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The adoption of electric vehicles into the so-called mass market across European countries reveals significant
disparities, with Germany lagging behind peers such as Sweden and the Netherlands. This research investigates
the challenges of transitioning new technology, exemplified by electric vehicles, to be adopted by the early and
late majority through the lens of Rogers' Diffusion of Innovation theory. Following the Unified Theory of
Acceptance and Use of Technology (UTAUT), this study reveals that performance expectancy, effort expectancy
and risk mitigation significantly influence the behavioral intention to adopt electric vehicles among the early and
late majority. This study incorporates novel risk mitigation strategies combined in the non-ownership business
model carsharing for electric vehicles, to address perceived financial and functional risks associated with the
adoption of electric vehicles, relevant for the targeted adoption group. The data was collected from 519 rep-
resentatives of the early and late majority sample in Germany. This research contributes to the theoretical un-
derstanding of perceived risks and suitable risk mitigation strategies in technology adoption and offers insights
into new distinct characteristics of the early and late majority adoption group, relevant to improve the accuracy
of forecasting models aimed at predicting technology diffusion.

1. Introduction

The adoption rate of battery electric vehicles varies significantly
across EU member states. While countries like Denmark and Sweden
have higher shares of electric vehicles within their total passenger car
and van fleets (6.42 % and 5.59 %, respectively), larger EU member
states like Germany (2.75 %), France (2.29 %), and Italy (0.57 %) lag
behind (European Alternative Fuels Observatory, n.d.). The adoption of
electromobility in Germany presents an interesting case study for
analyzing the challenges during the innovation diffusion process,
following Rogers' Diffusion of Innovation Theory (Rogers, 2003). While
the uptake of electric cars was initially similar in Germany and neigh-
boring European countries (Federal Motor Transport Authority, n.d.),
Germany has been experiencing stagnation in the new registration of
electric vehicles since 2023 (Federal Motor Transport Authority, n.d.).
Plotz et al. (2014), Plotz and Diitschke (2020) and Peters and Diitschke
(2014) suggest that adoption among the initial market segments (in-
novators and early adopters) has been partially successful in Germany,
as evidenced by the new registrations of electric vehicles from 2010 to

2014, which saw an average increase of 99 % per year. However, the
needs of the mass market (early and late majority) are not yet being
adequately addressed, leading to a stagnant adoption rate of electric
vehicles in Germany since 2023 (Federal Motor Transport Authority, n.
d.). This phenomenon was first described by Moore (1991, p. 101) as the
challenge for technological products to cross the “chasm” from early
adopter groups to the mass market.

In this vein, also Zarazua de Rubens (2019) tries to use machine
learning to predict the electric vehicle diffusion dividing potential
adopter groups in different clusters (early vs. late adopters). However,
the clusters are still mostly based on sociodemographic parameters, e.g.
gender, age, household income, occupation etc. with the exception of
environmental importance, environmental behavior and political
orientation (Zarazua de Rubens, 2019). Generally, innovation adopter
groups (innovators, early adopters, early and late majority as well as
laggards) have different characteristics influencing their intentions to
use or buy products or services (Mahajan et al., 1990; Gatignon and
Robertson, 1985). Rogers (2003, p. 288) differentiates five different
adopter groups, and stated that “earlier adopters are more able to cope
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with uncertainty and risk than later adopters.” Perceived barriers such
as higher initial purchase costs (Lévay et al., 2017; Berkeley et al.,
2017), uncertain resale values (Berkeley et al., 2017; Biresselioglu et al.,
2018), range anxiety (Lévay et al., 2017; Berkeley et al., 2018), concerns
about reliability and safety (Lévay et al., 2017; Browne et al., 2012),
insufficient charging infrastructure (Berkeley et al., 2017; Green et al.,
2014), as well as technical questions (Berkeley et al., 2017; Steinhilber
et al,, 2013) and the lack of government incentives and promotion
(Lévay et al., 2017; Browne et al., 2012), contribute to consumers'
perceived risk toward adopting electric vehicles.

As the transition to electromobility is seen as essential to achieving
climate goals (International Energy Agency, 2023) and is strongly sup-
ported by European regulations (e.g., the EU ban on the sale of new
petrol and diesel cars from 2035, European Parliament, 2022). The
question arises as to which risk mitigation strategies might kick-start
innovation diffusion to bridge the chasm to the mass market (Moore,
1991, p. 104). Risk mitigation, first introduced by Roselius (1971) as
“risk reduction strategies” (Roselius, p. 56), refers to consumer strategies
aimed at managing and minimizing risks when purchasing a product or
service. Empirical studies on battery electric vehicle adoption suggest
that one such strategy could be introducing business models, such as
non-ownership models, which may help overcome resistance to tech-
nology adoption and behavioral change by emphasizing customer needs
and enabling faster innovation (Ziegler and Abdelkafi, 2022; Huang
et al., 2021; Schliiter and Weyer, 2019).

However, very few studies have examined the impact of risk miti-
gation strategies on the innovation diffusion process and how these
strategies might help overcome perceived risks, particularly those
experienced by the mass market (Wilson et al., 2017). Integrating these
insights into forecasting models will enhance their accuracy and reli-
ability. In doing so, we align with Bonnin Roca et al. (2017), advocating
for not treating risk and uncertainty perceptions among stakeholders as
homogeneous, but rather developing target-specific tools for mitigating
risks in technology adoption.

This paper argues that the transition toward electromobility in the
mass market is interrupted based on the perceived risks consumer
associate with electrical vehicles (e.g. Wang et al., 2018; Featherman
et al., 2021). Theory has yet neglected to identify group specific adap-
tion characteristics related to risk and risk mitigation to foster adoption
and to integrate those factors in forecasting techniques to reach more
accuracy (Gnann et al., 2018; Lee et al., 2019a, 2019b). We address this
research gap by identifying perceived risks and testing whether a risk
mitigation strategy can support the adoption of electric vehicles within
the mass market and seek to answer the research question if a risk
mitigation strategy can support the diffusion of technological innovation
using the example of electromobility in Germany.

The objectives of this study are to develop a better understanding of
the drivers and barriers in technology adoption of the early and late
majority adoption group, also called the mass market. By discussing
perceived risks and a possible mitigation strategy for consumers of
electrical vehicles we seek to further identify distinct characteristics for
these adoption groups. This research contributes to the theoretical un-
derstanding of perceived risks in combination with a suitable risk
mitigation strategy in technology adoption and offers insights into new
distinct characteristics of the early and late majority adoption group,
relevant to improve the accuracy of forecasting models aimed at pre-
dicting technology diffusion.

These insights will offer the potential to improve the accuracy of
forecasting techniques for the diffusion of technical innovation in gen-
eral and for electromobility in more detail. As a novel approach and
contribution, this study combines risk mitigation with diffusion of
innovation models.
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2. Theoretical framework
2.1. Forecasting models

In academic literature, various forecasting methods have been
developed to predict the diffusion of electric vehicles, prominent ones
being the Agent Based Theory model, Bass Diffusion model, machine
learning models (Maybury et al., 2022). However, forecasting models
have struggled to accurately predict the diffusion of electric vehicles. For
instance, projections for Germany's electric vehicle market share in 2020
range from as low as 0.4 % (Propfe et al., 2013) to as high as 16.8 %
(Eggers and Eggers, 2011). The discrepancy grows even wider for 2050,
with estimates varying from 23 % for the EU (Pasaoglu et al., 2016) to
60 % for the U.S. (Liu and Lin, 2017). Existing forecasting models,
however, struggle with rapidly changing market dynamics and often fail
to integrate real-time data effectively, leading to forecasting errors.
More recent studies have underlined the usefulness of forecast accuracy
by using Al-enhanced time-series models, such as ARIMA, SARIMA and
LSTM models (Sirisha et al., 2022). With its automated parameter se-
lection, the auto-ARIMA model improved forecasting precision for
electric vehicle demand by approximately 15 % compared to the basic
ARIMA model. SARIMA, which includes seasonal adjustments, further
refined the accuracy by about 10 % over auto-ARIMA (Vivekananda
et al., 2024). Cetin and Tasdemir (2024) applied an optimized SARIMA
model and forecasted monthly U.S. EV sales. However, Fan et al. (2024)
emphasized the need to integrate consumer behavior indicators, such as
Google search activity, alongside economic factors like fuel prices and
charging infrastructure, into SARIMA and SARIMAX models, which ul-
timately leads to a mean absolute percentage error as low as 12.9 %.
Although utilizing Al-driven techniques enhances the accuracy of EV
adoption forecasting, there remains a substantial research gap in un-
derstanding the differences in consumer behavior across the various
adoption groups.

In this vein, according to Gnann et al. (2018), a key shortcoming of
forecasting models is their reliance on the assumption of a homogeneous
target population, where all adopters have equal probabilities of being
innovators or imitators. Accordingly, segmentation is crucial, as vehicle
buyers differ significantly in their characteristics and behaviors.
Therefore, examining distinct adopter groups, such as the early and late
majority—who represent approximately 60 % of the overall market
(Rogers, 2003)—is particularly important. However, as Lee et al.
(2019a, 2019b) highlight, few studies explore heterogeneity among
potential electric vehicle adopters due to the scarcity of relevant data-
sets. Lee et al. (2019a, 2019b) emphasize that relying solely on socio-
demographic variables, such as income, age, or education level, falls
short in capturing the full complexity of consumer behavior in innova-
tion adoption. As a result, the authors argue for more integrative fore-
casting models that blend psychographic segmentation with
conventional approaches, especially in markets like electric vehicles,
where adoption depends heavily on consumer perceptions, habits, and
identity alignment (Lee et al., 2019a, 2019b).

2.2. Innovation diffusion in adoption groups

When examining the share of new electric vehicle registrations as
part of total car registrations, Germany falls significantly behind, with
only 13 % between January and June 2024, compared to countries like
Sweden and the Netherlands, which stand at 31 % (European Alterna-
tive Fuels Observatory, n.d.). Furthermore, compared to the same period
in 2023, the share of new electric vehicle registrations in Germany
dropped by approximately 28.6 % in the first nine months of 2024
(Federal Motor Transport Authority, n.d.). This raises the question: Why
is the adoption of a new technology, such as electromobility, so different
in neighboring European countries?

Studies on innovation adoption consistently identify both the attri-
butes of adopters and the (perceived) attributes of the innovation itself
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as significant factors influencing adoption decisions (Arts et al., 2011;
Gatignon and Robertson, 1985; Rogers, 2003; Tornatzky and Klein,
1982). In Rogers's Diffusion of Innovations (DOI) theory (Rogers, 2003
p. 219), he states that five key factors influence the adoption decision of
innovations: relative advantage, compatibility, complexity, trialability,
and observability. Rogers also emphasizes that innovations perceived as
most economically rewarding and low risk are adopted more rapidly (p.
219). His framework remains widely applied to study the diffusion of
modern innovations, such as smart home technologies (Wilson et al.,
2017), telemedicine (Dorsey and Topol, 2020), VR devices (Lee et al.,
2019a, 2019b), and electric vehicles (Ghasri et al., 2019). While this
study primarily focuses on the demand-side of electric vehicle adop-
tion—an approach aligned with Rogers' Diffusion of Innovation Theory,
Moore's chasm concept, and extensions such as TAM and UTAUT—it is
important to acknowledge that the diffusion of electric vehicles is sha-
ped not only by consumer perceptions but also by supply-side factors,
such as infrastructure availability, regulatory frameworks, public in-
centives, and product availability, also labeled as “external factors”
(Coffman et al., 2017). The interplay between these internal and
external factors complicates the diffusion process (Coffman et al., 2017).
However, in order to arrive at a closer understanding of the relevance of
perceived risks and risk mitigation strategies, and thereby examine
crucial barriers and drivers of consumer behavior, this study deliber-
ately centers on the demand side. We have integrated several external
factors (Coffman et al., 2017), such as electric vehicle market offering
and infrastructure, as perceived risks. This focus on the demand side
enabled us to identify key factors in advancing electromobility within
the mass market. Embedding these findings into a broader supply-side
context was beyond the scope of this research but offers potential for
future studies.

In his Diffusion of Innovations theory, Rogers (2003, p. 267) explains
at an abstract level how innovations are introduced and adopted across
different market segments or adopter groups. According to the diffusion
of innovation theory, the process of diffusion of new technologies varies
among different categories of potential and actual users (innovators,
early adopters, early majority, late majority or laggards), depending on
their degree of innovativeness (i.e., one's willingness to adopt new
technologies) (Rogers, 2003). Innovativeness represents an optimistic
predisposition to adopt new technologies rather than remaining in
previous patterns of use (Steenkamp et al., 2003). The process begins
with innovators and trendsetters, followed by early adopters, and sub-
sequently reaches the largest groups—the early and late major-
ity—before finally including the so-called laggards (Rogers, 2003).
Though Lyytinen and Damsgaard (2001) argue, the diffusion of in-
novations is highly context-dependent and dynamic, such that in-
dividuals may be early adopters of one innovation but part of the late
majority for another. Each adopter group shares distinct characteristics:

Innovators (2.5 % of the population)” are highly risk tolerant, have
abundant resources, enjoy high status within their social system, and are
eager to explore new ideas and innovations despite the associated un-
certainties (Raman et al., 2024; Rogers, 2003). Innovators are often
described as “venturesome” (Rogers, 2003, p. 282) due to their high
personal innovativeness (Agarwal and Prasad, 1998) and positive
technology orientation (Dedehayir et al., 2017).

Early adopters (13.5 % of the population) have a positive attitude
toward novelty and are likely to adopt new technologies (Spotts, 1999).
They are open to experimentation and taking risks in the adoption
process of innovations (Muller and Yogev, 2006). Furthermore, early
adopters are influential opinion leaders within their social networks
(Lynn et al., 2017; Solomon, 2013) due to their ability to make informed
decisions and actively engage in sharing information about innovations.
Studies on early adopters of innovation indicate that consumers' desire

2 All percentages of the sizes of adopter segments are taken from Rogers
(2003). Diffusion of Innovations (5th, p. 281.). Free Press.
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for status enhances their willingness to pay for new innovations (Frank
et al., 2015). This group bridges the gap between innovators and the
broader majority, serving as a critical source of advice and evaluation
for potential adopters (Warty et al., 2021; Rogers, 2003).

The early majority (34 % of the population) is pragmatic and
“deliberate” in their decision-making, adopting innovations only after
observing their success with others (Rogers, 2003, p. 282). Unlike early
adopters, this group is less risk-tolerant and takes a cautious approach,
requiring more time to adopt compared with previous groups (Attié and
Meyer-Waarden, 2022; Sahin, 2006). While innovators and early
adopters are driven by innovativeness, enthusiasm, and status, the early
majority prioritizes tangible and utilitarian features, favoring clear
demonstrations of practical advantages (Attié and Meyer-Waarden,
2022; Moore, 1991).

The late majority (34 % of the population) is characterized by
“skepticism”, “conservatism” and resource limitations (Rogers, 2003, p.
282). This group often remains resistant to new technologies, preferring
familiar options rather than embracing novelty (Sovacool and Hirsh,
2009). Members of the late majority perceive high levels of uncertainty
and risk associated with adoption and are strongly influenced by social
norms and external pressures (Rogers, 2003). Their adoption decisions
largely depend on observable benefits, widespread acceptance and
proven functionality (Bharadwaj, 2021; Muller and Yogev, 2006).
Although skeptical about the innovation and its outcomes, economic
necessity and peer pressure may ultimately lead them to adopt (Sahin,
2006). Research indicates that perceived usefulness significantly affects
their adoption decisions, highlighting their reliance on practical out-
comes rather than novelty or innovation itself (Attié and Meyer-
Waarden, 2022).

Laggards (16 % of the population), with the lowest social status and
limited access to resources, tend to avoid innovations unless adoption
becomes absolutely necessary (Rogers, 2003). This group is constrained
by tradition and is very traditionalist or conservative (Bharadwaj,
2021). They often demonstrate fatalism, perceiving a lack of control
over future changes (Rogers, 2003), and show hesitation due to
discomfort with uncertainty (Edison and Geissler, 2003).

Moore (1991) expanded upon Rogers' adopter categorization model,
rebranding it as the “technology adoption life cycle model” and applying
it to the spread of innovations in the high-tech computer industry. Early
majority, late majority and laggards have also been referred to as the
mass market (Moore, 1991, p. 104).

He introduced the concept of a “chasm” (Moore and Benbasat, 1991,
p. 101) separating early adopters from the early majority. Research has
provided some evidence for the existence of this type of chasm (Sroufe
et al., 2000; Faiers and Neame, 2006). Moore emphasizes that bridging
this gap is essential for innovations to succeed in the market. He iden-
tifies this transition—from visionaries and tech enthusiasts (innovators
and early adopters) to the broader mainstream market (early and late
majority)—as the most challenging step, which he refers to as “crossing
the chasm” (Moore, 1991, p. 101).

Moore (1991) argues that this divide is most pronounced with
discontinuous innovations, which require users to alter their behavior
significantly. Conversely, continuous innovations allow for gradual
adaptation without demanding substantial changes. To overcome this
hurdle, he advises organizations to focus on a single market segment,
establish dominance within it, and use that position as a springboard to
expand into adjacent markets.

While Rogers' (2003) Diffusion of Innovations theory offers a foun-
dational framework for understanding how new ideas and technologies
spread, it has been criticized for applying overly generalized adopter
categories across diverse product domains (Lundblad, 2003). Addition-
ally, as Behling (1992) pointed out, Rogers' theory was intended to
explain the adoption of new ideas; thus, it may not be entirely applicable
to the adoption of consumer products.

Consequently, Lee et al. (2016) argue that the characteristics of
adopter groups are highly specific to the product category—particularly
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in the case of fashion and therefore require and updated innovation
diffusion model. Unlike utilitarian innovations (e.g., computers),
fashion items possess strong aesthetic and symbolic value, resulting in
different adoption dynamics. For instance, the traditional five-category
model often fails to accurately capture the unique behavioral patterns of
fashion consumers, prompting Workman and Lee (2017) to propose
revised models with fewer, but more precisely defined groups based on
fashion innovativeness and opinion leadership: (1) Consumer Change
Agents (20 %), (2) Early Adopters (30 %), (3) Late Adopters (30 %), and
(4) Reluctant Adopters (20 %).

Further research of Lee et al. (2016) reveals that consumers' risk
avoidance influences their brand relationship and consequently argued
that new fashion brands may want to target early adopters of fashion-
—who are known to exhibit lower risk avoidance. This finding is highly
relevant as the role of perceived risks (barrier of adoption) and risk
avoidance behavior (driver of adoption), particularly among the risk-
averse early and late majority, has been overlooked in research on
specific consumer segments. In particular, even though empirical studies
have demonstrated the role of perceived risks, e.g. in the adoption of
electric vehicles (Wang et al., 2018; Featherman et al., 2021), research
has not directly connected these risks with suitable risk mitigation
strategies to understand to what extent early and late adopter groups are
willing to change their adoption behavior.

2.3. Variables influencing technology acceptance

As Rogers' theory describes innovation diffusion through different
adoption groups, regardless of whether the innovation is technology-
driven or not, the extent of behavioral change associated with the
adoption of a new technology plays a significant role in the time frame
and success of diffusion across all adoption groups (Lampo, 2022; Ajzen,
1985; Tornatzky and Klein, 1982; Moore and Benbasat, 1991). Adopting
electromobility requires substantial changes in mobility behavior, such
as the duration of driving and the charging of electric vehicles (Caperello
and Kurani, 2012; Luh et al., 2022). Therefore, theories of behavioral
change and technology acceptance need to be considered to analyze the
diffusion of electromobility (Rezvani et al., 2015).

The literature presents several theories aimed at explaining human
behavior, with the Theory of Reasoned Action (TRA) (Fishbein and
Ajzen, 1977; Ajzen and Fishbein, 1980) and the Theory of Planned
Behavior (TPB) (Ajzen, 1991; Ajzen, 1985) being particularly influen-
tial. TRA originally sought to explain human actions by focusing on
attitudes toward behavior and subjective norms as key predictors
(Fishbein and Ajzen, 1977; Ajzen and Fishbein, 1980). TPB expands on
TRA by incorporating perceived behavioral control, providing a more
comprehensive framework for predicting behavioral intentions (Ajzen,
1991; Ajzen, 1985). Building on TRA, Davis et al. (1989) introduced the
Technology Acceptance Model (TAM), which adds perceived usefulness
and perceived ease of use as factors influencing attitudes toward the
adoption of new technology.

The Technology Acceptance Model (TAM) has been widely tested
and validated in organizational contexts to explain computer acceptance
among employees (Davis, 1989; Mathieson, 1991) and has since been
applied to understanding the acceptance of various technologies,
including online learning platforms (Pituch and Lee, 2006), electronic
health records (Holden and Karsh, 2010), autonomous driving
(Hengstler et al., 2016; Staab and Liebherr, 2024) and innovative
transport services (Wolff and Madlener, 2019; Wu et al., 2019; Wang
et al., 2020). TAM laid the groundwork for the development of the
Unified Theory of Acceptance and Use of Technology (UTAUT)
(Venkatesh et al., 2003, 2012).

This model is considered more suitable than other behavioral change
models for analyzing technology adoption among consumers because it
integrates the central constructs of earlier models (e.g., TAM and TRA),
extends them with four key drivers of behavioral intention: performance
expectancy, effort expectancy, social influence, and facilitating
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conditions and offers a higher explanatory power (Rondan-Cataluna
et al., 2015). This theory has been extensively validated through
empirical studies across diverse settings, ensuring its reliability and
robustness (Williams et al., 2015; Dwivedi et al., 2019). Researchers are
increasingly extending the UTAUT with more variables, as it is the most
effective instrument for investigating usage-associated issues (Shin,
2009). The model's adaptability to various technologies and its ability to
incorporate additional factors make it highly versatile for both research
and practical applications (Polyportis and Pahos, 2025; Dwivedi et al.,
2019).

Initially, UTAUT was used to study workers' attitudes toward
adopting new workplace technologies, showing that its dimensions
explain 70 % of the variance in behavioral intention to use the tech-
nology and about 50 % of the variance in actual usage once the tech-
nology is utilized (Brown and Venkatesh, 2005). The adaptable structure
of UTAUT has led to its increasing application in the transportation
sector, including studies on automated road transport systems (Madigan
et al., 2017), corporate car-sharing (Fleury et al., 2017), acceptance of
electric car-sharing (Curtale et al., 2021), and the adoption of electric
vehicles (Jain et al.,, 2022) or the adoption of electric scoters
(Marroquin-Ciendua et al., 2025). Depending on the type of technology,
UTAUT extensions have identified new potential constructs and pro-
vided valuable behavioral insights.

In a study focusing on the acceptance of mobility-as-a-service solu-
tions near Shanghai, Ye et al. (2020) identified that performance ex-
pectancy, effort expectancy, social influence, individual innovation,
facilitating conditions, and perceived risk all played significant roles,
with perceived risk notably having a negative influence on behavioral
intention. However, in a study conducted in Greece, hedonic motivation
was identified as the most significant factor influencing people's inten-
tion to use automated road transport systems, followed by performance
expectancy, social influence, and facilitating conditions (Madigan et al.,
2017). Marroquin-Ciendta et al. (2025) showed evidence of hedonic
motivation, social influence and price being the strongest predictors
while effort expectancy, performance expectancy and facilitating con-
ditions being significant but of comparably lesser relevance. For the
adoption of electric vehicles, Jain et al. (2022) found in a study con-
ducted in India that performance expectancy, facilitating conditions,
and perceived risks were the most influential factors in analyzing the
acceptance of electric vehicles.

While the above-mentioned studies have contributed valuable in-
sights into the drivers and barriers of transportation choices, their
findings are difficult to generalize, as they are highly dependent on (a)
national mobility cultures and cultural contexts (Altenburg et al., 2016;
Haustein and Nielsen, 2016) and (b) are based on samples without user
segmentation, thus ignoring that different adopter groups are motivated
by distinct factors. For instance, although Jain et al. (2022) has provided
evidence of relevant factors in electric vehicle adoption in India based
on participant sample which is not segmented, the drivers for electric
vehicle adoption in Germany might differ when considering specific
consumer segments. Results regarding the drivers of electric vehicle
diffusion—such as those from the United States (Debnath et al., 2021),
Greece (Mpoi et al., 2023), and California (Ledna et al., 2022)—are
difficult to compare as cultural preferences and habits also influence
how both barriers and support mechanisms are perceived and imple-
mented (Haustein and Nielsen, 2016). German consumers more con-
servative, risk-averse, and patriotic buying behavior, could further
amplify the stagnant adoption rate of electric vehicles (Barth et al.,
2023). However, analyzing technology adoption in risk-averse countries
has revealed interesting outcomes, such as consumer perceived risks
related to Al products in Japan (Frank, 2024).

Therefore, we view the model proposed by Jain et al. (2022) as a
valuable starting point for aligning the UTAUT model with the segment-
specific profiles of distinct adopter groups, namely the early and late
majority, in order to construct a statistically more robust model to
predict technology adoption—specifically for electric vehicles in the
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present study.

2.4. Variables influencing adoption of electromobility in early and late
majority groups

2.4.1. Dependent variable — adoption intention (AI)

Adoption intention is a critical construct in the UTAUT model (Jain
etal., 2022), representing the direct link between users' attitudes toward
technology and their actual usage behavior (Venkatesh et al., 2003). In
this study, adoption intention refers to the likelihood of the early and
late majority adopting electric cars. Since the early and late majority
currently account for very few users or buyers of electric cars (IEA,
2023), this variable focuses on their intention to use battery electric cars
and indicates their willingness to transition into buyers. This approach
aligns with previous studies on electric vehicles (Rezvani et al., 2015;
Sovacool, 2017), which demonstrate that the intention to use electric
vehicles is significantly linked to the intention to purchase later (Ajzen,
1991; Fishbein and Ajzen, 1977). Accordingly, as suggested by the
UTAUT model, the intention to use battery electric vehicles can be un-
derstood as a precursor to the intention to buy them. Based on this
reasoning, we hypothesize:

H5. Higher behavioral intention to use electric vehicles (BIU) posi-
tively influences the buying intention of an electric vehicle as a next car
(UB).

2.4.2. Independent variables

Analyzing the independent variables in UTAUT models, used in the
aforementioned mobility studies related to the adoption of electro-
mobility (e.g., Tran et al., 2019; Curtale et al., 2021; Jain et al., 2022),
empirical findings reveal that performance expectancy emerged as the
most frequently applied variable. Performance expectancy is a core
construct in all UTAUT frameworks, as it directly influences individuals'
beliefs about whether using a technology will provide benefits, thereby
driving their intention to adopt and use it (Venkatesh et al., 2003;
Williams et al., 2015).

The adoption of electric vehicles requires a positive attitude toward
integrating these vehicles into one's daily life (Jain et al., 2022; Kapser
and Abdelrahman, 2020; Venkatesh et al., 2012), both as a practical
means to reach a destination (Jain et al., 2022; Kapser and Abdelrah-
man, 2020; Venkatesh et al., 2012) and as a viable mobility alternative.
Performance expectancy is particularly significant for the early and late
majority, as these groups emphasize practicality (Rogers, 2003; Attié
and Meyer-Waarden, 2022) and reliability (Rogers, 2003; Moore, 1991)
when adopting innovations such as electric vehicles. Therefore, a study
investigating the role of performance expectancy in the early and late
majority's adoption of electromobility can hypothesize:

H1. Higher performance expectancy of electric vehicles (PE) positively
influences behavioral intention to use electric vehicles (BIU).

Effort expectancy reflects how easy or difficult users perceive a
technology to be, which significantly impacts their adoption and usage
(Venkatesh et al., 2003). In a study on corporate car-sharing, effort ex-
pectancy emerged as the most influential factor driving the adoption of
car-sharing within companies (Fleury et al., 2017). Regarding the us-
ability of battery electric vehicles, effort expectancy encompasses con-
cerns about their use (adopted from Venkatesh et al., 2012; Jain et al.,
2022), operation compared to conventional cars, the familiarization
process of driving them, and the experience of charging (Venkatesh
et al., 2012; Jain et al., 2022). In contrast, Jain et al. (2022) found no
significant relationship between effort expectancy and the adoption of
electric vehicles. However, for the early and late majority, the handling
of an innovation is a critical factor in its adoption process because this
adopter group prefers solutions that are not complex and with proven
functionality (Rogers, 2003; Sahin, 2006).

Therefore, to assess the significance of this variable for the early and
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late majority, we propose the following hypothesis:

H2. Higher effort expectancy of electric vehicles (EE) positively in-
fluences behavioral intention to use electric vehicles (BIU).

Recognized as a major hindrance to the adoption of electromobility
in the early and late majority groups are the perceived risks related to
the new technology (Wang et al., 2018; Rogers, 2003). Consumer per-
ceptions of risk have been widely discussed in the existing literature and
have been shown to influence all purchase decisions to varying degrees,
thereby shaping consumer behavior (e.g. Sheth and Venkatesan, 1968;
Cox, 1967; Bauer, 1969, Mitchell, 1999). A purchase decision involves
risk when the consequences associated with the decision are uncertain,
and some outcomes are more desirable than others (Wallach et al., 1964,
MacCrimmon and Wehrung, 1986).

Traditionally, Roselius (1971) and Kaplan et al. (1974) saw
perceived risks as a multidimensional construct encompassing di-
mensions such as physical risk, financial risk, psychological risk, time
risk, performance risk, and social risk. The adoption of electric vehicles,
which can be considered as the adoption of a high-tech product
(Larminie and Lowry, 2012), which is influenced by several barriers,
including higher upfront purchase costs (Lévay et al., 2017; Berkeley
et al., 2017) (financial risk), uncertain resale values (Berkeley et al.,
2017; Biresselioglu et al., 2018) (financial risk), and range anxiety
(Lévay et al., 2017; Berkeley et al., 2018) (performance risk). Further
concerns include reliability (Lévay et al., 2017; Browne et al., 2012)
(performance risk), safety issues (Lévay et al., 2017; Browne et al., 2012)
(physical risk), insufficient charging infrastructure (Berkeley et al., 2017;
Green et al., 2014) (infrastructure risk), unresolved technical issues
(Berkeley et al., 2017; Steinhilber et al., 2013) (performance risk).

Accordingly, consumers use four main mitigation strategies to
reduce perceived risks: 1. searching for certifications, 2. gathering in-
formation (including product testing), 3. brand loyalty, and 4. relying on
organizational policies (Roselius, 1971). In this context, Featherman
et al. (2021) discovered that consumers' perceived risks can be reduced
through beliefs in the manufacturer's expertise and trustworthiness in
the purchase process. Another effective measure to reduce risks is
through test-driving electric vehicles to experience their functionality,
evaluate their attributes and reduce perceived barriers (Schmalfuf et al.,
2017, Franke et al., 2012). Following Roselius's (1971) examined risk
mitigation strategy of information gathering, the question arises as to
whether short-term, non-committal forms of driving and testing electric
vehicles can be considered as strategies to mitigate risks during the
adoption process.

New mobility trends, such as Mobility as a Service (MaaS) and shared
mobility solutions, are offering alternative transport options for con-
sumers (Friesendorf and Uedelhoven, 2021). One widely discussed
group of emerging business models for electric vehicles includes car-
sharing, leasing, battery leasing, rentals, and subscriptions for cars
(Huang et al., 2021; Ziegler and Abdelkafi, 2022; Dijk et al., 2016) as
these models share a common feature: the ownership of the vehicle or
essential components, such as the battery, remains with the service
provider rather than the user.

Ehret and Wirtz (2010) refer to these models as non-ownership ser-
vices. Combining this concept with the business model definition of
Enkel and Mezger (2013), we define them as non-ownership business
models that involve a strategic configuration of firm resources necessary
to create and deliver a distinct value proposition, with ownership
remaining partly or entirely with the firm. We hypothesize that non-
ownership business models can be regarded in this study as strategies
to mitigate some of the above-mentioned risks due to their flexibility and
cost efficiency, offering an appealing solution by addressing barriers to

3 It is worth noting that the terminology “Effort Expectancy” follows the
UTAUT model, where higher values indicate greater ease of use and thus lower
perceived effort (Venkatesh et al., 2003).



E. Enkel and S. Wintgens

electromobility faced by consumers (Ziegler and Abdelkafi, 2022;
Bohnsack et al., 2014).

Especially for the early and late majority, which prioritizes cost-
efficiency and practicality for electric vehicles, business models for
electric cars with shorter usage cycles can become very attractive as cost
calculations are transparent, the duration is flexible, and support ser-
vices are included (Zarazua de Rubens, 2019; Axsen et al., 2016).
Compared to other non-ownership business models, such as car rental,
subscription, leasing and carsharing for electric vehicles, the latter
provides the highest level of flexibility as it allows short-term usage with
fixed fees and low risks for the users and included services, like insur-
ance, service costs and maintenance, and thereby creating a low-risk
solution for experiencing electric cars (Huang et al., 2021, Firnkorn
and Miiller, 2012).

Factors influencing the adoption of carsharing as a risk mitigation
factor for electromobility include urban density, multimodality, avail-
ability, and cost reduction (Nansubuga and Kowalkowski, 2021).
However, consumer barriers, such as trust in the availability and reli-
ability of shared vehicles, as well as reluctance to share a vehicle, can
hinder the adoption of carsharing (Millard-Ball and Program, 2005).
Very few empirical studies have started to explore the risk-mitigating
role of carsharing in promoting electric vehicles, highlighting its po-
tential to reduce certain barriers to electric vehicle use, such as range
anxiety and high purchase costs (Burghard and Diitschke, 2019; Bas
et al.,, 2021). However, empirical studies attest a substantial role to
carsharing for electric vehicles in supporting the diffusion of electro-
mobility (Firnkorn and Miiller, 2012; Schliiter and Weyer, 2019).

In prior adoption studies on the adoption of electric vehicles, the
construct perceived risks has been included and found a positive sig-
nificance (Jain et al., 2022; Kim et al., 2018, Wang et al., 2018, Jaiswal
et al., 2021). To identify whether carsharing could be a risk mitigation
strategy for electromobility, the construct risk mitigation first seeks to
explore which of the perceived risks toward electric vehicles exist,
including financial risks (purchase costs, depreciation costs) and per-
formance risks (range, reliability, maintenance, charging infrastruc-
ture), physical risks (safety). Additionally, we seek to explore to what
extent carsharing for electric vehicles can mitigate these risks. The
following hypothesis can be derived:

H3. Higher perceived risk mitigation positively influences behavioral
intention to use electric vehicles.

Performance
Expectancy (PE)

Effort
Expectancy (EE)

Risk Mitigation
(RM)

Environmental
Concern (EC)

Behavioural
Intention to Use
BEVs (BIU)
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Higueras-Castillo et al. (2024) observed that consumers' awareness
of environmental issues and their environmental beliefs significantly
impact their adoption and purchase intentions for electric vehicles.
Similarly, studies by Plotz et al. (2014) and Peters and Diitschke (2014)
confirm that early adopters of electric vehicles often exhibit strong
environmental concerns. In contrast, the early and late majority are
more motivated by pragmatism in their intention to adopt innovations
rather than a commitment to values (Axsen et al., 2016; Zarazua de
Rubens, 2019). As there are no empirical studies testing environmental
concerns for the later adopter groups, environmental concerns may or
may not influence the adoption of electromobility due to increasing
environmental awareness and a growing commitment to sustainability,
particularly in light of recent concerns about climate change and
extreme weather events (Singh et al., 2020). Nevertheless, this study
will be the first to empirical demonstrating a positive or negative in-
fluence of environmental concerns on the adoption of electromobility
among the early and late majority groups. Drawing on the scale devel-
oped by Diekmann and Preisendorfer (1998), we propose the following
hypothesis:

H4. Higher environmental concern (EC) positively influences behav-
ioral intention to use electric vehicles (BIU).

Fig. 1 illustrates the hypothesized relationships between the inde-
pendent and dependent variables. The model differs from previous
electric vehicle adoption models in three ways by including DOI con-
structs. First, the latent variable risk mitigation is newly introduced and
incorporates major perceived risks along with corresponding mitigation
strategies based on the DOI attributes trialability and observability.
Second, the items within the latent variables performance expectancy
and effort expectancy have been adapted to reflect adoption group-
—specific characteristics, such as pragmatism and utilitarianism based on
the DOI concept of relative advantage, complexity and compatibility
(see Table 1). Third, based on the discussion above of these character-
istics, we assume that the variable environmental concern—which has
shown a positive effect in previous studies involving innovators and
early adopters (e.g., Higueras-Castillo et al., 2024; Plotz et al., 2014,
Plotz and Diitschke, 2020), might not positively influence the intention
to adopt electric vehicles in the broader mass market.

User Behaviour-
Buy BEVs next
(UB)

Fig. 1. The hypothesized research model with battery electric vehicles abbreviated as BEVs.
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Table 1
Construct measurement summary.
Item description Abbreviation Factor t-value
loading

Performance expectancy (adapted from Venkatesh et al., 2003; Jain et al., 2022;
Attié and Meyer-Waarden, 2022)

I could use an electric car for PU_PU2 0.885 66.963
journeys to simply arrive at my
destination.

In general, I think electric cars are a PU_PU3 0.841 51.242
very good mobility alternative.

1 could use an electric car very well ~ PU_PU1 0.881 74.442
in my everyday life.

Effort expectancy (adapted from Venkatesh et al., 2003; Jain et al., 2022; Attié and
Meyer-Waarden, 2022)

Using an electric car and the
associated charging will be easy
for me.

For me, operating an electric car
would be no different to
operating a conventional vehicle.

I find it very difficult to familiarize
myself with the use of an e-car.
®R)

It will be difficult for me to
familiarize myself with the
charging process of an e-car. (R)

PEU_PEU1 0.693 19.906

PEU_PE2 0.782 28.416

PEU_PE3 0.740 18.278

PEU_PE4 0.741 18.933

Risk mitigation (adapted from adapted from Biresselioglu et al., 2018; Wang et al.,
2018; Schliiter and Weyer, 2019)

The range of electric cars is ThoughtsAbout 0.694 24.649
sufficient. Emobili_1

The safety of electric cars is ThoughtsAbout 0.749 28.782
sufficient. Emobili_3

There is an e-car at a price for which ~ ThoughtsAbout 0.383 7.458
1 would buy it. Emobili_2

The risk of battery depreciation in ThoughtsAbout 0.380 5.614

electric cars is too high for me. (R) Emobili_6

E-cars are less susceptible to ThoughtsAbout 0,561 11,304
maintenance. Emobili 9
The reliability of e-cars is a given. ThoughtsAbout 0.806 38.630
Emobili_4
The charging infrastructure for e- ThoughtsAbout 0.294 4.571
cars is sufficient. Emobili_5
If I had access to a carsharing ITUEV1_1 0.618 14.235

service with electric cars, I could
imagine using it.

If T had the opportunity, Iwould test ~ ITUEV1_2 0.565 11.862
electric cars for everyday use with
carsharing services.

I see carsharing as a cheap way to
use electric cars.

ITUEV1.3 0.608 13.155

Environmental concern (adapted from Diekmann and Preisendorfer, 1998)

It worries me when I think aboutthe =~ ECOA1 0.756 23.057
environmental conditions our
children and grandchildren will
likely have to live under.

When I read newspaper reports ECOA2 0.665 14.545
about environmental issues or
watch related TV programs, I am
often outraged and angry.

If we continue like this, we are ECOA3 0.862 49.895
heading toward an environmental
disaster.

It is still the case that politicians do =~ ECOA4 0.816 40.039
far too little for environmental
protection.

There are limits to growth that our ECOA5 0.696 18.949
industrialized world has already
exceeded or will very soon reach.

In my opinion, the environmental ECOA6 0.809 38.770
problem is greatly exaggerated in
importance by many
environmentalists.
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Table 1 (continued)

Item description Abbreviation Factor t-value
loading
For the sake of the environment, we ECOA7 0.761 27.105

should all be willing to reduce our
standard of living.
Science and technology will solve ECOAS8 0.527 10.808
many environmental problems
without us having to change our
way of life.
Environmental protection measures ~ ECOA9 0.666 22.321
should be enforced even if it leads
to the loss of jobs.

Behavioral intention to use electric vehicles (adapted from Venkatesh et al., 2003;
Jain et al., 2022; Kapser and Abdelrahman, 2020)

I can imagine using an electric car BehlIntention_BI1 0.743 23.245
for short distances.

I can imagine using an electric car BehIntention_BI2 0.828 53.220
for medium or long distances.

I can imagine using an electric car BehIntention_BI3 0.885 72.437

spontaneously.

User behavior (adopted from adapted from Schliiter and Weyer, 2019)
Would you buy an electric vehicle BUYEV 1 n/a
as your next vehicle?

3. Methodology
3.1. Data collection and sample

This paper is based on a quantitative study and adopts a deductive
approach to examine user intentions to adopt a technology (electric
vehicles), following the UTAUT model proposed by Venkatesh et al.
(2003). This methodology is suitable for addressing the research ques-
tion, as it provides objective criteria to evaluate the relationship be-
tween variables (Williams et al., 2015; Dwivedi et al., 2019).

Cervero and Kockelman (1997) argue that travel behavior, including
travel rates and transport mode choices, depends on the “3 D's” of
density, diversity, and design of an individual's place of residence. Given
that all participants reside within a 5 km radius of the city center of
Essen, this approach ensures a similar design (e.g., access to public
transportation, street layout), density (e.g., population and infrastruc-
ture concentration), and diversity (e.g., mixed land use and proximity to
essential services). We further concentrated this effort by narrowing
down our sampling to the two neighborhoods of Altendorf and Frohn-
hausen. Both neighboring regions show evidence of a similar design,
diversity and density (Ein Blick auf Stadtteile, 2021).

Essen, located in the heart of the Ruhrgebiet in North Rhine-
Westphalia, was chosen due to its socio-economic challenges,
including a relatively high proportion of low- to mid-level income
households, a characteristic common in former industrial regions un-
dergoing structural transformation (Wirtschaft NTW, 2024). Specifically,
the sample predominantly comprises residents from two neighborhoods
characterized by demographics that align with the broader societal
majority, which were selected due to their income levels and de-
mographic diversity, ensuring that the findings are representative of the
mass market (Wirtschaft NTW, 2024). Both neighborhoods, Frohnhausen
(€3.393) and Altendorf (€2.968), fall below Germany's average gross
monthly earnings of €4.479 in 2023 (Statista, 2024). In Altendorf, there
are 2.398 households with minor children, including 784 (32.7 %)
single-parent households; 43.7 % of these households have one child,
31.1 % have two, and 25.2 % have three or more children. In Frohn-
hausen, 2.919 households have children, of which 932 (31.9 %) are
single-parent households; 51.2 % have one child, 33.4 % have two, and
15.5 % have three or more children.

In Altendorf, car ownership stands at 383 cars per 1.000 adults,
predominantly gasoline-powered (68.2 %), while Frohnhausen has a
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slightly higher rate of 439 cars per 1.000 adults, with a similar reliance
on gasoline vehicles (75.1 %) and minimal adoption of electric or hybrid
models. In contrast, the percentage of electric vehicles in both areas is
0.4 % (Frohnhausen) and 0.6 % (Altendorf) (Ein Blick auf Stadtteile,
2021).

To collect the study data, we received 5.000 randomly selected
names and address files from the resident's registration office restricted
to the age group of 18-65. The age restriction was chosen to make sure
the addressees would be able to drive an electric car. The participants
were contacted via personal letter, in person, and through various online
channels. In the invitation, participants were encouraged to download
an app to complete the survey or request a printed version if they
preferred. Data collection was conducted from March to June 2024. A
total of 647 surveys were returned, resulting in a response rate of 12.94
%. During the data cleaning process, 128 responses were excluded due
to missing data or participants not meeting the sample criteria, such as
not residing in Essen. Ultimately, the final sample for analysis comprised
519 observations.

Among the participants, 41 % were female, and 59 % were male. The
average age of the participants was 33.5 years, with ages ranging from
18 to 75 years. Control variables of age, gender and electric vehicle
experience were assessed as separate influential factors with no signif-
icant differences between male and female participants or between
younger and older age groups or prior experience with electric vehicles.

3.2. Measure

The constructs were measured using multiple items derived from a
review of the literature. The items were either directly taken from or
slightly adapted based on existing empirical studies (adapted from
Venkatesh et al., 2003). Following the UTAUT model, we adopted a
second-order construct approach, treating each dimension as a first-
order construct contributing to the overarching construct of ‘Technol-
ogy Acceptance’ (Venkatesh et al., 2003). Furthermore, a reflective
specification mode was used for all constructs (Hair Jr. et al., 2021). This
approach was appropriate since all multi-item measures and first-order
dimensions (e.g. Venkatesh et al., 2003) represent manifestations of the
underlying (second-order) constructs (e.g. Venkatesh et al., 2003), and
correlations among them are expected (Bollen and Lennox, 1991). The
varying number of items across constructs (see Table 1) reflects theo-
retical design choices. In particular, the construct Risk Mitigation in-
cludes more items because it is designed to capture a broad spectrum of
perceived risks (e.g., financial, technical, operational) associated with
electric vehicle adoption. Each item represents a distinct facet of this
multidimensional construct, as established in the literature (e.g., Kapser
and Abdelrahman, 2020). As this is the first study to include perceived
risks, no prior research results assisted us to reduce the number of items
included. The goal was to avoid a purely data-driven or statistically
optimized model that risks omitting theoretically important dimensions.
While differing item numbers may introduce some asymmetry, we
believe this approach enhances content validity and better reflects the
constructs' conceptual richness. To mitigate potential issues in PLS-SEM
(e.g., indicator weighting bias), we ensured that each construct was
measured reflectively, and that outer loadings and reliability scores
remained within acceptable thresholds.

After developing the questionnaire, we conducted a pre-test with 30
participants. Although the initial selection included individuals from
university settings (students, teachers, administrative personal etc.),
care was taken to ensure diversity within this group. Specifically, we
included participants from both academic and non-academic back-
grounds to minimize potential bias in how survey questions were
interpreted (Collins, 2003). Feedback received during this process was
used to refine the wording of individual items.

The items were measured using a seven-point Likert scale, ranging
from 1 = strongly disagree to 7 = strongly agree (Podsakoff et al., 2003).
It is important to note that the terminology “Effort Expectancy” follows
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the UTAUT model, where higher values indicate greater ease of use and
thus lower perceived effort. While this may appear inverted semanti-
cally, it is consistent with how the construct is defined and measured in
the original literature (Venkatesh et al., 2003).

Furthermore, only the item BUYEV (representing the variable Use
Behavior) does not use the seven-point Likert scale and instead provides
a binary option to answer with “yes” or “no”. In line with Discrete Choice
Theory (McFadden, 1974), such binary responses are theoretically
grounded in the assumption that individuals make rational choices be-
tween distinct alternatives. Accordingly, we treated BUYEV as a cate-
gorical variable in the statistical model. Previous items, such as BIU,
however, focus more on the individual's willingness to use electric ve-
hicles for varying purposes, such as for different distances, and are
therefore measured with a Likert scale, which offers more nuances
(Podsakoff et al., 2003).

To test whether this difference in scale impacted the model, we ran a
comparison model excluding BUYEV. The results show practically no
differences in model fit or path coefficients in terms of R? and adjusted
R2. AVE and Cronbach's Alpha remain stable, and the path coefficients
and their significance are nearly identical. Furthermore, the overall
model fit does not substantially vary with SRMR (Model with BUYEV) =
0.104 and SRMR (Model without BUYEV) = 0.093.

3.3. Data analysis

To test the developed hypotheses, Partial Least Squares Structural
Equation Modeling (PLS-SEM) was applied (Fornell, 1994; Lohmoller,
1989). A key methodological advantage of PLS-SEM over covariance-
based SEM (CB-SEM) is its explicit focus on prediction and its robust-
ness under less stringent assumptions concerning data distribution and
measurement scales (Hair et al., 2019). While CB-SEM primarily em-
phasizes theory confirmation and requires stricter assumptions, such as
normally distributed data and larger samples, PLS-SEM is flexible
enough to handle data with non-normal distributions effectively.
Furthermore, PLS-SEM explicitly quantifies the predictive accuracy of
the model using metrics such as adjusted R%, making it particularly
suitable for research aimed at predicting key outcomes, i.e., here the
values for PE, EE, RM, and ECO for the target construct (Henseler et al.,
2012). Thus, the PLS-SEM is particularly well-suited for research that
examines complex relationships between variables and aims to predict
key outcomes (Hair et al., 2019).

Furthermore, PLS-SEM is based on a series of ordinary least squares
regressions and demonstrates a high level of statistical power for rela-
tively small sample sizes (Reinartz et al., 2009). In the hypothesized
model, a minimum sample of 40 datasets is required (Hair Jr. et al.,
2021). Hence, given the sample size of N = 519, the use of PLS-SEM is
advisable for the model. The software package Smart PLS 4.1.0.9 (Hair
et al., 2019) was utilized for analysis. Bootstrapping was used to review
the significance levels of the estimated relationships, and each in-
dicator's t-statistic was examined. Following prior research on PLS-SEM,
a bootstrapping procedure with 5000 samples was applied to estimate
the probability distribution of coefficients.

4. Results

Given that the transition to electromobility is regarded as a corner-
stone for achieving climate goals (International Energy Agency, 2023)
and is strongly reinforced by European regulations—such as the EU's
decision to ban the sale of new petrol and diesel cars starting in 2035
(European Parliament, 2022)—our study aims to examine if risk miti-
gation strategies will support the diffusion of a new technology, in this
case the use of electric vehicles, into the early and late majority. Table 1
presents the set of items used to measure the theoretical concepts and
their bibliographical references following the UTAUT model by Ven-
katesh et al. (2003).
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4.1. Validation of the measurement model

In this study, the adjusted R? value of the model is 0.632. The
(adjusted) R? value measures the proportion of variance in the depen-
dent variable that is explained by the independent variables in the
model. An R? value of 0.632 indicates that the model explains 63.2 % of
the variance in the behavioral intention to use electric vehicles. This is
considered a solid value, as an R? value of 0.5 or higher is often regarded
as moderate in the social sciences (Hair et al., 2017). The value suggests
that the model captures a substantial amount of variation in the
explained construct of behavioral intention (BIU) and provides a strong
basis for assessing behavioral intention to adopt electric vehicles. An
average SRMR value of 0.044 based on B = 5000 replication samples
within the bootstrap-procedure indicates in addition a well fitted model
to the empirical structure of the observed data (Hu and Bentler, 1999).
According to the hierarchical regression analysis reported in the study
by Jain et al. (2022), where the UTAUT model was applied to analyze
the adoption intention of electric vehicles in India, the R? values ranged
between 0.169 and 0.402 across the various models tested.

To ensure the indicator reliability for the reflective measurement
models, we followed the commonly accepted rule of thumb, which
suggests retaining items with loadings of 0.7 or more (Carmines and
Zeller, 1979). However, 13 of the 30 indicators in our model did not
meet this threshold. As noted by Chin and Marcoulides (1998) and
Barclay et al. (1995), loadings as low as 0.5 may still be acceptable if
other items measuring the same construct exhibit strong reliability
(Duarte and Raposo, 2010).

In this study, three indicators—ThoughtsAboutEmobili5, Thought-
sAboutEmobili2, and ThoughtsAboutEmobili6—showed loadings below
0.5. Despite this, these items were retained because they represent
important perceived risks related to the adoption of electric vehicles
(Biresselioglu et al., 2018). The items specifically address the perceived
investment costs, depreciation costs, and charging infrastructure den-
sity, which ideally require prior factual knowledge for an accurate
assessment. Given that many participants may not have the requisite
background knowledge to make an informed judgment about these as-
pects, we argue that this knowledge gap may explain the low factor
loadings for these items. This potential measurement weakness does not
invalidate the importance of these perceived risks in influencing the
adoption of electric vehicles, and thus, we retained the items to capture
these relevant risks.

The Cronbach's alpha values of all indicators were above the
threshold of 0.7, indicating the reliability of the set of indicators
(Nunnally, 1978). Likewise, convergence validity was tested through
average variance extracted (AVE). According to Fornell and Larcker
(1981), AVE should be equal to or greater than 0.5. With the exception
of RM, all values surpassed the threshold to justify convergent validity of
the measurement models. Table 2 presents the results for both quality
criteria.

Ultimately, to demonstrate that each latent construct within the
measurement model better explains the variance of its own indicators
than the variance of other latent variables, discriminant validity must be
established (Fornell and Larcker, 1981). In this context, it was assessed
whether the \/AVE of each latent construct exceeded its highest

Table 2
Composite reliability and convergent validity.

Construct Composite Average variance
reliability extracted
Performance expectancy (PE) 0.903 0.755
Effort expectancy (EE) 0.828 0.547
Risk mitigation (RM) 0.830 0.346
Environmental concern (EC) 0.912 0.540
Behavioral intention to use 0.860 0.674
(BIU)
User behavior (UB) 1.000 1.000
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correlation with all other constructs. Most constructs exhibited an
acceptable level of discriminant validity. However, an exception was
observed between RM and PE, as their pairwise correlation exceeded the
\/AVE of RM. Table 3 presents the results.

In order to check for multicollinearity, we examined whether critical
VIF values (> 10) were identified at both the item level and the latent
construct level. This was not the case at either level. Furthermore, we
checked for issues with construct cross-loadings or correlations that
might indicate overlap between latent variables by examining the
pairwise correlations of latent constructs. We found that all squared
pairwise correlations of independent constructs were smaller than the
respective AVE for the specific construct under investigation. One
exception is the squared correlation of RM and PE, which is (0.62)% =
0.384, whereas the AVE for RM is only 0.346. Additionally, the
Heterotrait-Monotrait (HTMT) ratio criterion, requiring a value below
0.85 (Clark and Watson, 2016), was met for all latent independent
constructs, despite RM failing to achieve discriminant validity under the
Fornell-Larcker criterion (Table 4).

In Table 3, we observe that PE and BIU are highly correlated in a
pairwise manner (r = 0.76), whereas the correlation between PE and
BUYEV is notably weaker (r = 0.28). According to the theoretical
reasoning underlying this study, BIU is influenced by PE alongside other
determinants. Thus, a strong correlation between PE and BIU is not a
limitation but rather an empirically grounded confirmation of the pro-
posed model structure.

This strong relationship is consistent with the UTAUT framework, in
which PE is identified as a key antecedent of BIU. Notably, the corre-
lation between PE and UB is substantially lower (r = 0.28), and the
moderate correlation between BIU and UB (r = 0.51) reflects the theo-
retically expected gap between intention and actual behavior, a well-
established phenomenon in behavioral science (Sheeran, 2002). These
patterns indicate conceptual and empirical distinctiveness between the
constructs.

Discriminant validity was also assessed using both the Fornell-
Larcker criterion (Fornell and Larcker, 1981) Table 3 and the
Heterotrait-Monotrait ratio (Henseler et al., 2012) Table 4, with results
supporting sufficient construct separation, including among PE, BIU,
and UB. Therefore, concerns about artificially inflated model fit due to
conceptual redundancy are not supported by the data. Instead, the high
correlation between PE and BIU strengthens the theoretical validity of
the model and does not indicate conceptual overlap.

4.2. Significance of hypotheses

Fig. 2 exhibits the results of the model using PLS-SEM.

As illustrated in Fig. 2, Performance Expectancy, Effort Expectancy
and Risk Mitigation are significantly contributing to behavioral inten-
tion to use electric vehicles, while Environmental Concerns are not.

We can interpret the hypotheses as follows:

Hypothesis H1 proposes that performance expectancy contributes
to the behavioral intention to use electric vehicles. The empirical
results indicate a significant and positive relationship between PE
and BIU (p1 = 0.559, t = 16.679, p < 0.01). Thus, H1 is supported.
Hypothesis H2 suggests that increased effort expectancy contributes
to the behavioral intention to use electric vehicles. The results also
show a significant and positive relationship between EE and BIU (2
=0.122, t = 3.306, p < 0.05). Consequently, H2 is supported.
Hypothesis H3 states that risk mitigation contributes to the
behavioral intention to use electric vehicles. The results confirm a
significant and positive relationship between RM and BIU (3 =
0.217, t = 5.371, p < 0.1). Therefore, H3 is supported.

Hypothesis H4 states that environmental concerns contribute to the
behavioral intention to use electric vehicles. The empirical findings
indicate that EC does not significantly contribute to BIU. The results
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Table 3
Discriminate validity.
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Performance expectancy Effort expectancy

Risk mitigation

Environmental concern Intention to use User behavior

(PE) (EE) (RM) (EC) (BIU) (UB)
Performance expectancy (PE) 1 0.51 0.62 0.28 0.76 0.28
Effort expectancy (EE) 0.51 1 0.54 0.21 0.53 0.40
Risk mitigation (RM) 0.62 0.54 1 0.44 0.64 0.51
Environmental concern (EC) 0.28 0.21 0.44 1 0.30 0.28
Behavioral intention to use 0.76 0.53 0.64 0.30 1 0.51

(BIU)

User behavior (UB) 0.28 0.40 0.51 0.28 0.51 1

The bold values on the diagonal represent the square root of the Average Variance Extracted (AVE).

Table 4

Heterotrait-Monotrait-ratio.
EE < ECO 0.221
PE & ECO 0.287
PE « EE 0.603
RM < ECO 0.510
RM < EE 0.642
RM < PE 0.738

reveal a non-significant relationship (0.021, n.s.) thus contradicting
expectations. Hence, H4 is rejected.

Hypothesis H5 states that the behavioral intention to use electric
vehicles contributes to users' buying intentions to purchase an elec-
tric vehicle as their next car. The empirical findings indicate a sig-
nificant and positive relationship between BIU and UB (85 = 0.256, t
= 16.484, p < 0.01). Thus, H5 is supported.

Discussion

To enhance the accuracy of market forecasting, it is essential to
deepen our understanding of the distinct characteristics and priorities of
different market segments. As previously discussed, Lee et al. (2019a,
2019b) bases his forecasting on the attributes of early adopters but
highlights the lack of psychological insights into the early and late
majority—particularly when predicting the diffusion of new technology

Performance

Expectancy (PE) 0,559%***

Effort
Expectancy (EE)

0.217%%*

Risk Mitigation
(RM)

Environmental
Concern (EC)

Behavioural
Intention to Use
BEVs (BIU)

that requires behavioral change. Furthermore, following the argumen-
tation of Bonnin Roca et al. (2017), but on the consumer side, this study
aims to clarify the role of perceived risks and uncertainties for late
adopters and explores whether a segment-specific risk mitigation strat-
egy, facilitated by an available business model, can help to overcome the
barriers of the early and late majority.

More concretely, this study sought to answer the question: “Can a
risk mitigation strategy support the diffusion of innovations in the early
and late majority?” (Workman and Lee, 2017; Roselius, 1971; Feather-
man et al., 2021). To investigate the adoption groups' preferences and
decisive factors in adopting a new technology, the study targeted the
diffusion of electric cars. As electric cars are already prevalent among
the early and late majority groups in other European countries, no
technology-related factors are hindering diffusion, making this tech-
nology adoption especially suited for investigation. Targeting the early
and late majority group, as discussed in the methodology section of this
paper, was achieved by eliminating individual differences in mobility
opportunities (Cervero and Kockelman, 1997) by focusing on partici-
pants from a nearby regional urban area, with low or middle income and
within an age range suitable for driving electric cars. Additionally, we
controlled in advance the low number of electric vehicles already owned
by potential participants in the study, as the theory on technology
acceptance (Muller and Yogev, 2006) suggests that prior experience
with new technology influences adoption (Schmalfull et al., 2017;
Franke et al., 2012). We aimed to focus on a sample with very limited or
no prior experience with this new technology to evaluate perceived

0256***

User Behaviour-
Buy BEVs next
(UB)

Fig. 2. Results of the model using PLS-SEM. Note: N = 519, *p < 0.1; **p < 0.05; ***p < 0.01.
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risks, explore possible mitigation strategies, and extend the limited prior
research on risk management for high-tech products (Featherman et al.,
2021; Campbell and Goodstein, 2001).

In this discussion section, we will focus on three main contributions
from our study: first, the characteristics of the early and late majority
adoption group in adopting electric vehicles, extending nascent research
of early and late majority adaptors (Axsen et al., 2017) and marking a
clearer distinction from the predominant research on early adopters of
electric vehicles, (e.g. Plotz et al., 2014, Plotz and Diitschke, 2020) and
second validating not only which risks are perceived with adopting
electric vehicles but also if a risk mitigation strategy balances these risks
to diffuse this innovation into the largest adoption group, contributing
as a new characteristic in Rogers' diffusion of innovation theory and
adopter segmentation (Rogers, 2003; Zarazua de Rubens, 2019) Third,
the identification of more coherent latent variables explaining technol-
ogy acceptance, especially focusing on adopting electric cars (Curtale
etal., 2021; Jain et al., 2022), building on and extending our knowledge
of the unified theory of acceptance and use of technology (UTAUT)
(Venkatesh et al., 2003, 2012). Our aim was to identify more accurate
and comprehensive latent variables than any previous model on tech-
nology acceptance for electric cars.

The findings of this study provide several important insights into the
characteristics of the early and late majority electric vehicle adoption
groups, extending nascent research on mass market electric vehicle
adoption (Axsen et al., 2017), which has so far focused predominantly
on early adopter groups (Plotz et al., 2014, Plotz and Diitschke, 2020).

As stated before, the early majority adopts innovations cautiously,
valuing proven practical benefits over novelty and requiring more time
than early adopters (Rogers, 2003; Attié and Meyer-Waarden, 2022).
The late majority is more skeptical and conservative, often adopting
only under social pressure or clear economic necessity (Rogers, 2003;
Sovacool and Hirsh, 2009). Their decisions are strongly influenced by
widespread acceptance and demonstrated usefulness, rather than
enthusiasm for innovation itself (Bharadwaj, 2021; Attié and Meyer-
Waarden, 2022).

More concretely, the early and late majority sample prioritizes
practical benefits, such as performance in day-to-day life and ease of
handling, while balancing perceived risks. As reported in the results
section, our items constructing the latent variables of performance (PE,
0.559) and effort expectancy (EE, 0.122), as well as the new compre-
hensive items constructing the variable risk mitigation (RM, 0.217), are
highly significant for the behavioral intention to use electric vehicles
(BIU) (see Table 1), which again is significant in predicting the purchase
of electric vehicles (UB, 0.256).

Another noteworthy finding is that our data reveals no significant
positive relationship between environmental concern (EC; § = 0.021)
and the intention to use electric vehicles, which contrasts with prior
studies suggesting such a link (e.g. Plotz et al., 2014; Peters and
Diitschke, 2014). Notably, Higueras-Castillo et al. (2024) report a sig-
nificant effect of environmental concern in their cross-cultural study of
India and Spain. We explain this discrepancy by noting that their sample
reflects the general population across two national contexts, whereas
our study segments by adopter categories—suggesting that differences
in adoption groups, rather than national context alone, may better ac-
count for these divergent outcomes regarding the role of environmental
concern in electric vehicle adoption.

Previous empirical research on early electric vehicle adopters is
highly relevant as it allows us to compare findings and better understand
the differences between adopter groups. Plotz et al. (2014) and Plotz and
Diitschke (2020) argue that early EV adopters in Germany are motivated
by driving an environmentally friendly car, confirming a value- and
status-driven attitude (Frank et al., 2015). These adopters also enjoy
trying new technologies, demonstrating a higher degree of technology
orientation (Dedehayir et al., 2017), place less emphasis on comfort,
show a higher tolerance for experimentation (Muller and Yogev, 2006),
and are more willing to pay for innovation despite economic evaluations
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being influential but not decisive (Frank et al., 2015).

We extend the nascent research on early and late majority charac-
teristics in electric vehicle adoption, particularly the work of Axsen et al.
(2018), who found that early and late adopters share lower levels of
environmental concern, lifestyle engagement, and technological orien-
tation. Zarazua de Rubens (2019) further adds price sensitivity as a
distinguishing factor. Our results confirm the lower environmental
concern among later adopters, showing evidence of a focused on
observable benefits (Bharadwaj, 2021) and add two further insights: (1)
a strong emphasis on performance and effort expectancy, indicating a
pragmatic and utilitarian orientation (e.g., Rogers, 2003; Attié and
Meyer-Waarden, 2022), and (2) a high level of risk aversion, aligning
with a cautious, less risk-tolerant approach to innovation adoption
(Sahin, 2006; Rogers, 2003).

This contribution thus enhances the understanding of adopter het-
erogeneity, especially the divergence between early adopters and the
early/late majority, by offering a more nuanced view of differences in
electric vehicle adoption (e.g., Plotz et al., 2014, Plotz and Diitschke,
2020) and extending current research on mass-market EV adoption
(Axsen et al., 2017; Zarazua de Rubens, 2019).

The second contribution of this study is the clear identification and
validation of perceived risks associated with adopting a new technology,
such as electric cars. As mentioned in previous studies, the adoption of
electric vehicles involves perceived barriers such as higher initial pur-
chase costs (Lévay et al., 2017; Berkeley et al., 2017), uncertain resale
values (Berkeley et al., 2017; Biresselioglu et al., 2018), range anxiety
(Lévay et al., 2017; Berkeley et al., 2018), concerns about reliability and
safety concerns (Lévay et al., 2017; Browne et al., 2012), insufficient
charging infrastructure (Berkeley et al., 2017; Green et al., 2014), as
well as technical questions (Berkeley et al., 2017; Steinhilber et al.,
2013) and the lack of government incentives and promotion (Lévay
etal., 2017; Browne et al., 2012). However, in line with Roselius (1971)
and Kaplan et al. (1974), we designed the variable risk mitigation as a
multidimensional construct encompassing the previously mentioned
risks (see Table 1). Our results illustrate that adding new coherent risk
items, as well as risk mitigation strategies, led to a better understanding
of the adoption group.

As argued in the theory section of this paper, other European coun-
tries seem to be more successful in mitigating the risks related to the
adoption of new technology, such as electric vehicles and their operation
and charging—e.g., through subsidizing purchase prices or creating a
dense charging network. Germany, however, has not mitigated the
perceived risks of the early and late majority in the same way. Therefore,
we tested whether car sharing instead of buying would be a suitable risk
mitigation strategy.

Faced with the extensive and varied risks related to adoption, po-
tential users in our sample sought a risk mitigation strategy to minimize
uncertainties and adverse effects during the purchasing process
(compare Bauer, 1969; Hong, 2015). In light of the perceived risks
identified in this study—namely financial risks (high investment costs,
depreciation costs), performance risks (range concerns, lack of charging
infrastructure, maintenance concerns, reliability), and physical risks
(safety concerns)—a risk mitigation strategy offering an affordable way
to use and test the performance of electric vehicles (for everyday use)
was identified.

Earlier studies have found that driving electric vehicles oneself plays
a crucial role in helping consumers evaluate their attributes and reduce
perceived barriers, such as performance concerns related to reliability,
range, and charging (Schmalfuf} et al., 2017; Franke et al., 2012). By
enabling consumers to gather extensive information (Roselius, 1971)
through testing without financial commitment, the study indicates that
the non-ownership business model of car sharing for electric vehicles
helps to mitigate perceived financial and performance risks. This finding
is particularly significant for the adoption of electric vehicles, as
empirical studies on risk management for high-tech products have
highlighted that perceived risks stimulate exploratory or information-
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seeking behaviors to mitigate these risks (Batra and Sinha, 2000;
Campbell and Goodstein, 2001).

As Rogers (2003, p. 288) noted, “earlier adopters are more able to
cope with (1) uncertainty and (2) risk than later adopters.” The non-
ownership business model of car sharing for electric vehicles offers a
strategy for testing the functionality and observing the benefits of
electric vehicles (see Muller and Yogev, 2006), thereby effectively
reducing (1) uncertainty and (2) perceived risks. This study contrasts
previous research by demonstrating that later adopters do not only
perceive risks associated with new innovations or are entirely risk-
averse (Rogers, 2003), but are also willing to adopt strategies that
effectively mitigate these perceived risks. More precisely, our study has
revealed that this adopter group is risk-adaptive and compensation-
oriented.

However, as emphasized by Kim et al. (2009), consumers' risk
mitigation strategies target specific risk dimensions. Therefore, when
developing and deploying risk mitigation strategies to support tech-
nology adoption by late adopters, it is essential to first identify the
specific perceived risks faced by this group. Tailored strategies
addressing individual consumers' perceived risks are necessary to sup-
port the diffusion process.

This finding can help overcome challenges in the diffusion phase
between early adopters and the early majority—a phase commonly
referred to as “crossing the chasm” (Moore and Benbasat, 1991, p. 20).
Moore emphasizes that bridging this gap is essential for innovations to
succeed in the market, as the chasm is more pronounced with discon-
tinuous innovations that require users to alter their behavior signifi-
cantly. Given that the adoption of electric vehicles requires significant
behavioral changes, such as adjusting driving durations and accommo-
dating the charging process, the need for risk mitigation strategies, as
the one presented in this study, is evident (Caperello and Kurani, 2012;
Lane and Potter, 2007).

This study also introduces risk mitigation as a new variance-
influencing factor, extending the existing UTAUT model for the adop-
tion of electric vehicles. The model's adaptability to various technologies
and its ability to incorporate additional factors make it highly versatile
for research (Williams et al., 2015; Dwivedi et al., 2019). However, this
study highlights the importance of addressing specific risk dimen-
sions—such as financial and functional concerns—directly. Indicated by
the R? value of 0.632, our model explains 63.2 % of the variance in the
behavioral intention to use electric vehicles. This is not only considered
a solid value (Hair et al.,, 2017) for UTAUT but also exceeds the
explained variance in data from previous empirical studies, in e.g. Jain
et al. (2022) with R? values between 0.169 and 0.402, on adopting
electric vehicles and provides a strong basis for assessing behavioral
intention to adopt electric vehicles.

Previous empirical studies have also incorporated perceived risk
(positively significant) but with lower significance in samples consisting
solely of early adopters (Jaiswal et al., 2021) or mixed samples (Wang
et al., 2018). Not only do our findings show that perceived risks are
present in a risk-averse group, we also demonstrate that with the right
risk mitigation strategies, technology adoption can be significantly
influenced. Therefore, we see it as a valuable finding that the combi-
nation of behavioral adoption theories with risk theory—specifically the
perception of risks and corresponding mitigation strategies—could offer
new perspectives on potential technology adoption scenarios.

Another factor contributing to the high R? value in this study could
be the alignment of the developed research framework with segment-
specific characteristics, such as perceived risks, which are particularly
relevant for later adopter groups.

Therefore, we build on the work of Attié¢ and Meyer-Waarden (2022),
who also integrated elements of the diffusion of innovation theory into
the Technology Acceptance Model (TAM) to provide a more nuanced
understanding of technology adoption across different adopter stages.
Similarly, future research on electric mobility adoption should carefully
consider the sample characteristics and ensure alignment with the
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research framework. The more precisely a behavioral adoption model
reflects segment-specific characteristics, the stronger the empirical re-
sults are likely to be.

For more robust models, an interesting avenue could involve
tailoring the Unified Theory of Acceptance and Use of Technology
(UTAUT) framework to specific adopter groups. For instance, an early
adopter-focused UTAUT could emphasize factors such as social influ-
ence and hedonic values, whereas a late adopter-focused UTAUT might
prioritize risk mitigation strategies and government incentives. This
segmentation could lead to a deeper understanding of adoption behav-
iors and stronger empirical insights.

6. Implications, limitations and further research
6.1. Implications for theory

The Diffusion of Innovations Theory and the Technology Acceptance
Model are widely recognized adoption theories. Many studies, such as
those on ChatGPT (Raman et al., 2024), Uber payment (Min et al.,
2019), mobile wallet app (Shaw et al., 2022 or Bharadwaj, 2021) have
integrated DOI and TAM constructs to examine behavioral intentions to
use technology through incorporating key DIT factors such as relative
advantage, complexity, compatibility, trialability, and observability in
their models.

However, our work extends upon the research conducted by Attié
and Meyer-Waarden (2022) and Dash et al. (2023), who created user
behavior models, namely the TAM-based, and analyzed the results
comparatively across adopter groups to get a more nuanced under-
standing of drivers and barriers within the different groups. In contrast,
our study adds another valuable finding to this segmentation approach
by stressing the need to adapt the standard model constructs to closer
represent specific characteristics inherent to the target group, resulting
in a segment-specific representation of these groups' unique drivers and
barriers, e.g. in our sample analyzing the role of perceived risks and
coherent mitigation strategies.

Consequently, a promising avenue for future research involves
developing tailored behavioral models like UTAUT or TAM specifically
targeted toward distinct adopter groups, subsequently comparing these
tailored models—as exemplified in Attie and Meyer-Waarden's work—to
obtain an even deeper and more nuanced understanding of the varying
drivers and barriers within each group. For example, a UTAUT model
focused specifically on early adopters might highlight factors such as
social influence and hedonic motivations, whereas a model tailored for
late adopters could prioritize risk mitigation strategies and government
incentives. This targeted segmentation holds the potential to yield
deeper insights into adoption behaviors and enhance the strength of
empirical findings.

6.2. Implications for practice

6.2.1. For businesses

The study's findings underscore the importance of designing business
models tailored to the needs of risk-averse consumer segments, partic-
ularly the early and late majority. User segmentation is a key determi-
nant of success in electronic commerce (Bhatnagar and Ghose, 2004). By
applying segmentation, marketers can allocate resources more effi-
ciently and develop products that effectively meet the needs of specific
target groups (Wiese and Humbani, 2020; Quinn, 2009). Non-ownership
models, such as electric car sharing, emerge as especially well-suited for
the mass market, offering flexibility, cost-efficiency, and low commit-
ment (Huang et al., 2021; Ziegler and Abdelkafi, 2022; Schliiter and
Weyer, 2019). These models help reduce financial and performance-
related risks while allowing consumers to gain hands-on experience
with electric vehicles (Franke et al., 2012; Schmalful et al., 2017). By
emphasizing practicality, reliability, and ease of use, rather than envi-
ronmental benefits, these models align with the functional priorities of



E. Enkel and S. Wintgens

the early and late majority (Rogers, 2003; Muller and Yogev, 2006).
Marketing strategies should therefore focus on transparent pricing,
bundled support services (e.g., insurance, maintenance), and test-
driving features to lower entry barriers and build consumer confi-
dence, ultimately facilitating the transition from early adopters to the
mass market.

6.2.2. For policymakers

Moreover, policymakers can actively promote non-ownership busi-
ness models, such as e-carsharing, which have proven effective in
reducing financial and functional risks (Ziegler and Abdelkafi, 2022;
Schliiter and Weyer, 2019). This could be supported through public
awareness campaigns, infrastructure enhancements, and dedicated
carsharing parking spaces to increase the visibility and reliability of
these services (Prieto et al., 2017). By addressing these structural bar-
riers and enabling risk-mitigating mobility solutions, cities can better
support mass-market adoption of electric vehicles. In parallel, data-
driven pilot programs should be launched in low-mid income neigh-
borhoods to test short-term car-sharing or leasing models designed
specifically for the early and late majority. These initiatives not only
offer low-risk access to electric vehicles but also generate insights to
refine future adoption strategies.

Furthermore, policymakers should recognize their valuable role in
mitigating perceived risks in risk averse adopter groups, Future alter-
native mitigation strategies for electric vehicles can involve different
public support measures, aimed at reducing in particular perceived risks
of late adopters, such as offering trust enhancing certifications and in-
surances for high tech products, such as electric vehicles.

6.3. Limitations

Our study exemplifies characteristics of early and late majority in
Germany. These characteristics might differ or influence behavior to a
lesser degree in other national cultures (Hofstede, 2001). For instance,
Frank (2024) has highlighted varying levels of Al product adoption in
countries such as China, the USA, and Japan, which were selected due to
their different levels of risk-aversity for Al services. This geographic
specificity implies that the effect of the discovered variables may vary
between Germany and other regions. Therefore, testing our model in
other national environments should enrich our knowledge on national
differences in the characteristics of adopter groups and will lead to
better adaptation of national forecasts of technology diffusion.

Although the combination or risk (mitigation) theories has revealed
interesting results in diffusion of high-tech products, such as electric
vehicles in the present study, one has to test its application for different
products. In the present study the perceived risks, e.g. financial risks, are
particularly high and thus risk mitigation is welcomed. As the diffusion
of innovations is product dependent, e.g. as research on the diffusion of
fashion items as portrayed by Workman and Lee (2017), risk mitigation
strategies might not play such a relevant role.

In the present study, it was only possible to test one concrete risk
mitigation strategy, which responds to specific concerns of the early and
late majority. This allowed us to test this novel approach. Yet, our in-
sights on the possibilities to match different risk mitigation strategies
with other adopter segments is limited.

6.4. Further research

By identifying the significance of perceived risks and suitable risk-
mitigation strategies for risk-averse later adopter groups, this study
contributes to a more nuanced understanding of demand-side barriers
and a matching solution to them. Following Zarazua de Rubens (2019),
class cluster analysis could help identify distinct adopter profiles, which
help to further refine diffusion scenarios. Such extensions would not
only enhance theoretical models but also offer a valuable opportunity to
reassess previous adoption forecasts (e.g., Propfe et al., 2013), where
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variance and uncertainty may partly reflect unaccounted-for psycho-
logical dimensions. In this line of argument, applying an extended
UTAUT2 framework with its consumer-focused constructs such as social
influence, facilitating conditions, hedonic motivation, price value, and
habit, could strengthen the explanatory power and completeness of
future adoption studies in the context of electric vehicles.

These insights may also hold the potential for enhancing more recent
and current accuracy of forecasting models for the adoption of electric
vehicles. Based on the work of Bass, who developed a mathematical
model that became known as the Bass Model (Bass, 1969) to explain and
forecast how adopters and imitators interact with innovative products
(Lampo, 2022), Lee et al. (2019a, 2019b) and Zarazua de Rubens (2019)
started to integrate psychological profiles in an extended Bass diffusion
model. Along this line of argument, Fan et al. (2024) began integrating
consumer behavior data into his ARIMA model by incorporating the
Google search index. Since our findings highlight the relevance of
perceived risk and risk mitigation behavior, we see potential for further
research.. For example, one could integrate prominently searched key-
words from potential users related to a new technology—such as “EV
battery problems” or “EV accidents” following major incidents—into
real-time Al forecasting models, such as SARIMA. This would aim to
predict the behavior of early and late majority consumers more
accurately.

In addition, scenario-based forecasting techniques could be adapted
to reflect differing assumptions about the prevalence and effectiveness
of risk mitigation strategies. For example, contrasting a baseline sce-
nario without targeted mitigation efforts against one where such mea-
sures are widely implemented could help illustrate the potential range of
adoption trajectories. This approach may also provide practical value for
policymakers and marketers aiming to design interventions that shift
adoption curves. New models could then be tested against conventional
forecasting approaches using real or historical adoption data from
markets with high-tech products, such as electric vehicles. By comparing
forecast accuracy across models, such a study would directly assess
whether the inclusion of these psychological factors yields measurable
improvements.
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Appendix A

Table 5
Items, survey questions and scales.

Item description Abbreviation Scales used for coding

Performance expectancy (adapted from Venkatesh et al., 2003; Jain et al., 2022; Attié and Meyer-Waarden, 2022)

I could use an electric car for journeys to simply arrive at my destination. PU_PU2 7-point scale (not useful at all — very
useful)

In general, I think electric cars are a very good mobility alternative. PU_PU3 7-point scale (not useful at all — very
useful)

I could use an electric car very well in my everyday life. PU_PU1 7-point scale (not useful at all - very
useful)

Effort expectancy (adapted from Venkatesh et al., 2003; Jain et al., 2022; Attié and Meyer-Waarden, 2022)

Using an electric car and the associated charging will be easy for me. PEU_PEU1 7-point scale (not useful at all — very
useful)

For me, operating an electric car would be no different to operating a conventional vehicle. PEU_PE2 7-point scale (not useful at all — very
useful)

1 find it very difficult to familiarize myself with the use of an e-car. (R) PEU_PE3 7-point scale (not useful at all — very
useful)

It will be difficult for me to familiarize myself with the charging process of an e-car. (R) PEU_PE4 7-point scale (not useful at all — very
useful)

Risk mitigation (adapted from adapted from Biresselioglu et al., 2018; Wang et al., 2018; Schliiter and Weyer, 2019)

The range of electric cars is sufficient. ThoughtsAbout 7-point scale (not useful at all — very
Emobili_1 useful)

The safety of electric cars is sufficient. ThoughtsAbout 7-point scale (not useful at all — very
Emobili_3 useful)

There is an e-car at a price for which I would buy it. ThoughtsAbout 7-point scale (not useful at all - very
Emobili_2 useful)

The risk of battery depreciation in electric cars is too high for me. (R) ThoughtsAbout 7-point scale (not useful at all — very
Emobili_6 useful)

E-cars are less susceptible to maintenance. ThoughtsAbout 7-point scale (not useful at all — very
Emobili_ 9 useful)

The reliability of e-cars is a given. ThoughtsAbout 7-point scale (not useful at all — very
Emobili_4 useful)

The charging infrastructure for e-cars is sufficient. ThoughtsAbout 7-point scale (not useful at all - very
Emobili_5 useful)

If I had access to a carsharing service with electric cars, I could imagine using it. ITUEV1_1 7-point scale (not useful at all — very
useful)

If T had the opportunity, I would test electric cars for everyday use with carsharing services. ITUEV1_2 7-point scale (not useful at all — very
useful)

1 see carsharing as a cheap way to use electric cars. ITUEV1_3 7-point scale (not useful at all - very
useful)

Environmental concern (adapted from Diekmann and Preisendorfer, 1998)

It worries me when I think about the environmental conditions our children and grandchildren will likely have =~ ECOA1 5-point scale (not useful at all — very
to live under. useful)

When I read newspaper reports about environmental issues or watch related TV programs, I am often outraged =~ ECOA2 5-point scale (not useful at all - very
and angry. useful)

If we continue like this, we are heading toward an environmental disaster. ECOA3 5-point scale (not useful at all — very
useful)

It is still the case that politicians do far too little for environmental protection. ECOA4 5-point scale (not useful at all — very
useful)

There are limits to growth that our industrialized world has already exceeded or will very soon reach. ECOA5 5-point scale (not useful at all — very
useful)

In my opinion, the environmental problem is greatly exaggerated in importance by many environmentalists. =~ ECOA6 5-point scale (not useful at all — very
useful)

For the sake of the environment, we should all be willing to reduce our standard of living. ECOA7 5-point scale (not useful at all — very
useful)

Science and technology will solve many environmental problems without us having to change our way of life. =~ ECOA8 5-point scale (not useful at all — very
useful)

Environmental protection measures should be enforced even if it leads to the loss of jobs. ECOA9 5-point scale (not useful at all — very
useful)

(continued on next page)
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Table 5 (continued)
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Item description

Abbreviation Scales used for coding

Behavioral intention to use electric vehicles (adapted from Venkatesh et al., 2003; Jain et al., 2022; Kapser and Abdelrahman, 2020)

1 can imagine using an electric car for short distances.
1 can imagine using an electric car for medium or long distances.

I can imagine using an electric car spontaneously.

User behavior (adopted from adapted from Schliiter and Weyer, 2019)
Would you buy an electric vehicle as your next vehicle?

BehlIntention_BI1 7-point scale (not useful at all — very

useful)

BehIntention_BI2 7-point scale (not useful at all — very
useful)

BehlIntention_BI3 7-point scale (not useful at all — very
useful)

BUYEV binary variable (no - yes)

Data availability
Data will be made available on request.
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