more likely to be 
"charging deserts" (World Resources Institute, 2023). Consequently, the relationship between 
population density and EV adoption remains an empirical question rather than a theoretical 
certainty. 
 
Overall, the literature indicates that EV adoption is influenced by a complex interaction among 
charging infrastructure, vehicle costs, government policy, gasoline prices, technological 
improvements, climate, and demographic characteristics. Because these factors differ considerably 
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across states, state-level panel analysis provides an appropriate framework for examining EV 
demand. 
 
4. Methods 
 
 4.1 Demand Model Specification for EV   
The general demand function consists of the quantity demanded of the good in question, its price, 
the buyer's income, the price of a related good, and other demand shifters. The literature shows 
that many factors could affect EV demand, but most are unmeasurable. This study includes only 
measurable factors, as shown by their summary statistics in Table 1. 

 
Table 1. A Summary of Data (2016-2021) 
 

  Mean Std. Dev. 
Expected 
Sign 

Source 

Number of electric vehicles (EV)  14663  49800  NA 1 
Number of ethanol/Flex (FFV)  489598  497133  - 1 
Per capita personal income ($) (GDP)  54351  10055  + 3 
Number of charging ports (CP)  1577  3878  + 4 
Gasoline Price ($/gal) (PG) 2.42 0.396 - 5 
Number of Laws (Law) 8.54 7.53 + 5 
Price of EV (100 USD) (PEV) 392.7 24.98 - 6/7 
Population Density (PD) 397.5 1434.2 + 2 

  1 - US DOE Alternative Fuels Data Center; 2 – US Census Bureau; 3 – FRED; 4 - Alternative Fuels Data Center 
(AFDC); 5. US IEA; 6. IEA; 7. Lambert (2022) 
 
The studies by Holland et al. (2016) and Argue (2023) suggest that the demand for EVs could vary 
by state or region. The former study modeled the relationship between R&D investment and patent 
counts using econometric models suited for count data, accounting for firm-specific effects and 
overdispersion in panel data. The authors extend the Poisson regression framework to panel data 
with fixed and random effects. They tackle two issues: firm-specific heterogeneity and excess 
dispersion (variance > mean). Solutions include conditioning on total counts for fixed effects and 
introducing a random component into the Poisson mean, yielding a Negative Binomial model. The 
study shows that the Poisson model is limited due to overdispersion, and the Negative Binomial 
performs better. This pioneering paper lays the groundwork for modern count data methods in 
innovation studies. The study by Argue (2023) involving 4,200 EVs driven in 5.2 million trips 
shows that the most efficient temperature is 70-710F (21.1–21.7°C).  However, a temperature of 
about 900F (32°C) could reduce range efficiency by 10%, while a temperature decrease to 500F 
(10°C) could reduce efficiency by 50%. Consequently, regional temperature variation could affect 
regional EV adoption; hence, state-level data are used. 
 
This includes the 50 US states and the District of Columbia from 2016 to 2021. Except for the 
price of EV (PEV), all variations are mostly between states. This is because the same PEV data 
was used for all states. Most variables have higher standard deviations than their means, indicating 
high variability or abnormal distribution, which is expected due to the significant differences in 
state-level data. The last column of the table contains the sources of the various data.  
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The main factor of interest is the number of charging ports (CP), a proxy for range anxiety. The 
higher the number of charging ports, the lower the anxiety and the higher the expected demand for 
EVs. Other factors, serving as control variables, include price, income, the number of E85 vehicles 
(FFVs), and gasoline price, which is a competing factor for non-FFV users. Higher EV prices are 
expected to have a negative impact on the quantity of EVs demanded. Since the study involves 
state-level data, income is represented by state GDP per capita, and a positive relationship is 
expected between it and the number of EVs. The number of FFVs is a proxy for a competing good. 
The number of FFVs varies by state; hence, it is used instead of the FFV price, which would have 
been the same for all states. The expected relationship between the number of EVs and FFV is 
expected to be negative as they compete for the income of the environmentally conscious 
automobile buyers. The price of gas (PG) controls for the effect of regular internal combustion 
engine (ICE) vehicles; Higher PG makes EVs more appealing. Another control variable is 
population density (PD), which the literature suggests has a positive relationship with EV adoption. 
Lastly, we also used the number of state laws that incentivize EV adoption. They range from credit 
to infrastructural support, and it is expected to positively impact EV demand. 
 
4.2 Model Specification 
 
Building on the data description, we specify the demand for EVs as a function of CP and the seven 
control variables listed in Table 1.  
 
EVit = f(CPit, PEVit, FFVit, GDPit, PGit, PDit, Lawit)     (1) 
 
Ordinary Least Squares (OLS) assumes normal distribution, but the Shapiro-Wilk test shows the 
proposed model's dependent variable (EV) does not exhibit a normal distribution, which is 
expected since the number of EVs is a count variable. A count model, such as Poisson or Negative 
Binomial, performs better than other regression models if the dependent variable is a count 
variable. Negative Binomial performs better than Poisson when the data is over-dispersed, where 
the variance exceeds the mean (Cameron & Trivedi, 1986; Al-Qudsi, 1998).  
 
Negative Binomial derives its name from the negative binomial distribution, which considers the 
number of failures before a fixed number of successes. It is widely used in regression analysis 
when there is overdispersed data (Feller, 1968).  In 1984, Hausman et al, investigating the 
relationship between R&D investment and patent counts, extended the Poisson regression 
framework to panel data with fixed and random effects. Their approach (Hausman-Hall-Griliches, 
HHG) introduced fixed and random effects into the Poisson mean, yielding an NB model that 
performed better than the Poisson model. 
 
Allison and Waterman (2002) compared three fixed-effects models for panel count data and found 
that dummy-variable NB models perform better than the HHG NB and fixed-effects Poisson 
models. They used simulations to evaluate the performance in terms of bias and standard error 
estimation. In 2021, Schroder and Elsner applied Negative Binomial regression to model tornado 
and casualty counts from environmental data, including 25 years of US tornado records. The 
results show that environmental factors are strong predictors and that casualty risk is higher in the 
Southeast. To examine how CO₂ emissions affect renewable energy technology innovation 
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differently in oil-importing and oil-exporting countries, Liu, Liu & Zhang (2021) used panel data 
from 1997 to 2016 and applied fixed-effects NB regression models. The study focused on solar 
technology, and the results underscore the heterogeneity in policy effectiveness and market 
response depending on fossil fuel dependency. Hausmann test indicates the presence of fixed 
effects; hence, we fit a log transformation of the panel data to an NB without FE (equation 2) and 
with FE (equation 3).  
The model is 
 
EVit ~NB (ui = exp(Xit,β + γi), α)        (2) 
 
Where: 
 
- Xit are CP and control variables 
- µi = variance of EV 
- β are the regression coefficients 
- γi is the state fixed effect 
- α controls how much extra variance there is 
 
5. Results and Discussion 
 
 5.1 Estimation Results 
The Breusch-Pagan test indicates the presence of heteroscedasticity; hence, White’s robust 
standard errors were used. The results are presented in Table 2 below.  
 
 

Table 2. Estimates of Negative Binomial Model (GLM with NB Family) 

  Coefficient 
without FE 

Robust 
Std Error 

Non-
robust Std 

Error 

Coefficient 
with FE 

VIF 

Intercept -
27.262*** 4.074 6.994 

-59.34 
 

log_CP 0.926*** 0.055 0.078 0.394 3.347 
log_FFV 0.343*** 0.052 0.09 0.265 2.626 
log_PEV 1.342** 0.546 1.005 -1.023 1.257 
log_PD -0.062* 0.036 0.052 -1.464 1.826 
log_INC 1.285*** 0.311 0.454 6.956 1.915 
log_Law -0.080 0.056 0.101 0.030 1.161 
log_PG 2.963*** 0.406 0.651 0.023 1.624 
alpha 0.2796***     

***, **, and * denote significance at 1%, 5%, and 10% level, respectively 
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Overall, the model is a good fit. The dispersion parameter (alpha) is statistically significant at one 
percent, indicating that the preference for Negative Binomial over Poisson was justified. Also, the 
log likelihood is statistically significant at one percent, and multicollinearity is moderate (VIF < 
5.0).  
 
The coefficient on the primary variable of interest, the number of charging ports (CP), has the 
expected sign and is statistically significant at 1%. The results show that a 10% increase in the 
number of charging ports will result in a 9% increase in EVs. The coefficients on income (INC) 
and gas price (GP) also have the expected sign and are highly significant. Income elasticity is 1.29, 
indicating that EVs are luxury goods. EV demand is very sensitive to gas price, as a 1% increase 
in gas price will result in almost a 3% increase in the demand for EVs, and vice versa. The 
unexpected results include FFV, PEV, PD, and Law. Although FFVs and EVs were expected to 
be substitutes, the results indicate that states with high FFVs also have EVs. The implication is 
that an environmentally conscious buyer chooses FFV or EV, but there is no substitution between 
them. EVs seem to suffer from the Veblen (Snob) effect, as demand seems to suffer from perceived 
quality since it is considered luxurious or for environmental benefits rather than for their price. It 
is also possible that the government subsidies and credit have dampened the price effect. It is also 
possible that the increasing range of EV batteries is driving up both prices and demand for EVs.  
 
Population density (PD) also has an unexpected sign. The prior expectation was that highly dense 
areas would have more charging stations/ports and shorter distances between charging stations, 
which would make EVs more appealing. The negative relationship could be due to the availability 
of more efficient transportation and the lack of home charging in high-rise apartment buildings, 
which are common in densely populated areas. The number of EV laws does not significantly 
impact EV demand, which supports Chandra et al.'s (2010) finding that EV buyers would still have 
purchased them without government support.  
 
 5.2 State Fixed Effects 
The pooled Negative Binomial model without state fixed effects achieved a pseudo-𝑅𝑅2 of 0.867, 
indicating a good overall fit when all 306 state-year observations were analyzed jointly. However, 
examining the predictions by state revealed systematic overprediction in some states and 
underprediction in others. Thus, although the pooled model explains nationwide EV adoption 
reasonably well, it masks persistent state-level heterogeneity that is not captured by the observed 
explanatory variables. As illustrative examples (Figure 2), the model fits well for Nevada, as the 
points are clustered around the diagonal. It overestimates New York’s EV adoption as the points 
are above the diagonal and underestimates New Mexico’s adoption. This suggests that although 
the model explains nationwide EV adoption reasonably well, it does not capture persistent 
differences across individual states. 
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        Underestimate – New Mexico               Perfect – Nevada               Overestimate – New York 
 
Figure 2. Facets Plot of Expected versus Actual Number of EVs without State Fixed Effects 

 
Overestimation could result from specific state attributes, such as efficient transportation 
alternatives or policies that the model does not capture. The underestimation of New Mexico’s 
adoption could stem from higher EV adoption, but the model fails to capture factors such as 
infrastructure or incentives. To address this, state fixed effects were incorporated into the model. 
Doing so, the pseudo-𝑅𝑅2increased from 0.867 to 0.947, and the agreement between predicted and 
observed EV counts improved across the state-specific facet plots (Figure 3). The improved results 
indicate that much of the remaining prediction error in the pooled model was attributable to 
unobserved state characteristics rather than random variation. 

 

  

 
Figure 3. Facets Plot of Expected versus Actual Number of EVs with State Fixed Effects 
 

Due to space limitations, a choropleth map (Figure 4) is used to depict the accuracy of predictions 
by state, and it shows that 28 states have accurate predictions. Underestimation and overestimation 
account for 10 and 13, respectively. While no clear pattern is observable, it is evident that the states 
with overestimation are clustered or in close proximity to each other, highlighting the significance 
of geography or regional effects.   
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Figure 4. A Choropleth Map of EV Prediction Accuracy 
A limitation of this study is its reliance on the number of EV-related laws as the policy variable. 
Although this measure captures the breadth of a state’s EV policy environment, it does not capture 
the monetary generosity, eligibility restrictions, timing, or accessibility of incentives. For example, 
two states may have the same number of EV-related laws but differ substantially in the value of 
rebates, tax credits, charging grants, or utility programs available to consumers. Therefore, the 
insignificant coefficient on the law variable should be interpreted cautiously. Future research 
should develop a state-year measure of the effective incentive value relative to EV price to better 
compare the effects of financial incentives with those of charging infrastructure investment. 
 
6. Summary and Conclusion 
 
This paper investigates how the availability of electric vehicle (EV) charging infrastructure 
influences the adoption of EVs across U.S. states using state-level panel data from 2016 to 2021. 
Employing a Negative Binomial regression model with fixed effects, the study finds a statistically 
significant and positive relationship between the number of charging ports and EV adoption. Other 
key findings include the high sensitivity of EV demand to gasoline prices and a high positive 
income elasticity, confirming the luxury nature of EVs. Unexpected results included the lack of 
substitutability between FFVs and EVs, the limited role of government laws, and a surprising 
negative correlation with population density, likely due to factors like the lack of home charging 
in urban areas. Based on the findings, we make the following policy recommendations. 
 
More charging ports will be needed to promote EV adoption, but this will require significant 
funding, which could come from the revenue from a mileage-based road usage fee. This simplifies 
the recommendation by Xu et al. (2020) which proposes a different fee for BEVs and PHEVs (due 
to the states’ differences in observed and unobserved EV adoption factors) and prioritizing 
investment in EV charging ports in regions with low adoption but high growth potential, such as 
rural and underserved urban areas. EV adoption could benefit from the tailoring of deployment 
based on specific state characteristics revealed through fixed effects. Also, drawing on historical 
precedents and recent innovations in China, battery swapping stations can address range anxiety 
and reduce waiting times. This will require the standardization of battery technology. 
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