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Recently, IoV-based services and vehicles have come to the forefront as part of the growing market for the automobile industry.
Since IoV-based services and vehicles were introduced, they have been expected to grow rapidly. However, contrary to optimistic
expectations for future market growth, the IoV-based services and vehicles market has appeared to hit a roadblock and remains at
an early market stage. *erefore, research of the determinants leading to consumers’ intention to accept and purchase IoV-based
services and vehicles is significant for either academics or practitioners. Drawing upon the extended unified theory of acceptance
and use of technology acceptance model (UTAUT2), the perceived risk theory, and the initial trust model, we developed an
integrated conceptual model and explored what and how various determinant antecedent conditions fit together on consumer
intention to accept IoV-based services and vehicles.*e proposedmodel and hypotheses were assessed by both symmetric (partial
least square structural equation modeling, PLS-SEM) and asymmetric (fsQCA) approaches using online survey datasets with 362
Chinese consumers. *e findings suggest that PLS-SEM and fsQCA are complementary analytical techniques providing
comparable results. PLS-SEM results indicate that performance expectancy, price value, habit, and initial trust have significant
effects on behavioral intention to accept IoV services. Despite other determinants, e.g., effort expectancy, social influence, fa-
cilitating conditions, hedonic motivation, and perceived risk, have no significant effect. FsQCA results reveal twelve different
configurations of determinants resulting in a high level of behavioral intention to accept IoV services, and eight causal paths
equifinally leading to the negation of behavioral intention to accept IoV services. *ese findings suggest that several conditions
that were not significant in PLS-SEM are sufficient conditions when combined with other conditions. *is study enriches relevant
research studies on IoV-based services acceptance and provides relevant insights and marketing suggestions for incentivizing
consumers to accept the IoV-based services.

1. Introduction

In recent years, connected autonomous vehicle (CAVs) or
called intelligent connected vehicles, as the core component
of the intelligent transportation system (ITS) and a node of
Internet of Vehicles (IoV) system [1], have become one of
the most popular research fields in network and intelligent
transportation system, as well as attracted huge investments
from the automotive manufacturers. Various IoV-based
services and location-based services of the connected

autonomous vehicle, e.g., car navigation systems, vehicle
information systems, advanced driver assistance, human-
computer interaction, and car infotainment systems, play
important roles in making transportation safer, cleaner, and
more comfortable [1, 2]. While IoV-based services have a
wide range of benefits in terms of safety, energy efficiency,
environment improvement, increased mobility, and more
entertainment in driving [3–10], such benefits may not be
realized until IoV-based services are widely accepted and
used by a critical mass of consumers [11–15]. Recent surveys
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have shown that the consumers’ intention to accept or
purchase IoV-based services is generally low Wu et al. [3].
*erefore, it is significant to explore the determinants of
consumers’ intention to accept and purchase IoV-based
services [16].

With ongoing technological advances in automation and
connectivity, several studies have been discussed concerning
IoV-based services in recent years that have concentrated on
different issues [1, 17], such as the concept of IoV [18, 19],
architecture (four layers including vehicle network environ-
ment sensing and control layer, network access and transport
layer, coordinative computing control layer, and application
layer) [20, 21], and key technologies for IoV [22, 23], as well as
barriers and determinants of IoV-based services and vehicles
adoption [24, 25]. Numerous studies have investigated key
factors for consumers’ willingness-to-pay (WTP) and the
adoption of IoV-based services and vehicles from the per-
spectives of various innovation adoption theories [6, 26].
However, almost all of the empirical studies have been
grounded in the use of the conventional symmetric-based
techniques, including multiple regression model [13, 27–29],
structural equation modeling (SEM) [11, 14, 15, 30, 31], and
partial least square (PLS) [10, 12, 31–35], to explore the re-
lationships between independent variables (IV) and dependent
variables (DV). *ese conventional techniques are variable-
oriented that focus on the “net effect” of IV on DV, while
excluding possible asymmetric relations between variables [36],
leading to the correlation and significance might vary
depending on the variables the model includes. In real-life
scenarios, a viable outcome often depends on combinations of
several antecedents that collectively form what is referred to as
an algorithm in the asymmetric method [37]. *erefore,
qualitative comparative analysis (QCA), as a holistic approach,
has been recommended for facilitating the analysis of complex
causality and logical relations among combinations of con-
ditions and an outcome, allowing researchers to examine
multiple causal paths that lead to the same outcome [38–40].

To fill this gap, in the study, we answer the calls for the
application of the holistic approach to understand the de-
terminants’ configurations on consumers’ behavioral in-
tention to accept IoV-based services.*erefore, based on the
review of studies related to the acceptance of IoV-based
services and vehicles, we develop an integrated theoretical
model including the extended unified theory of acceptance
and use of technology (UTAUT2) [41] with the constructs of
perceived risk from perceived risk theory [42] and initial
trust from the initial trust model [43]. *ese factors
employed have been extensively used in innovation adop-
tion studies and are appropriate for explaining IoV-based
services’ acceptance. *is integrated model makes up for the
inadequate explanation of the individual behavior adopted
by a single model. Using online survey datasets with 362
Chinese consumers, we use both symmetric (PLS-SEM) and
asymmetric (fsQCA) methods, to explore the role of the
above determinants on the intention to accept IoV-based
services. Our study involves some antecedents not analyzed
in the literature, and it starts by analyzing the net effects of
each antecedent with PLS-SEM. Moreover, to provide a
more accurate understanding of the complex reality

associated with the various determinants and behavioral
intention to accept IoV-based services, the configurations of
causal factors are analyzed by fsQCA for explaining the
complex intention that the PLS-SEM does not capture [44].
FsQCA can not only explore how the antecedent factors
combine to produce multiple alternative paths that can
successfully lead to this intention but also assume causal
asymmetry to identify the paths that explain the negation of
the intention. *e findings of PLS-SEM and fsQCA provide
relevant insights and marketing suggestions for incentiviz-
ing consumers to accept and purchase IoV-based services.

*e study is organized as follows. Section 2 provides
literature reviews for the research model. Section 3 presents
our conceptual model and hypotheses. Section 4 explains the
measurement and data used in the empirical analysis.
Section 5 presents the results of the empirical analysis by
PLS-SEM and fsQCA. *e key findings, theoretical impli-
cations, managerial implications, and limitations of the
present study are discussed in Section 6. Finally, Section 7 is
the conclusions of this study.

2. Literature Review and Theoretical Basis

2.1. "e Definition and Adoption of IoV-Based Services and
Vehicles. IoV as an important part of the wisdom city is a
complex integrated network system [18], which connects
different people within vehicles, different vehicles, and
different environment entries in cities. As an important
branch of IoT in the transportation field, IoV covers a wide
range of technologies and applications, including intelligent
transportation, vehicular information service, modern infor-
mation and communications technology, and automotive
electronics. However, owing to different understandings of the
connotation of IoV in various research fields, there is no
uniform definition of IoV [18]. IoV is different from telematics,
vehicle ad hoc networks, and intelligent transportation, in
which vehicles like phones can run within the whole network
and obtain various services by swarm intelligent computing
with people, vehicles, and environments.

IoV-based services and vehicles introduce all sorts of
different benefits such as safety, energy efficiency, environment
improvement, increased mobility, and more entertainment in
driving [3–5, 14]. However, there still exist several concerns
about IoV-based services and vehicles, such as the relatively
higher prices and maintenance costs compared with existing
vehicles, performance, and safety issues when operating in
complex conditions, impeding the adoption of IoV-based
services and vehicles [14]. *erefore, to ensure the social ac-
ceptability of IoV-based services and vehicles, numerous
studies use technology adoption theories to explore the de-
terminants of consumers’ intention to accept and purchase
IoV-based services and vehicles [6, 26]. Table 1 summarizes
previous studies on IoV-based services and vehicle acceptance
based on a theoretical perspective of technology acceptance.

As shown in Table 1, previous studies have sought to
explain the acceptance of various concepts of IoV-based
services and vehicles, such as autonomous vehicles, con-
nected vehicles, in-vehicle infotainment systems, and au-
tonomous shuttle services. From a theoretical point of view,
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Table 1: Related studies on IoV-based services acceptance.

References *eory Types of IoV-
based services

Method (data
collection and

analysis)

Antecedent conditions (IV)
and outcome (DV) Key findings

[35] TAM Connected
vehicles

Online survey (116
participants t) and

PLS-SEM

Perceived usefulness (PU),
perceived ease of use (PEOU),
attitude, privacy concerns,

privacy risk, trust in provider,
information control, social

norm, and behavioral
intention (BI) to use

Attitude and social norm have
a significant positive effect on
BI, while PU, privacy risk, and
trust in provider have no

effect

[10]

Social cognitive
theory, TPB,
prospect theory,
and value
perception theory

Fully
autonomous
vehicles

Survey (355 samples
in Beijing, China) and

PLS-SEM

Mass media, social media,
self-efficacy, subjective norms
(SN), PU, perceived risks

(PR), and adoption intention
to private AVs and public AVs

Mass media enhances
potential users’ self-efficacy of
fully AVs, while social media
strengthens SN; both PU and
PR of AVs are perceived
simultaneously via mass
media, whereas PR can be
significantly eliminated by

social media; all constructs of
self-efficacy, SN, PU, and PR
are verified to drive intention

to use AVs

[14] TPB Autonomous
vehicles

Survey (526 residents
in Seoul, Korea) and

SEM

Attitude, SN, behavioral
control, cognitive and emotive

factors (comparative
advantage, compatibility,
complexity, and hedonic

motivation), and acceptance

Individuals’ mindset,
subjective customs, and

behavioral influence directly
affect AVs acceptance;
comparative advantage,
compatibility, complexity,
and hedonic motivation
indirectly affect AVs

acceptance

[45] UTAUT2 Autonomous
delivery vehicles

Online survey (501
German) and SEM

Performance expectancy (PE),
effort expectancy (EE), social
influence (SI), facilitating
conditions (FC), hedonic

motivation, price sensitivity,
PR, and BI

Price sensitivity is the
strongest predictor of BI,
followed by PE, hedonic

motivation, PR, SI, and FC,
whereas no effect could be

found for EE

[46] TAM Autonomous
shuttle services

Survey (700
respondents in

Taiwan) and SEM

PU, PEOU, attitude, trust,
perceived enjoyment, and use

intention

PU, PEOU, trust, and
perceived enjoyment

positively affect attitude; PU,
trust, and attitude positively

affect use intention

[11] TAM and initial
trust theory

Automated
vehicles

Face-to-face survey
(216 drivers in

Shenzhen, China) and
SEM

PU, PEOU, perceived safety
risk, perceived privacy risk,
initial trust, attitude towards

using, and BI

PEOU positively affect PU;
PU and perceived safety risk
positively affect initial trust;

PEOU and initial trust
positively affect attitude; PU
and attitude positively affect

BI

[8] Trust theory Autonomous
vehicles

Survey (742 Korean
respondents)& PLS-

SEM

Trust in technology, perceived
benefit (PB), PR, general

acceptance, BI, and
willingness to pay.

Trust has direct and indirect
effects on AV acceptance; PB
is more influential than PR in
affecting AV acceptance and
also in mediating the trust-
acceptability relationship

[47] TAM Autonomous
vehicles

Online survey (313
Korean respondents)

and PLS-SEM

Relative advantage,
psychological ownership, self-
efficiency, PR, PU, PEOU, and

intention to use

Relative advantage positively
affects PU; self-efficacy

positively affects PEOU; self-
efficacy, psychological

ownership, PR, and PU affect
intention to use autonomous

vehicles
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Table 1: Continued.

References *eory Types of IoV-
based services

Method (data
collection and

analysis)

Antecedent conditions (IV)
and outcome (DV) Key findings

[48] TAM Autonomous
electric bus

Online survey (268
passengers in

Germany) and SEM

PU, PEOU, ATU, individual
differences, social impacts,
systems characteristics, and

intention to use

Desire to exert control, SN,
perceived enjoyment, PU, and
PEOU positively affect ATU;
trust, SN, price evaluation,
and ATU positively affect

intention to use

[31] TAM and the life-
oriented approach

Self-driving
public bus

Online survey (268
passengers in

Germany) and PLS-
SEM

PU, PEOU, ATU, life choices,
subjective well-being, factors
of travel quality, life domains,

and intention to use

Trust, price evaluation, social
network, residence, family
budget, PU, and ATU

positively affect intention to
use

[12] TAM Automated
vehicles

Online survey (1177
participants in

Europe, China, and
North America) and

PLS-SEM

Attitude towards
environmental protection,
innovativeness, perceived

enjoyment, objective usability,
PU, PEOU, ATU, and BI

Perceived enjoyment and
objective usability positively
affect both PU and PEOU; PU
and PEOU positively affect
ATU; ATU positively affects

BI

[2] TAM Autonomous
electric vehicles

Online survey (470
respondents in China)

and SEM

Environmental concern,
green PU, PEOU, and BI

Environmental concern,
green PU, and PEOU

positively affect BI; EC has an
indirect effect on BI through
mediators of green PU and

PEOU

[15] Trust and TAM Autonomous
vehicles

Online survey (369
German participants)

and SEM

Trust, concern of giving up
control, PU, PEOU, driving

enjoyment, personal
innovativeness, and the

adoption intention of AVs

Trust in the technology/
concern about handing over
control to a machine, PU, and

personal innovativeness
positively affects adoption
intention, while driving

enjoyment is a barrier to AVs
adoption

[34] Self-driving
vehicles

Survey (1355
participants in Tianjin
and Xi’an, China) and

PLS-SEM

Demographic (familiarity,
age, gender, education, and
income) and psychological
factors (PB, PR, perceived
dread, and trust in SDVs)

Younger and highly educated
participants with higher-

income were willing to pay
more; participants who had
heard about SDVs reported
higher WTP and higher trust
and perceived higher benefits,
lower risks, and lower dread;
trust and PB were positive

predictors of WTP, while PR
and perceived dread were

negative

[16]
IDT and agent-
based simulation
modeling

Connected
autonomous
vehicles

Survey (327
employees of the
University of
Memphis) and

simulation modeling

Price reduction, mass
communication (marketing),

and peer-to-peer
communication (word-of-

mouth)

*e automobile fleet will be
nearly homogenous in about
2050 only if prices decrease at
significant rates (15% or 20%

annually); a 6-month
preintroduction marketing
campaign has no impact on
adoption trend; CAV market

share significantly alter
caused by peer-to-peer

communication
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the majority of empirical studies attempt to explore the
determinants of acceptance using a single theory, such as the
technology acceptance model (TAM) [2, 12], the theory of
planned behavior (TPB) [14], UTAUT [7, 28, 29, 45], and

innovation resistance model [33]. To provide a compre-
hensive understanding within the adoption decision-making
of IoV-based services and vehicles [31], more and more
researchers have called for integrating various theories or

Table 1: Continued.

References *eory Types of IoV-
based services

Method (data
collection and

analysis)

Antecedent conditions (IV)
and outcome (DV) Key findings

[7] UTAUT Autonomous
car

Online survey (241
respondents in

France) and SEM and
multigroup analysis

PE, EE, SI, consumer
innovativeness, and purchase

intention

PE, EE, and SI positively affect
purchase intentions;

consumer innovativeness
moderates the relationships
between the constructs

[13] TAM Autonomous
driving

Web-based survey
(483 respondents in
Greece) and multiple

regression

PU, PEOU, perceived trust, SI,
and BI to have AVs

PU, PEOU, perceived trust,
and SI positively affect BI

[29] UTAUT
Automated road

transport
systems

Survey (315
participants in
Greece) and

hierarchical multiple
regression

PE, EE, SI, FC, hedonic
motivation, and BI

PE, SI, FC, and hedonic
motivation positively affect BI

[28] UTAUT
Automated road

transport
systems

Survey (349
respondents from

France and
Switzerland) and

hierarchical multiple
regression

PE, EE, SI, and BI PE, EE, and SI positively affect
BI

[33] Innovation
resistance model

In-vehicle
infotainment
(IVI) systems

Online survey (1070
samples in Korea) and

PLS-SEM

Technographics, SN, prior
similar experience, PU,

perceived complexity, PR,
resistance, and intention to

use IVI systems

PU negatively affects
resistance, while perceived

complexity and PR positively
affect resistance (which

negatively affects intention to
use)

[27] UTAUT Self-driving
vehicles

Online survey (556
residents of Austin,
Texas) and an ordinal
regression model

PE, EE, SI, perceived safety,
anxiety, attitudes about

technology, desire for control,
technology use, technology
acceptance, and intent to use

Intent to use self-driving
vehicles are the ones who

have any physical conditions
that prohibit them from
driving, think it would

decrease accident risk, use
smartphones and

transportation apps, are not
concerned with data privacy,
think it would be fun, think it
would be easy to become

skilful, and believe that people
whose opinions they valued

would like using it

[32] TAM and trust
theory

Autonomous
vehicle

Online survey (552
drivers) and PLS-SEM

System transparency,
technical competence,

situation management, trust,
PU, PEOU, PR, external locus
of control, sensation seeking,

and BI

System transparency,
technical competence, and
situation management

positively affect trust; PU,
PEOU, trust, and external
locus of control positively
affect intention to use

autonomous vehicles; PR and
sensation have no impact on

BI
Note: perceived usefulness, PU; perceived ease of use, PEOU; perceived benefit, PB; perceived risks, PR; performance expectancy, PE; effort expectancy, EE;
social influence, SI; facilitating conditions, FC; behavioral intention, BI.
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additional factors depending on the certain context to im-
prove the model’s explanatory power [31, 46], such as the
integration of TAM and initial trust theory [11, 15, 32, 46].
*erefore, we integrate various theories or constructs widely
used and verified in diffident contexts for improving the
model’s explanatory power.

From a methodology of view, the empirical studies have
been grounded mostly in the use of the conventional
symmetric-based techniques, including multiple regression
model [13, 27–29], SEM [11, 14, 15, 30, 31], and PLS
[10, 12, 31–35], to explore the relationships between vari-
ables. However, these techniques focus on the net effect of IV
on DV, while excluding possible asymmetric relations be-
tween variables [36], leading to the correlation and signif-
icance might vary depending on the variables the model
includes. For example, most of the empirical previous
studies of perceived ease of use, perceived risk, social in-
fluence, or facilitating conditions have produced mixed
results, and its effect on technology adoption has also been
inconsistent. In real-life scenarios, a viable outcome often
depends on combinations of several antecedents [37]. To
understand the effects of determinants on the intention to
accept IoV-based services and vehicles, QCA has been
recommended for facilitating the analysis of complex cau-
sality and logical relations among combinations of condi-
tions and an outcome [38, 39].*erefore, we also answer this
call and use fsQCA to provide a more nuanced under-
standing of how these antecedent conditions fit together to
affect consumers’ intention to accept and purchase IoV-
based services and vehicles.

2.2. Unified "eory of Acceptance and Use of Technology
(UTAUT). Information technology (IT) acceptance is an
enduring topic in IS research, and a variety of popular
models with different sets of acceptance determinant have
been developed to explain individual’s acceptance and usage
of innovation technology, e.g., the theory of reasoned action
(TRA) [49], TAM [50], the theory of planned behavior
(TPB) [51], task-technology fit (TTF), motivational model,
UTAUT [41, 52], initial trust model (ITM) [43], diffusion of
innovation theory (IDT) [53], and social cognitive theory.
Many studies have used these traditional frameworks or
added new constructs to develop models to conduct their
research studies in various contexts of technologies.

Considering the choice of theoretical models for
explaining user acceptance of new technology, Venkatesh
et al. suggested a “need for a review and synthesis to progress
toward a unified view of user acceptance” [52]. UTAUT
integrating elements across the eight models (i.e., TRA,
TAM, motivational model, TPB, a model combining TAM
and TPB, the model of PC utilization, IDT, and social
cognitive theory) explains more of the variance in user
intentions to use new technology than each model [52].
UTAUT2 extends UTAUT with three variables explicitly
proposed to be important in the consumer context (i.e.,
hedonic motivation, price value, and habit). Several studies
in the IS discipline have confirmed the explanatory power of
UTAUT in the acceptance and adoption studies. *erefore,

UTAUT is considered a robust and powerful model for
investigating the determinants of technology adoption at the
individual level, and it has generally been applied to un-
derstand the individuals’ acceptance of various new IT in-
novations, e.g., IoT in the smart home [54] and mobile
learning system [55]. UTAUT is also a commonly employed
behavioral model in transport studies from a technology
acceptance perspective [7, 35, 46]. *erefore, it is considered
theoretically and practically useful to utilize UTAUT2 as an
adequate theoretical basis for exploring the effects of factors
influencing consumer’s acceptance of IoV-based services
and vehicles.

3. Conceptual Model and Hypotheses

As outlined before, UTAUT2 will be utilized as a foundation
to investigate user acceptance of IoV-based services.
However, to examine the specific case of IoV-based services
acceptance, the model needs to be modified and extended for
improving the model’s explanatory power and specificity
[46]. IoV services, as the emerging technology, include both
two-sidedness [26], that is, the technological advantages, and
the possible negative consequences of IoV-based services,
which should be investigated in parallel. Hence, two per-
ceived factors (initial trust and perceived risk) were incor-
porated into the original UTAUT2 to form our model
because of the uncertainty of the emerging technology. *e
proposed model is presented in Figure 1. In the following,
the constructs of the proposed model and the developed
hypotheses will be presented.

3.1. Performance Expectancy. Performance expectancy is
defined as the degree to which using technology will provide
benefits to consumers in performing certain activities [41]. It
is similar to the perceived usefulness of TAM and the relative
advantage of IDT [53].*e effect of performance expectancy
on behavior intention has been widely verified in previous
studies, e.g., mobile learning [56], smart home [57], mobile
health [58], and autonomous delivery vehicles [45].
According to IDT [53], users tend to accept new products or
innovations if those innovations provide a unique advantage
compared to existing ones. Compared with conventional
vehicles, IoV-based services have functional benefits such as
fewer accidents and reduced fuel consumption and emis-
sions, as well as decreased congestion and driving time
[3, 10, 48]. For example, IoV-based services can be synched
with traffic signals and other vehicles by capturing the
surrounding traffic conditions and environment to decrease
travel time and cost [16]. IoV-based services are expected to
decrease traveling time through anticipative driving, opti-
mized routing, self-parking systems, and efficient usage of
lanes [15]. More specifically, IoV-based services’ integrated
systems such as real-time navigation aim to provide the
driver with a more comfortable and safer driving task [25].
Besides, ubiquitous connectivity allows consumers to be
“always connected” or “always on,” providing them with
more freedom and access to information and services, such
as infotainment [33]. Extant studies have shown that

6 Mobile Information Systems



technological advantages increase the satisfaction level of
consumers and affect the intention of consumers [47]. In this
research context, the issue is the extent to which potential
consumers will find IoV-based services better than tradi-
tional vehicles. *erefore, the more performance expectancy
is, the more likely consumers accept IoV-based services.

H1: performance expectancy positively affects IoV-
based services’ acceptance.

3.2. Effort Expectancy. Effort expectancy is the degree of ease
associated with consumers’ use of technology [41]. It quite
closely with the perceived ease of use of TAM and the
complexity of IDT (the degree to which an innovation is
perceived as relatively difficult to understand and use) [53].
Even if potential users believe that a given system is useful,
meanwhile they may believe that the system is too hard to
use and that the benefits of usage are out-weighed by the
effort of using the system. Essentially, if IoV-based services
were viewed to be difficult to use and complexity would act
as a functional barrier, it would harm acceptance [14]. Effort
expectancy has also been proven to be relevant with in-
tention in various contexts, e.g., mobile learning [56]. Unlike
conventional vehicles, IoV-based services do not require the
driver to monitor and take back the operational control of
the vehicle even when the system becomes failure [10].
Moreover, with the effortless communication with the hu-
man-car interaction system [35], the drivers just need to
issue the instructions and confirm to IoV-based services,
especially when they have a special preference or instant
requirement. Analogously, we pose the following hypothesis.

H2: perceived ease of use positively affects IoV-based
services’ acceptance.

3.3. Social Influence. Social influence is defined as con-
sumers perceive that important others (e.g., family and
friends) believe they should use the new technology [41, 52],

reflecting the effect of social environmental factors such as
the opinions of a user’s surrounding friends, relatives, and
superiors on user behavior, which is similar to the subjective
norm of TRA [48, 49]. Previous studies also reveal the
impacts of social influence on behavioral intention in var-
ious contexts, e.g., mobile payment [59], mobile banking
[60], mobile learning [56], IoT in smart home [54], wearable
technology [61], and autonomous delivery vehicles [45]. As a
person in society [14], an individual’s decision of technology
adoption is very susceptible to their social networks [31] and
social norms [35, 62]. For IoV-based services, such a dis-
ruptive innovation in a burgeoning market, Talebian and
Mishra [16] find that peer-to-peer communication (word-
of-mouth) with a satisfied adopter from the social circles can
not only convince a potential adopter that the resistances
which he/she perceives are perhaps not important but also it
is worthwhile to purchase IoV-based services. Besides, the
use of autonomous vehicles by friends and family leads to a
greater willingness to adopt the technology [63]. When
friends, family, or other important ones start to use IoV-
based services, consumers would be more likely to pay for an
IoV-based service or vehicle [7].

H3: social influence positively affects behavioral in-
tention to accept IoV-based services.

3.4. Facilitating Conditions. Facilitating conditions are de-
fined as a userʼs perception of disposable resources and
support when performing a behavior [41, 52], which are
similar to perceived behavioral control of TPB [51]. It is
significant in various technologies acceptance studies, e.g.,
mobile banking [60, 64] and automated public transport
[29]. IoV-based service/vehicle as new technology requires
users to have certain skills such as configuring and operating
smart applications to connect to the wireless Internet. It is
believed that users have different levels in possessing in-
formation and resources that facilitate their use of IoV-based
services (e.g., personal knowledge and help-hotlines). In

Behavioral intention to
accept IoV-based

services
Facilitating conditions

Performance expectancy

Social influence

H4

H1

H3

Initial trust

Perceived risk

H9

H8

Effort expectancy

H2

Initial trust model

Perceived risk theory

Hedonic motivation
H5

Price value

H6

Habit

H7

Unified theory of acceptance
and use of technology

Figure 1: *e integrated model of behavioral intention to accept IoV-based services.
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general, consumers with a lower level of facilitating con-
ditions will have lower intentions to accept or purchase IoV-
based services [45].

H4: facilitating conditions positively affects behavioral
intention to accept IoV-based services.

3.5.HedonicMotivation. Hedonic motivation, considered as
an intrinsic value, refers to the fun or pleasure derived from
using a technology [41]. In IS adoption research, such he-
donic motivation conceptualized as perceived enjoyment
and has been found to play an important role in the ac-
ceptance and usage of various technologies, e.g., smart home
[57], mobile health [58], and autonomous delivery vehicles
[45]. *e proposed system or technology must arouse the
userʼs emotions and make the experience enjoyable and
positive tomotivate users to adopt it [57]. In the IoV context,
hedonic motivation has also been found to be an important
determinant of acceptance and purchase of autonomous
shuttle services [29, 45, 46]. *e attractiveness of new IoV-
based services can be increased by the enjoyment experience
provided by technology [46].

H5: hedonic motivation positively affects behavioral
intention to accept IoV-based services.

3.6. Price Value. Price value is defined as the consumersʼ
cognitive tradeoff between a technology’s perceived benefits
and its monetary costs of usage [41]. In marketing research,
the perception of price/cost is usually conceptualized to-
gether with the quality to determine the perceived value of
products or services, reflecting the influence of the indi-
vidually perceived price-performance and personal financial
aspects. A positive price value occurs if the potential con-
sumers’ perceived benefits of using technology are greater
than the associated monetary costs, which has a positive
impact on consumersʼ adoption and usage of new tech-
nology [48]. Price value is a significant determinant of
behavioral intention in various contexts, e.g., smart home
[54]. Price value is expected to be particularly influential on
IoV-based services acceptance as IoV technologies are
evaluated against their comparable non-IoV objects. Al-
though some studies have indicated that potential con-
sumers are generally willing to pay a higher price for
autonomous vehicles than conventional ones [63], however,
they need to tradeoff price value when purchasing such a
disruptive product [48, 65, 66].

H6: price value positively affects behavioral intention to
accept IoV-based services.

3.7. Habit. Habit is defined as the extent to which people
tend to perform behaviors automatically as they learn how to
use a new technology [41]. It usually reflects the conse-
quences and results of prior experiences with a target
technology [57]. *at is when behavior is repeated, a habit is
developed. Accordingly, the behavior is likely to be deter-
mined by habit strength [67]. *e habit has been shown to
have a direct effect on technology use, e.g., smart home [57].

*erefore, the greater the habit of consumers to use the IoV-
based services, the greater will be their intentions to adopt.

H7: habit positively affects behavioral intention to
accept IoV-based services.

3.8. Perceived Risk. Perceived risk relates to the uncertainty
regarding the occurrence of adverse consequences
[16, 68, 69]. It is defined as the degree to which consumers
feel uncertainty and problems about the possibility of
negative consequences from accepting a technology and
drawing from perceived risk theory [42]. Consumers often
weigh benefits and risks beliefs about technology through
cognitive processes that inform their decisions to accept or
reject it [34]. Numerous studies use perceived risk in ana-
lyzing consumer behavior related to innovative technology
and find it is negatively related to intention to use such
innovative technology as IoT [70], smart home services [68],
e-government [71, 72], social commerce [73], Internet
banking [74–76], mobile payment [77], particularly auto-
mated vehicles [11, 47], and autonomous delivery vehicles
[45]. Dialectically, everything has two sides. Many surveys
have reported that while consumers acknowledge the po-
tential benefits of IoV-based services, they have also
expressed great concerns about safety and privacy risks
associated with the acceptance of IoV-based services [3, 6].
Safety risk includes the malfunctioning risk due to operating
system/equipment failure/crash, virus attack, or discon-
nection from the Internet [16], as well as vehicle perfor-
mance degradation when operating in such complex
conditions as poor weather, night, limited visibility, and in
areas with low Internet coverage [3]. Privacy risk originates
from the possibility that travel data, behavioral data, or
personal information could be transmitted to other orga-
nizations for misuse without notice or be hacked by others
[11, 48]. Previous studies show that users seem to have
privacy concerns when being confronted with the concept of
connected vehicles because users of connected vehicular
services may be concerned with the service providers’
handling of data in terms of information collection, storage,
and usage [35]. Such risks are considered as the most im-
portant barriers for acceptance of IoV-based services
[10, 16]. *erefore, the more perceived risk consumers as-
sess, the less consumers are willing to accept IoV-based
services.

H8: perceived risk negatively affects behavioral inten-
tion to accept IoV-based services.

3.9. InitialTrust. Initial trust refers to the trustorʼs subjective
knowledge and confidence of trustee without experience and
knowledge [35, 43]. In technology adoption research, trust is
the expectation of adopter toward the adoptee to satisfy a
certain service or fulfill a certain promise. Under risky or
uncertain situations, trust is treated as a vital component of a
relationship [8, 78]. Numerous studies have extensively
explored trust as an important determinant to affect user
acceptance of various technology services, e.g., mobile
banking [64, 79], e-government [71], IoT in agriculture [70],
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particularly autonomous vehicles [11, 32], and autonomous
shuttle [46, 48]. An individual tends to accept an innovation
only if they believe that the specific attributes of this in-
novation will help achieve one’s goals [80]. If trust is absent,
even individual who tends to make adoption decision may
start to defer adoption or hold a wait-and-see attitude until
the market of radical innovation (IoV-based services) ma-
tures. At the early stage of the marketization of IoV-based
services and vehicles, potential consumers need to shape
sufficient trust that can help to increase the expectation of
successful application of relevant IoV-based services,
overcome perceptions of risks and uncertainties, and form a
positive attitude towards it [11, 43].

H9: initial trust positively affects behavioral intention
to accept IoV-based services.

4. Methodology

4.1. Measurements. A survey questionnaire was conducted
to collect data for this study. Based on an extensive review of
the literature, each construct and its items were adapted
from validated instruments of previous studies, and wording
was modified to fit the context of IoV-based services and
vehicles [72], to improve content validity [50, 81]. *e
method of translation and back translation was used for
ensuring equivalence between the source and translated
versions [82]. Appropriate modifications were made based
on expert reviews by two IS experts. Several postgraduate
students pretested the instrument, identifying and revising
ambiguous or poorly worded items to improve the clarity
and understandability. *e instrument was then pilot tested
with 30 undergraduate students who were not included in
the main survey. *e results of pilot test confirmed the
reliability, validity, and translational equivalence of the
scales. *e final items and their sources are listed in Table 2.
All items were measured using a five-point Likert scale
ranging from “strongly disagree” to “strongly agree.”

4.2. Data Collection. *e data were collected through an
online survey by Wenjuanxing (http://www.wenjuan.com),
a professional online questionnaire survey platform in
China, from 22 to 26 June 2020. *e survey targeted con-
sumers who are using or intend to use an IoV-based service
and vehicle. *e survey includes a short explanation of the
definition and functions of IoV-based services to help re-
spondents understand this concept. *e questionnaire was
distributed randomly to actual respondents by Wenjuanx-
ing. A total of 420 questionnaires were collected. Excluding
invalid questionnaires with unusually short completion
time, incomplete data, or the same options, there were 362
valid questionnaires for this study. *e demographic
characteristics and driving-related information of the re-
spondents are shown in Table 3.

As seen in Table 3, the demographic data indicate that
the sample was balanced regarding gender (51.38% of the
respondents are male) and age (51.66% of the respondents
are less than 30 years old), consisting primarily of bachelor
degree and above (93.37%).

Nonresponse bias generally occurs when some of the
target individuals are unwilling or unable to participate in
the survey and, consequently, causes an unreliable repre-
sentation of the selected sample and limit a study’s external
validity [84]. Following the recommendations of Urbach and
Frederik [85], we took measures to address the issue of
nonresponse and make sure we had a representative re-
sponse rate, both before, during, and after data collection
[86]. To minimize nonresponse before and during the data
collection, all respondents were provided with a monetary
incentive to participate in the questionnaire. Besides, fol-
lowing the initial invitation to participate in the question-
naire, all of the respondents were recontacted to remind
them to complete the survey. After the data collection,
nonresponse bias was assessed by verifying that the re-
sponses of early and late respondents were not significantly
different [84, 87]. In both samples, the early and late re-
sponses had insignificant differences in the means of any
demographics based on T-tests using SPSS. *erefore,
nonresponse bias is not a major concern in this study.

Taking into consideration that all data were collected
from a single source at one point in time and that all data
were perceptions of key respondents, we used two ap-
proaches, i.e., Harman’s one-factor test [88] and full col-
linearity assessment approach [89], to test the existence of
common method bias (CMB), based on the guidelines of
previous studies [44, 54, 90]. First, Harman’s single-factor
test shows that the highest variance explained by the single
factor is 44.95%, which is less than the threshold value of
50%, indicating the absence of CMB in the dataset. Second,
CMB is examined through a full collinearity assessment
approach in PLS-SEM [89]. *e variance inflation factor
(VIF) values of all the latent variables are less than 4.58 (see
Table 4), which is below the acceptable threshold of 5. Taken
together, these results indicated that CMB was minimal in
this study.

5. Data Analysis and Results

Data were analyzed using both the PLS-SEM method with
Smart PLS 3 for validating the measurement model and
structural model [81], and the fsQCA 3.0 software for ex-
ploring the set relations of the casual and outcome condi-
tions [38].*ese twomethods have different focuses and rely
on different principles [91]. *e PLS-SEM is a variable-
oriented technique that focuses on the net effect of the
independent variable (IV) on the dependent variable (DV).
It treats independent variables as competing to explain the
variation in the dependent variables, and it relies on the
principles of additive effects, linearity, and unifinality [40].
On the contrary, the fsQCA is a case-oriented technique that
focuses on combinatorial effects. It assumes complex cau-
sality and focuses on asymmetric relationships between
conditions (IV) and outcome (DV) [91]. FsQCA also allows
for multifinality in which identical conditions can lead to
different outcomes [39]. *us, fsQCA is considered as an
appropriate complementary analysis to PLS-SEM when
detecting effects caused by unobserved heterogeneity
[40, 92–94].
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5.1. PLS-SEM Analysis. *e variance-based PLS-SEM
method, a symmetric approach for modeling, is widely used
in various studies [90, 95]. PLS-SEM enables to estimate the
complex models with many constructs, indicator variables,
and structural paths without imposing distributional as-
sumptions on the data, which is often recommended when
the focus of research is prediction rather than hypothesis
testing when the sample size is not large, or in the presence
of noisy data [81, 95]. Following the two-step approach
recommended by Zhou [79], the measurement model was
used to assess reliability and validity, and the structural
model was examined to test hypotheses and model fitness.

5.1.1. Measurement Model. Ameasurement model was used
to assess the reliability and validity [81]. *e internal con-
sistency reliability of the scales was measured by Cronbach’s
alpha (CA) and composite reliability (CR) [96]. Table 4
shows that CA and CR of all constructs are more than

0.7, thus confirming the excellent reliability of scale [97].*e
indicator reliability was evaluated based on the criterion that
the loadings should be greater than 0.70. As shown in Ta-
ble 4, the loadings (in bold) are greater than 0.708 [81],
meaning that the instrument presents good indicator
reliability.

Construct validity includes two fundamental aspects, i.e.,
convergent validity and discriminant validity [97]. Con-
vergent validity, the extent to which the construct converges
to explain the variance of its items, is determined by average
variance extracted (AVE) [96]. Table 4 shows that AVE is
greater than 0.5 for all of the constructs, meaning that the
instrument presents good convergent validity [81].

Discriminant validity is the extent to which a construct is
empirically distinct from other constructs in the structural
model. *e discriminant validity of the constructs is ex-
amined by using two criteria, i.e., the Fornelle–Larcker
criterion and cross-loadings’ criterion. Fornell–Larcker
criterion requires that the square root of AVE be higher than

Table 2: Measurement scale and items.

Constructs No. Items References

Perceived expectancy

PE1 Using IoV services will improve driving and travel performance

[41]PE2 Using IoV services will increase driving and travel effectiveness
PE3 Using IoV services will enhance my effectiveness while driving
PE4 I find IoV services are useful

Effort expectancy
EE1 Learning how to use IoV services is easy for me
EE2 I would find it easy to get IoV services to do what I want to do
EE3 Interacting with IoV services would not require a lot of my mental effort

Social influence
SI1 People who are important to me think that I should use IoV services
SI2 People who influence my behavior think that I should use IoV services
SI3 People whose opinions that I value prefer that I use IoV services

Facilitating conditions

FC1 I have the resources necessary to use IoV services
FC2 I have the knowledge necessary to use IoV services
FC3 IoV services are compatible with other technologies I use
FC3 I can get help from others when I have difficulties using IoV services

Hedonic motivation
HM1 Using IoV services is fun
HM2 Using IoV services is enjoyable
HM3 Using IoV services is very entertaining

Price value
PV1 IoV service is reasonably priced
PV2 IoV service is a good value for the money
PV3 At the current price, the IoV service provides a good value

Habit
HA1 *e use of IoV services has become a habit for me

[41, 57]HA2 I am addicted to using IoV services
HA3 I must use IoV services

Perceived risk

PR1 I’m worried about the general safety of IoV services

[8]
PR2 I’m worried about the failure or malfunctions of IoV services which may cause

accidents
PR3 I am concerned IoV services will collect too much personal information from me

PR4 I am concerned IoV services will use my personal information for other purposes
without my authorization

PR5 I am concerned IoV services will share my personal information with other entities
without my authorization

Initial trust
TR1 IoV service is dependable

[11]TR2 IoV service is reliable
TR3 Overall, I can trust IoV services

Behavioral intention to accept
IoV services

BI1 Given the chance, I intend to use IoV services
[83]BI2 Given the chance, I predict that I should use IoV services in the future

BI3 I likely have the intention to use IoV services to conduct driving
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the correlations between the constructs [96], and the cross-
loadings’ criterion requires that the factor loading must be
higher than all cross loadings [98]. As seen in Tables 5 and 6,
both criteria satisfy the discriminant validity of the
constructs.

5.1.2. Structural Model. Before assessing the structural
model, collinearity must be tested to make sure it does not
bias the regression results [81]. *e variance inflation factors

(VIF) (often used to evaluate collinearity) are between 1 and
4.1, which are less than the threshold of 5 [81]. *is indicates
that there is no concern about the collinearity issue.*e path
coefficients (β), Cronbach’s alpha, and R2 values were
assessed through the PLS Algorithm (essentially a sequence
of regressions in terms of weight vectors) and Bootstrapping
(a nonparametric procedure that allows testing the statistical
significance of various PLS-SEM results) with 5000 iterations
of resampling [97]. *e results are shown in Figure 2.

Table 3: Demographic characteristics and driving-related information.

Variables Items Frequency Percentage

Gender Male 186 51.38
Female 176 48.62

Age

18∼25 121 33.43
26∼30 66 18.23
31∼40 131 36.19
41∼50 32 8.84

More than 51 12 3.31

Education

High school or less 8 2.21
Junior college 16 4.42
Bachelor degree 135 37.29
Master degree 117 32.32

Ph. D. and above 86 23.76

Occupation

Senior manager 55 15.19
Professionals 93 25.69
Civil servant 3 0.83

Company employee 50 13.81
Service worker 3 0.83

Labor 2 0.55
Private entrepreneurs 8 2.21

Self-employer 10 2.76
Student 118 32.60

Unemployed 7 1.93
Other 13 3.59

Monthly household income (¥)

Less than 3001 22 6.08
3001–5000 45 12.43
5001–10,000 111 30.66
10,001–15,000 80 22.10
15,001–20,000 47 12.98
20,001–30,000 34 9.39

More than 30,000 23 6.35

Driver’s license Yes 318 87.85
No 44 12.15

Car purchase experience Yes 193 53.31
No 169 46.69

Number of cars owned by the household

0 54 14.92
1 206 56.91
2 91 25.14
3 8 2.21
>3 3 0.83

IoV-based services most frequently used

Automatic parking assist 56 15.47
Adaptive cruise control 73 20.17

Collision avoidance system 51 14.09
In-vehicle infotainment 81 22.38

Human-machine interaction 168 46.41
Intelligent navigation 109 30.11
Unconscious pay 198 54.70

Self-driving 9 2.49
Other 79 21.82
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Figure 2 indicate that performance expectancy (β� 0.15,
p< 0.05), price value (β� 0.153, p< 0.01), habit (β� 0.34,
p< 0.001), and initial trust (β� 0.218, p< 0.001) are statis-
tically significant to explain the intention to accept IoV-
based services. *us, hypotheses H1, H6, H7, and H9 are
supported, whereas effort expectancy (β� 0.106, p � 0.068),
social influence (β� −0.01, p � 0.888), facilitating conditions

(β� −0.003, p � 0.964), hedonic motivation (β� 0.059,
p � 0.459), and perceived risk (β� −0.008, p � 0.771) have
no statistically significant effect. *us, hypotheses H2, H3,
H4, H5, and H8 are not confirmed. In sum, the model can
explain the variance of 78% (R2) in behavioral intention to
accept IoV services, indicating the model’s substantial ex-
planatory power [81].

Table 4: CA, CR, AVE, and VIF of the constructs.

CA CR AVE VIF
PE 0.91 0.94 0.78 4.39
EE 0.96 0.97 0.92 3.92
SI 0.93 0.96 0.88 4.24
FC 0.89 0.93 0.76 4.58
HM 0.94 0.96 0.89 4.17
PV 0.93 0.96 0.88 2.76
HA 0.93 0.95 0.87 2.76
PR 0.91 0.93 0.73 1.20
TR 0.96 0.97 0.93 4.14
UI 0.94 0.96 0.89 —
Note: perceived expectancy, PE; effort expectancy, EE; social influence, SI; facilitating conditions, FC; hedonic motivation, HM; price value, PV; habit, HA;
perceived risk, PR; initial trust, TR; behavioral intention of IoV-based services, BI.

Table 5: Loadings and cross-loadings.

PE EE SI FC HM PV HA PR TR BI
PE1 0.92 0.72 0.73 0.71 0.75 0.56 0.59 −0.26 0.68 0.69
PE2 0.85 0.61 0.70 0.61 0.67 0.49 0.51 −0.28 0.59 0.57
PE3 0.92 0.76 0.78 0.73 0.80 0.62 0.62 −0.28 0.72 0.73
PE4 0.86 0.73 0.67 0.67 0.70 0.46 0.50 −0.32 0.64 0.63
EE1 0.75 0.96 0.70 0.75 0.72 0.55 0.58 −0.31 0.62 0.67
EE2 0.77 0.97 0.73 0.79 0.75 0.57 0.60 −0.29 0.65 0.69
EE3 0.78 0.96 0.77 0.80 0.78 0.59 0.60 −0.33 0.69 0.70
SI1 0.79 0.75 0.94 0.75 0.80 0.60 0.59 −0.33 0.73 0.68
SI2 0.75 0.72 0.95 0.72 0.79 0.63 0.62 −0.36 0.70 0.68
SI3 0.75 0.69 0.93 0.73 0.74 0.62 0.58 −0.36 0.66 0.68
FC1 0.58 0.61 0.67 0.84 0.66 0.53 0.55 −0.25 0.63 0.57
FC2 0.68 0.74 0.67 0.88 0.70 0.53 0.54 −0.25 0.61 0.62
FC3 0.74 0.76 0.68 0.90 0.78 0.55 0.60 −0.25 0.67 0.68
FC4 0.67 0.72 0.71 0.86 0.76 0.61 0.59 −0.27 0.68 0.65
HM1 0.80 0.77 0.79 0.81 0.95 0.63 0.64 −0.35 0.77 0.73
HM2 0.78 0.73 0.78 0.80 0.95 0.61 0.62 −0.33 0.78 0.71
HM3 0.77 0.70 0.76 0.76 0.93 0.66 0.66 −0.33 0.86 0.76
PV1 0.54 0.55 0.61 0.60 0.61 0.93 0.68 −0.29 0.61 0.67
PV2 0.58 0.58 0.62 0.61 0.64 0.95 0.72 −0.26 0.66 0.73
PV3 0.58 0.55 0.62 0.59 0.64 0.94 0.72 −0.29 0.63 0.70
HA1 0.62 0.61 0.62 0.65 0.67 0.74 0.95 −0.29 0.65 0.76
HA2 0.51 0.50 0.53 0.53 0.56 0.64 0.91 −0.29 0.56 0.67
HA3 0.62 0.61 0.63 0.66 0.66 0.72 0.95 −0.28 0.65 0.79
PR1 −0.27 −0.26 −0.31 −0.23 −0.31 −0.17 −0.21 0.88 −0.21 −0.25
PR2 −0.29 −0.31 −0.33 −0.29 −0.35 −0.23 −0.23 0.90 −0.26 −0.27
PR3 −0.27 −0.29 −0.34 −0.24 −0.31 −0.18 −0.21 0.90 −0.24 −0.26
PR4 −0.29 −0.28 −0.30 −0.25 −0.29 −0.28 −0.31 0.86 −0.23 −0.29
PR5 −0.25 −0.24 −0.31 −0.24 −0.28 −0.40 −0.34 0.75 −0.27 −0.28
TR1 0.73 0.66 0.72 0.72 0.83 0.64 0.64 −0.29 0.97 0.75
TR2 0.70 0.62 0.68 0.70 0.80 0.64 0.62 −0.24 0.96 0.71
TR3 0.73 0.68 0.73 0.72 0.84 0.66 0.66 −0.30 0.95 0.77
BI1 0.69 0.64 0.69 0.67 0.73 0.68 0.72 −0.30 0.74 0.93
BI2 0.71 0.68 0.67 0.69 0.73 0.69 0.76 −0.30 0.72 0.95
BI3 0.71 0.70 0.69 0.70 0.75 0.74 0.77 −0.30 0.74 0.96
Note: the characters in bold are the indicator loadings of the constructs.
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5.2. Qualitative Comparative Analysis. FsQCA provides
suitable methods to accommodate complex complemen-
tarities and nonlinear relationships among constructs [37].
FsQCA has attracted the attention of researchers in several
fields, e.g., strategy and organization research [99, 100] and
information management [94, 101]. *erefore, this study
employs fsQCA for a detailed analysis of how causal con-
ditions contribute to an outcome [39, 100]. *e key stages of
a fsQCA study contain model building, sampling, calibra-
tion, data analysis, reporting, and interpretation of findings
[99]. Before analysis, data should be calibrated first from the
original five-point Likert scale into a dataset suitable for data
analysis by fsQCA.

5.2.1. Calibration. A five-point Likert scale provides in-
formation to calibrate these variables; however, the actual
sample is not normally distributed [92]. *erefore, the mean
of each variable was chosen as the crossover point [100],
rather than the median of a five-point Likert scale [58].
Using the fsQCA 3.0 Software, calibration is automated
completed and shown as Table 7.

5.2.2. Analysis of Necessary Conditions. *is study begins
with the analysis of necessary conditions [91, 102]. An analysis
of necessary conditions determines whether any causal con-
dition can be regarded as a necessary condition for the outcome
to occur [103]. Drawing upon the recommendations
[44, 58, 99, 103], a condition is necessary when its consistency
score is greater than the threshold of 0.9. Table 8 presents the
results of the analysis of necessary conditions considering both
the presence and the absence (∼) of the conditions for two
outcome variables, i.e., behavioral intention to accept IoV
services (“BI”) and the negation of behavioral intention to
accept IoV services (“∼BI”). *e results show that none of the
conditions alone, except PE (consistency is 0.932) and EE
(consistency is 0.931), is necessary conditions for the outcome
“BI.” Besides, none of the conditions alone is a necessary
condition for the outcome “∼BI,” except “∼HA.”

5.2.3. Analysis of Sufficient Conditions for Behavioral In-
tention to Accept IoV Services. To explore which conditions
might consistently result in the intention to accept
IoV-based services, the truth table algorithm described by

Table 6: Discriminant validity of the constructs.

PE EE SI FC HM PV HA PR TR BI
PE 0.89
EE 0.80 0.96
SI 0.81 0.77 0.94
FC 0.77 0.82 0.78 0.87
HM 0.83 0.78 0.83 0.84 0.94
PV 0.61 0.59 0.66 0.64 0.67 0.94
HA 0.63 0.62 0.64 0.66 0.68 0.75 0.93
PR −0.32 −0.32 −0.37 −0.29 −0.36 −0.30 −0.31 0.86
TR 0.75 0.68 0.74 0.74 0.86 0.68 0.67 −0.29 0.96
BI 0.74 0.71 0.72 0.73 0.78 0.74 0.79 −0.32 0.78 0.95
Note: the diagonal in bold is the square root of the average variance extracted (AVE).

Behavioral intention to
accept IoV-based services

R2 = 78%
Facilitating conditions

Performance expectancy

Social influence

H4: –0.03

H1: 0.150∗

H3: –0.10

Initial trust

Perceived risk

H9: 0.218∗∗∗

H8: –0.008

Effort expectancy

H2: 0.106

Hedonic motivation

H5: 0.059

Price value

H6: 0.153∗∗

Habit

H7: 0.34∗∗∗

Figure 2: *e results of structural model of IoV-based services’ acceptance. Note: ∗p< 0.05; ∗∗p< 0.01; and ∗∗∗p< 0.001.
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[38] was used. *e truth table algorithm proceeds in a two-
stage analytic procedure, to empirically complete this
identification of causal processes. *e first step is creating a
truth table with 2k (k is the number of causal conditions)
rows from the fuzzy data, reflecting all possible combina-
tions of causal conditions that lead to a specific outcome
(“AI”) [58]. *e second step involves specifying the causal
conditions and outcomes to minimize. *e number of rows
is reduced in line with two principles: (1) the minimum
number of cases (frequency) required for a solution to be
considered and (2) the minimum consistency level of a
solution [38]. In this study, we set frequency thresholds to be

5 and consistency thresholds to be 0.8 (the actual value was
0.867) to exclude less important configurations; then, the
configurations selected captured 82% of the cases, which
meet the recommendation that a threshold is chosen that
retains at least 75–80% of the cases [99].

Based on the “Standard Analyses” procedure, the
complex solution, intermediate solution, and parsimonious
solution are automatically derived based on the different
treatment of the remainder combinations [38], and these
solutions can be distinguished based on “easy” and “dif-
ficult” counterfactuals [37]. *e complex solution includes
all possible configurations of conditions (i.e., includes
neither easy nor difficult counterfactuals). *e parsimo-
nious solution offers vital conditions that can be either easy
or difficult counterfactuals. *e intermediate solution of-
fers vital conditions based on easy counterfactuals [37]. *e
notion of causal conditions belonging to the core or pe-
ripheral configurations is based on these parsimonious and
intermediate solutions: “core” conditions are decisive
causal ingredients (those that are part of both parsimonious
and intermediate solutions), and “peripheral” conditions
are those that are eliminated in the parsimonious solution
and thus only appear in the intermediate solution [100].
Table 9 shows the results of fsQCA providing the solution
for the outcome (high-level intention to accept IoV-based
services) that distinguishes between “core” and “periph-
eral” conditions.

*e results shown in Table 9 indicate none of the
isolated antecedent is a sufficient condition for the
presence of “AI” and reveal seven equifinal configurations
(combinations of conditions linked to the outcome)
grouped by their core conditions [100]. All configurations
are sufficient because all of the consistency scores re-
sembles the notion of significance in statistical models
[92, 102] and exceeds the threshold of 0.8 in the suffi-
ciency analysis [38, 99]. Besides, each configuration’s
coverage, such as an analogous measure of R2 in re-
gression analysis [92], is greater than 0. *us, all con-
figurations are empirically relevant [38, 44]. According to
the solution coverage value, the overall solution accounts
for 86.9% of the cases associated with high intention to
accept IoV-based services.

5.2.4. Analysis of Sufficient Conditions for the Negation of
Behavioral Intention to Accept IoV Services. Contrary to
most traditional techniques as SEM [104, 105] and regres-
sion model [94, 101], fsQCA focuses on causal asymmetry
[38, 44, 91, 100]. FsQCA can be used to analyze separately
the configurations for the presence and the absence of an
outcome [99]. *erefore, to check this asymmetry, fsQCA
conducts another set of analyses in which the negation of
behavioral intention to accept IoV services represents the
outcome and is coded as the inverse (∼BI). To explore which
conditions consistently lead to this outcome, the same
frequency (5) and consistency (0.8, the actual value was
0.858) thresholds are set. *e solution for the negation of
behavioral intention to accept IoV services is shown in
Table 10.

Table 7: Full membership, full nonmembership, and a crossover
point of calibration.

Full
nonmembership

Crossover
point

Full
membership

Perceived
expectancy 1 3.9 5

Effort
expectancy 1 3.9 5

Social influence 1 3.9 5
Facilitating
conditions 1 3.9 5

Hedonic
motivation 1 3.9 5

Price value 1 3.9 5
Habit 1 3.9 5
Perceived risk 1 2.3 5
Initial trust 1 3.9 5
Behavioral
intention 1 4.1 5

Table 8: Analysis of necessary conditions.
Outcome

Conditions
BI (behavioral intention
to accept IoV services)

∼BI (negation of
behavioral intention to
accept IoV services)

Consistency Coverage Consistency Coverage
PE 0.932 0.841 0.734 0.494
∼PE 0.439 0.689 0.764 0.893
EE 0.931 0.827 0.745 0.493
∼EE 0.430 0.693 0.739 0.888
SI 0.881 0.887 0.677 0.508
∼SI 0.512 0.680 0.849 0.842
FC 0.873 0.885 0.686 0.518
∼FC 0.525 0.691 0.848 0.832
HM 0.910 0.880 0.695 0.501
∼HM 0.484 0.680 0.833 0.874
PV 0.873 0.882 0.680 0.512
∼PV 0.517 0.684 0.843 0.832
HA 0.835 0.941 0.621 0.521
∼HA 0.576 0.671 0.930 0.808
PR 0.552 0.752 0.747 0.759
∼PR 0.823 0.813 0.756 0.557
TR 0.893 0.893 0.693 0.516
∼TR 0.516 0.693 0.856 0.857
Note: “∼” indicates the absence of a condition.
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As shown in Table 10, seven identified solutions comply
with the recommended consistency and unique coverage
thresholds [38]. *e overall solution coverage indicates that
causal conditions account for 84.4% of cases in the solution.

6. Discussion

6.1. Key Findings. *is study aims to show how the analysis
of net and combinatory effects of specific antecedent vari-
ables can improve the understanding of behavioral intention
to accept IoV services [91].

*e PLS-SEM results show that performance expectancy
(β� 0.150) has a significantly positive effect on consumers’
behavioral intentions. *e analysis of necessary conditions
of fsQCA also confirms that performance expectancy
(consistency� 0.932) is a necessary condition for high be-
havioral intention. Moreover, PE is indeed core conditions
in nine of the twelve configurations for behavioral intention,
reinforcing the findings of PLS-SEM. *e relevance of

performance expectancy is consistent with the previous
studies that highlight the importance of the users’ expec-
tancy of performance to achieve the behavioral intention,
e.g., autonomous car [7] and autonomous delivery vehicles
[45].

Such smart technology usage should be simple and obvious,
surprisingly, effort expectancy, as an important functional
characteristic of technology, has no significant effect on the
behavioral intention from PLS-SEM results.*is result is in line
with previous research on the acceptance of emerging tech-
nologies as smart home [57] and autonomous delivery vehicles
[45], but contradicts results from some studies on the adoption
of autonomous car [7]. Nevertheless, the results from fsQCA
confirm that effort expectancy (consistency� 0.931) is a nec-
essary condition of consumers’ behavioral intention. Moreover,
it is indeed core conditions in eight of the twelve configurations
for behavioral intention, complementing the findings PLS-SEM
failed to detect. In such circumstances, IoV-based services and
vehicles are not well understood by the users, and they did not

Table 9: Sufficient configurations for high intention to accept IoV-based services.

Causal condition
Solutions

1a 1b 2 3a 3b 3c 3d 4 5 6 7a 7b
Perceived expectancy ● ● ● ● ● ● ● ⊗ ● ● ⊗ ⊗
Effort expectancy ● ● ● ● ● ● ● ● ⊗ ⊗
Social influence • • • • • ⊗ ⊗ ⊗ • ⊗ ⊗
Facilitating conditions • • • • ⊗ ⊗ ⊗ ⊗ ⊗ ⊗
Hedonic motivation ● ● ● ● ● ● ⊗ ⊗ ● ⊗ ⊗
Price value ⊗ ⊗ • • • ⊗ • ⊗ ⊗ ⊗ ⊗
Habit ⊗ ⊗ • • • ⊗ • ⊗ ⊗ ⊗ ⊗
Perceived risk ⊗ ⊗ ⊗ • ⊗ • • ⊗ ⊗
Initial trust • ⊗ • • • • • ⊗ • ⊗
Raw coverage 0.385 0.388 0.392 0.765 0.700 0.697 0.324 0.313 0.330 0.306 0.328 0.312
Unique coverage 0.001 0.001 0.010 0.057 0.014 0.012 0.001 0.002 0.005 0.001 0.001 0.002
Consistency 0.963 0.964 0.985 0.943 0.971 0.973 0.974 0.983 0.941 0.979 0.859 0.860
Solution consistency 0.881
Solution coverage 0.862
Note: black circles (“●”) indicate the presence of a condition, and circles with a cross-out (“⊗”) indicate its absence. Furthermore, large circles indicate core
conditions, and small circles indicate peripheral conditions. Blank spaces indicate a “do not care” situation in which the causal conditionmay be either present
or absent [100].

Table 10: Sufficient configurations for the negation of high behavioral intention to accept IoV-based services.

Causal condition
Solutions

1a 1b 2 3 4 5 6 7
Perceived expectancy ⊗ ⊗ ⊗ ● ● ● ● ●
Effort expectancy ⊗ ⊗ ● ● ● ● ●
Social influence ● ● ● ●
Facilitating conditions ● ● ● ●
Hedonic motivation ⊗ ⊗ ⊗ ● ● ● ● ●
Habit ● ● ⊗ ●
Price value ● ● ●
Perceived risk ⊗ ⊗ ● ⊗ ⊗
Initial trust ● ● ● ●
Raw coverage 0.586 0.494 0.468 0.424 0.468 0.506 0.554 0.468
Unique coverage 0.115 0.010 0.004 0.004 0.008 0.003 0.017 0.002
Consistency 0.967 0.966 0.963 0.902 0.870 0.843 0.826 0.892
Solution consistency 0.794
Solution coverage 0.809
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have sufficient information and they were not familiar with the
technology behind the concept. *e level of information pro-
vided could reduce the perceived complexity, as the less the
technology is perceived as complex, the more likely it is that the
innovation will be adopted [57].

Different from the significant effect of SI and FC in
previous studies [29, 45], PLS-SEM results show that neither
SI nor FC has a significant “net effect” on behavioral in-
tention to accept IoV, which is aligned with previous studies
that find a nonsignificant direct effect of SI on behavioral
intention [55, 57], and nonsignificant direct effect of FC on
behavioral intention [54, 76]. Nevertheless, in the fsQCA
result, SI is present as a peripheral condition in six of the
twelve configurations for BI and is absent as a core condition
in four of the eight configurations for the negation of be-
havioral intention to accept IoV-based services, suggesting
the relevance of SI on AI. *e result is consistent with
numerous studies in IoT [106], Internet banking [75, 76],
e-government [71], autonomous vehicle [4, 7, 13], and
automated public transport [28]. Besides, the presence of FC
is a peripheral condition in four of the twelve configurations
for behavioral intention to accept IoV-based services and the
absence of FC is a core condition in four of the eight
configurations for the negation of behavioral intention to
accept IoV-based services, showing the existence of causal
asymmetry in a complex context. *e result confirms results
from previous research carried out on technology accep-
tance such as mobile banking [60, 64] and automated public
transport [29]. Overall, the absence of SI and FC as core
condition in four solutions for the negation of behavioral
intention to accept IoV-based services, especially in solution
3 and solution 4 (the absence of SI or FC, even if all else
conditions are present, will determine the outcome the
absence of BI), indicates that the lower SI and FC about
potential consumers, the lower the acceptance of IoV-based
services. *e results show that IoV-based service/vehicle is a
new technology not yet widely adopted and the intention to
purchase an innovation is stronger when the innovation is
already used by others. Once the concept becomes part of
daily life, the impact of SI could be higher.

*e PLS-SEM results show that hedonic motivation
(HM) does not significantly impact behavioral intention (BI)
to use IoV-based services. Nevertheless, fsQCA results in-
dicate that HM is present as a core condition in seven of the
twelve configurations for BI and is absent as a peripheral
condition in three of the eight configurations for the ne-
gation of BI to accept IoV-based services, suggesting the low-
level significance of HM on BI. *e finding is contrary to
previous studies on the acceptance of autonomous delivery
vehicles [45], automated road transport systems [29, 46],
social networking service [107], wearable technology [61],
and mobile health [58], while it is aligned with some studies
such as smart home acceptance [57] and consumer e-loyalty
[108]. In summary, IoV services are perceived by connected
autonomous vehicle consumers as more of an intelligent
utilitarian solution rather than a hedonic one.

Price value (PV) (β� 0.153) is found to be a significant
determinant of behavioral intention (BI) in SEM-PLS re-
sults, which is in line with previous research on the

acceptance of emerging technologies, e.g., autonomous
delivery vehicles [45], autonomous electric bus [31, 48],
Internet of things [54], and electric vehicles [65]. *is means
that consumers consider the benefits of IoV-based services
against the monetary value. Furthermore, fsQCA results
indicate the absence of PV, as a core condition in four of the
eight configurations for the negation of BI to accept IoV-
based services, suggesting the low price-performance of
consumers’ perception on IoV-based services is the barrier
of accepting IoV-based services.*ere is a price premium on
IoV-based services compare with the conventional vehicle.
Consumers who believe that the price of IoV-based service is
justified by the potential benefits have a stronger behavioral
intention to adopt. Talebian and Mishra suggest that the
automobile will be nearly homogenous in about 2050 only if
prices decrease at significant rates (15% or 20% annually)
[16].

*e PLS-SEM results show habit has the strongest effect
(β� 0.34) on behavioral intention, as confirmed in previous
studies on the acceptance of emerging technologies, e.g.,
smart home [57]. Besides, the fsQCA results also confirm
that the negation of habit (∼HA) is a necessary condition
(consistency� 0.930) for the negation of behavioral inten-
tion (∼BI), and the absence of habit is indeed a core con-
dition in four of the eight configurations for behavioral
intention, indicating the lower the habit to use IoV-based
services, the less likely it is to accept IoV-based services.
*erefore, for the emerging and not widely used technol-
ogies, the lack of habit may be the biggest obstacle to
technology adoption.

Despite perceived risk has been frequently cited as one
major concern in accepting IoV-based services in several
studies [3], in this study, PLS-SEM has failed to identify its
significant net effect on behavioral intention to accept IoV-
based services. *is result is aligned with the previous
studies, e.g., social commerce [73], e-government [72],
autonomous vehicle [32, 34], and connected vehicle [35].
Interestingly, fsQCA results show that the absence of per-
ceived risk is indeed a core condition in six of the twelve
configurations for behavioral intention, which corroborates
previous studies that observe a negative effect of perceived
risk on the adoption of innovative technologies, e.g., mobile
payment [59, 77, 109], Internet banking [74–76], IoT in
agriculture [70], social media purchase [110], electric ve-
hicles [111, 112], and autonomous vehicle [8, 10, 45, 47].
Previous empirical findings are rather mixed, resulting in the
argument that perceived risk cannot be seen as a steady
predictor of IoV-based services acceptance [8, 45]. FsQCA
results show that perceived risk has been proven as a core
condition (an important determinant) in six configurations,
indicating the lower the risk perception by potential users,
the higher the acceptance of IoV-based services.

It is found from PLS-SEM that the role of initial trust
(β� 0.41) is much stronger in influencing behavioral in-
tention to accept IoV-based services than other perceptual
factors. Although “the presence of initial trust” is just a
peripheral condition of configuration for behavioral in-
tention, however, “the absence of initial trust” is indeed a
core condition in two of the seven configurations for the
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negation of behavioral intention (i.e., the presence of BI),
suggesting that the lack of initial trust in IoV-based services
will also reduce the acceptance intention. *e significance of
initial trust in shaping behavioral intention corroborates
previous studies, e.g., mobile banking [79, 113], cloud
technology [114], e-government [72], autonomous vehicles
[8, 15, 32, 34], and autonomous shuttle/bus [31, 46, 48]. *is
finding suggests that trust, as “a tool for the reduction of
cognitive complexity,” can help to simplify and facilitate the
decision-making process, especially in situations with risks
and uncertainty [11, 115]. *erefore, insufficient trust has
been thought to be one of the major psychological barriers to
the wide adoption of IoV-based services [15, 34].

In summary, results from PLS-SEM reveal that higher
levels of performance expectancy, price value, habit, and
initial trust increase behavioral intention. Moreover, results
from fsQCA which is used as a supplementary analysis
technique [93] and reinforces the symmetric findings of
PLS-SEM, as well as offer additional novel interesting, and
more nuanced insights that indicate a combination of the
conditions needs to be taken into account to explain the
outcome of behavioral intention. Five configurations for
“BI” and seven configurations for “∼BI” are identified. *is
synergetic effect could not be captured by PLS-SEM since it
examines the condition in isolation from the other condi-
tions [44, 92].

6.2. "eoretical Implications. *is study has two key theo-
retical contributions. Firstly, this study takes an integrated
approach towards technology acceptance in the context of
the IoV-based services, which complements and extends
technology acceptance studies. As different theories em-
phasize the different insights regarding technology accep-
tance, most researchers have called for a holistic and
comprehensive approach that integrates more than one
single theoretical perspective for understanding the accep-
tance of innovative technologies [31, 46, 64, 116], to make
full use of the advantages of different models, and make up
the deficiency of the one-sidedness from a single model.
*erefore, to provide broad coverage of factors for IoV-
based services acceptance, this study answers this call by
developing an integrated model incorporating UTAUT,
perceived risk theory, and initial trust model. *e net effect
analysis of this integrated model shows an explained vari-
ance (R2) of 78% for behavioral intention to accept IoV
services, indicating a moderate explanatory power.

Secondly, this study contributes to the IoV-based ser-
vices’ acceptance literature at the methodological level.
Existing studies on the topic generally rely on multiple
regression models, SEM, and PLS methodology and view
consumer’s intention to accept IoV-based services primarily
as the outcome of several isolated antecedents. Besides the
PLS-SEM, the study uses the fsQCA to investigate which
configurations of determinants lead to the intention to
accept IoV-based services and which ones lead to the ne-
gation of intention to accept IoV-based services. To the best
of our knowledge, this study is the first to use this type of
analysis to explore the intention to accept IoV-based

services. *is study demonstrates that the fsQCA offers
much in terms of understanding how various determinants
explain the acceptance of IoV-based services, more so than
the PLS-SEM. Besides, this study by fsQCA also answers the
call for the application of this technique to complex behavior
research, since it can offer new insights into understanding
the IoV-based services acceptance phenomena [44, 94].
*erefore, the value of this study lies in the effort to describe
combinatorial complexities assuming asymmetrical rela-
tionships between variables, rather than symmetrical net
effects that PLS-SEM estimates [105].

6.3.Managerial Implications. From a practical point of view,
this study’s findings provide several managerial implications
for automobile manufacturers, marketers, and policymakers.
Based on our findings of PLS-SEM and fsQCA, they should
focus on different configurations of antecedents that give rise
to an outcome, rather than the impact of these antecedents
isolation from each other.

First, as suggested by our findings of PLS-SEM and
fsQCA, both the utilitarian benefits (i.e., performance ex-
pectancy, and effort expectancy) and hedonic benefits are
favored by potential users. Hence, automobile manufac-
turers and marketers should focus more on the development
and the marketing communication activities of IoV-based
services on the utilitarian benefits and hedonic benefits
compared to conventional vehicles. Moreover, lower per-
ceived risk is also found to contribute to IoV-based services
acceptance to a large extent. Besides, if potential risks are not
well understood thoughtfully, they could slow IoV-based
services adoption rates to socially suboptimal levels.
*erefore, marketers should take perceived risk reduction
into consideration when promoting IoV-based services in
society. Most importantly, high quality and low price, the
best cost effective. Price is the most stimulating and sensitive
factor influencing consumers’ purchasing behavior. Sell
IoV-based services at a premium decreased consumers’
willingness to pay, hence, manufacturers and sellers should
give consumers discounts and cut prices to more reasonable
levels.

Second, habit and initial trust is a major construct for
explaining the adoption of IoV-based services, with the
first and second-largest effect, respectively, and mean-
while, the lack of habit and initial trust is likely to lead to
the lower intention to accept IoV-based services. As IoV-
based services are in its initial stage, manufacturers,
marketers, and policymakers should be more concerned
about the measures to increase the individuals’ habit and
initial trust toward this innovative technology. *erefore,
consumers’ habit formation and trust building become an
urgent mission for these stakeholders [8]. For instance,
exhibitions and user experience activities of IoV-based
technologies and services should be held to help con-
sumers observe and directly experience IoV-based ser-
vices, such experiences and knowledge are conducive to
the formation of habit and trust toward IoV-based ser-
vices [80] and are critical ingredients for widespread and
rapid technology diffusion [53].
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Finally, the lower level of social influence and facilitating
conditions also lead to a lower level of behavioral intention
to accept IoV services. When the individuals’ knowledge
levels about a specific technology are low or the technology is
still in its initial stages, and public communication signifi-
cantly influences societal acceptance [8]. For the acceptance
of IoV-based services, it is of particular relevance to what the
social environment (i.e., family, friends, and acquaintances)
thinks, what the media reports, and what opinion experts
reflect [16]. Hence, marketers might use social influence
when promoting IoV-based services during the market
introduction stage.

6.4. Limitations andFutureDirections. Our study has several
limitations that could be addressed in the future. First, we
did not take into account other factors that might affect
consumers’ intention to accept or purchase IoV-based
services. Our model based on UTAUT2, perceived risk
theory, and initial trust theory only considers some im-
portant factors, but it is far from reaching a comprehensive
explanation. In the future, the extent to which consumers’
purchase intentions are affected can be explored based on
other consumer behavior and technology adoption theories
that match the characteristics of IoV-based services. Second,
this study uses data collected through a purposive sample in
a single country, China, which implies that our findings
reflect only the situation in this nation, and may affect the
generalization of our findings due to differences in the
cultural environment and political system of countries.
*erefore, a future study may consider a comparative study
across different countries, e.g., the U.S. of North America,
Germany of Europe, Japan, South Korea, and India of the
Asian-Pacific region, and Brazil of South America.

7. Conclusions

IoV-based services, as radical innovations for changing
transportation fundamentally, introduce all sorts of different
benefits such as safety, energy efficiency, environment im-
provement, increased mobility, and more entertainment in
driving [3–5, 9, 14]. IoV-based services are not widely ac-
cepted by consumers without understanding IoV-based
services diffusion. *us, investigation of the determinants
leading to consumers’ intention to accept and purchase IoV-
based services is significant for both academics and prac-
titioners.*is study identifies the determinants of behavioral
intention to accept IoV services by using an integrated
model that combines UTAUT, perceived risk theory, and
initial trust theory. *is study uses both symmetric (PLS-
SEM) and asymmetric (fsQCA) methods to explore the role
of determinants in consumers’ intention to accept and
purchase IoV-based services. Specifically, the net effects of
each antecedent factor on intention are analyzed by con-
ventional correlational techniques (PLS-SEM). *e direct
effects of performance expectancy, price value, habit, and
initial trust on intention are found to be significant. Despite
the determinants (e.g., effort expectancy, social influence,
facilitating conditions, hedonic motivation, and perceived

risk) are found to be nonsignificant effects on intention,
however, it cannot be said they are not important to in-
tention to accept IoV-based services, due to the existence of
causal complexity. For the high levels of causal complexity,
fsQCA provides a more nuanced understanding of how
these antecedent conditions fit together to affect consumers’
intention to accept and purchase IoV-based services. *e
results from fsQCA provide twelve different configurations
to achieve high levels of behavioral intention to accept IoV
services and eight causal paths equifinally to lead to the
negation of behavioral intention to accept IoV services. *e
findings provide relevant insights andmarketing suggestions
for incentivizing consumers to accept IoV-based services.
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