
Transportation
https://doi.org/10.1007/s11116-024-10480-x

Understanding social attitudes towards autonomous driving:
a perspective from Chinese citizens

Zhenning Li1 · Ruru Tang1 · Guofa Li2 · Chengzhong Xu1

Accepted: 17 March 2024
© The Author(s), under exclusive licence to Springer Science+Business Media, LLC, part of Springer Nature 2024

Abstract
Given the rapid advancement of autonomous driving technology, discerning public will-
ingness to pay and anticipated driving behavior for autonomous vehicles is crucial for
their successful promotion, hastened adoption, and enhanced safety in forthcoming mixed
autonomy traffic scenarios. This study employs a comprehensive online survey to scruti-
nize the factors influencing these objectives, encompassing socioeconomic and demographic
elements, driving experience, and attitudes towards autonomous vehicles. Leveraging a
sophisticated discrete choice model-the mixed logit model with heterogeneity in means
and variances-this analysis unveils significant impacts of public social attitudes towards
autonomous vehicles and current driving behavior on theirwillingness to pay for and behavior
around autonomous vehicles. This paper’s contributions span theoretical modeling, exper-
imental design, and estimation outcomes, offering valuable insights for policymakers and
automobile manufacturers.

Keywords Autonomous vehicle · Social attitude · Driving behavior · Mixed logit ·
Willingness to pay

Introduction

Autonomous driving (AD) technology has made great strides in recent years due to the
tremendous efforts of academia and industry (Li et al., 2019; Liao et al., 2023). A widely
accepted classification of levels of AD is defined by the SAE (Society of Automotive Engi-
neers), which categorizes the level of vehicle automation into six levels, ranging from 0 (fully
manual) to 5 (fully autonomous) Committee et al. (2021). For a detailed understanding of
these levels, their characteristics, benefits, and limitations, refer to Table 1.
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Table 1 Classification and implications of SAE levels of autonomous driving

SAE Level Automation Features Potential Benefits Limitations

0 No automation Driver retains full control Subject to human error

1 Driver Assistance (e.g.,
Adaptive Cruise Control)

Aids in reducing driver
fatigue

Human monitoring
required

2 Partial Automation (e.g.,
Lane Keeping and Adap-
tive Cruise Control)

Safety improvements Operational within certain
scenarios

3 Conditional Automa-
tion (No driver attention
required in specific condi-
tions)

Increased safety and par-
tial autonomy

Complex transition to
human control needed

4 High-level Automation
(No driver intervention in
certain environments)

Enhanced safety; opera-
tional without driver in
specific conditions

Limited by operational
design domain

5 Full Automation (No
driver intervention
required)

Maximizes safety and full
autonomy

Ethical and regulatory
complexities

In a narrow sense, only vehicles with an automation level of 4 or 5 are considered
autonomous, especially by the media and the community at large. After much media public-
ity, the masses have generally become aware of some of the findings of academic research
on the benefits of AD, such as its ability to improve traffic safety (Kalra and Paddock, 2016;
Litman, 2017), smooth traffic flow (Zheng et al., 2020), and improve social equality (Big-
man and Gray, 2020). Consequently, a positive outlook on AD has proliferated among social
media users, accompanied by an optimistic anticipation of its imminent availability (Das
et al., 2019).

However, the jury is still out on whether, in fact, autonomous vehicles (AVs) will actually
be beneficial, and if they can reach a high market share. AD indeed still has some intractable
hurdles at the moment. For instance, they are very likely to be priced, at least for now, much
higher than manually driven vehicles, since they require more sensors and extra computing
hardware as well as AD software (Talebian andMishra, 2018). In addition, as many previous
studies predicted, AD technology may worsen traffic congestion since it may induce more
vehicle miles traveled (VMT) Harb et al. (2018); Nair and Bhat (2021); Asmussen et al.
(2022). Liability determination will also be more challenging in accidents involving AVs.
This is because it may be unclear whether the accident was caused by a vehicle passenger, the
manufacturer, or a mechanical failure (Yuan et al., 2021). There have also been some media
reports that AD companies have already suffered resistance from certain groups because of
the potential for job losses in professions such as cab drivers (Cohen and Hopkins, 2019).
However, these relatively negative effects of AD are not frequently reported in the media,
and many in the community are actually unaware of them (Jelinski et al., 2021).

In light of all these pros and cons, the future development and deployment of AD tech-
nology remain uncertain. But what is certain is that AD will co-exist with human driving
in the long term. This environment is referred to as the mixed autonomy environment. To
better prepare for this forthcoming new environment, understanding public acceptance of
and attitudes towards AVs is a valuable starting point for policymakers to make long-term
planning and investment decisions. As previous studies have revealed, the most signifi-
cant barrier to widespread adoption of AD may be psychological, rather than technological
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(Shariff et al., 2017; Xu et al., 2018). Therefore, public attitudes towards AD are critical for
it to become a realistic component of the future of transportation. If the general public has a
positive attitude towards AD, we will be more confident that AD can flourish in the future.
Conversely, specific adjustments would be needed to alter public attitudes in order to ensure
that AD could be successfully implemented with less opposition. Maintaining a long-term
study of the public’s attitude towards AD is necessary because their attitude may change
significantly with technological advancement or unexpected events.

Prior research in the realm of human-driven vehicle (HDV) environments illustrates that
drivers’ attitudes significantly influence their driving behavior when interacting with other
vehicles (Mohamed and Bromfield, 2017; Hassen et al., 2011; Atombo et al., 2017; Li et al.,
2024; Liao et al., 2023). For instance, some exhibit aggressive driving behaviors when con-
fronted with luxury cars due to negative attitudes towards these vehicles. With the advent of
AVs, which exhibit distinct appearances and performance characteristics compared to HDVs,
a new dynamics is introduced. Particularly, the conservative driving nature of AVs, designed
for safety, may incite certain drivers to act aggressively towards them, a behavior that could
deter potential AV buyers especially in the early stages of mixed autonomy. It is imperative
that in this transitional phase, AVs are adept at safe interactions with HDVs on shared roads.
However, the depth of investigation into this aspect has been lacking in previous literature.

On the facet of willingness-to-pay (WTP) for AVs, numerous studies have delved into
understanding the public’s valuation of this emerging technology. For instance, Hohenberger
et al. (2017) elucidated that individuals are willing to pay a premium for AVs due to the
anticipated benefits such as increased safety and convenience. Rahimi et al. (2020) explored
WTP for AVs across different levels of automation and trip contexts, underscoring the vary-
ing valuation of autonomous features among individuals. Haboucha et al. (2017) explored
individual motivations and long-term choice decisions regarding AV ownership and usage,
revealing significant hesitations towards AV adoption, especially among certain demograph-
ics. Liu et al. (2019) explored the willingness to pay for self-driving technology in China,
finding it varies with demographic and psychological factors; notably, higher income, edu-
cation, and positive perception of the technology lead to higher willingness to pay. While
these studies provide valuable insights into consumer valuation of AVs, they primarily focus
on WTP as a function of individual or vehicle characteristics. These investigations, while
valuable, primarily gravitate towards the monetary valuation and initial adoption, leaving a
gap in understanding the behavioral adaptation in a mixed autonomy environment, which is
the crux of our research.

Our aim is to augment the existing literature by examining how various determinants affect
driving behavior amidst AVs in a mixed autonomy setting. We hypothesize that the driver
behavior dynamics inmixed traffic conditions with AVsmight diverge from the current traffic
environment, warranting a deeper exploration to ascertain the safety and efficacy of future
urban mobility systems. Our study transcends the conventional WTP analysis to encompass
an exploration of how identified factors could modulate driving behavior in mixed autonomy
scenarios. This venture is crucial for astute policy formulation, encouraging AV adoption,
and safeguarding traffic safety in a rapidly evolving automotive milieu.

This study pivots on survey data to scrutinize the impact factors of WTP and predicted
driving behavior towards Level 4 and Level 5 AVs. Unlike preceding studies that limit their
scope to WTP predicated on individual or vehicle traits, our study extends the analysis to
fathom how these factors, alongside others like socioeconomic and demographic attributes,
driving experience, and attitudes towards AVs, might sculpt driving behavior in mixed auton-
omy scenarios. To the best of our knowledge, this paper is a pioneer in discussing peoples’
predicted driving behavior in the forthcoming mixed autonomy environment. In order to
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acquaint the participants with the prevailing discourse on AVs, an educational video was
utilized as a primer before administering the survey. The video, sourced from GCFGlobal-an
online educational platform recognized for its self-paced tutorials on various topics including
technology, was employed to present a balanced overview of the advantages and disadvan-
tages associatedwithAVs. The content of the videowas translated intoChinese and delineated
potential benefits such as reduced accidents and transformed commutes, alongside challenges
like technology malfunctions and job displacement, thus aiming to provide a fair and bal-
anced perspective devoid of any commercial or promotional bias towards AVs. The intent
behind employing this videowas to emulate a scenariowhere individuals have awell-rounded
awareness of AVs, akin to the awareness level anticipated in the near future as AV technology
becomes more commonplace. This step was taken to mitigate any preconceived notions or
biases the participants might have had, aiming to furnish them with a balanced understand-
ing of the emerging AV technology before gauging their attitudes and predicted behaviors
towards AVs in a mixed autonomy environment. The video was followed by a series of
identical questions administered before and after viewing the video, aiming to ascertain any
shifts in participants’ attitudes towards AD technology, their willingness to purchase AVs,
and their predicted driving behavior towards AVs. This methodology was designed to, as far
as possible, emulate a future environment in which individuals already possess a relatively
well-developed understanding of AD, thereby enhancing the practical significance of the
questionnaire results.

The rest of the paper is organized as follows: “Literature review” entails a thorough litera-
ture review identifying potential contributing factors to our objectives. “Data” delineates the
data acquired from the survey. “Methodology”meticulously introduces themixed logitmodel
with heterogeneity in means and variances. “Estimation results and discussion” unveils the
detailed model estimation results. “Conclusion” encapsulates the entire manuscript, proffer-
ing countermeasures and recommendations for the impendingmixed autonomy environment.
“Limitations and future research” discusses the limitations of this paper and future research
avenues.

Literature review

Previous research on understanding public acceptance of AD has provided many worthwhile
findings. In these studies, survey methods were widely used. Data obtained from survey
questionnaires are used to analyze public attitudes towards AD and as a basis for predicting
market share. For instance, Schoettle and Sivak (2014) studied public attitudes towards AVs
in China, India, Japan, the United States, the United Kingdom, and Australia. Surveys were
conducted in each of these countries, with approximately 500-600 respondents in each coun-
try. Results showed that most respondents had heard of AVs before and had generally positive
attitudes and high expectations about the benefits they would bring. However, most respon-
dents also expressed concerns about the safety of AVs and the proper functioning of their
technology. In addition, most respondents are keen to have smart technology in their vehicles,
whereas they are not prepared to pay any additional costs for such technology.Kyriakidis et al.
(2015) conducted a comprehensive 63-question Internet survey on people’s general attitudes
towards AVs. Overall, they received approximately 5,000 responses from 109 countries. The
survey results identified cross-country differences and assessed the association of attitudes
with individual variables such as age, gender, and personality traits. In addition, the results
showed that respondents were primarily concerned about cyber security, traffic safety, legal
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aspects, and privacy issues. It has also been observed that people from developed countries
are less comfortable with transmitting vehicle data to insurance companies or tax and traf-
fic authorities. Anania et al. (2018) employed a two-study approach to examine the impact
of positive or negative messages on consumer perceptions of AVs, and the differences in
how people of different genders and nationalities (Indian and American) are affected when
confronted with the same information. The findings are consistent with the general view
that individuals are more likely to ride AVs after hearing positive information about AVs,
and less likely to ride them after hearing negative information about AVs. Acheampong and
Cugurullo (2019) proposed a comprehensive framework that integrates socio-demographic
variables and latent socio-psychological factors, including perceived benefits and ease of use
of AVs, public fear and anxiety about AVs, subjective norms, perceived behavioral control,
and attitudinal factors covering environment, technology, collaborative consumption, pub-
lic transportation, and car ownership, to analyze the determinants of user adoption of three
different AV modes for adults living in the Greater Dublin Area of the Republic of Ireland.
Bernhard et al. (2020) used a questionnaire to collect passengers’ attitudes before or after tak-
ing an autonomousminibus in Germany in order to explore crucial determinants for the use of
the vehicle. Results showed that age, experience, gender, performance expectancy, valence,
spaciousness, and other factors are significantly associatedwith passengers’ attitudes towards
AD. Nastjuk et al. (2020) employed a qualitative research design in Germany to identify fac-
tors attributed to individual acceptance of AD. In addition, a technology acceptance model
was proposed and validated with online survey data. The results of the study revealed that
subjective norms had a significant effect on perceived usefulness and intention to use AD.
In addition, two other variables, including trust in technology and personal innovativeness,
were also found to have a significant effect on the intention to use AD. Morita and Managi
(2020) found that Japanese consumers’ WTP is, on average, lower than estimates for the
U.S. market, not enough to allow AVs to take a meaningful share of the existing automotive
market. Liljamo et al. (2018) analyzed a survey data from 2,036 Finland citizens to figure
out whether people are ready for AVs and what concerns people have that are preventing
the adoption of these vehicles. The findings suggested that people’s attitudes towards AVs
are a good reflection of the general adoption of the technology. The results also showed that
men, those with higher education, those living in densely populated areas, and those living
in households without cars have more positive attitudes towards AVs than other respondents.
There are also quite a lot of related papers focused on other objectives, such as preferred
modes of AVs operation, willingness-to-pay for AVs, and perceived benefits/ concerns of
AVs. The interested reader is referred to a recent survey by Gkartzonikas and Gkritza (2019)
and references cited therein for more detailed descriptions.

A number of contributing factors, such as gender, age, income level, and education level,
have been found to have a significant impact on public attitudes towards AD Thurner et al.
(2022); Dos Santos et al. (2022); Goldbach et al. (2022). However, we also found some
inconsistencies in the results across studies, especially those applying discrete choice models
(Shin et al., 2015). For example, some papers found that male drivers and old drivers were
more likely to buy AVs, while others discovered completely different results (Jiang et al.,
2019; Shabanpour et al., 2017, 2018; Yap et al., 2015). We believe that part of the reason
for this phenomenon may be some unobserved heterogeneity in the data. As the data for
most previous studies were derived from surveys, the design of the questionnaire led to the
possibility of unobserved heterogeneity, that is, the presence of unmeasured (unobserved)
differences between study participants or samples related to the (observed) variables of
interest. The presence of unobserved variables may lead to erroneous statistical results on the
basis of observed data. One successful approach to deal with the unobserved heterogeneity
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problem is the mixed logit model, which is a highly flexible model that can approximate
any random utility model (McFadden and Train, 2000). It avoids the three limitations of
standard logit by allowing for random taste variation, unrestricted substitution patterns, and
correlation in unobserved factors over time. As a consequence, it is now being employed
intensively in the transportation field (Li et al., 2019a, b; Wali and Khattak, 2020; Behnood
et al., 2022). For instance, Krueger et al. (2016) adopted a mixed logit model to identify
user characteristics who are likely to adopt shared AD services, as measured by willingness-
to-pay for induced service attributes. The results revealed that service attributes including
travel cost, travel time and waiting time may be critical determinants of the services and the
acceptance of dynamic ride-sharing. Daziano et al. (2017) employed a mixed-mixed logit
model to analyze the impacts of different contributing factors on the adoption of AVs. They
found that this model provides richer estimates of heterogeneity compared to the conditional
logit model and the parametric mixed logit model. Given these successful applications and
the characteristics of our data, the mixed logit was used to analyze the factors influencing
our objectives. In addition, to account for unobserved heterogeneity at different levels and to
obtain a better statistical fit, themodel allows themean and variance of the randomparameters
to vary across observations.

In addition, as we mentioned above, we also found little concern in previous studies about
the possible driving behavior of the public towards AD. However, it is of concern that there
is a large body of research in purely human driving environments that shows that a driver’s
behavior is significantly influenced by his attitudes, which in turn are influenced by his
own traits (Atombo et al., 2017; Miles and Johnson, 2003; Măirean and Havârneanu, 2018;
Abou Elassad et al., 2020; Fountas et al., 2019). In addition, classical social psychological
studies also revealed that human attitudes towards technologymay have a strong influence on
the perceived benefits and risks associated with new technologies (Siegrist, 1999). For these
reasons, we assume that drivers’ driving behaviors in the face of AD should still be related
to their attitudes towards AD and their own traits. This hypothesis, although not proven by
relevant data for the time being, makes sense to us because, by nature, people’s behavior is
often a projection of their perceptions (Clark et al., 2017). Therefore, in this paper, we will
use the human characteristics data obtained from the survey to deconstruct the participants’
predicted driving behavior when facing AVs in the future mixed autonomy environment.

In conclusion, the existing body of literature extensively explores the monetary valua-
tion and initial adoption of AVs, leveraging various factors such as demographic attributes,
technological features, and psychological inclinations. However, a notable gap persists in
understanding how these factors translate to driving behavior in a mixed autonomy environ-
ment. Our study seeks to bridge this gap by extending the analysis beyond WTP, to explore
how various identified factors influence driving behavior amidst autonomous and human-
driven vehicles sharing the road. This endeavor is pivotal for a holistic comprehension of the
dynamics at play, which in turn, is imperative for effective policy formulation, fostering AV
adoption, and ensuring traffic safety as we transition towards a more automated automotive
landscape.

Data

In light of the limited proliferation of AVs, garnering real-market data poses a challenge.
Hence, a survey was orchestrated to delve into societal attitudes towards AVs. The survey,
segmented into four sections, transitioned into a unique phase where participants viewed an
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instructional video before responding to the latter segment of questions on attitudes and antic-
ipated behaviors towards AVs. The video, meticulously crafted by GCFGlobal, one of the
largest online educational websites on technology, elucidates the fundamentals of AD, delv-
ing into an overview of advanced sensors and communication devices integral to autonomous
systems, accompanied by balanced commentary from experts and academics on both themer-
its and concerns surrounding AD. A realistic perspective is maintained by highlighting that
despite technological advancements, AD does not equate to absolute traffic safety, and AVs
may still partake in accidents. This educational intervention aims to provide participants with
a more rounded understanding of AD, amending any misconceptions potentially acquired
from fragmented or biased media and social network narratives (Talebian andMishra, 2018).
This step is taken to ensure that the derived model results closely align with the realistic
social attitudes towards AD technology in prospective traffic scenarios.

Conducted on China’s renowned online questionnaire platform, WenJuanXing, from
December 2021 to March 2022, the survey predominantly engaged Chinese citizens due
to the language employed. The data cleaning process was meticulously carried out to ensure
the reliability and validity of the analysis, given the substantial reduction in data points from
1,243 initial responses to 482 responses post-cleaning. Initially, incomplete responses or those
with missing values in crucial questions were segregated and excluded. This was followed by
an examination to identify and remove any duplicated entries, ensuring the uniqueness of data
points. Statistical techniques were employed for outlier detection to eliminate data points that
could skew the analysis. Consistency checkswere performed to identify and rectify contradic-
tory responses within the same questionnaire. The duration taken by participants to complete
the questionnairewas also taken into account, with responses completed in an extremely short
duration being flagged and reviewed for credibility. Furthermore, demographic information
was cross-verified to ascertain the authenticity of the responses. To incentivize completion,
a subsidy was provided to participants who completed the survey, which was communicated
to them at the outset. This rigorous data cleaning methodology ensured a robust and reli-
able dataset for achieving the objectives of the study. Detailed delineations of the survey
design and video are accessible in the Supplementary Materials. The final survey results are
presented in Table 2.

Table 2 encapsulates a range of demographic attributes including gender, age, education
level, income, living area, and driving experience. From the data, it is evident that there is a
balanced gender distribution with 43.98% male and 56.02% female participants. A notable
portion of the respondents, 53.53%, falls within the age bracket of 21-40 years, reflecting
a segment of the active driving population. The educational background predominantly tilts
towards a higher education level with 73.65% of participants having attained a Bachelor’s
degree. The urban-rural divide is skewed towards urban areas, with 88.59% of respondents
residing in urban settings, potentially indicating a higher exposure to congested traffic con-
ditions and possibly a greater readiness or awareness towards AVs. The diversity in driving
experience, frequency of driving, and history of accidents among the respondents provides an
insight into their driving behavior and interactions on the road. The demographic distribution
outlined and the driving experience shared by the respondents offer a rich context for analyz-
ing the attitudes and behavioral tendencies towards AVs. Although the sample was obtained
through an online medium, efforts were made to ensure it reflects a diverse cross-section of
the population within the study area. The survey was distributed through broad channels to
minimize selection bias and aim for a more representative sample. The data collection period
was meticulously chosen to sidestep any temporal biases such as major traffic incidents or
policy announcements related to AVs that might skew the perceptions of the respondents.
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Table 2 Descriptive statistics of
survey results

Variable Category Abbreviation Percentage

Gender Gender

Male 43.98%

Female# 56.02%

Age Age

< 21 11.41%

21-40 53.53%

41 − 60# 34.85%

> 60 0.21%

Education Level Education

High School 19.09%

Bachelor# 73.65%

Master or Higher 7.26%

Income Income

< 60, 000 yuan 21.78%

60,000-180,000 yuan# 52.90%

180,000-300,000 yuan 23.44%

> 300, 000 yuan 1.87%

Living area Area

Rural 11.41%

Urban# 88.59%

Driving Experience Experience

Never 14.94%

< 3 years 23.65%

4-7 years # 39.21%

> 7 years 22.20%

Driving Frequency Frequency

Never 16.18%

< 3 times per week 25.10%

3-6 times per week# 46.68%

Everyday 12.03%

Number of Accidents Accident

Never 58.92%

1-3 times # 25.31%

4-7 times 12.03%

> 7 times 3.73%

Driving Behavior in Pure
HDV Environment

Behavior

Conservative 25.93%

Neutral# 63.12%

Aggressive 10.95%

Prior Knowledge of AV Knowledge

None 17.63%

Limited# 46.68%
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Table 2 continued Variable Category Abbreviation Percentage

Some 35.68%

Attitude Towards AV Technol-
ogy (Before Video)

Attitude

Believer 25.93%

Neutral# 43.15%

Skeptic 30.91%

Willingness to Relinquish
Driving Control (Before
Video)

Relinquish

Low 28.42%

Medium# 47.72%

High 23.86%

Willingness to Purchase AV
(Before Video)

Immediately 11.41%

Hesitantly# 73.65%

Never 14.94%

Predicted Driving Behavior
When Facing AV (Before
Video)

Cautious 25.73%

Normal# 56.02%

Risky 18.26%

Attitude Towards AV Technol-
ogy (After Video)

Attitude

Believer 13.28%

Neutral# 46.68%

Skeptic 40.04%

Willingness to Relinquish
Driving Control (After Video)

Relinquish

Low 38.38%

Medium# 46.68%

High 14.94%

Willingness to Purchase AV
(After Video)

Immediately 7.26%

Hesitantly# 71.58%

Never 21.16%

Predicted Driving Behav-
ior When Facing AV (After
Video)

Cautious 32.16%

Normal# 45.64%

Risky 22.20%

Notes: # indicates the reference category; bold text indicates the depen-
dent variable

123



Transportation

It should be noted that the variable, i.e., driving behavior in pure HDV environment, is
obtained by aggregating the combined results of the 10 questions (Q9-Q18), including the
frequency of awareness of the pedestrians, speeding, etc. The design of these questions was
inspired by the Aggressive Driving Scale (ADS) Krahé and Fenske (2002). Each question has
five levels, i.e., never, occasionally, sometimes, frequently, and always, and the participants
were asked to choose only one.Depending onwhether the description of the problem is a risky
driving behavior or not, the levels are scored from 1 to 5, or from 5 to 1, with higher scores
indicating riskier driving behavior. Participants with less than 20 points were considered to
have conservative driving behavior, while driverswithmore than 40 pointswere considered to
have aggressive drivingbehavior and the restwere considered to haveneutral drivingbehavior.
The reason for this treatment is due to twomajor considerations: 1) measuring one’s behavior
requires consideration of multiple aspects of her driving performance; and 2) to avoid serious
multicollinearity problems in the model. In Fig. 1, it is evident that several questions exhibit
strong correlations, as indicated by their Spearman’s rank correlation coefficients exceeding
0.6 in absolute value, signifying statistical significance at the 0.05 level. In addition, we
found that the variance inflation factor (VIF) of the multiple linear regression model reached
17.25 when all variables reflecting these questions were injected into the model. In general, a
model is considered to have strong multicollinearity when the VIF exceeds 10. Instead, after
replacing all these variables with a combined variable, the VIF of the model becomes 2.34,
implying that themulticollinearity problem is solved. These results demonstrate the necessity
of this data processing approach. Therefore, we adopted a similar treatment by combining

Fig. 1 Spearman’s rank correlation coefficient for Q9 to Q18 (results presented in absolute values)
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the variables related to future driving behaviors when facing AV into one, namely, predicted
driving behavior when facing AV.

As demonstrated in Fig. 2, with a more comprehensive understanding of AD, i.e., after
watching videos about the pros and cons of AD, there was a significant change in peo-
ple’s choices on questions such as their attitudes, willingness-to-purchase towards AVs. For
instance, roughly half and 6% of those who originally believed in AD technology became
neutral or even skeptical, respectively. In general, people became more skeptical of AD tech-
nology, less inclined to relinquish driving conventional vehicles, less willing to immediately
purchase AVs. This may be attributed to excessive trust and expectations in AD technology,
which in turn may be caused by one-sided or exaggerated media coverage. As they became
more aware of AD, participants became more rational in their attitudes towards AD. These
results also clearly indicate the need to design an objective introduction video on AD for
respondents in the various current research studies on AD. While participants have become
more rational in their attitude towards AD as they have become more aware of its drawbacks.
These results also explicitly demonstrated the need to design a video introducing AD. We
endeavored to provide participants with a comprehensive understanding of AD in order to

Fig. 2 Sankey diagrams of participant selection shifts before and after watching video
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enable them to make more rational choices. It is worth noting that this has hardly been con-
sidered in previous studies. With this in mind, in the discussion that follows, we will focus
more on the choices people make after watching the video.

Methodology

Mixed logit model with heterogeneity in means and variances

Let us first take the study on purchase intentions towards AVs as an example. Assuming that
the dependent variable, i.e., willingness to purchase AV, has T levels (in this study T=3, i.e.,
immediately, hesitantly, and never), the function that determines the nth (n ∈ N ) participant’s
probability of purchase willingness level t (t ∈ T ) is given as

Stn = βnXtn + εtn (1)

where N is the total number of participants, Xtn is the vector of explanatory variables (e.g.,
age, education level, etc), and βn is the corresponding vector of parameters to be estimated.
εtn denotes the disturbance term which is assumed to follow independent and identically
distributed generalized extreme value distribution, i.e., Type-I Gumbel distribution (Galassi
et al., 2022; Li et al., 2023).

We then allow for parameter variations across individuals by introducing amixed distribu-
tion. Consequently, the probability of willingness-to-purchase level t attributed to participant
n, Pn(t), can be further written by allowing βn to have a continuous density function, that is

Pn(t |ϕ) =
∫

eβnXtn∑
∀t∈T eβnXtn

f (β|ϕ)dβ (2)

where Prob(βn = β) = f (β|ϕ), f (β|ϕ) is the density function of β with ϕ, and ϕ denotes
the vector of mean and variance of the density function. For model estimation, parameter β

is able to account for individual-specific heterogeneity in the effect of Xtn on the probability
of willingness-to-purchase, with the density function f (β|ϕ) used to determine β.

In Eq. 2, β can account for individual participant-specific variations of the impacts of vari-
ables Xtn on the probabilities of willingness to purchase, with the density function f (β|ϕ).
This model becomes different from the standard multinomial logit model since βn is not a
fixed parameter and can be randomly distributed with various mode and skeness, and there-
fore is named as the mixed logit model or random parameter model. If random parameters
are identified, the mixed logit weights are determined by the density function f (β|ϕ), and
by integration the probability of a specific participant purchase willingness can be calculated
(Li et al., 2024).

Whenwe allow for heterogeneity in both themean and variance of the random parameters,
βn can be further written as

βn = β + �zn + ��nvn (3)

or
βnk = βk + δ′

k zn + σke
ω′
khnυnk (4)

where β is the constant term in the distribution of the random parameters, βnk is the random
coefficient for the kth attribute faced by the individual n. zn is the observed attribute vector
describing the heterogeneity in the mean, � is the corresponding vector of parameters that
enter the heterogeneous means of the distributions of the random parameters, and vn is
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primitive random vector. The term β + �zn is the heterogeneous means of the distributions
of the random parameters. Then, the last part of the right-hand side of the equal sign of
Eq. 3 is related to the variance of βn . Since the model can capture for the heterogeneity
in the variance, the heterogeneous standard deviations in the distributions of the random
parameters σnk is assumed to be equal to σkωnk , where ωnk = eω′

khn is heterogeneity in
the variances of the distributions of the random parameters, ωk is the vector of parameters
in the variance heterogeneity of the random parameters, and hn is the vector of observed
variables that measure the heterogeneity in the variances of the random parameters. � is a
specific diagonal matrix, �n is the diagonal matrix of individual specific variance terms, and
�n = diag(ωn1, ωn2, . . .).

Accordingly, the unconditional choice probability of this mixed logit model can be given
as

Pn(t |Θ, Xtn, zn, hn) =
∫

βn

Pn(βn |Θ, Xtn, zn, hn, vn) f (βn |Θ, zn, hn)dβn (5)

=
∫

vn

Pn(βn |Θ, Xtn, zn, hn, vn) f (vn |W)dvn

where W denotes the matrix of known variances of the random draws, Θ is the component
structural parameters of βn , and is given asΘ = (β,�,�,W). The log-likelihood functions
used to estimate the structural parameters are constructed from these unconditional probabili-
ties, which are aggregated over all the possible choices for the nth individual.Mathematically,
it can be given as

log L =
N∑

n=1

log
∫

vn

T∏
t=1

Pn(βn |Θ, Xtn, zn, hn, vn) f (vn |W)dvn (6)

As vn may have multiple components, the integral in Eq. 6 is very likely to be a multidimen-
sional integral which will have no closed form in general. However, it can be approximated
by simulation since the integral is an expected value. The simulated log likelihood function
of log L can be given as

log Ls =
N∑

n=1

log
1

R

R∑
r

T∏
t=1

Pn(βrn |Θ, Xtn, zn, hn, vrn) (7)

where R is the number of draws in the simulation, and vrn is a random draw from the
population generating vn . The elements of vrn are obtained by the Halton draws approach
with 1,000 draws.

Moreover, as discussed in previous studies, many distribution forms can be considered
for βn , such as normal, uniform, lognormal, exponential, etc. However, the use of the normal
distribution in the estimation of the random parameters has been broadly reported to provide
a better fit compared to other distributions and, consequently, was selected in this study. In
order to better interpret the estimated results, the direct marginal effects η are calculated for
each significant variable, and is given as,

ηPn(t)
xtn = dPn(t)

dxtn
= d

dxtn

∫
eβnXtn∑

∀t∈T eβnXtn
f (β|ϕ)dβ (8)
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The integral in Eq. 8 can be calculated by Leibniz rule, that is

∫
eβnXtn∑

∀t∈T eβnXtn
f (β|ϕ)dβ =

∫
β

eβnXtn∑
∀t∈T eβnXtn

f (β)dβ −
∫

β

[
eβnXtn∑

∀t∈T eβnXtn

]2

f (β|ϕ)dβ

=
∫

βLn(t)(1 − Ln(t)) f (β|ϕ)dβ (9)

where Ln = eβnXtn∑
∀t∈T eβnXtn

. Similarly, the simulation approach is used to calculate this direct

marginal effects. Finally, the marginal effects of a variable are averaged across individuals
and are reported in the following section.

Goodness-of-fit statistics

In order to evaluate the performanceof themodel, twoparsimony indices are used in this study,
including the Akaike information criterion (AIC) and the Bayesian information criterion
(BIC), and they are given as

AIC = −2 ln(L) + 2p (10)

BIC = −2 ln(L) + p × ln(N ) (11)

where ln(L) is the log-likelihood of the model, p is the number of total estimated parameters,
and N is the number of participants in the overall dataset. Generally, lower AIC and BIC
values indicate a better model fit.

Besides, the McFadden’s pseudo R2 index is also used to evaluate the goodness-of-fit of
the model, that is

R2 = 1 − ln L̂MFull

ln L̂MConstant

(12)

where L̂ is the maximized likelihood, MFull means the current fitted model with all variables
and constant terms, and MConstant denotes the model with only intercepts but no covariates.
The ratio of ln L̂MFull and ln L̂MConstant measures the extent to which the full model improves
on the intercept model, and a larger R2 indicates a better fit of the full model.

Estimation results and discussion

The estimation of model parameters within the mixed logit models was conducted using
simulation-based maximum likelihood estimation methods, specifically employing the
NLOGIT 6 software. A simulation approach, entailing 1,000 Halton draws, was utilized
in each model to strike a judicious balance between computational efficiency and model
fit, thereby ensuring accurate and valid estimation results. It’s pertinent to highlight that
multiple iterations were conducted to test the models, and the ones exhibiting the lowest val-
ues of Akaike Information Criterion (AIC) and Bayesian Information Criterion (BIC) were
selected as the final models. The resultant model estimations concerning the willingness
to purchase AVs and the predicted driving behavior when encountering AV are delineated
in Tables 3 and 4, respectively. The models have demonstrated commendable performance,
as evidenced by the pseudo R2 values of 0.44 and 0.47, respectively, thereby affirming the
robustness of the analyses conducted within the NLOGIT 6 framework.
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Table 3 Mixed logit model results of willingness to purchase AV

Variable Category Abbreviation Para. t-Stat. Marginal effects
Immediately Hesitantly Never

Willingness to Purchase AV=Immediately

Constant -0.07 -5.20

Male Gender 0.37 5.83 0.0021 -0.0008 -0.0014

Standard deviation of
Male

0.72 4.86

< 21 Age 1.37 5.57 0.0080 -0.0049 -0.0031

Standard deviation of
< 21

1.25 2.46

Master or Higher Education 0.21 2.21 0.0012 -0.0009 -0.0003

< 60, 000 yuan Income -0.48 -4.55 -0.0066 0.0037 0.0028

180,000-300,000 yuan Income -0.18 -5.26 -0.0019 0.0005 0.0014

Rural Area -1.89 -3.53 -0.0199 0.0077 0.0121

Standard deviation of
Rural

1.42 3.39

< 3 years Experience -0.16 -3.64 -0.0013 0.0007 0.0006

> 7 years Experience -0.44 -2.32 -0.0060 0.0046 0.0014

< 3 times per week Frequency -0.40 -4.96 -0.0028 0.0007 0.0021

Everyday Frequency 0.63 4.60 0.0058 -0.0018 -0.0040

4-7 times Accident 0.78 5.44 0.0046 -0.0032 -0.0014

Aggressive Behavior -0.43 -2.36 -0.0023 0.0007 0.0016

Some Knowledge 0.31 2.69 0.0028 -0.0010 -0.0018

Skeptic Attitude -2.33 -2.72 -0.0229 0.0167 0.0062

Low Relinquish -1.60 -5.14 -0.0090 0.0019 0.0071

Heterogeneity in the
mean

Male × Everyday Gender × Frequency 1.24 4.29

Male × High Gender × Relinquish 1.33 5.22

Rural × Never Area × Experience -0.92 -2.45

Willingness to Purchase AV=Never

Constant 1.12 2.36

Male Gender -1.33 -4.25 0.0059 0.0093 -0.0152

21-40 Age -0.42 -2.53 0.0012 0.0012 -0.0024

Standard deviation of
21-40

0.52 3.39

< 60, 000 yuan Income 1.64 2.17 -0.0037 -0.0056 0.0093

Rural Area 0.66 5.88 -0.0027 -0.0055 0.0082

Everyday Frequency -1.17 -3.24 0.0016 0.0045 -0.0060

Never Accident 1.04 3.75 -0.0035 -0.0023 0.0059

Standard deviation of
Never

1.97 5.65

4-7 times Accident -1.31 -5.58 0.0078 0.0112 -0.0189
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Table 3 continued

Variable Category Abbreviation Para. t-Stat. Marginal effects
Immediately Hesitantly Never

Standard deviation of
4-7 times

2.42 3.10

Conservative Behavior -0.45 -5.72 0.0015 0.0025 -0.0040

Standard deviation of
Conservative

0.57 2.78

Aggressive Behavior 0.73 5.72 -0.0052 -0.0038 0.0089

Believer Attitude -1.13 -2.99 0.0028 0.0084 -0.0112

Skeptic Attitude 1.63 2.36 -0.0040 -0.0062 0.0102

High Relinquish -1.24 -2.65 0.0035 0.0057 -0.0092

Heterogeneity in the
mean

Male × 21-40 Gender × Age -0.79 -4.82

Never × 180,000-
300,000 yuan

Accident × Income -0.65 -4.59

4-7 times × Believer Accident × Attitude -1.08 -5.22

Believer × Conserva-
tive

Attitude × Behavior -0.22 -2.42

Model Statistics

Number of observa-
tions

462

Log-likelihood at zero -2628.14

Log-likelihood at con-
vergence

-1476.33

pseudo R2 0.44

Willingness to purchase AVmodel

Random parameters and heterogeneity in their means

As shown in Table 3 and Fig. 3, seven variables produce significant random parameters in the
willingness to purchase AV model in both two levels, three of which are in the Immediately
level and four of which in the Never level. In the Immediately level,Gender: Male is found to
be randomly distributed with a mean and a standard deviation of 0.37 and 0.72, respectively.
As demonstrated in Fig. 3a), this variable increases the likelihood of immediately purchasing
AV for 69.6% of the respondents while decreasing the likelihood of immediately purchasing
AV for 30.4 % of the respondents. In addition, the mean of Gender: Male is also found to be
significantly affected by Frequency: Everyday and Relinquish: High. Both variables increase
the mean of Gender: Male, implying that eligible participants are more willing to purchase
AV immediately.

Age: <21 is another parameter found to be randomly distributed across individuals in the
Immediately level. As shown in Fig. 3, the variable is found to increase the likelihood of
immediately purchasing AV for 86.4% of the respondents, while decreasing the likelihood
of immediately purchasing AV for others. The results also reveal that the heterogeneity of
the mean of this variable is not significantly influenced by the other variables.
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Table 4 Mixed logit model results of predicted driving behavior when facing AV

Variable Category Abbreviation Parameter t-Stat. Marginal effects
Cautious Normal Risky

Predicted Driving Behavior When Facing AV=Cautious

Constant -0.12 -2.74

Male Gender -0.36 -2.43 -0.0027 0.0009 0.0017

< 21 Age -1.15 -3.98 -0.0093 0.0043 0.0050

High School Education -0.88 -5.78 -0.0051 0.0026 0.0025

Standard deviation of
High School

1.44 2.13

Master or Higher Education 0.75 2.25 0.0053 -0.0028 -0.0025

180,000-300,000 yuan Income 0.79 2.19 0.0130 -0.0070 -0.0060

Rural Area -0.44 -5.60 -0.0073 0.0042 0.0032

Standard deviation of
Rural

0.27 5.09

Never Experience 0.61 5.96 0.0070 -0.0024 -0.0046

Never Accident 1.16 5.77 0.0098 -0.0047 -0.0051

4-7 times Accident 0.47 3.56 0.0060 -0.0031 -0.0029

Conservative Behavior 3.64 4.84 0.0236 -0.0102 -0.0135

Standard deviation of
Conservative

2.47 5.15

Aggressive Behavior -0.94 -3.48 -0.0107 0.0040 0.0067

Skeptic Attitude 0.45 4.77 0.0034 -0.0018 -0.0016

Standard deviation of
Skeptic

1.18 5.71

Heterogeneity in the
mean

High School × <

60,000 yuan
Education × Income -0.66 -3.14

Rural × 4-7 times Area × Accident -1.15 -3.19

Conservative ×
Believer

Behavior × Attitude 0.44 4.56

Predicted Driving Behavior When Facing AV=Risky

Constant 1.15 2.36

Male Gender 0.98 5.23 -0.0041 -0.0030 0.0071

Standard deviation of
Male

3.41 5.32

< 21 Age 1.76 4.85 -0.0036 -0.0068 0.0104

High School Education 2.09 4.70 -0.0067 -0.0088 0.0155

180,000-300,000 yuan Income -0.63 -5.62 0.0024 0.0042 -0.0066

Never Experience -0.76 -5.03 0.0026 0.0025 -0.0051

Everyday Frequency 0.45 5.33 -0.0009 -0.0014 0.0023

Standard deviation of
Everyday

1.41 2.43

Never Accident -1.16 -5.86 0.0031 0.0033 -0.0064
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Table 4 continued

Variable Category Abbreviation Parameter t-Stat. Marginal effects
Cautious Normal Risky

Conservative Behavior -1.71 -4.40 0.0074 0.0173 -0.0248

Aggressive Behavior 4.63 2.81 -0.0147 -0.0212 0.0359

Believer Attitude -1.31 -5.93 0.0056 0.0074 -0.0130

Standard deviation of
Believer

1.97 3.79

Skeptic Attitude -1.72 3.48 -0.0029 -0.0065 0.0095

Standard deviation of
Skeptic

3.26 4.63

Heterogeneity in the
mean

Male × < 21 Gender × Age 1.77 2.59

High School × Every-
day

Education × Frequency 0.45 5.45

Never × Believer Experience × Attitude -0.77 -4.07

Aggressive × Skeptic Behavior × Attitude 1.25 3.76

Model Statistics

Number of observa-
tions

482

Log-likelihood at zero -2370.09

Log-likelihood at con-
vergence

-1254.88

pseudo R2 0.47

The last randomly distributed parameter in the Immediately level is Area: Rural with
a mean and a standard deviation of -1.89 and 1.42, respectively. Therefore, the variable
can decrease the likelihood of immediately purchasing AV for 90.84% of the participants
while increasing the likelihood for the others. The mean of this variable is also found to be
significantly impacted byExperience: Never.More specifically,Experience: Never decreases

Fig. 3 Random parameters in willingness to purchase AV model
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the mean of this random parameter, indicating that the people who live in rural and have no
driving experience are less likely to purchase AV immediately.

In the Never level, Age: 21-40, Accident: Never, Accident: 4-7 times, and Behavior:
Conservative are found to have random effects across the participants. It should be noted that
an accident is defined as any form of collision with results ranging from minor damage to a
vehicle to the death of a person, whether at fault or not. Detailed effects of these parameters
are presented in Fig. 3 d) to g), respectively. In addition, all the four random parameters are
found to be significantly impacted by other variables. In particular,Gender: Male is observed
to decrease the mean of Age: 21-40, Income: 120,000-300,000 yuan is identified to lower the
mean of Accident: Never, and Attitude: Believer is found to decrease the mean of Accident:
4-7 times and Behavior: Conservative, respectively.

Detailed effects of variables

As presented in Table 3 and Fig. 4, in both Immediately and Never levels, Gender: Male has
a positive marginal effect on the Immediately outcome and a negative effect on the Never
outcome. The results indicate that male participants, compared to their female counterparts,
are more willing to purchase AV immediately and less likely to never purchase AV. This
finding is consistent with previous research, which found that men are less reluctant to adopt
AD technology and have a higher willingness to pay for automated driving systems than
women (Cartenì, 2020; Morita and Managi, 2020). This may be attributed to the fact that
men generally tend to have more positive attitudes towards new technologies than women,
and that they typically have higher levels of sensation-seeking, an important factor related to
intention to use AV Payre et al. (2014); Kyriakidis et al. (2015).

In the Immediately level, Age: < 21 is found to have a positive effect on the likelihood of
immediately purchasing AV and a negative effect on the likelihood of never purchasing AV,
indicating teenagers are more likely to purchase AV immediately, compared to middle-aged
individuals (41-60 years old). On the other hand, as shown in Fig. 4,Age: 21−40 is also found
to have a similar effect onAVpurchasing decisions, since this variable has a negativemarginal
effect on the Never outcome and a positive marginal effect on the Immediately outcome.
Similar findings have been found in studies conducted in other countries, such as Israel and
North America (Haboucha et al., 2017). Some studies suggest that the higher likelihood of
young people immediately purchasing AVs may be due to their greater acceptance of novel
technologies andmay also be related to the fact that they currently own fewer private vehicles
than the reference age group (Megens et al., 2015; Menon et al., 2019). Although the mixed
effects of age and car ownership are not examined, our data also provide some support for
the assertion as the younger cohort had significantly lower driving experience and frequency
compared to the middle-aged group.

As shown in Table 3, Education: Master or Higher is found to significantly increase the
likelihood of immediately purchasing AV in the Immediately level. Some previous studies
also reported similar findings (Jiang et al., 2019; Howard and Dai, 2014). For instance,
Haboucha et al. (2017) found that people with higher levels of education were supportive
of the widespread use of AVs. The authors also claim that this may be because those with
higher levels of education are more familiar with the concept of AVs and are more open to
novel ideas and technologies.

In both levels, Income: <60,000 (per year, about 10,000 dollars, could be considered as
low-income) is found to have significant impacts on respondents’ AV purchasing likelihoods.
It demonstrates the implications of reducing people’swillingness to purchaseAV immediately
and increasing their willingness to never purchase AV. In addition, in the Immediately level,
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Fig. 4 Marginal effects of significant variables in willingness to purchase model

Income: 180,000-300,000 yuan (per year, about 30,000-50,000 dollars, could be considered
as upper-middle-income) shows a negative marginal effect on the willingness to purchase AV
immediately. These results indicate that both low-income and upper-middle-income cohorts
tend not to purchase AVs immediately compared to the middle-income cohort (Income:
60,000-180,000 yuan). For the low-income group, their relatively weak purchase intentions
may be due to the fact that AVs tend to be more expensive, in addition to the fact that they
use public transportation more often than private vehicles to get around (Litman, 2017). For
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the upper-middle-income group, the reason they do not have a strong desire to purchase AV
immediately may be related to the fact that most of them are more mature (about 62.8% are
over 40 years old) and prefer stable and well-established systems. Previous studies have also
shown that they have certain concerns about the safety of current AVs Wadud (2017).

Area: Rural is found to significantly influence respondents’ purchasing choices in both
levels. As shown in Table 3, compared to participants from the urban area, rural respondents’
are more likely to not purchase AV immediately, and they are more likely to never purchase
AV. This finding is in line with some previous studies (Nastjuk et al., 2020). This may be
related to the lower average purchasing power of rural residents and the fact that traffic
congestion is less likely to occur in rural areas. It could also be related to the greater lack of
EV charging stations in rural areas at the moment, as most people believe that AVs will be
electric.

As shown in Table 3, both Experience: <3 years and Experience: >7 years show signifi-
cant impacts on respondents’ purchasing choices in Immediately level. As can be evidenced
by the results of marginal effects, these two variables can decrease the likelihood of partic-
ipants’ willingness to purchase AV immediately, while on the other hand, the two variables
are found to increase the probability of participants’ willingness to choose to never purchase
AV. This means that both novice and experienced drivers do not have a higher appetite for
purchasing AVs compared to drivers with 4-7 years of driving experience. Previous studies
have also shown that participants with various driving experiences have significantly different
enthusiasm and concerns about AD systems (Qu et al., 2019).

The examination results show that the participants who drive every day are more likely to
choose to buy AV immediately, as the variable Frequency: Everyday is found to increase this
likelihood in both levels. Previous studies also have similar findings, for instance, Kyriakidis
et al. (2015) demonstrated that people who drive more will be willing to pay more for an AV.
In addition, the authors also suggested that past driving frequency is an excellent predictor
of future purchasing behavior.

As shown in Fig. 4, respondents’ who have had 4-7 times accidents have a heightened
intention to purchase AV once this technology is available on the market since Accident: 4-7
times is found to increase this likelihood in both levels. This may be due to the fact that drivers
with more accidents have developed some doubts about their driving abilities and therefore
prefer more advanced and safer AD technology. Not much research has been done on the
impact of this factor on the likelihood of purchasing AVs, but we can get some validation
from the research on ADAS adoption (Reimer, 2014; Hagl and Kouabenan, 2020). These
studies also suggested that drivers who had more accidents and violations are more likely to
purchase vehicles with ADAS.

As shown in Table 3, Behavior: Aggressive and Behavior: Conservative are both found to
significantly affect participants’ choice to purchase AV. More specifically, aggressive drivers
have less willingness to purchase AV immediately, while they are more likely to choose to
never buy AV. In the contrast, conservative drivers are more likely to buy AV immediately.
However, this new finding is somewhat difficult to ground in support from previous stud-
ies. This is because to date, few studies have examined how individual differences in driving
behavior affect drivers’ trust and acceptance ofAVs.A recent study on the effects ofAD styles
and driver’s driving styles may provide some insights (Ma and Zhang, 2021). The authors
used the STISIM driving simulator to collect data on drivers’ driving in different situations,
and then classified drivers as aggressive or conservative based on these data. The relation-
ship between driver trust in AVs, acceptance, and takeover frequency was analyzed using
generalized estimating equations. The results show that the effect of driver trust in AVs on
takeover frequency is mediated by driver acceptance of AVs. These findings imply that driver

123



Transportation

trust and acceptance of AVs can increase when the driving style of the designed AVs (aggres-
sive/conservative) is consistent with the driver’s own driving style (aggressive/conservative),
which in turn can reduce undesired takeover behavior. As most media create the image that
AVs need to be more conservative to achieve a high level of safety, our results, therefore,
become not difficult to understand. That is, aggressive drivers choose not to purchase AVs
because AVs are different from their driving behavior, and conversely, conservative drivers
have a higher enthusiasm to purchase AVs because AVs are similar to their driving behavior.

As shown inFig. 4,Knowledge: Some is found to have a significant impact on the likelihood
of people’sAVpurchasing choices. Participantswho have some knowledge of this technology
have a stronger desire to buy AV immediately. The results are consistent with previous
research that people who have had some experience with assisted or AD and who are more
concerned about AD technology tend to have a higher desire to purchase AVs Payre et al.
(2014).

Participants’ attitudes to AD technology are also found to have significant effects on their
purchasing choices.As the estimated results ofAttitude:Believer andAttitude: Skeptic shown,
people who are skeptical about AV technology are more likely to choose not to buy AV at all.
While those who believe in this technology are more likely to purchase AV immediately. This
result is consistent with common sense that people tend to have a lower desire to purchase
things they do not believe in.

The willingness to relinquish control is also found to significantly influence participants’
purchasing choices. Results show that people with a high desire to relinquish control are
more likely to buy AV immediately, while in the contrast, those with a low willingness to
relinquish control are more likely to never buy AV. The results have been proved by other
studies, for instance, Weigl et al. (2022) suggested that a higher desire for control may pose
a barrier to the willingness to adopt new products. There may be a passive resistance to the
adoption of innovations, which implies a fear of losing control.

Predicted driving behavior when facing AVmodel

Random parameters and heterogeneity in their means

The second dependent variable we focused on is the participant’s predicted driving behavior
when facing AV. Without causing ambiguity, in the following, we will simply refer to it as
predicted behavior. As shown in Table 4 and Fig. 5, four variables are found to be randomly
distributed in the Cautious level, including Education: High School, Area: Rural, Behavior:
Conservative, and Attitude: Skeptic. More specifically, the mean and the standard deviation
of Education: High School is -0.88 and 1.44, respectively. Overall, this variable decreases the
likelihood of holding cautious behavior for 72.9% respondents and increases the likelihood of
having risky behavior for 27.1% respondents. In addition, the mean of this variable is found
to be reduced by the variable Income: <60,000 yuan. The results indicate that participants
with lower education levels and income are less likely to have cautious behavior when facing
AV.

The random parameter ofArea: Rural is found to have themean and the standard deviation
of -0.44 and 0.27, respectively. The results imply that 94.8% rural respondents have less
probability to have cautious predicted behavior while the other 5.2% rural respondents are
more likely to have cautious predicted behavior. Moreover, Accident: 4-7 times is identified
to decrease the mean of this random parameter.
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Fig. 5 Random parameters in predicted driving behavior when facing AV model

Similarly, Behavior: Conservative is found to increase the likelihood of being cautious
when facing AV for 93.0% of the participants, while decreasing the likelihood for the others.
The mean of this random parameter is identified to be increased by Attitude: Believer. In
addition, the mean and the standard deviation of the Attitude: Skeptic is 0.45 and 1.18,
indicating this variable increases the probability of having cautious predicted behavior for
64.9% of the participants, while decreasing this probability for the other participants.

As shown in Table 4 and Fig. 5, in the Risky level, there are also four variables that lead to
significant heterogeneity in the means of the random parameters. Gender: Male is found to
increase the probability of having risky predicted behavior for 61.3% of the respondents, and
decrease this probability for the other 38.7% of the respondents. The mean of this parameter
is identified to be increased by Age: 21, indicating young male drivers are more likely to have
risky predicted behavior.

Figure 5 shows that the variable Frequency: Everyday increases the probability of having
risky predicted behavior for 62.5% of the respondents. In addition,Education: High School is
found to increase themeanof this randomparameter, implying that low-education participants
who drive daily may be more likely to engage in risky predicted behavior.

Attitude:Believer is another variable found to produce significant randomparameterswith,
respectively, a mean and a standard deviation of -1.31 and 1.97. In other words, this variable
decreases the probability of having risky predicted behavior when facing AV for 74.7% of
the respondents while increasing the probability for the other respondents. As shown in
Table 4, the mean of this random parameter decreases by Experience: Never, indicating that
the participantswith no driving experience and believe inAV technology have less probability
of having risky predicted behavior.

The last variable that produces random parameter in the Risky level is Attitude: Skeptic,
which is able to increase the probability of having risky predicted behavior for 70.1% of the
respondents while decreasing the probability for the other respondents. In addition, results
also show that the mean of this parameter is increased by Behavior: Aggressive, indicating
participants with aggressive behavior and skeptical attitudes towards AV technology have a
higher probability of having risky predicted behavior.

Detailed effects of variables

As shown in Table 4, Gender: Male is found to influence participants’ predicted driving
behavior when facing AV in both levels. The estimation results show that male participants,
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compared to their female counterparts, are more likely to have risky driving behavior when
facing AV. It appears that the predicted behavior of male drivers in the mixed autonomy
environment will be similar to their driving behavior in the current traffic environment, i.e.,
they are more prone to engage in risky driving when confronted with other traffic participants
as compared to the females (Moody et al., 2020).

Age: < 21 is another significant variable affecting the participants’ predicted driving
behavior in both levels. As shown in Fig. 6, the young group is more likely to have risky
behavior when facing AV, indicating that in the future mixed autonomy environment young
drivers may nonetheless be a target of concern in the future mixed autonomy environment,
as they are in the current traffic environment (Scott-Parker and Oviedo-Trespalacios, 2017).

Education: High School is found to significantly influence the participants’ predicted
driving behavior in both levels. As shown in Fig. 6, this variable increases the probability
of people having risky predicted behavior when facing AV. On the contrary, in the Cautious
level, Education: Master or Higher is found to decrease the probability of people having
risky predicted behavior. Research conducted in the current traffic environment may provide
insights into this finding. Previous studies suggested the driver’s education level can be
considered as a key component of socioeconomic status, and has significant association with
self-esteem and personal performance (Veselska et al., 2010). Groups with low levels of
education may have a heightened likelihood of poverty, drug abuse, illegal activity, etc.,
and are often found to engage in risky driving behavior (Dursun et al., 2018). For instance,
Soliman et al. (2018) figured out that people with low education levels had the most driving
violations, lapses and aggressive driving behavior among all the driving groups in the State
of Qatar.

As shown in Table 4, Income: 180,000-300,000 yuan decreases the probability of partici-
pants of having risky predicted behavior in both levels. The results indicate the middle-high
income group is less likely to intentionally engage in unsuspecting or safety-ignoring pre-
dicted behavior, such as blocking an AV attempting to pass or change lanes. Previous studies
also show that people in this group are less likely to have risky behavior (Pantangi et al.,
2020; Vaughn et al., 2011). Our results imply that the relatively good driving behavior of this
group are likely to be maintained in the future mixed autonomy environment.

Area: Rural is found to significantly influence the participants’ predicted behavior in the
Cautious level. As shown in Fig. 6, the participants living in the rural area are more likely to
have risky predicted behavior when facing AVs. This finding appears to be consistent with
previous studies conducted in the current traffic environment, for example, drivers in rural
areas were found to have greater risk-seeking potential and risk tolerance and were more
likely to ignore unsafe elements of rural roads (Cox et al., 2017).

Themarginal effects ofExperience:Never show that this variable decreases the probability
of participants having risky predicted behavior in both levels. The results indicate that the
participants with no driving experiences are more likely to have cautious or normal predicted
behavior based on their responses. However, it is worth noting that due to their lack of
driving experience, their subjective expressions may not be a realistic reflection of how they
will actually perform when driving a vehicle in the future.

Accident: Never is found to have significant effects on participants’ predicted behaviors in
both levels,with results indicating that the variable can decrease the probability of participants
having risky predicted behavior. In addition, Accident: 4-7 times is also found to decrease
this probability in the Cautious level. These findings suggest that participants who had either
no accidents or a large number of accidents would be more likely to have cautious predicted
behavior when facing with AVs. Some studies conducted in the current traffic environment
have also shown that these two driver groups have fewer driving errors, anger and nervousness
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Fig. 6 Marginal effects of significant variables in predicted behavior when facing AV model

in the Ahwaz aggression inventory, indicating that they are less likely to have risky behavior
(Sani et al., 2017).

Both the behavior-related variables,Behavior: Conservative andBehavior: Aggressive are
found to significantly affect participants’ predicted behaviors in both levels, and as expected,
they had apparently opposite effects. More specifically, drivers who are conservative in the
current traffic environment are less likely to have risky predicted behavior when facing AVs,
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while aggressive drivers are more likely to have risky predicted behavior. In addition, as pre-
viously discussed, Behavior: Conservative is found to be randomly distributed, indicating
some conservative drivers may also engage in risky driving in the future mixed autonomy
environment. These findings suggest that people’s driving behavior in the current traffic envi-
ronment may change somewhat in future mixed autonomy environment. It can be expected
that these predicted behaviors of people towardsAVmay render the safety of AD challenging.

In addition, the two variables related to participants’ attitudes towards AD technology, i.e.,
Attitude: Believer and Attitude: Skeptic, are both found to significantly affect participants’
predicted behavior. However, the results show that the effects of these two variables are very
complicated, since both of them are found to be randomly distributed across the individuals.
In general, the majority of people who believe in AD technology are less likely to have risky
predicted behavior when facing AVs. However, the results also indicate that about 30% of
these believers are more prone to engage in risky predicted behavior. In addition, Attitude:
Skeptic was found to be randomly distributed at both levels, making it difficult to determine
its effect on participants’ predicted driving behavior. This also suggests that participants who
are distrustful of AD technology will behave in a highly variable manner when facing with
AV in the mixed autonomy environment.

Conclusions

Upon deeper exploration of the study’s findings, the comprehensive online survey deployed
herein reveals a complex interplay of demographic, socio-economic, and attitudinal factors
influencing individuals’ propensity to purchase and engage with Level 4 and Level 5 AVs.
Employing a mixed logit model with heterogeneity in means and variances via NLOGIT
6 has facilitated a richer comprehension of unobserved heterogeneity across respondents,
marking a departure from conventional models frequently referenced in prior literature.

The analytical results underscore the pronounced impact of demographic variables and
driving experience on both the immediate AV purchase likelihood and anticipated driving
behavior when encounteringAVs. Notably, gender, age, and driving experience have emerged
as critical factors in shaping the dynamics of interaction with AV technology. The gender
variable, particularly ’Gender: Male’, unveils a higher inclination among male respondents
towards immediate AV adoption. Similarly, the age variable demonstrates a marked propen-
sity among younger cohorts towards immediate AV purchasing, aligning with their generally
more positive attitudes towards emergent technologies. The nuanced effects of driving experi-
ence further enrich the dialogue, illuminating the diverse attitudes and behavioral tendencies
exhibited by individuals with varying driving histories.

Moreover, the study accentuates the significant role of socio-economic determinants,
with income levels and educational attainment markedly affecting AV purchase intentions
and predicted driving behavior. The delineated effects of income brackets offer a nuanced
understanding of economic constraints and preferences across disparate income groups. Fur-
thermore, findings related to education levels underscore the importance of informational
awareness and potentially risk perception in forming attitudes towards AVs.

The identification of heterogeneous effects across these variables not only contributes
to a more refined understanding of AV adoption and interaction tendencies but also pro-
vides invaluable insights for policymakers and automobile manufacturers. The elucidated
preferences and behavioral tendencies towards AVs among different demographic and
socio-economic groups underscore the imperative for targeted educational and promotional
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initiatives to nurture a conducive ecosystem for the burgeoning AV industry. Moreover, the
insights into the public’s disposition towards AVs, as unveiled by this study, lay a robust
foundation for strategizing the accelerated adoption and safe operation of AVs, signifying a
significant advancement in the collective endeavor towards a safer and more efficient trans-
portation landscape.

In conclusion, the methodological rigor, the broad spectrum of examined factors, and
the profound analysis conducted in this study substantially augment the existing literature
on AVs. The elucidation of complex determinants influencing AV interactions provides a
robust platform for both scholarly inquiry and pragmatic strategies aimed at advancing the
AV industry. Consequently, this study stands as a significant contribution to the discourse
on AD adoption, fostering a more extensive understanding of the prevailing dynamics, and
paving the way for informed strategies to navigate the myriad challenges and opportunities
inherent in the transition towards a more automated transportation ecosystem.

Limitations and future research

In acknowledgment of the limitations of this study, several points warrant mention. Firstly,
the data collection process, being conducted online, might inherit biases associated with self-
selection and accessibility. Despite our efforts to ensure a diverse respondent pool, the online
medium inherently may exclude individuals with limited internet access or digital literacy,
potentially skewing the sample towards a younger, more educated demographic. Secondly,
the sample size and demographic distribution, while robust, may not fully encapsulate the
broader societal attitudes towards AVs. The variations between our sample demographics and
the actual demographic distribution of the study area may influence the generalizability of
our findings. Thirdly, the hypothetical nature of the stated preference survey is a fundamental
limitation. The responses collected reflect stated preferences in a hypothetical scenario rather
than revealed preferences in real-world settings. This discrepancy could potentially lead to a
bias known as hypothetical bias, where individuals might express different preferences when
faced with actual decisions as compared to hypothetical scenarios. Furthermore, potential
biases might arise from the way questions were framed or the order in which they were
presented, which may have inadvertently influenced the respondents’ answers. Lastly, the
use of a single video as the informational medium about AVs, although carefully chosen
and designed, might carry its own set of biases in terms of the information presented and the
manner of its presentation. Future studiesmight consider employing a variety of informational
media tomitigate any informational bias and provide amore rounded understanding of public
attitudes towards AVs.

Supplementary Information The online version contains supplementary material available at https://doi.
org/10.1007/s11116-024-10480-x.

Author Contributions Zhenning Li: Study conception, manuscript drafting, data analysis. Ruru Tang: Data
collection, manuscript revision. Guofa Li: Data analysis, methodology writing. Chengzhong Xu: Funding,
revision coordination.

Funding This paper is supported by Science and Technology Development Fund of Macau SAR (File no.
0021/2022/ITP, 0123/2022/AFJ, 0081/2022/A2, 0015/2019/AKP,SKL-IOTSC(UM)-2021-2023), University
of Macau (SRG2023-00037-IOTSC), and GuangDong Basic and Applied Basic Research Foundation (No.
2020B515130004).

123

https://doi.org/10.1007/s11116-024-10480-x
https://doi.org/10.1007/s11116-024-10480-x


Transportation

Availability of data andmaterials Desensitized data that support the findings of this study are available from
the authors, upon reasonable request.

Declarations

Conflicts of interest The authors have no conflicts of interest to declare.

Ethical standard The survey of this paper complies with the requirements of the Ethics Committee of the
University of Macau.

References

Li, Z., Wu, Q., Yu, H., Chen, C., Zhang, G., Tian, Z.Z., Prevedouros, P.D.: Temporal-spatial dimension
extension-based intersection control formulation for connected and autonomous vehicle systems. Transp.
Res. Part C Emerg. Technol. 104, 234–248 (2019)

Liao,H., Li, Z., Shen,H., Zeng,W., Liao,D., Li, G., Li, S.E., Xu, C.: Bat: Behavior-aware human-like trajectory
prediction for autonomous driving (2023). arXiv:2312.06371

Committee, S.O.-R.A.V.S., et al.: Taxonomy and definitions for terms related to on-road motor vehicle auto-
mated driving systems. SAE Standard J. 3016, 1–16 (2021)

Kalra, N., Paddock, S.M.: Driving to safety: How many miles of driving would it take to demonstrate
autonomous vehicle reliability? Transp. Res. Part A: Pol. Pract. 94, 182–193 (2016)

Litman, T.: Autonomous vehicle implementation predictions. Victoria Transport Policy Institute Victoria,
Canada (2017)

Zheng, Y., Wang, J., Li, K.: Smoothing traffic flow via control of autonomous vehicles. IEEE Int. Things J.
7(5), 3882–3896 (2020)

Bigman, Y.E., Gray, K.: Life and death decisions of autonomous vehicles. Nature 579(7797), E1–E2 (2020)
Das, S., Dutta, A., Lindheimer, T., Jalayer, M., Elgart, Z.: Youtube as a source of information in understanding

autonomous vehicle consumers: natural language processing study. Trans. Res. Record 2673(8), 242–253
(2019)

Talebian, A., Mishra, S.: Predicting the adoption of connected autonomous vehicles: A new approach based
on the theory of diffusion of innovations. Transp. Res. Part C Emerg. Technol. 95, 363–380 (2018)

Harb, M., Xiao, Y., Circella, G., Mokhtarian, P.L., Walker, J.L.: Projecting travelers into a world of self-
driving vehicles: estimating travel behavior implications via a naturalistic experiment. Transportation
45(6), 1671–1685 (2018)

Nair, G.S., Bhat, C.R.: Sharing the roadwith autonomous vehicles: Perceived safety and regulatory preferences.
Transp. Res. Part C Emerg. Technol. 122, 102885 (2021)

Asmussen, K.E., Mondal, A., Bhat, C.R.: Adoption of partially automated vehicle technology features and
impacts on vehicle miles of travel (vmt). Trans. Res. Part A: Pol. Pract. 158, 156–179 (2022)

Yuan, Q., Peng, Y., Xu, X., Wang, X.: Key points of investigation and analysis on traffic accidents involving
intelligent vehicles. Transp. Saf. Environ.3(4) tdab020 (2021)

Cohen, S.A., Hopkins, D.: Autonomous vehicles and the future of urban tourism. Ann. Tour. Res. 74, 33–42
(2019)

Jelinski, L., Etzrodt, K., Engesser, S.: Undifferentiated optimism and scandalized accidents: themedia coverage
of autonomous driving in germany. J. Sci. Commun. 20(4), A02 (2021)

Shariff, A., Bonnefon, J.-F., Rahwan, I.: Psychological roadblocks to the adoption of self-driving vehicles.
Nat. Hum. Behav. 1(10), 694–696 (2017)

Xu, Z., Zhang, K., Min, H., Wang, Z., Zhao, X., Liu, P.: What drives people to accept automated vehicles?
findings from a field experiment. Transp. Res. Part C Emerg. Technol. 95, 320–334 (2018)

Mohamed, M., Bromfield, N.F.: Attitudes, driving behavior, and accident involvement among young male
drivers in saudi arabia. Transp. Res. Part F: Traffic Psychol. Behav. 47, 59–71 (2017)

Hassen, A., Godesso, A., Abebe, L., Girma, E.: Risky driving behaviors for road traffic accident among drivers
in mekele city, northern ethiopia. BMC Res. Notes 4(1), 1–6 (2011)

Atombo, C., Wu, C., Tettehfio, E.O., Agbo, A.A.: Personality, socioeconomic status, attitude, intention and
risky driving behavior. Cogent Psychol. 4(1), 1376424 (2017)

Li, Z., Chen, Z., Li, Y., Xu, C.: Context-aware trajectory prediction for autonomous driving in heterogeneous
environments. Comput.-Aided Civ. Infrastruct. Eng. 39(1), 120–135 (2024)

123

http://arxiv.org/abs/2312.06371


Transportation

Liao, H., Shen, H., Li, Z., Wang, C., Li, G., Bie, Y., Xu, C.: Gpt-4 enhanced multimodal ground-
ing for autonomous driving: Leveraging cross-modal attention with large language models (2023).
arXiv:2312.03543

Hohenberger, C., Spörrle, M., Welpe, I.M.: Not fearless, but self-enhanced: The effects of anxiety on the
willingness to use autonomous cars depend on individual levels of self-enhancement. Technol. Forecast.
Soc. Change 116, 40–52 (2017)

Rahimi, A., Azimi, G., Asgari, H., Jin, X.: Adoption and willingness to pay for autonomous vehicles: attitudes
and latent classes. Transp. Res. Part D: Transp. Environ. 89, 102611 (2020)

Haboucha, C.J., Ishaq, R., Shiftan, Y.: User preferences regarding autonomous vehicles. Transp. Res. Part C:
Emerg. Technol. 78, 37–49 (2017)

Liu, P., Guo, Q., Ren, F., Wang, L., Xu, Z.: Willingness to pay for self-driving vehicles: Influences of demo-
graphic and psychological factors. Transp. Res. Part C: Emerg. Technol. 100, 306–317 (2019)

Schoettle, B., Sivak, M.: Public opinion about self-driving vehicles in china, india, japan, the us, the uk, and
australia. University of Michigan, Ann Arbor, Transportation Research Institute, Tech. rep. (2014)

Kyriakidis, M., Happee, R., de Winter, J.C.: Public opinion on automated driving: Results of an international
questionnaire among 5000 respondents. Transp. Res. F: Traffic Psychol. Behav. 32, 127–140 (2015)

Anania, E.C., Rice, S., Walters, N.W., Pierce, M., Winter, S.R., Milner, M.N.: The effects of positive and
negative information on consumers’ willingness to ride in a driverless vehicle. Trans. Pol. 72, 218–224
(2018)

Acheampong, R.A., Cugurullo, F.: Capturing the behavioural determinants behind the adoption of autonomous
vehicles: Conceptual frameworks and measurement models to predict public transport, sharing and own-
ership trends of self-driving cars. Transp. Res. F: Traffic Psychol. Behav. 62, 349–375 (2019)

Bernhard, C., Oberfeld, D., Hoffmann, C., Weismüller, D., Hecht, H.: User acceptance of automated public
transport: Valence of an autonomous minibus experience. Transp. Res. F: Traffic Psychol. Behav. 70,
109–123 (2020)

Nastjuk, I., Herrenkind, B., Marrone, M., Brendel, A.B., Kolbe, L.M.: What drives the acceptance of
autonomous driving? an investigation of acceptance factors from an end-user’s perspective. Technol.
Forecast. Soc. Change 161, 120319 (2020)

Morita, T., Managi, S.: Autonomous vehicles: Willingness to pay and the social dilemma. Transp. Res. Part C
Emerg. Technol. 119, 102748 (2020)

Liljamo, T., Liimatainen, H., Pöllänen, M.: Attitudes and concerns on automated vehicles. Transp. Res. F:
Traffic Psychol. Behav. 59, 24–44 (2018)

Gkartzonikas, C., Gkritza, K.: What have we learned? a review of stated preference and choice studies on
autonomous vehicles. Transp. Res. Part C Emerg. Technol. 98, 323–337 (2019)

Thurner, T., Fursov, K., Nefedova, A.: Early adopters of new transportation technologies: Attitudes of russia’
population towards car sharing, the electric car and autonomous driving. Transp. Res. Part A Pol. Pract.
155, 403–417 (2022)

Dos Santos, F.L.M., Duboz, A., Grosso, M., Raposo, M.A., Krause, J., Mourtzouchou, A., Balahur, A., Ciuffo,
B.:An acceptance divergence?media, citizens andpolicy perspectives on autonomous cars in the european
union. Transp. Res. Part A Pol. Pract. 158, 224–238 (2022)

Goldbach, C., Sickmann, J., Pitz, T., Zimasa, T.: Towards autonomous public transportation: Attitudes and
intentions of the local population. Transp. Res. Interdiscip. Perspect. 13, 100504 (2022)

Shin, J., Bhat, C.R., You, D., Garikapati, V.M., Pendyala, R.M.: Consumer preferences and willingness to
pay for advanced vehicle technology options and fuel types. Transp. Res. Part C Emerg. Technol. 60,
511–524 (2015)

Jiang, Y., Zhang, J., Wang, Y., Wang, W.: Capturing ownership behavior of autonomous vehicles in japan
based on a stated preference survey and a mixed logit model with repeated choices. Int. J. Sustain.
Transp. 13(10), 788–801 (2019)

Shabanpour, R.,Mousavi, S.N.D., Golshani, N., Auld, J., Mohammadian, A.: Consumer preferences of electric
and automated vehicles, in: 2017 5th IEEE International Conference on Models and Technologies for
Intelligent Transportation Systems (MT-ITS), IEEE, pp. 716–720 (2017)

Shabanpour, R., Golshani, N., Shamshiripour, A., Mohammadian, A.K.: Eliciting preferences for adoption of
fully automated vehicles using best-worst analysis. Transp. Res. Part C Emerg. 93, 463–478 (2018)

Yap, M., Correia, G., van Arem, B.: Valuation of travel attributes for using automated vehicles as egress
transport of multimodal train trips. Transp. Res. Procedia 10, 462–471 (2015)

McFadden, D., Train, K.: Mixed mnl models for discrete response. J. Appl. Econom. 15(5), 447–470 (2000)
Li, Z., Ci, Y., Chen, C., Zhang, G., Wu, Q., Qian, Z.S., Prevedouros, P.D., Ma, D.T.: Investigation of driver

injury severities in rural single-vehicle crashes under rain conditions using mixed logit and latent class
models. Accid. Anal. Prev. 124, 219–229 (2019a)

123

http://arxiv.org/abs/2312.03543


Transportation

Li, Z., Wu, Q., Ci, Y., Chen, C., Chen, X., Zhang, G.: Using latent class analysis and mixed logit model to
explore risk factors on driver injury severity in single-vehicle crashes. Accid. Anal. Prev. 129, 230–240
(2019b)

Wali, B., Khattak, A.J.: Harnessing ambient sensing& naturalistic driving systems to understand links between
driving volatility and crash propensity in school zones-a generalized hierarchical mixed logit framework.
Transp. Res. Part C Emerg. Technol. 114, 405–424 (2020)

Behnood, A., Haghani, M., Golafshani, E.M.: Determinants of purchase likelihood for partially and fully
automated vehicles: Insights from mixed logit model with heterogeneity in means and variances. Transp.
Res. Part A Pol. Pract. 159, 119–139 (2022)

Krueger, R., Rashidi, T.H., Rose, J.M.: Preferences for shared autonomous vehicles. Transp. Res. Part CEmerg.
Technol. 69, 343–355 (2016)

Daziano, R.A., Sarrias, M., Leard, B.: Are consumers willing to pay to let cars drive for them? analyzing
response to autonomous vehicles. Transp. Res. Part C Emerg. Technol. 78, 150–164 (2017)

Miles, D.E., Johnson, G.L.: Aggressive driving behaviors: are there psychological and attitudinal predictors?
Transp. Res. F: Traffic Psychol. Behav. 6(2), 147–161 (2003)
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