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ARTICLE INFO ABSTRACT
Keywords: This study examines consumer perceptions, knowledge, and adoption patterns of battery electric
Electric vehicle vehicles (BEVs), using survey data from 1,443 U.S. residents. Findings reveal persistent infor-
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mational and psychological barriers that hinder adoption among current non-adopters and chal-
lenge sustained use among current adopters. A binary logit model distinguishes BEV-only users
and BEV-mixed-fuel users, uncovering distinct socio-demographic profiles, motivations, vehicle
usage, and charging behaviors often obscured in aggregate analyses. BEV-only users are typically
younger, urban, and price-sensitive, often lacking dedicated charging access, whereas mixed-fuel
users place greater value on BEVs’ symbolic appeal and mitigate range concerns through access to
conventional vehicles. A multinomial logit model of non-adopters shows that BEV-related percep-
tions, knowledge, incentives, infrastructure access, and personal traits affect adoption intentions
in asymmetric ways. These findings highlight the need for flexible modeling and measurement of
adoption to capture the complex and varied drivers of BEV resistance and uptake across different
consumer groups.

1. Introduction

Electric vehicles (EVs) — battery electric vehicles (BEVs), plug-in hybrid electric vehicles (PHEVs) and hybrid electric vehicles
(HEVs) — have seen significant adoption growth in recent years (Energy, 2025). Among all EV types, BEVs are distinct in being
fully electric, having no tailpipe emissions, and requiring dedicated charging infrastructure. In the United States (U.S.), new EV sales
reached nearly 3.2 million in 2024, with BEVs accounting for almost 40% of those sales (Statistics, 2025). BEVs also represent the
fastest-growing segment of the EV market in the US, with sales more than tripling between 2020 and 2024 (Sugihara and Hardman,
2022). Yet recent data suggest that the growth rate of BEVs appears to be slowing (Statistics, 2025). At the same time, the BEV rental
and leasing market continues to under-perform relative to industry expectations. For example, a rental car company announced a
rollback of its electrification plans, citing low customer demand and repair challenges (Shakir, 2024). This confluence of rapid uptake
and emerging barriers makes the BEV market in the U.S. a critical focus for both industry and academic research.

A comprehensive review by Gore et al. (2024) highlights a wide range of demographic, socio-economic, environmental, tech-
nological, infrastructural, and attitudinal factors that influence consumers’ acceptance and long-term adoption of BEVs. Two major
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research gaps emerge from the literature. First, most studies treat BEV adopters and non-adopters as internally homogeneous groups
(Li et al., 2017), even though some recent works begin to challenge this assumption. For instance, Hardman et al. (2016) differentiate
between high-end and low-end BEV adopters, showing that these groups differ significantly in socio-economic profiles and long-term
adoption intention. Similarly, Burs et al. (2020) segment potential BEV adopters into three groups based on hypothetical product
attributes and personal characteristics. Despite this growing recognition of heterogeneity, few studies rigorously model BEV adoption
behavior in relation to the fuel-type composition of existing household vehicle fleets, even though prior research has shown that
individuals grouped by their current vehicle fuel type exhibit distinct demographic traits, motivations, and barriers to BEV adoption:

¢ BEV-only owners: Households that own only BEVs. Research on this population group is quite limited, largely due to the low
prevalence of BEV-only households. Studies show that over 90% of BEV owners in the U.S. live in multi-vehicle households (Li
et al., 2019; Davis, 2022), and an Automotive Consumer Trends Report (Experian, 2024) suggests that 81% of EV owners also
own a gasoline-powered vehicle. Using a small sample of 33 households from the 2017 U.S. National Household Travel Survey
(NHTS), Feng et al. (2024) found that BEV-only owners tend to be younger, have smaller household sizes, own fewer vehicles,
and are more likely to have more drivers than vehicles. These households also generate fewer and shorter vehicle trips. Based on
these insights, it appears that these BEV adopters are primarily motivated by economic considerations, with the desire to reduce
the total cost of ownership (TCO).

BEV-mixed-fuel owners: Households that own BEVs in combination with other fuel types, including PHEVs, HEVs, and internal
combustion engine vehicles (ICEVs) that operate on conventional fuels like gasoline, diesel, compressed natural gas, or flex-fuel.
With a sample of 361 households, Feng et al. (2024) suggests that compared to BEV-only owners and non-BEV owners, BEV-mixed-
fuel owners tend to be non-Hispanic, high-income, have more household vehicles, be more likely to own homes, and report slightly
more daily trips. It appears that they may seek to accommodate different household members’ preferences, or meet diverse travel
needs. For instance, conventional vehicles may be used for long-distance trips as a strategy to mitigate range anxiety — the fear
that the limited range of a BEV will prevent them from completing trips. Studies also suggest that BEVs might be driven less than
other vehicle types within these households (Davis, 2019; Burlig et al., 2021).

PHEV owners: This group often comprises tech-oriented pragmatists who view PHEVs as a transitional solution toward full elec-
trification (Axsen and Kurani, 2013). They value the economic benefits of electrification while remaining concerned about range
limitations and the availability of charging infrastructure. Notably, Jia and Chen (2021) finds that, in contrast to BEVs, battery
range has a limited effect on perceived utility for PHEV users.

HEV and ICEV owners: This group consists of households that rely exclusively on conventional fuel vehicles. A range of tech-
nological, financial, infrastructural, and psychological barriers are often cited as key factors hindering their adoption of plug-in
electric vehicles (PEVs) (Krishna, 2021). These individuals are generally less tech-savvy, more risk-averse, more car-dependent,
and more likely to prioritize practical features when evaluating a vehicle (Iogansen et al., 2023).

The second research gap concerns the limited integration of informational and psychological factors into models of BEV adoption
behavior. While most existing studies emphasize socio-demographic characteristics and infrastructure availability (Gore et al., 2024),
less attention has been given to how consumers’ knowledge, perceptions, and attitudes shape adoption decisions. Key dimensions —
such as knowledge of BEV attributes, perceptions of driving range and battery durability, awareness of ownership costs, and trust in
new technologies — remain underexplored. Growing evidence suggests that information asymmetries, situation where one party (e.g.,
battery manufacturers) possesses more or better information than another (e.g., BEV consumers), can potentially influence consumer
decision-making and slow the uptake of new technologies (Zhang et al., 2022). By not accounting for these factors, previous models
risk overlooking critical mechanisms that could affect adoption outcomes in the BEV market.

Our study addresses these two gaps by exploring two complementary research topics. First, we incorporate segmentation of BEV
adopters into modeling framework. Among current BEV owners, we aim to identify the factors that distinguish BEV-only owners from
BEV-mixed-fuel owners, and further compare their adoption motivations as well as BEV usage patterns. Understanding these differences
can provide insights into how household vehicle fuel type composition impacts BEV adoption and usage, which ultimately carries
important implications for overall vehicle efficiency and energy consumption (Srinivasa Raghavan and Tal, 2021). Second, among
current non-BEV owners, we aim to examine the factors that encourage or impede their likelihood of adopting a BEV as the next
household vehicle. We explicitly examine underexplored informational and psychological factors in the existing literature, including
BEV-related knowledge, perceptions, and attitudes, to highlight differences across fuel-type user groups and their impact on BEV
adoption intentions in the future. To investigate these two research questions, we estimate two logit regression models and conduct
various statistical tests using data from a household vehicle survey of 1,443 U.S. residents, which was collected online in 2023.

Findings from this study highlight the presence of information asymmetry in the context of EV adoption, as many individuals lack
accurate knowledge about BEV attributes, performance, and cost of ownership. Nevertheless, compared to non-BEV users, current
BEV users tend to be better informed about BEV features, experience lower anxiety about driving range, charging infrastructure, and
resale value, and are more likely to perceive BEVs as cost-effective. However, contrary to the common assumption that BEV adopters
are a uniform group (Li et al., 2017), our findings demonstrate substantial variation in demographics, motivations, usage behaviors,
and infrastructure needs based on their household vehicle fuel type compositions. The differences in charging behavior by different
BEV owners are important to estimate in order to plan for electricity generation needs as BEV adoption increases.

This study is also among the few to disaggregate BEV users by household vehicle fuel portfolio, offering a more refined typology of
BEV ownership and use. This distinction offers unique insights into how BEVs are integrated into daily life under different household
vehicle configurations. Among current non-adopters, we find that BEV-related knowledge, perceptions, attitudes, access to charging
infrastructure, and socio-demographic factors all significantly influence adoption intentions.
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The study further advances the literature by moving beyond traditional binary adoption models (e.g., potential BEV adopters vs.
non-adopters). Instead, we categorize non-BEV owners as “likely adopters,” “indifferent,” or “unlikely adopters,” based on their stated
future BEV purchase intentions and model these categories using a multinomial logit model. This approach provides a more granular
understanding of the factors that drive or hinder adoption. This approach also better reflects the reality of consumer decision-making,
which is often gradual and transitional rather than binary, supported by the Diffusion of Innovations Theory (Rogers, 2003) and the
Theory of Planned Behavior (Ajzen, 1991). The results also reveal a nuanced decision-making process in which some factors exert
symmetric effects — simultaneously increasing the likelihood of BEV adoption and decreasing the likelihood of rejection — while
others show asymmetric effects, influencing only one side of the decision spectrum. This asymmetry may be rooted in behavioral
mechanisms such as prospect theory (Levy, 1992), and bounded rationality (Camerer, 1998).

The remainder of the paper is structured as follows. Section 2 provides a review of the literature on household vehicle composition
and usage (among BEV users), as well as factors influencing BEV adoption. Section 3 provides an overview of the survey data, and
presents both descriptive statistics and comparative analyses. Section 4 outlines the statistical method employed in the analysis.
Section 5 presents the key findings, discusses their implications, outlines study limitations, and suggests directions for future research.
Finally, Section 6 concludes the paper.

2. Literature review
2.1. Household vehicle fleet composition and utilization

Modeling household vehicle fleet composition and utilization has garnered increasing attention in travel behavior research. The
types of vehicles owned and the frequency with which they are used have important implications not only for energy consumption
and emissions, but also for vehicle market forecasting, supply chain management, infrastructure funding (e.g., gas tax revenues),
and long-term transportation planning. Early studies focused on vehicle choice based on dimensions such as body type (e.g., car,
SUV, truck), size (e.g., compact, midsize, large), and vintage (e.g., new vs. old) (Bhat et al., 2009; Paleti et al., 2013; Garikapati
et al., 2014). With the growing adoption of alternative fuel vehicles, fuel type has increasingly been incorporated into models of
vehicle choice. Several studies have demonstrated that vehicle type and fuel type tend to be interrelated decisions, influenced by
household preferences, constraints, and usage needs (Hess et al., 2012; Hossain et al., 2023). However, fewer studies have examined
fuel type choices within the household fleet among BEV adopters. Existing research suggests that BEVs are often better suited, both
technically and economically, as secondary vehicles in multi-vehicle households to serve more frequent but shorter trips where range
limitations are less constraining (Tamor and Milaci¢, 2015; Jakobsson et al., 2016). Even fewer studies have compared the household
characteristics, vehicle purchasing behavior, and vehicle usage patterns between BEV-only users and BEV-mixed-fuel users.

Two relevant studies using the 2017 NHTS data shed some light on this gap. Chowdhury et al. (2024) analyzes EV usage through
the lens of vehicle choice, finding that EVs are more likely to be adopted by households with fewer workers (fewer than two), low
(under $50K) or middle ($50-$150K) income levels, and for discretionary trips. However, the study focuses solely on multi-vehicle
households and does not distinguish between BEVs, PHEVs, and HEVs, potentially conflating behavioral differences among these
vehicle types. Feng et al. (2024) makes a clear distinction between BEV-only households, BEV-mixed-fuel households, and non-BEV
households. However, the authors caution against overgeneralization due to the limited sample size of BEV-only households in the
dataset. In summary, more studies with larger sample sizes are needed to fill in the research gap in the U.S. context.

2.2. Determinants of BEV adoption

A substantially larger body of research has examined the factors impacting current BEV adoption and future adoption intentions.
Gore et al. (2024) offers a thorough literature review complementing this present study. Therefore, the following review focuses on
factors of main interest of this study, including financial, informational, and psychological factors.

Financial and economic factors

Financial considerations capture the economic costs and benefits associated with BEV adoption. Pamidimukkala et al. (2023)
ranked the various barriers to EV adoption, identifying financial and economic barriers — particularly high purchase prices and
battery replacement costs — as the most significant concerns. The TCO of an EV consists of upfront costs (e.g., purchase price, taxes,
and fees), recurring operational costs (e.g., electricity for BEVs, electricity plus gasoline for PHEVs, maintenance, insurance), and end-
of-life costs (resale or scrappage value, or potential second-life battery applications (Letmathe and Suares, 2017)). While EVs typically
have higher purchase prices but lower operating costs compared to ICEVs in the same vehicle class (Gore et al., 2024), the economics
are multifaceted. Despite an 85% decline in battery prices over the past decade, first-time EV buyers may still encounter extra expenses,
such as the installation of home chargers (Rapson and Muehlegger, 2021). Additionally, research by Hagman et al. (2016) highlights
that many car buyers do not prioritize fuel economy when making purchase decisions, suggesting that the prospect of lower operating
costs may have little impact on their decision. Furthermore, the potentially steeper depreciation rates for BEVs with outdated battery
technologies may offset these operational savings (Breetz and Salon, 2018; Roberson et al., 2024). However, Dumortier et al. (2015)
show that when consumers are well informed about the TCO, they become more inclined to consider EVs. Despite the importance of
TCO in evaluating EV feasibility, there is still no standardized set of TCO components (e.g., taxes, insurance, fees, resale value, etc.),
making cross-comparisons difficult across regions and studies (Breetz and Salon, 2018; Letmathe and Suares, 2017). Woody et al.
(2024) note that TCO analyses became increasingly comprehensive between 2017 and 2022, with more components incorporated in
more recent publications.
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Tax credits, tax exemptions, and other purchase or recurring incentives can lower the upfront cost of EVs to the purchasers,
helping EVs reach cost parity with ICEV sooner (Woody et al., 2024). Mekky and Collins (2024) highlight that increasing the income
tax credit by $1,000 results in a 9.1% increase in EV adoption, and Roberson and Helveston (2022) shows that making those incentives
available at the dealership can increase their value to customers. However, Sanders (2020) reports that in North America, subsidies
have had a limited effect on TCO. Beyond direct incentives, studies also found that BEVs are more cost-effective when owners drive
more miles annually, retain the vehicle longer, and benefit from lower depreciation for certain high-demand models with advanced
battery technologies and software systems (Woody et al., 2024; Breetz and Salon, 2018; Hagman et al., 2016).

Information, knowledge, and customer experience

Informational factors refer to the extent of consumers’ knowledge about BEV attributes (e.g., driving range, battery lifespan,
charging requirements) and their personal or observed experience with BEVs. Krause et al. (2013) found that nearly two-thirds of
respondents failed to estimate basic features of PEVs correctly, and among them, approximately 75% underestimated their values
or advantages. Zhang et al. (2022) further suggests that access to high-quality information about BEV performance, attributes, and
environmental impacts is positively associated with consumers’ perceived value and perceived trust in EVs. In contrast, consumer
EV experience has been shown to promote greater openness to alternative-fuel vehicles (Iogansen et al., 2023). However, overall
consumer experience with EVs in the U.S. remains low. The EV Experience Index developed by Tanaka et al. (2014) — which
accounts for whether respondents had seen an EV in their neighborhood, knew someone who owned one, had been a passenger in
one, or had driven one — shows that only 5% of Americans scored a 4, indicating high exposure, while 64% scored 1 or less.

Perceptions, attitudes, and psychological factors

Perceptual and psychological factors capture subjective evaluations, beliefs, and attitudes toward BEVs. EV range anxiety remains
one of the most frequently cited barriers to EV adoption (Gore et al., 2024; Pamidimukkala et al., 2023), although studies have shown
that current EV ranges are sufficient for most trips (Chakraborty et al., 2022; Rainieri et al., 2023). Indeed, Carley et al. (2013) report
a 16.78% decrease in the likelihood of purchasing an EV among those viewing limited range as a serious disadvantage. The anxiety
is often exacerbated by the infrastructural barriers, with limited public charging infrastructure, the need for travel detours to find
chargers, and long charging durations (Chakraborty et al., 2022). Battery performance issues and temperature-related constraints can
impact actual EV range and contribute to adoption hesitancy (Gore et al., 2024).

Proposed remedies for range anxiety include more accurate range estimation and optimized energy consumption technologies
(Shrestha et al., 2022). However, the effectiveness of these improvements also depends on factors beyond the battery’s state of
charge-such as driving behavior and ambient temperatures (Rastani et al., 2019; Wai et al., 2015). More advanced strategies to
mitigate battery-related concerns include Vehicle-to-Vehicle (V2V) energy sharing (You and Yang, 2014), online V2V energy swapping
(Wang et al., 2018), battery exchange at dedicated swapping stations (Wu et al., 2018), and peer-to-peer car charging systems
(Chakraborty et al., 2022). Chakraborty et al. (2022) compare these approaches based on cost, ease of deployment, and impacts on
mobility, concluding that each offers some potential to partially alleviate range anxiety. In addition to these technological innovations,
expanding access to workplace and public charging infrastructure can be instrumental to overcoming range anxiety (Neubauer and
Wood, 2014). Furthermore, optimizing public charging locations - placing them closer to trip origins and along frequently traveled
routes - can enhance convenience and support EV adoption (Yang et al., 2016).

Another psychological barrier is the resale anxiety. Although it ranks lower among commonly cited barriers to EV adoption
(Briickmann et al., 2021; Pamidimukkala et al., 2023), it is likely to become a more prominent concern as a growing number of
EVs enter the used-car market. Despite its increasing relevance, this topic remains relatively understudied. Traditionally, a vehicle’s
resale value often hinges on factors such as vehicle specifications, original price, age, mileage, and the history of maintenance and
repair. However, as Hagman et al. (2016) point out, the limited historical usage data and technological uncertainty surrounding BEVs
initially led to conservative depreciation estimates. Recent survey evidence from Briickmann et al. (2021) suggests that BEVs may
now be perceived as having higher resale values than ICEVs — a shift potentially driven by supportive policies and evolving social
attitudes towards electrification. Roberson et al. (2024) also report that while EVs have historically depreciated faster than ICEVs,
newer models equipped with longer battery ranges are retaining value more effectively than earlier models with shorter ranges. In
addition, Zhang and Zhao (2023) explore the potential of resale value guaranteed as a strategy to reduce resale-related concerns.
However, the study notes that incentivizing information sharing — such as exchanging EV market demand forecasts, cost structures,
and other proprietary data between supply chain partners — does not necessarily boost sales volumes.

3. Survey design, data collection, and descriptive analyses
3.1. Household vehicle survey

The data used in this paper comes from an online survey adopted from several previous household vehicle surveys (Carrel et al.,
2024; Gore, 2021), with additional questions designed to explore BEV adoption in greater detail. The survey gathers a comprehensive

set of data, including household vehicle ownership, current fuel type choices, perceptions and knowledge of BEVs, future vehicle
purchasing intentions, decision-making processes when buying a used BEV, personal attitudes, demographic characteristics, and access
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to infrastructure. Specific question sets were presented to current BEV owners/leasers to collect detailed BEV vehicle information
(e.g., make, model, year, range) and insights into their driving and charging behaviors.!

Before data collection, the survey underwent pilot testing among colleagues with a research background on social science, plan-
ning, and engineering as well as among a few BEV owners, leading to further refinements on survey questions, flow, and length. The
survey was officially conducted in the U.S. from March 2023 to June 2023 through a third-party online survey platform that recruited
participants from an online opinion panel, targeting adults in households with at least one vehicle. Consistent with the definition in
the American Community Survey (ACS), a household includes all the persons who occupy the housing unit as their usual place of
residence.

Multiple attention checks were included throughout the survey to identify and filter out unreliable responses. In addition, certain
survey questions were intentionally designed to enhance response validity. For instance, when respondents reported information
about their BEVSs, their selections for vehicle make and model were required to match entries in a predefined inventory. Responses
with mismatched combinations (e.g., “Toyota, Model3”) were considered invalid. The participants were offered remuneration for
their time. The median survey completion time was approximately 10 min. The data collection yielded 1490 completed responses.
During the data cleaning process, the team identified six respondents (potentially bots) who appeared to have taken the survey
multiple times with highly similar response patterns. An additional five respondents provided inconsistent or nonsensical responses
throughout the survey. After filtering out these respondents from the dataset, the final sample size for this study is 1,443. Further
details on the survey content, data collection, data cleaning, and prior analyses are available in Gore et al. (2025) and Webb et al.
(2025).

It is important to note that the survey was not designed to produce a nationally representative sample of the U.S. population, and
the data were not weighted. This decision was based on following considerations: (1) the primary goal of the study is to examine vari-
ation in behavioral patterns and decision-making processes related to BEV adoption using statistical modeling, rather than to estimate
population-level adoption rates; and (2) given the relatively low rate of BEV adoption in the general population, a representative
sample would yield too few BEV owners or likely adopters to support robust subgroup analysis.

3.2. Descriptive analyses

The following subsections describe the two dependent variables introduced in the Introduction, along with a set of independent
variables-summarized in Table 1-that are hypothesized to influence fuel type combinations and future intentions for BEV adoption,
based on insights from the literature. These variables draw from both survey responses and supplementary data from external sources.
These descriptive statistics provide context for the sample and highlight key patterns before presenting the main methods, results,
and discussions of the statistical models in Sections 4 and 5.

3.2.1. Household current vehicle ownership and fuel type composition

The first dependent variable of interest is the fuel type composition of BEV users. Respondents reported the total number of household
vehicles owned or leased by them or their household members, along with the fuel type of each vehicle. Note that respondents were
not required to report the vehicles in any specific order, although they may have naturally listed them based on frequency of use.
Nearly half of the respondents (46.2%) live in single-vehicle households, while 38.8% have two vehicles and 15.0% have three or
more.

We categorized the respondents into five user groups: BEV users (including the BEV-only users and the BEV-mixed fuel users), PHEV
users, HEV users, and ICEV users. Most respondents (80%) owned vehicles of only one fuel type. For households owning multiple
vehicle types, categorization was based on the highest-priority vehicle present, following this order: BEV > PHEV > HEV > ICEV.
For example, a household owning both a BEV and a PHEV was classified as a BEV household, while a household with a PHEV, HEV,
and ICEV was classified as a PHEV household. About one-third of respondents (n=494; 34.2%) lived in households with at least
one BEV. For simplicity, these individuals are referred to as BEV users hereafter, regardless of whether they personally own, lease,
or regularly drive the BEV. Of these, 55.5% (n=274) are BEV-only users and the rest (n=220) are BEV-mixed-fuel users. Collectively,
they reported a total of 539 unique BEVs. Additionally, 4.0% (n=57) are categorized as PHEV users, 5.9% (n=85) as HEV users, and
55.9% (n=807) as ICEV users.

3.2.2. Future intentions for BEV adoption

The second dependent variable of interest in this study concerns the likelihood of adopting a BEV as the next household vehicle.
The variable was derived from a 7-point Likert-scale question and subsequently consolidated into three categories. Responses of
“extremely unlikely” and “moderately unlikely” were combined into the “unlikely” category (n=302; 20.9%). Responses of “slightly
unlikely”, “neither likely nor unlikely”, and "“slightly likely” were grouped as “neither likely nor unlikely” (n=427; 29.6%). Finally,
“moderately likely” and “extremely likely” responses were combined into the “likely” category (n=714; 49.5%). As suggested in
Fig. 1, the likelihood of obtaining a BEV in the future follows this order: BEV users > PHEV users > HEV users > ICEV users.
The differences among BEV and PHEV users are not statistically significant. While unsurprising, it is noteworthy that current BEV
users tend to continue preferring BEVs and a vast majority of PHEV users appear ready to transition to BEVs in the near future. Both

e
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subjects research.
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How likely are you to select a BEV as your next household vehicle?

ICEV users |
(8071 |

HEV users | I
(=851 | | -

Level of likelihood

PHEV users 0 . Likely
1 9
[n=57] B Neither likely nor unlikely

B uniicely

BEV-mixed-fuel users | W
[n=220] 5

Current vehicle type choice

BEV-only users | N -
[n=274] 8

0% 25% 50% 75%
Percentage of sample by category

Fig. 1. Likelihood of BEV adoption by current vehicle type choice.

patterns align with findings from prior literature (Saaksjarvi, 2003; Nazari et al., 2019; Hossain et al., 2023). Because of this, the
statistical model will only focus on HEV and ICEV users as they tend to be the lagged BEV adopters.

3.2.3. BEV knowledge, perceptions, and general attitudes
BEV knowledge

The survey asks respondents to report their assessments on BEV battery performance and costs, specifically regarding (a) the
expected driving range of a fully charged BEV, (b) battery lifespan before replacement, and (c) estimated battery replacement costs
(including both the cost of the battery price and installation labor). The accuracy of their responses is evaluated against benchmarks
derived from actual BEV performance data, industry standards, literature, reports, and blog posts.

For electric range, we reference the EPA-estimated range of 762 BEVs (distinguished by make, model, year, trim, body size, body
style and drivetrain) released from 2013 to 2025, as compiled by CarSheet.io (2025). The median range among these vehicles is 256
miles, with over 80% falling between 200 miles and 350 miles. Therefore, we define 200 to 350 miles as a reasonable estimate for BEV
driving range, while values above or below this interval are categorized as overestimation or underestimation. For battery lifespan
and replacement costs, official statistics are limited, as they vary dramatically depending on factors such as vehicle specifications,
battery chemistry/size, and driving conditions. Many EV manufacturers offer 8-year/100,000-mile battery warranties (Clarke, 2024).
Predictive modeling by the National Renewable Energy Laboratory (Smith et al., 2014) estimates that BEV batteries last 12 to 15
years in moderate climates, but their lifespan may be reduced to 8 to 12 years in extreme climates. Schulz-Monninghoff et al. (2021)
suggests that the average lifespan of a BEV is 8 to 10 years. Based on these insights, we consider 8-12 years a reasonable estimate
for battery longevity. Finally, drawing from real-world experience compiled from a few online sources (Kothari, 2024; Witt, 2024),
battery replacement costs typically range from $5000 to $20,000, covering the expense of a new battery pack and labor.

Overall, when considering these three aspects of BEVs — range, battery lifespan, and battery replacement costs) — 42.3% of
respondents provided reasonable estimates in one aspect, 28.4% in two aspects, and only 9.3% across all three aspects. This is
consistent with prior studies that emphasize the widespread lack of consumer knowledge about EV performance(Krause et al., 2013;
Axsen et al., 2017). As shown in Fig. 2, respondents are most knowledgeable about driving range, yet a large proportion underestimate
both battery lifespan and battery replacement costs. Chi-square tests suggest that current BEV users demonstrate better knowledge
across all three aspects compared to non-BEV users, although the level of misconception still remains higher than our expectation.
While this could reflect a real-world situation, it is also possible that some respondents were neither the owners nor the primary users
of the BEVs in their households. As a result, their knowledge could still be limited. Compared to BEV-mixed-fuel users, BEV-only users
demonstrate better knowledge on battery costs, but less understanding of battery lifespan. This may be because they rely exclusively
on their BEVs for travel without access to alternative vehicle types — leading to the perception that their battery may degrade
more quickly. Further discussion of this topic is provided in the following sections. PHEV/HEV users do not necessarily have better
knowledge than ICEV users. In addition, it is possible that non-BEV users could have projected their experience on their vehicle to
BEVs. For instance, PHEVs/HEVs tend to get extended electric range in addition to their gas range; as a result, a higher proportion of
those users overestimate the range of a BEV. In contrast, the average lifespan and costs of a lower-voltage battery in non-BEVs tend
to be shorter than a BEV battery, thus more individuals underestimate battery lifespan and costs.

BEV anxiety
The survey evaluates respondents’ concerns about BEVs using four attitudinal statements related to range anxiety, charging accessi-
bility, and resale value. These items were originally measured on a 7-point Likert scale but were consolidated into three categories to
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Fig. 3. Anxieties related to range limitations, charging availability, and resale value.

ensure sufficient sample size for each fuel-type user group. Responses of “strongly disagree” and “disagree” were combined into “dis-
agree.” “Somewhat disagree,” “neither agree nor disagree,” and “somewhat agree” were grouped into “neither agree nor disagree.”
Finally, “agree” and “strongly agree” were combined into “agree.” The distribution of responses for each statement is shown in Fig. 3.

Since the level of agreement is ordinal, we apply the Kruskal-Wallis test (Conover, 1999) to further assess whether the response
distribution differs among the five fuel-type user groups. If the Kruskal-Wallis test is statistically significant, we conduct Dunn’s
post-hoc test (Hollander et al., 2015) to identify specific group differences® Testing results indicate that BEV-mixed-fuel users report
significantly lower level of anxiety across all three dimensions compared to all non-BEV user groups. In contrast, BEV-only users show
a significantly lower anxiety only when compared to ICEV users. Furthermore, BEV-mixed-fuel users exhibit fewer concerns about
range and resale value than BEV-only users. Differences among PHEV, HEV, and ICEV users are not statistically significant.

To identify the underlying structure of these statements, we conducted an exploratory factor analysis (EFA), which revealed a
latent variable termed “BEV anxiety.” For detailed results, refer to Table A.1 in the Appendix. This factor was incorporated into our
statistical models.

Perceived BEV and gasoline vehicle costs

The survey explores respondents’ expectations regarding the future costs associated with BEVs and gasoline vehicles (of the same
type and size) over the next five years. It assesses perceptions of BEV electricity costs relative to gasoline fuel costs as well as
perceptions of BEV TCO, including depreciation, insurance, fuel, and maintenance. Additionally, the survey examines expectations
about future gasoline prices, BEV battery costs, and purchase prices for both new and pre-owned BEVs and gasoline vehicles. These
items were originally measured on a 5-point Likert scale but were consolidated into three categories: “less” (combining “much less”
and “somewhat less”), “about the same,” and “more” (combining “somewhat more” and “much more”). The distribution of responses
for each statement is shown in Fig. 4. The Kruskal-Wallis test and Dunn’s post-hoc test suggest that current BEV users — especially
BEV-mixed-fuel users — estimate significantly lower purchase prices, battery replacement costs and TCO for BEVs compared to ICEV

2 The Kruskal-Wallis test is a non-parametric method that ranks data points and determines if the data in each group originates from the
same distribution. Dunn’s test, which relies on the same ranked data, is used for pairwise comparisons. The z-test approximation is calculated
as the difference in mean rank scores divided by the pooled variance estimate, and Bonferroni correction is applied to adjust p-values for multiple
comparisons.
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Fig. 4. Expected cost change for BEVs and gasoline vehicles.

users (and in some cases, HEV users as well). At the same time, most respondents expect an increased cost of gasoline and ICEVs in
the future.

Similarly, an EFA was implemented among these statements, which extracted two latent variables termed “perceived BEV costs”
and “perceived ICEV costs” (see Table A.1 in the Appendix).

General attitudes

The survey also evaluates respondents’ general risk tolerance and their level of concern about global climate change. Risk tolerance
was measured on a scale from 1 (risk-averse) to 10 (risk-taking), and is treated as a continuous variable. Climate change concern was
assessed on a five-point Likert-scale and subsequently grouped into three broader levels: level 1 (combing “not at all” and “a little”),
level 2 (“a moderate amount”), and level 3 (combing “a lot” and “a great deal”).

3.2.4. EV infrastructure, clean vehicle mandates and incentives

Regarding home EV infrastructure, more than two-thirds (68.2%) of respondents report having access to an electrical outlet at their
residence, while less than one-third have solar panels installed. To assess the availability of public EV infrastructure, we compiled
data on all EV public chargers in the U.S. as of March 2023 (Energy, 2025) and aggregated the counts at the ZIP code level. Based on
this data, we estimate an average charger density of approximately 0.5 chargers per 1000 people within the ZIP codes corresponding
to respondents’ residential locations. Note that some variables estimated at the ZIP code level have missing values, as 71 respondents
did not provide a valid U.S. ZIP code.

Prior research demonstrates that public polices play a pivotal role in accelerating BEV adoption by increasing EV market supply,
reducing up-front costs, and expanding charging infrastructure (Narassimhan and Johnson, 2018; Jenn et al., 2018). For example,
Zero-Emission Vehicle (ZEV) mandates and Low-Emission Vehicle (LEV) standards require automakers to sell a minimum share of low-
or zero-emission vehicles, while state purchase incentives directly lower the cost of ownership for consumers. Because these policy
instruments are implemented unevenly across states, they create distinct policy contexts that may influence consumer behavior. To
examine this, we categorize respondents based on whether they reside in a state that implements ZEV mandates, LEV standards, or
offers BEV purchase incentives (Climate and Solutions, 2022). This allows us to test whether policy environments are associated with
differences in consumers’ BEV adoption intentions.

3.2.5. Individual, household, and built-environment characteristics

Finally, respondents provided information on various socio-economic and demographic characteristics, as summarized in Table 1.
Note that household income was originally measured using 26 income brackets, starting from “Less than $10,000” and increasing
in $10,000 increments up to “$250,000 or more.” For analysis, we converted the categorical responses to a continuous variable
by assigning the midpoint of each income bracket to respondents who selected that category. For the highest open-ended category
(“$250,000 or more”), we conservatively assigned $255,000 as the midpoint estimate. Additionally, population density within the
ZIP codes of respondents’ residential locations was obtained from the 2022 ACS data (Bureau, 2023).
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Table 1
Data description.
Variable group Variable Category Sample size ! Percentage / Mean (s.d.) 2
Perceptions, knowledge, Reasonable estimate on BEV performance and costs ~ None 273 18.9%
attitudes One aspect 645 44.7%
Two aspects 398 27.6%
All three aspects 127 8.8%
BEV anxiety (factor score) 1443 0.0(1.09)
Perceived BEV cost (factor score) 1443 0.00(1.14)
Perceived ICEV cost (factor score) 1443 0.00(1.15)
Risk-taking mindset (1 to 10) 1443 5.64(2.55)
Concern about climate change None at all or a little 392 27.2%
A moderate amount 397 27.5%
A lot or a great deal 654 45.3%
EV infrastructure Access to an electrical outlet at residence No/unsure 459 31.8%
Yes 984 68.2%
Solar panels installed at residence No 1002 69.4%
Yes 441 30.6%
# EV chargers per 1000 people 1371 0.49(1.22)
EV supports in the state ZEV mandates or LEV standards No 865 59.9%
Yes 578 40.1%
EV purchase incentive No 800 55.4%
Yes 643 44.6%
Individual, household, Age 1443 43.65(14.36)
built-environment Sex Male 709 49.2%
characteristics Non-male 733 50.8%
Race White-only 1260 87.3%
Not White-only 183 12.7%
Ethnicity Non-Hispanic 1280 88.7%
Hispanic 163 11.3%
Education High School/GED 224 15.5%
Some college/Associate 465 32.2%
Bachelor or above 754 52.3%
Household income [$10,000] 1443 10.37(6.21)
Housing tenure Own 1123 77.8%
Rent 320 22.2%
Housing type Single-family home, 1170 81.1%
townhouse
Multi-family home, duplex, 273 18.9%
triplex, or 4-plex
Household size 1443 3.02(1.16)
# of household vehicles 1443 1.75(0.88)
Population density [1000 per sqmi] 1371 5.54(13.38)

! One respondent did not report sex, and an additional 72 did not report a valid residential ZIP code, resulting in missing values for certain
variables.
2 Percentage for discrete variables, and mean (standard deviation) for continuous variables.

4. Method

We estimate a binary logistic (BL) regression and a multinomial logit (MNL) regression to investigate the factors associated with
the fuel-type combinations among current BEV users and the likelihood of BEV adoption among HEV/ICEV users, respectively. The
models are formulated as follows:

exp [ﬁ(i) X in]
D1 €Xp (ﬂ(i)xin)

In the BL model, Y is the dependent variable [0 = “BEV-mixed-fuel users” (reference group), 1 = “BEV-only users”] and X is a vector
of predictors, including general attitudes and individual/household characteristics. We chose not to include BEV-related knowledge
and perceptions in this model due to concerns about potential reverse causality. Specifically, individuals’ knowledge and attitudes
toward BEVs may not only influence their ownership choices but could also be shaped by their prior user experience with BEVs.
For instance, BEV-only users may develop more nuanced perceptions over time shaped by their exclusive use of BEVs, while those
in BEV-mixed-fuel households may form different views informed by direct comparisons with other vehicle types. We also decided
not to include variables related to EV infrastructure and support programs, as we are uncertain whether these factors were in place
at the time respondents adopted their BEVs. The misalignment in timing could lead to inaccuracies in capturing the impact of such
variables. The sample size of the BL model is 494.

P(Y =i)=
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In the MNL model, Y is the dependent variable [1=“unlikely”, 2=“neither unlikely nor likely” (reference group), 3 =“likely”].
Even though the three levels of this variable have a natural order, which makes an ordered logit (OL) regression an alternative, the
OL regression has a proportional odds assumption, suggesting that the effects of explanatory variables are the same across different
thresholds. This assumption was tested and was violated. Although a generalized OL model can relax the assumption when necessary,
it complicates interpretation. Therefore, we consider the MNL model a more suitable alternative. In this model, X is a vector of
predictors, including the whole list of variables in Table 1.

In both models, n is the number of predictors and f;, is a vector of coefficients to be estimated corresponding to the ith choice.
The MNL model includes 1370 respondents, after excluding cases with missing values on the independent variables.

Before estimating the model, we examined bivariate correlations among all variables listed in Table 1 to avoid potential multi-
collinearity issues. Spearman correlation tests were conducted for pairs of continuous variables, Kruskal-Wallis tests were used to
assess relationships between continuous and discrete variables, and Chi-square tests were performed for categorical variable pairs,
with Cramér’s V was calculated to measure the strength of association (Cramér, 1946). For variables exhibiting medium to high
correlations, we evaluated their impacts on the model performance and interpretability and determined whether to retain or exclude.
Otherwise, variables were retained based on theoretical relevance, rather than solely on statistical significance.

5. Results and discussions
5.1. Vehicle fuel type combination among BEV users

Table 2 presents the results for the BL model only among BEV users. The odds ratio (OR) indicates how a one-unit change in an
independent variable affects the relative odds of choosing one outcome category (i.e., BEV-only users) over the reference category (i.e.,
BEV-mixed-fuel users), holding all else constant. An OR greater than 1 indicates increased odds, whereas an OR less than 1 indicates
decreased odds. Where relevant in the following discussion, we also report the 95% confidence intervals for the ORs to convey
the precision and statistical uncertainty of the estimates. To further explore the heterogeneity between these two groups, Table 3
compares their household vehicle ownership, characteristics of their BEVs® and behavioral patterns related to BEV usage.

Relative to BEV-mixed fuel users, BEV-only users are more likely to be younger, non-Hispanic White, and hold higher levels of
educational attainment in our sample. BEV-only users tend to live in smaller households, report lower household incomes, and are
less likely to live in single-family dwellings. Among these variables, race/ethnicity, education level, and housing type exhibit the
strongest effects. These reflect the distinct profile of BEV-only users, who typically own fewer household vehicles — on average, half
as many as BEV-mixed-fuel users — and are more likely to prioritize cost savings or reside in urban areas, where smaller household
sizes and multi-family housing are more common. BEV-only users could be more motivated by functional benefits of BEVs, including
saving on fuel cost and avoiding trips to the gas station. In contrast, BEV-mixed-fuel users are more influenced by symbolic values of
BEVs, including technology innovation and environmental benefits.

Overall, there are no significant differences between the groups in terms of BEV vehicle profiles, including vehicle age, size,
ownership (owned vs. rented), or condition when acquired (new vs. pre-owned). Across both groups, the reported BEVs are relatively
new, with an average vehicle age of approximately 1.5 years. The only difference is that the BEVs reported by BEV-only users tend to
have slightly shorter driving range.

Regarding driving behavior, although BEV-mixed-fuel users report a slightly higher annual frequency of long-distance travel (i.e.,
trips longer than 2.5 h one way) than BEV-only users (5.6 vs. 5.2 trips per year), they are slightly less likely to use their BEVs for those
trips (5.0 vs. 5.2). This may be attributed to their access to non-BEV alternatives, which help mitigate concerns about range anxiety
for long-distance trips. Correspondingly, BEV-only users are more likely to drive on local streets, where range is less of a concern,
while BEV-mixed-fuel users spend more time on interstates or highways — highlighting another reason they retain non-BEV vehicles
for flexibility in terms of trip planning.

These travel behaviors appear closely tied to charging patterns. Overall, BEV-only users charge their BEVs less frequently. While
home charging remains the dominant method for both groups, it is less prevalent among BEV-only users, who are less likely to live
in single-family homes. Instead, nearly 20% of them report charging their vehicles during the day at their worksite, in contrast to
BEV-mixed-fuel users, who more often charge overnight at home. These also influence the type of chargers used: BEV-only users are
more likely to rely on direct current fast chargers (DCFCs), which are more commonly located at worksites and apartment complexes.
The findings underscore that charging demand is not limited to single-family home settings, but is also substantial in urban, multi-
family, and workplace environments. Understanding when EVs are charged throughout the day allows electricity producers to better
plan for energy usage and update supply accordingly. Unsurprisingly, BEV-mixed-fuel users — many of whom have dedicated home
chargers — are more likely to leave their BEVs plugged in even after charging is complete. This presents opportunities for smarter
and more efficient grid management through the use of smart chargers in residential location, which enable schedule or delayed
charging, making it possible to align charging times with periods of low grid demand to balance power demand and supply (Bjgrndal
et al., 2023).

3 The BEV referenced is the first vehicle they reported in the survey. Only 11 respondents reported owning multiple BEVs, and for those cases,
we assume respondents listed their vehicles in order of usage intensity.
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Table 2
Binary logistic regression model results.

Household vehicle fuel type combination

Variable group Variable BEV-only users (ref: BEV-mixed-fuel users)
Est! SE! Sig! OR!
Constant Constant 2.385 0.835 ** 10.854
General attitudes Risk-taking mindset 0.031  0.045 1.031
Concern about climate change: Moderate (ref: low) 0.252 0.303 1.286
Concern about climate change: High (ref: low) —-0.299 0.289 0.742
Individual/ Age [every 10 years] —-0.307 0.093 *** 0.735
household Non-male (ref: male) -0.108 0.214 0.898
characteristics Non-Hispanic White (ref: other) 1.299 0.327 ***  3.665
Household income [every $10,000] -0.058 0.022 ** 0.943
Education: Some college or Associate’s degree (ref: high school/GED) 1.235 0.436 ** 3.438
Education: Master’s degree or higher (ref: high school/GED) 0.496 0.436 1.642
Housing tenure: own (ref: rent) —0.454 0.502 0.635
Housing type: Single-family home, townhouse (ref: Multi-family home, duplex, triplex or 4-plex) —0.822 0.345 * 0.439
# of household members —-0.283 0.105 ** 0.754
Estimated parameters 13
Number of individuals 494
Log-likelihood (observed shares) -339
Log-likelihood (final) —-291
Adj.Rho-squared vs equal shares 0.113
Adj.Rho-squared vs observed shares 0.109

1 The values in the table represent model coefficient estimates, corresponding standard errors, significance levels (.p<0.10, *p<0.05, **p<0.01,
***%p<(0.001), and odds ratios.

5.2. Future intentions for BEV adoption among HEV and ICEV users

Table 4 shows the results for the MNL model among HEV and ICEV users. The Hausman-McFadden method (Hausman and
McFadden, 1984) was implemented based on the final model and suggests that the Independence of Irrelevant Alternatives assumption
of MNL model holds.

After controlling for other variables, current fuel type — whether the household owns HEV(s) or only owns ICEV(s) — does not
appear to significantly impact the likelihood of adopting BEVs. However, perceptional barriers related to BEV performance and costs
strongly shape adoption likelihood. Specifically, underestimating BEV benefits, such as electric driving range and battery lifespan,
alongside overestimating the cost of battery replacement, significantly increases the perceived unlikelihood of BEV adoption. Those
who underestimate one aspect have higher odds of perceived unlikelihood, while those who underestimate two or more aspects
show an even greater, though marginally significant, increase in perceived unlikelihood. Therefore, clearer communication of BEV
capabilities could reduce misconceptions that are a psychological barrier to EV technology adoption.

Anxiety around BEVs — whether related to driving range, charging accessibility, or resale values — acts as a major barrier. Those
with higher levels of anxiety have higher odds of perceived unlikelihood, as well as lower odds of perceived likelihood. Perceived BEV
costs including purchase price, battery replacement costs, and operation costs increase the unlikelihood of BEV adoption, although
the effect is only marginally significant. In contrast, perceived ICEV costs show no significant impact. Consistent with Iogansen et al.
(2023), individuals with a greater propensity for risk-taking mindset — those more comfortable with uncertainty and innovation —
are significantly more likely to adopt BEVs. BEV leasing programs may help mitigate the perceived financial risks of BEV ownership
for more risk-averse individuals. Moreover, individuals expressing higher levels of environmental consciousness are more likely to
consider BEVs, with the strongest observed effects among all predictors. Those with high levels of concern have significantly increased
odds of considering a BEV, while even moderate levels of concern are associated with elevated, though marginally significant. This
finding aligns with prior studies that emphasize environmental concern as a key motivator for adopting low-emission vehicles (Mustafa
et al., 2024; Gore et al., 2024; Gore, 2021).

Access to home charging infrastructure, particularly having an electrical outlet or solar panels installed at one’s residence, signifi-
cantly increases the likelihood of BEV adoption. These factors enhance charging convenience and reduce electricity costs. Additionally,
a higher number of public charging stations per capita is positively associated with BEV adoption likelihood (Javid and Nejat, 2017),
reinforcing the importance of a charging network for likely BEV adopters that is visible, accessible, and reliable. Recent industry de-
velopments underscore this shift: for instance, Rivian has announced that it will open its EV charging network to non-Rivian vehicles
(Shaw, 2024), Hyundai plans to provide free adapters for Tesla Superchargers, which will significantly expand fast-charging options
for Hyundai EV owners (Johnson, 2024). Moreover, partnerships between EV automakers and EV supply equipment (EVSE) providers
are further strengthening the charging ecosystem; notably, General Motors (Motors, 2024) and EVgo have announced plans to install
co-branded EV chargers across the U.S., aiming to expand the reach and visibility of charging stations.

State-level EV policies such as ZEV mandates, LEV standards, and purchase incentives did not show a statistically significant effect
on BEV adoption in our model. However, this may reflect low public awareness or understanding of these initiatives. The results

11



X. Iogansen et al. Transportation Research Part D 153 (2026) 105194

Table 3
Behavioral comparison between BEV-only and BEV-mixed-fuel users.
] 1 ]
Variable Variable Category Percentage / Mean (s.d.) Difference test
Group (p-value)

BEV-only users  BEV-mixed-fuel users

Household vehicle 1.11(0.38) 2.36(0.63) <0.001
count
Primary To save money on gasoline 37.2% 27.3% <0.001
reason of To reduce trips to the gas 13.9% 7.7%
purchase station
To have a technologically 33.2% 32.7%
innovative vehicle
To reduce environmental 15.7% 32.3%
footprint
. Age 1.58(0.49) 1.58(0.50) 0.95
Ef;;;:hlde Size Coupe, hatchback, sedan 49.6% 55.0% 0.17
Small SUV 17.2% 19.5%
SUV, minivan, van, truck 33.2% 25.5%
Ownership Own 94.9% 91.8% 0.23
Rent 5.1% 8.2%
Condition when acquired New 94.2% 90.5% 0.17
Pre-owned 5.8% 9.5%
Manufacture-rated EV range 272.49(101.18) 276.02(118.91) <0.001
BEV driving Annual frequency of 5.24(3.07) 4.97(3.89) <0.001
behavior long-distance travel
% of time driving in interstate Less than 25% 36.9% 22.3% <0.001
or highway 25% to 49% 38% 41.8%
50% to 74% 22.3% 31.8%
75% or more 2.9% 4.1%
. Weekly charging frequency 3.39(1.45) 4.22(1.98) <0.001
gf:ai?j:gmg At home 71.2% 79.5% <0.001
Typical charging location At worksite 18.6% 7.7%
In public 10.2% 12.7%
Level 1 8.8% 20.5% <0.001
Level of home charger Level 2 60.6% 60%
Level 3 / DCFC 28.1% 17.7%
Do not charge at my 2.6% 1.8%
residence
Mornings 8.8% 7.3% <0.001
Typical charging time Middle of the day 22.3% 14.5%
Evenings 50% 32.7%
Overnight 19% 45.5%
Typical charging duration 4.62(1.68) 4.68(2.47) <0.001
Yes, most of the time 40.9% 57.3% <0.001
Yes, some of the time 40.5% 25.5%
Unplug once fully charged ¢ "y ety 16.8% 8.6%
No, never 1.8% 8.6%

! Percentage for discrete variables and mean (standard deviation) for continuous variables.

suggest that the effectiveness of incentives may depend not only on their availability but also on consumers’ awareness. This aligns
with prior work highlighting the role of program visibility and information dissemination in EV adoption (Abdul Qadir et al., 2024;
Zhao et al., 2024).

From a socio-demographic perspective, increasing age is associated with greater unlikelihood of BEV adoption, consistent with
previous research showing generational differences in technology uptake (Iogansen et al., 2023). Non-male respondents show a
higher likelihood of adoption, possibly due to different priorities in vehicle evaluation or less affinity with traditional car culture,
though further research is needed to unpack these differences. Attaining a bachelor’s degree or higher is linked to lower unlikelihood
of adoption. As expected, household income remains a key enabler of BEV adoption, with wealthier households showing a higher
likelihood of acquiring BEVs due to reduced price sensitivity. Similar patterns are observed for housing tenure and household vehicle
ownership, although these effects are only marginally significant. Homeowners have a higher likelihood of adopting a BEV than
renters, while individuals in households with more vehicles tend to have a lower likelihood of adopting BEVs, possibly reflecting
more entrenched preferences for conventional vehicle types or less perceived need for fuel diversification. Finally, residents of higher-
density urban areas exhibit lower unlikelihood of adopting BEVs, likely due to shorter travel distances and better access to charging
infrastructure.

Overall, our results underscore the importance of measuring and modeling BEV adoption in a flexible way to reflect the nuanced
and staged nature of consumer decision-making. Rather than treating BEV adoption as a binary outcome (adopt vs. not adopt), our
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findings suggest that many individuals move through transitional stages-from being unlikely to adopt, to feeling neutral, and only
later to becoming likely adopters-before making a final decision. This observation aligns with prior research on behavioral change
processes in sustainable technologies (Noppers et al., 2014) and is consistent with both Diffusion of Innovations Theory (Rogers,
2003) and the Theory of Planned Behavior (Ajzen, 1991). In Diffusion of Innovations Theory, potential adopters pass through stages
of knowledge, persuasion, decision, implementation, and confirmation, which mirrors the transitional patterns observed in our data.
Similarly, Theory of Planned Behavior highlights the role of attitudes, subjective norms, and perceived behavioral control in shaping
intentions, suggesting that changes in any of these constructs may first shift consumers from negative to neutral perceptions before
tipping them toward adoption.

Moreover, the asymmetric effects of certain factors suggest that the decision to adopt a BEV is not simply the inverse of the decision
to reject one. This asymmetry can be explained by behavioral mechanisms such as prospect theory, particularly loss aversion (Heutel,
2019; Jia and Lin, 2025), and bounded rationality (Gounaris and Koritos, 2012) which suggest that consumers may weight potential
losses more heavily than equivalent gains and prioritize certain salient or immediate barriers over more abstract or delayed benefits.
For example, consumers may focus on the high upfront purchase cost or the inconvenience of charging rather than on long-term
operational savings, leading to stronger effects on reducing “unlikelihood” than on increasing “likelihood” judgments.

6. Conclusion

Using survey data from 1,443 U.S. residents collected online in 2023, this study investigates consumers’ perceptions and knowledge
of BEVs, revealing persistent psychological and informational barriers that impact BEV adoption and use. Many individuals lack an
accurate understanding of BEV performance and cost of ownership. While current BEV users are generally more knowledgeable,
express fewer concerns about driving range, charging infrastructure, and resale value, and are more likely to perceive BEVs as
economically advantageous, some of these concerns and barriers persist even after adoption.

While BEV users often share more common characteristics than users of other fuel types, the study also uncovers meaningful
demographic and behavioral heterogeneity within the BEV user group itself. By estimating a binary logit model, we differentiate
between BEV-only users, who have exclusively BEVs in their household, and BEV-mixed-fuel users, who maintain a mixed-fuel vehicle
portfolio. Compared with BEV-mixed-fuel users, BEV-only users appear to be younger, more educated, and more urban, but also have
lower household incomes, fewer vehicles, and are less likely to live in single-family homes. Fuel cost savings and functional conve-
nience play a more important role in driving BEV adoption for this group. In contrast, BEV-mixed-fuel users tend to be more motivated
by the symbolic values of BEVs, including their association with technological innovation and perceived environmental benefits.
Their continued access to conventional vehicles helps mitigate range anxiety, enabling them to engage in more long-distance travel
and use interstates or highways more frequently. It is possible that BEV usage could increase if these vehicles offered attributes more
comparable to those of users’ conventional vehicles — such as driving range, size, seating capacity, and storage space. Observed
differences in vehicle preferences suggest that alignment between BEV characteristics and household needs may influence usage
patterns. Understanding vehicle adoption and charging behavior is important for electricity generation and infrastructure planning.

The study further explores the likelihood of BEV adoption in the future among current non-adopters. We estimate a multinomial
logit model incorporating current vehicle fuel type (HEV vs. ICEV), BEV-related perceptions and knowledge, charging infrastructure
access, state-level initiatives, as well as individual, household, and built-environment characteristics as explanatory variables. The
results indicate that, compared to those who are “neither likely nor unlikely” to adopt a BEV, certain variables exert symmetric
effects — simultaneously increasing the likelihood of adoption and decreasing the unlikelihood (or the other way around). Notable
examples include BEV-related anxiety, a risk-taking mindset, environmental concerns, and access to a home charging outlet. In contrast,
more frequently, other factors demonstrate asymmetric effects, influencing only one side of the decision spectrum — for example,
decreasing the unlikelihood of adoption without significantly increasing the likelihood (or the other way around). Such variables
include BEV knowledge, perceived BEV costs, and access to public chargers. These findings challenge the common assumption that the
same factors that encourage BEV adoption also discourage rejection in equal measure (Fatah Uddin et al., 2024; Yadav and Yadav,
2024), highlighting the complexity of consumer decision-making processes in the context of the EV market. Additionally, this pattern
indicates that BEV adoption should be measured and modeled in a flexible way to account for these asymmetric effects.

This study makes several important contributions to the field. First, it provides new evidence on the demographic, behavioral, and
perceptual heterogeneity of BEV users differentiated by household vehicle composition, revealing that BEV users are far from uniform.
Second, by explicitly modeling transitional categories (from unlikely to neutral to likely adopters), this study advances the theoretical
understanding of technology adoption as a staged and dynamic process rather than a binary outcome. Third, it distinguishes between
symmetric and asymmetric effects in vehicle adoption, moving beyond the conventional assumption that adoption and rejection are
mirror opposites.

Several limitations of this study should be acknowledged, which can help inform future research. First, the survey did not ask
respondents to report their household vehicles in order of usage intensity — either for themselves or for all the household members. As
a result, we segmented individuals based solely on fuel type composition, without accounting for how frequently each vehicle is used
or which household members are the primary users. This introduces potential noise into our analyses: some respondents identified
as BEV users may rarely drive the BEV in their household or may lack direct experience with it, which could dilute observed patterns
in knowledge, perceptions, or usage. For instance, BEV-related knowledge and attitudes among frequent BEV drivers are likely more
accurate and nuanced than what is captured by the general averages in our study. Additionally, we assumed that the first BEV
reported was the primary vehicle, but this may not always be the case - particularly for the small subset of respondents who reported
owning multiple BEVs. Future surveys could be improved by asking respondents to rank household vehicles by usage frequency or
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driving time, either for themselves or across the household, depending on the specific research questions. Future research could also
benefit from person-level data to better understand how decisions about BEV adoption and usage are distributed within multi-driver
households.

Second, while the study incorporates a wide range of explanatory variables, some relevant factors were not explored in depth.
For example, detailed insights into respondents’ daily travel routines (Jakobsson et al., 2022), commute distances (Khan et al.,
2017), and localized EV incentives — such as employer-sponsored EV charging programs (Shahrier and Habib, 2025) and EV-ready
infrastructure in apartment complexes (Lusk et al., 2023) — would provide important context for understanding both perceived
and actual BEV utility, as well as usage and charging behaviors. Also, even through our model accounts for the effect of individual
attitudes toward BEV driving range and cost on adoption decisions, other vehicle characteristics — such as brand, body style, seating
capacity, reliability, safety ratings, and even exterior color — may also play a role in shaping consumer preferences. These factors,
while potentially important, are not directly captured in the current analysis. Future research could benefit from a discrete choice
experiment that incorporates these additional attributes to more precisely quantify their impact on BEV adoption decisions.

Regarding data limitations, our sample is not representative of EV owners nor the general U.S. population, which constrains
the generalizability of the descriptive statistics presented in this study. The online data collection may also introduce sample bias,
potentially over-representing individuals with strong interests in transportation, technology, or environmental issues. Future research
could complement these findings with hybrid data collection strategies to ensure broader representativeness. Moreover, a slight
temporal mismatch exists among the datasets used in our analyses. For instance, although the survey data (collected from March
to June, 2023), population figures (primarily collected in December 2022), and public charger data (as of March 2023) are closely
aligned in time, the discrepancies may introduce minor inconsistencies, particularly if population or infrastructure characteristics
changed during the intervening months. Future research could address this limitation by using harmonized datasets collected within
the same time frame. Finally, the cross-sectional nature of the data limits our ability to infer causal relationships or track changes
in consumer perceptions and behaviors over time. Longitudinal data would offer a more robust understanding of how individual
attitudes evolve across different stages of BEV consideration, adoption, and continued use.
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Table A.1
Attitudinal statements and factor loadings from exploratory factor analyses! (n=1,443).

Latent Factors

Attitudinal Statements Levels
BEV anxiety? Perceived BEV costs® Perceived ICEV costs®
If I owned a BEV, I would often worry about running out of  7-point Likert-scale 0.84
charge. ranging from
If I owned a BEV, I would worry about finding places to “strongly disagree” 0.82
charge it if I wanted to drive somewhere new. to “strongly agree”
Range is a major disadvantage of owning a BEV. 0.73
BEVs are less valuable than gasoline cars on the resale 0.46

market, because the technology is always advancing.

Compared to the annual fuel cost for a gasoline vehicle of 0.55
the same type and size, how do think the annual cost of
electricity for a BEV is?

Compared to a gasoline vehicle of the same type and size,
how do you think the Total Cost of Ownership of a BEV
would be?

How do you expect BEV battery prices to change in the 0.78

next 5 years?

How do you expect BEV purchase prices to change the next 0.72

5 years?

How do you expect new gasoline vehicle purchase prices to 0.83
change the next 5 years?

How do you expect pre-owned gasoline vehicle purchase 0.66
prices to change the next 5 years?

How do you expect gasoline prices to change in the next 5 0.48
years?

5-point Likert-scale
ranging from
“much less” to
“much more”

0.56

1 Exploratory factor analyses were performed with the psych package in R using “promax” rotation and Bartlett score computation.
2 This factor was derived from the first factor analysis, explaining 52% of the total variance.
3 These two factors were derived from the second factor analysis, explaining 46% of the total variance.
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