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Abstract: To understand the public’s acceptance of autonomous vehicles, studies were conducted from
the perspectives of personal attributes, travel demand and cognitions of autonomous vehicles based
on 403 valid questionnaires. Influencing factors of whether travelers are purchasing autonomous
vehicles, whether travelers without a driver’s license intend to take a driver’s license in the future and
whether travelers are choosing an autonomous private car if travelers can only take a taxi or drive
a private car are analyzed by building Logistic regression models. The results show that personal
monthly income, driver’s license, driving confidence, preference for autonomous vehicles and
convenience of arriving at public transport stations will affect the purchase decision of autonomous
vehicles; teenagers, long-distance travelers, students and employees of enterprises and institutions,
those who believe that traditional taxis/taxi-hailing are unsafe, and those who lack confidence in
driving have a higher probability of choosing autonomous vehicles. This research can be used to
predict the probability of future purchase and use decisions for autonomous vehicles based on data
from other populations.

Keywords: autonomous vehicles; questionnaire; influencing factors; Logistic regression model

1. Introduction

Since the 1970s, many developed countries have been researching autonomous vehicles (AVs).
AVs, also known as a wheeled mobile robot, is an automatic vehicle that does not require human
operation and can automatically perceive the environment and make decisions. The International
Society of Automation Engineers (SAE) classifies the technology of automatic driving into six levels
of L0–L5 according to the degree of automation: (1) L0: No driving automation. The driver drives
completely by hands, controlling all the mechanical and physical functions of the vehicle at any time,
without any distraction. (2) L1: Driver assistance. The driver is responsible for the operation of the
vehicle, and the individual control equipment of the vehicle can be automated; (3) L2: Partial driving
automation. The driver only needs to be responsible for part of the driving task, and the vehicle can
complete most of the operation; (4) L3: Conditional driving automation. Vehicles can complete the
driving operation within the limited design scope, but the driver is required to be ready to control
the vehicle and take over the situation where the system cannot handle at any time; (5) L4: High
driving automation. Vehicles can complete driving tasks within the design scope and cope with system
failure, and drivers only need to keep their attention under special circumstances; (6) L5: Full driving

Sustainability 2020, 12, 54; doi:10.3390/su12010054 www.mdpi.com/journal/sustainability

http://www.mdpi.com/journal/sustainability
http://www.mdpi.com
https://orcid.org/0000-0002-0250-5462
https://orcid.org/0000-0001-5798-8441
http://www.mdpi.com/2071-1050/12/1/54?type=check_update&version=1
http://dx.doi.org/10.3390/su12010054
http://www.mdpi.com/journal/sustainability


Sustainability 2020, 12, 54 2 of 16

automation. Vehicles are completely free from the driver’s will and manipulate their driving on their
own. This paper discusses the L5 level of autonomous driving, i.e., full driving automation.

Many people are very supportive of the development of AVs with a series of merits: AVs are safer
and can reduce human-induced road traffic accidents [1]; they are faster and can improve road capacity
and alleviate urban traffic congestion; they are more environmentally-friendly and can improve fuel
efficiency and reduce exhaust pollution [2–8]; they are more comfortable and provide travelers with
better travel experience with hands-free [9]. However, there are also some people who are conservative
about AVs with a series of drawbacks: AVs will deprive people of the pleasure of driving and may
deprive people of driving skills; driverless systems may break down and threaten passengers’ safety;
and there are hidden dangers of personal privacy leakage in the process of information exchange [10–13].
In May 2016, a Tesla car in fully automatic driving in the United States collided with a large truck,
and in 2018, an Uber autonomous car collided with a pedestrian during a road test, resulting in the
pedestrians’ death. These accidents caused people’s attention and concern about the safety and ethical
issues of AVs.

With the development of driverless technology, there has been more and more research on
AVs [14–24]. In terms of risk perception, Xu and Fan [25] studied the risk perception and insurance
demand of AVs in the Chinese market. The results showed that the more people knew about driverless
technology, the lower their risk expectations for AVs, and 69% of respondents were willing to pay more
for autonomous vehicles’ insurance. Wang and Zhao [26] studied the influence of the risk preference
of Singaporeans on the choice of AVs. It was found that elderly, poor, female and unemployed
Singaporeans are more inclined to avoid risks, and therefore, are less likely to choose AVs. Liu et al. [27]
found that the greater the contribution of AVs to environmental protection, the higher the likelihood
that the public is willing to tolerate their risks. In terms of public attitudes, Almeida Correia et al. [28]
used the discrete selection model to analyze the change of travel time value of working and leisure
activities in AVs, and found that the travel time value in traditional cars was systematically lower than
that in AVs because people did not trust AVs. Hudson et al. [29] discussed people’s attitudes towards
AVs through regression analysis. The results showed that people’s attitudes towards AVs are related to
their attitudes towards robots. Young people, male, people living in cities, high-educated people are
more likely to accept AVs, and countries with high accident rates are more supportive of AVs. Anania
et al. [30] employed variance analysis to study the influence of positive and negative information on
the willingness of travelers to choose AVs, and analyzed the possible differences in the perceptions
of the same information between individuals of different genders and different nationalities. Studies
have shown that Indian women are the most willing to use AVs. Bansal and Kockelman [31] predicted
the acceptance of connected autonomous vehicles (CAVs) of the American public in eight different
scenarios from 2015 to 2045 by assuming that the price of vehicles is declining year by year, and
people’s willingness to pay is increasing year by year. Connected autonomous vehicles (CAVs), an
organic combination of connected vehicles and autonomous vehicles, are equipped with advanced
in-vehicle sensors, controllers, actuators and other devices, and integrate modern communications and
network technologies to achieve intelligence information exchange and sharing between vehicles and
people, other vehicles, roads, and the management center. CAVs is a new generation of cars that realize
safe, comfortable, energy-saving and efficient driving. The main differences between AVs and CAVs
are shown as below: AVs only obtain information limited to a small area, and the information may be
inaccurate sometimes. Therefore, AVs can hardly achieve globally optimal efficiency. CAVs can access
vehicle networks and the Internet through wireless communication technologies, which provide them
with accurate traffic data about the surrounding traffic condition and the traffic management center’s
decisions. Traffic efficiency and safety can be greatly improved through the cooperative driving of
CAVs [32]. The authors suggested that the public’s understanding of CAVs will deepen as more and
more technical experience floods into society, and public cognitions and potential choice behaviors
of CAVs are easy to change. Yap et al. [33] analyzed the influencing factors affecting people’s use of
AVs as the last mile of transportation. It was found that first-class passengers tend to use AVs more
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than bicycles, buses/trams/subway travelers, but people have not realized that AVs can improve travel
time utilization. In terms of the impact of AVs, Malokin et al. [9] predicted the relationship between
commute mode selection and time use and activities during commuting by establishing multinomial
Logit models. The results showed that commuting could be engaged in productive activities and
improve travel time utilization, which would improve the utility of this commuting mode, and AVs can
provide conditions for a high level of productive activities. Arakawa et al. [34] studied the dependence
of AVs drivers on the driving system. The experimental results showed that the driver feels anxiety
and pressure when switching from the automatic driving mode to the manual driving mode. Abe [35]
provided the benefits of the introduction of autonomous taxis and buses in Japan. The cost of public
transportation will be reduced, and the flexibility of autonomous vehicles will make up for the lack of
regional public transport, giving convenience to travelers. Gelauff et al. [36] studied the impact of the
emergence of AVs on cities. Autonomous cars decentralize populations, while autonomous public
transport centralizes populations. The interaction between the two may make the largest and most
attractive city continues to grow, causing small cities to decline gradually.

Understanding the public’s cognitions and acceptance of emerging technologies is crucial, as
public cognitions and attitudes towards the new technology can determine the direction and pace of its
development. At present, there is little research on the factors influencing the decision of purchasing
and using AVs in China. Therefore, the purpose of this study is to investigate the Chinese traveler’s
choice behavior of AVs. Firstly, the influencing factors of choice behavior for AVs are analyzed from
traveler personal attributes, travel demand, cognitions of AVs. Second, three disaggregated models
are established to respectively analyze whether traffic travelers choose to purchase AVs without
considering the price, whether drivers without a driver’s license choose to obtain a driver’s license in
the future, and whether to use an autonomous private car if they can only take a taxi or drive a private
car. At last, corresponding comments and suggestions are provided.

The rest of the paper is organized as follows: Section 2 describes the theoretical basis of the Logit
model, and introduces the design ideas and survey scenarios of the questionnaire; Section 3 analyzes
the influencing factors of AVs choice behavior based on the questionnaire data; Section 4 establishes
three non-aggregate models to analyze AVs choice behavior; Section 5 summarizes the research and
provides directions for future research.

2. Theoretical Basis and Data Acquisition

2.1. Theoretical Basis

Principal component analysis, multivariate analysis and factor analysis are mainly used to deal
with the discussed problems [37–43]. Factors influencing travelers’ choice of AVs mainly include
personal attributes, travel demand and their cognitions of AVs. Through this study, this paper intends
to determine which specific factors will affect people purchase/use AVs in the future, and predict which
groups of people will make positive decisions about AVs. By comparison, Logistic regression models
are selected to address the influence of X (explanatory variable) on Y (explained variable).

When there are two options of Y, Binary Logistic regression model should be selected for analysis.
For example, this paper investigates the influence of various factors on the purchase decision of AVs.
The explained variable is whether to “buy AVs”, and “Y = 1” means to buy AVs, “Y = 0” means not to
buy AVs. To explore the influence of various factors on whether a person without a driver’s license
chooses to obtain a driver’s license in the future, the explained variable is whether to “obtain a driver’s
license”, “Y = 1” means to obtain a driver’s license, and “Y=0” means not to obtain a driver’s license.
The general form of Binary Logistic model is as follows,

Logit P = ln P
1−P = α+

k∑
i = 1
βixi, (1)



Sustainability 2020, 12, 54 4 of 16

P =
exp (α+

∑k
i = 1 ·βixi)

1+exp (α+
∑k

i = 1 ·βixi)
, (2)

where P represents the probability that Y = 1; xi represents each explanatory variable; α represents a
constant term; βi represents the regression coefficient of the model.

When there are multiple options of Y, multinomial Logistic regression model should be selected
for analysis. Multinomial Logistic regression is divided into multinomial Ordered Logistic regression
and multinomial Disordered Logistic regression. Multinomial Disordered Logistic regression analysis
should be used when there is no comparative significance between the choices of Y and the values only
represent different categories. Multinomial Logistic regression analysis is actually the extension of
multiple Binary Logistic regression models, which describes the role of each category compared with
the reference category. This paper accommodates the influence of various factors on whether to choose
autonomous private car when they can only travel by taxi or private car. The explained variable is the
choice of traffic mode. Y = 3 means the choice of autonomous private car, Y = 2 means the choice of
autonomous taxi-hailing, Y = 1 means the choice of traditional private car, Y = 0 means the choice
of traditional taxi/taxi-hailing.

In the process of regression analysis, commonly used variable selection methods include backward
deletion method, forward selection method and stepwise regression method. Backward deletion
method puts all the explanatory variables into the regression model for testing first, and then eliminate
the insignificant variables one by one according to the test results; forward selection method does not
include any explanatory variables in the model at the beginning. The explanatory variables are then
introduced into the regression model in turn after checking the significance of the variables one by
one. The stepwise regression method considers both the introduction and elimination of variables,
and analyzes the relationship between the variables that have entered the model and the variables
that have not entered the model. It helps to reduce multiple collinearities and get a better regression
model [44,45].

After estimating the regression coefficients of the model, it is necessary to test the significance of
a single parameter. Common test methods include t test, Wald test and likelihood ratio test [46,47].
The probabilistic P values of regression coefficients can be obtained by these test methods, so as to
test whether a single explanatory variable has a significant impact on the explained variable at the
corresponding significance level. In addition, the fitting degree of the model is measured according to
log likelihood and AIC. Log likelihood is the logarithm of maximum likelihood in the regression model;
and sometimes it is replaced by −2 log likelihood. The larger the log likelihood is, the more accurate
the model is. AIC, the Akaike information criterion, is based on the concept of entropy, which can
weigh the complexity and the fitting degree of the estimated model. AIC value depends on the number
of parameters and the sample size of the model. The smaller the AIC value is, the better the model is.

2.2. Data Acquisition

2.2.1. Questionnaire Design

According to the three questions studied in this paper, the content of the questionnaire is divided
into three parts: Personal attributes and travel demand, cognitions of AVs, and the stated preference
survey. Considered that the sample of the questionnaire covers a wide range of people with various
academic qualifications and age groups, the questionnaire begins with a brief introduction of AVs
about the definitions and classification of automation levels. The questionnaire sets a skip logic. After
obtaining the personal attributes of the respondent, if the respondent holds a driver’s license, let the
driver fill in the driving experience; if the respondent does not have a driver’s license and is not ready
to obtain the driver’s license, then investigate his/her willingness to take the driving license in the
future. The contents of this questionnaire are as follows:

1. Personal attributes and travel demand: Gender, age, education, occupation, personal monthly
income, private car ownership, driver’s license, driving age, driving confidence, average daily
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travel times, average daily travel distance, and convenience of arriving at public transport stations
are included. Among them, driving confidence applies to both people with and without a driving
license. We assume that the driving confidence of respondents with a driving license is based
on their driving experience, while the driving confidence of those without a driving license is
based on their cognitions of driving. Cognitions of driving refer to the individual’s knowledge
and understanding of driving, and the perspective of driving after the processing of individual
feelings and imaginations.

2. Cognitions of AVs: Driverless experience, driverless understanding, safety cognition, low time
consumption cognition, convenience cognition, comfort cognition, environmental protection
cognition, productive cognition, etc. are involved, while cognition variables for AVs are quantified
using the international Likert scale.

3. Stated Preference Survey: The SP survey method is employed to obtain data and decide whether
travelers choose autonomous private car when they can only travel by taxi/taxi-hailing or private
car. This paper selects explanatory variables from personal attributes, cognitions of AVs, travel
attributes (travel purpose, travel time, travel distance) and environmental attributes (weather). In
order to avoid the questionnaire being too complicated and beyond the judgment ability of the
respondents, the orthogonal design function of SPSS is used to combine travel attributes, and
environment attributes according to different levels, forming nine different hypothetical scenarios,
and then obtaining the travelers’ choice of transportation mode.

2.2.2. Survey Scenarios

In order to obtain data effectively, the survey is divided into pre-investigation and
formal investigation.

1. Pre-investigation: The questionnaire is distributed to the small-scale population through the
network. After collecting the questionnaires, the questionnaire is revised based on the results and
feedback from the respondents.

2. Formal investigation: This survey is mainly carried out on the network platform and distributed
through social platforms such as Sojump, WeChat and QQ. In the end, a total of 498 questionnaires
were collected. In the initial screening, the questionnaires with an answer time of less than 70s
were removed, and 403 questionnaires were finally obtained, with a recovery rate of 81%.

3. Analysis of Influencing Factors of AVs Choice Behavior

3.1. Personal Attributes

Individual attributes are the natural and social attributes of travelers. Travelers have different
income levels, ages, gender and other characteristics, so they have different purchasing motivations
and consumption psychology. Therefore, different personal attributes will ultimately affect whether
the sample population will buy or use AVs in the future. The results of the survey are shown in
Table 1. Among the 403 respondents, 227 are women, accounting for 56.3%; As for the age, since the
survey was conducted mainly through network and the users of the network are mainly young and
middle-aged, the age of the respondents is concentrated at 18–45 years old, accounting for 77.2%; As
for the education level, 65.3% of the respondents have middle and higher education. Considering that
driverless technology has not yet been mature and popular, people with middle or higher education
may receive more information about driverless technology and pay more attention to it; As for the
population type, 42.7% of the respondents are students. This young group is the main workforce of the
society in the next 20 years, and they have a relatively high demand for travel and private cars in the
future. Because of the high proportion of students, non-income people accounted for 30.8% of the total
sample, while those with a monthly income of more than 5000 yuan accounted for 36.2%. According
to the data released by the National Bureau of Statistics, the average annual wage of employees in
enterprises above the national scale in 2018 was 68,400 yuan. It can be seen that about 52.3% of the
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respondents with income have higher monthly income than the average level. 31.3% of the respondents
did not have a private car, and 56.1% of the respondents had already obtained a driver’s license.

Table 1. Statistical characteristics of the sample.

Variable Category Frequency Relative Frequency (%)

Gender
Male 176 43.7

Female 227 56.3

Age
Juvenile (under 18) 45 11.2

Young (18–45) 311 77.2
Middle-aged and elderly (over 45) 47 11.7

Education

Low education (junior college or
below) 140 34.7

Middle education
(undergraduate) 167 41.4

Higher education (master or
above) 96 23.8

Occupation
Students 172 42.7

Employees of enterprises and
institutions 119 29.5

Other 112 27.8

Personal monthly
income

No income 124 30.8
1–5000 yuan 133 33.0

5001–15,000 yuan 112 27.8
Above 15,000 yuan 34 8.4

Private car ownership
zero 126 31.3

1 179 44.4
2 or above 98 24.3

Driver’s license
yes 226 56.1

No, no ready for the exam 103 25.6
In progress or registered 74 18.4

Actual driving age

No license 177 43.9
Within 3 years 144 35.7

3–10 years 60 14.9
Above 10 years 22 5.5

Driving confidence
unconfident 84 20.8

neither unconfident nor confident 117 29.0
confident 202 50.1

3.2. Travel Demand

Travel demand includes average daily travel times, average daily travel distance and convenience
of arriving at public transport stations. Travel demand will affect whether the sample population buys
a private car. The respondents’ travel demand is shown in Figure 1. Most respondents travel within
three times, accounting for 83.1%. Nearly half of the respondents have an average daily travel distance
of fewer than 5 km, and 81.6% traveled within 15 km. Their travel is concentrated in short and medium
distance travel. It is convenient for most respondents to get to the nearest public transport stations
from their place of residence, and 84.6% of the respondents can walk to the stations within 20 min.
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Figure 1. Distribution of respondents’ travel demand. (a) Distribution of average daily travel times of
respondents; (b) Distribution of average daily travel distance of respondents; (c) Distribution of the
convenience of respondents to public transport stations.

3.3. Cognitions of AVs

Cognitions of AVs refer to the individual’s knowledge and understanding of AVs, and the
perspective of AVs after the processing of individual feelings, thinking and imaginations. The
cognitions of AVs include five aspects: Safety, low time consumption, convenience, comfort, and
environmental protection. In our survey, the cognition level is divided into five levels—1 means very
disapproving, with the least favorable attitudes towards AVs; 5 represents a high level of approval,
with the most favorable attitudes towards AVs. Travelers’ cognitive distribution of AVs is shown in
Figure 2. In general, travelers’ cognition of AVs is concentrated on “neither disagree nor agree” and
“agree”. Among them, 64.5% of the respondents believe that AVs are more convenient and can free
people’s hands, while only 39.7% of the respondents believe that AVs are safer and can reduce traffic
accidents. It indicates that although most travelers recognize the convenience brought by AVs, they
still do not trust the safety of AVs. This corresponds to the distribution of travelers’ time utilization in
AVs in Figure 3, with 43.7% still paying attention to traffic conditions. Specifically, the penetration
rate of “rest”, “work or study” and “still pay attention to traffic conditions” are significantly higher,
in which the penetration rate is used to compare the selection popularity of a certain option and it is
obtained by dividing the number of samples for a certain option by the total number of samples. 35.0%
of respondents have experience with assisted driving vehicles. 6.9% of the respondents who have
no experience refuse to take a ride on AVs resolutely, while only 0.7% of those who have experience
refuse. Their favorable attitudes towards AVs have obvious differences. The chi-square analysis shows
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that the p value is 0.005, less than 0.05, which indicates that travelers who have experience of assisted
driving are more likely to have a positive evaluation of driverless technology.Sustainability 2020, 12, x  8 of 17 
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4. Modeling Analysis of Choice Behavior of AVs

4.1. Analysis of the Purchase Decision of AVs Based on Binary Logistic Model

Based on the questionnaire data, variables are selected from personal attributes, travel demand,
and cognition of AVs to establish a Binary Logistic model (BL1 model), analyzing whether travelers
will purchase AVs. The explained variable is whether to “buy AVs”, and ‘Y = 1” means to buy AVs,
“Y = 0” means not to buy AVs. The utility function of Y = 0 is 0, i.e., the reference selection is not to
buy AVs.

Before establishing the regression equation, the collinearity test is performed on each explanatory
variable. VIF, Variance Inflation Factors, is a measure of the degree of multi-collinearity in a collinearity
test. Multi-collinearity refers to a linear correlation between independent variables, that is, one
independent variable can be a linear combination of one or several other independent variables, which
will affect the accuracy and stability of the regression equation. VIF represents the ratio of the variance
of the regression coefficient estimator to the variance when assuming a non-linear correlation between
the independent variables. The closer the VIF value is to 1, the lower the degree of multi-collinearity is,
and vice versa. In general, if the VIF value exceeds 10, there is a high degree of multi-collinearity in the
regression model [48]. In this paper, the collinearity test shows that the VIF value of each explanatory



Sustainability 2020, 12, 54 9 of 16

variable is less than 10, indicating that the collinearity between the variables is weak, and a Logistic
regression model can be established. In this paper, a stepwise screening strategy based on maximum
likelihood estimation is used to exclude insignificant variables from the equation. The variables and
parameter estimation results in the final model are shown in Table 2.

Table 2. Parameter estimation results of the BL1 model.

Variables B S.E. Wald p Value Exp (B)

personal monthly income 13.895 0.003

personal monthly income (no income vs.
above 15,000 yuan) 0.264 0.497 0.283 0.595 1.303

personal monthly income (1–5000 yuan vs.
above 15,000 yuan) −0.520 0.497 1.097 0.020 0.594

personal monthly income (5001–15,000 yuan
vs. above 15,000 yuan) 0.715 0.509 1.973 0.160 2.044

driving license (yes vs. no) 0.667 0.287 5.385 0.020 1.948

driving confidence 11.901 0.003

driving confidence (unconfident vs.
confident) 1.087 0.367 8.773 0.001 2.966

driving confidence (neither unconfident nor
confident vs. confident) 0.731 0.327 4.975 0.046 2.077

favorable attitudes 59.588 0.000

favorable attitudes (low vs. high) −4.502 0.753 35.713 0.000 0.011

favorable attitudes (medium vs. high) −2.064 0.369 31.253 0.000 0.127

convenience to public transport stations 10.647 0.014

convenience to public transport stations
(within 5 min vs. above 20 min) −0.843 0.421 4.010 0.001 0.430

convenience to public transport stations
(5–10 min vs. above 20 min) −0.340 0.410 0.688 0.011 0.712

convenience to public transport stations
(10–20 min vs. above 20 min) −0.064 0.022 8.463 0.045 0.938

constant −0.955 0.443 4.633 0.031 0.385

Note: B is the regression coefficient and the constant term, which can be negative. S.E. is standard error and
represents the average error of the estimated regression coefficients. Wald is used to test the B value to see if the B
value is equal to 0. If the B value is equal to 0, Exp (B) is 1, indicating that there is no significant difference between
the two groups. According to the p value, we can test whether the linear relationship between the explanatory
variables and Logit P is significant. If the p value is less than the given significance level, the linear relationship
between the explanatory variable and Logit P is considered significant. Exp (B) is an exponential function with base
e and exponent B, in which e is the natural number. When the independent variable is increased by one unit, its
Odds Ratio (OR) will change Exp (B) times relative to the reference group.

According to the data in Table 2, the following Logistic regression equation can be obtained,

Logit P = −0.955 + 0.264X1(1) − 0.520 X1(2) + 0.715 X1(3) + 0.667 X2 + 1.087 X3(1)
+ 0.731 X3(2) − 4.502 X4(1) − 2.064 X4(2) − 0.843 X5(1) − 0.340 X5(2) − 0.064 X5(3),

(3)

where X1 indicates personal monthly income, X2 indicates driving license, X3 indicates driving
confidence, X4 indicates favorable attitudes towards AVs, and X5 indicates convenience to public
transport stations.

Table 3 shows the result of the test for BL1 model. The p value corresponding to the Wald
observation of the coefficient significance test of each explanatory variable in Table 2 is less than the
significance level of 0.05, indicating that the linear relationship between the explanatory variable left
behind and Logit P is significant. The Hosmer and Lemeshow test is used to judge how good the
model fits. The value obtained by the test is called the adjoint probability. If the adjoint probability
is less than the significance level, it means that there is significant difference between the predicted
value and the observed value, so the fitting degree of the model is not high; if the adjoint probability is



Sustainability 2020, 12, 54 10 of 16

greater than the significance level, it means that there is no significant difference between the predicted
value and the observed value, so the fitting degree of the model is high. In this paper, the adjoint
probability tested by Hosmer and Lemeshow was greater than 0.05, indicating that the BL1 model fits
well. It can be known from Section 2.1; the fitting degree of the model can also be measured according
to log likelihood. The larger the log likelihood is, the more accurate the model is. Log likelihood
is replaced by −2 log likelihood in this paper. The −2 log likelihood value of the final BL1 model
(259.733) is smaller than that of the initial model (438.620), indicating that the model fits effectively.
Cox and Snell R2 is similar to R2 in general linear regression analysis, describing the percentage of the
change in the dependent variable explained by the model’s independent variables. Nagelkerke R2 is a
modified Cox and Snell R2. The two values are between 0 and 1. The larger the values, the higher the
accuracy of the model. The two values of BL1 model are 0.361 and 0.482, respectively, indicating that
the accuracy of the model is acceptable. The overall accuracy is also one of the criteria to evaluate the
model, indicating the consistency between the results predicted by the model and the results of the
actual choice behavior. The higher the accuracy is, the better the model is. The fitting accuracy of BL1
model was 77.9%, indicating that the model is good.

Table 3. The result of the test for BL1 model.

Index Value

p value <0.05
Hosmer and Lemeshow test 0.674 (>0.05)

−2 log likelihood 259.733
Cox and Snell R2 0.361

Nagelkerke R2 0.482
overall accuracy 77.9%

The parameter estimation results show that: (1) Personal monthly income, driver’s license, driving
confidence, favorable attitudes towards AVs and the convenience to the nearest public transport station
have a significant impact on travelers’ purchase decision of Avs; (2) Compared with the individuals
with a monthly income of 1–5000 yuan, individuals with a monthly income of more than 15,000 yuan
are more likely to buy Avs; there is no significant difference in purchase decisions between people
with income of 5001–15,000 yuan and people with income of over 15,000 yuan; (3) Drivers with a
driver’s license are more likely to make purchase decisions, and are 1.948 times more likely to buy
Avs than drivers without a license; (4) Travelers who are unconfident and neither unconfident nor
confident in driving are more likely to buy Avs. Their probability of making purchase decisions is
2.966 and 2.077 times that of those who are confident in driving; (5) Travelers who have favorable
attitudes towards Avs and agree on their safety, low time consumption, convenience, comfort and
environmental protection are more likely to buy them; (6) The longer it takes travelers to get to the
nearest public transport stations, the more likely they are to buy Avs.

4.2. Analysis of Future Choice of Driver’s License Based on Binary Logistic Model

Based on the questionnaire data, variables are selected from personal attributes, travel demand,
and cognition of Avs to establish a binary logistic model (BL2 model), analyzing whether travelers
without a driver’s license will obtain the license in the future. The explained variable is whether to
“obtain a driver’s license “, and “Y = 1” means to obtain a driver’s license, “Y = 0” means not to
obtain a driver’s license. The utility function of Y = 0 is 0; that is, the reference selection is not to
obtain a driver’s license. The variables and parameter estimation results in the final model are shown
in Table 4. According to the data in Table 4, the following Logistic regression equation can be obtained,

Logit P = 0.941− 2.718X3(1) − 0.807 X3(2) + 2.906 X4(1) + 1.244 X4(2) (4)

where X3 indicates driving confidence, X4 indicates favorable attitudes towards Avs.
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Table 4. Parameter estimation results of the binary logistic model (BL2 model).

Variables B S.E. Wald p Value Exp (B)

driving confidence 13.061 0.001

driving confidence (unconfident vs. confident) −2.718 0.779 12.170 0.000 0.066

driving confidence (neither unconfident nor
confident vs. confident) −0.807 0.713 1.281 0.258 0.446

favorable attitudes 15.126 0.001

favorable attitudes (low vs. high) 2.906 0.761 14.591 0.000 18.280

favorable attitudes (medium vs. high) 1.244 0.713 3.049 0.081 3.471

constant 0.941 1.031 0.834 0.361 2.563

Table 5 shows the result of the test for BL2 model. The p value corresponding to the Wald
observation of the coefficient significance test of each explanatory variable in Table 4 is less than the
significance level of 0.05, indicating that the linear relationship between the explanatory variable left
behind and Logit P is significant. The adjoint probability tested by Hosmer and Lemeshow was greater
than 0.05, indicating that the BL2 model fits well. The −2 log likelihood value of the final BL2 model
(105.286) is smaller than that of the initial model (375.416), indicating that the model fits effectively.
The Cox and Snell R2 and Nagelkerke R2 of BL2 model are 0.302 and 0.403, respectively, indicating that
the accuracy of the model is acceptable. The overall accuracy of BL2 model was 78.9%, indicating that
the model is good.

Table 5. The result of the test for BL2 model.

Index Value

p value <0.05

Hosmer and Lemeshow test 0.699 (>0.05)

−2 log likelihood 105.286

Cox and Snell R2 0.302

Nagelkerke R2 0.403

overall accuracy 78.9%

The parameter estimation results show that: (1) Driving confidence and favorable attitudes
towards AVs have a significant impact on whether travelers without a driver’s license will obtain
a license in the future; (2) Compared with travelers with insufficient driving confidence, travelers
with sufficient driving confidence have a higher probability of obtaining a driver’s license; there is no
significant difference in obtaining a driver’s license between the travelers who are neither unconfident
nor confident and those who are confident; (3) Travelers who have unfavorable attitudes towards
AVs are more likely to take a driver’s license, which is 18.280 times higher than those who have
favorable attitudes; there is no significant difference in obtaining a driver’s license between those who
are moderately favorable and those who are highly favorable.

4.3. Analysis of the Choice Behavior of AVs Based on Multinomial Logistic Model

Based on the questionnaire data, variables are selected from personal attributes, cognition of AVs,
travel attributes (travel purpose, travel time, travel distance) and environmental attributes (weather)
to establish a multinomial logistic model (MNL model), analyzing whether travelers will travel by
autonomous private car. The explained variable is the choice of traffic mode. Y = 3 means the choice
of autonomous private car, Y = 2 means the choice of autonomous taxi-hailing, Y = 1 means the
choice of traditional private car, Y = 0 means the choice of traditional taxi/taxi-hailing. The reference
selection is the choice of autonomous private car. The variables and parameter estimation results in the
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final model are shown in Table 6. Table 7 shows the result of the test for the MNL model. Pearson
statistic and deviance statistic are commonly used to test the goodness of fit of multiple logit models.
Pearson statistic can be used to test the hypothesis that the model is established by comparing the
predicted and observed the frequency of occurrence and non-occurrence. Deviance statistic is based on
log likelihood function. In general, if the p value of the two statistics are greater than the significance
level, it means that the model fits well. As can be seen from Table 7, the p value of Pearson and
Deviance statistics in the model is greater than 0.05, indicating that the fitting is good.

Table 6. Parameter estimation results of the multinomial logistic model (MNL) model.

Variables Transport
Mode 1 1O B1 p

Value1
Transport
Mode 2 1O B2 p

Value2
Transport
Mode 3 1O B3 p

Value3

Juvenile

autonomous
taxi-hailing

0.963 0.002

traditional
private car

0.530 0.074

traditional
taxi/taxi-hailing

−0.465 0.276

Young 0.325 0.104 −0.374 0.039 −0.997 0.120

Middle-aged and
elderly 0 2 0 2 0 2

Students −0.886 0.000 −0.533 0.003 −0.958 0.001

Employees of
enterprises and

institutions
−0.617 0.000 −0.385 0.006 −0.755 0.002

Other 0 2O 0 2O 0 2O

Traditional taxis are
unsafe 0.131 0.311 0.152 0.196 −0.545 0.003

Traditional taxis are
neither unsafe nor safe 0.101 0.427 −0.143 0.231 −0.277 0.141

Traditional taxis are
safe 0 2O 0 2O 0 2O

Unconfident in driving −0.227 0.123 −1.257 0.000 0.179 0.358

Neither unconfident
nor confident in

driving
0.039 0.763 −0.748 0.000 −0.263 0.171

Confident in driving 0 2O 0 2O 0 2O

Travel for commuting −1.731 0.000 −0.404 0.001 −1.699 0.000

Travel for shopping or
recreation −1.770 0.000 −0.335 0.006 −1.702 0.000

Travel to
transportation junction 0 2O 0 2O 0 2O

Travel distance is 5km 0.081 0.518 1.058 0.000 0.541 0.003

Travel distance is 10km 0.026 0.840 1.155 0.000 0.567 0.002

Travel distance is 15km 0 2O 0 2O 0 2O

Rainy 0.058 0.657 0.321 0.007 1.479 0.000

Cloudy 0.061 0.625 −0.004 0.971 0.018 0.928

Sunny 0 2O 0 2O 0 2O

Constant 1.336 0.000 −0.432 0.049 −1.982 0.000

Note: 1O The reference category is: Choose autonomous private car. 2O Because this parameter is redundant, set it
to zero.

Table 7. The result of the test for the MNL model.

Goodness of Fit Chi-Square DOF Sig

Pearson 384.822 772 1.000
deviance 209.967 772 1.000

The parameter estimation results show that:

1. Compared with middle-aged and elderly people, juveniles are more likely to choose autonomous
taxi-hailing when other variables remain unchanged. Young people are prone to accept new things.
They do not have the economic ability to buy and maintain private cars in the short term, but they
pursue a certain quality of life, so they are more likely to use autonomous taxi-hailing. Compared
with middle-aged and elderly people, young people are more likely to choose autonomous private
cars than traditional private cars.
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2. When other variables remain unchanged, travelers who think that traditional taxi/taxi-hailing is
unsafe are more likely to choose autonomous private cars. In recent years, the frequent criminal
incidents of taxi and taxi-hailing drivers have caused widespread concern and negative evaluation
in society. Female travelers’ sense of self-protection rose, and their willingness to take taxi/
taxi-hailing decreased. The emergence of AVs provides travelers with a new choice of transport
mode. Traveling by AVs can help travelers avoid interference from drivers.

3. When other variables remain unchanged, students and employees of enterprises and institutions
are more likely to choose autonomous private cars than travelers of other occupations. Travelers
who are unconfident and neither unconfident nor confident in driving are more likely to choose
autonomous private cars than traditional private cars. For commuting and shopping/recreation
purposes, travelers are more likely to choose autonomous private cars.

4. When other variables remain unchanged, long distance travelers are more likely to choose
autonomous private cars rather than traditional cars. Long distance driving tends to distract
travelers from fatigue and reduce time efficiency. AVs can free human hands and allow people to
rest and work in an autonomous car, which not only improves time utilization efficiency, but also
improves travel experience.

5. When other variables remain unchanged, there is no significant difference between sunny days
and cloudy days. People are more likely to choose traditional private cars and traditional taxi/
taxi-hailing on rainy days than on sunny days. The driving environment is more complicated on
rainy days and other bad weather, which brings much interference to the visual identification of
AVs. For example, water on the road is easy to form reflections and cover road signs, which makes
the safety of AVs decreased and causes people’s concern. This is consistent with the descriptive
statistical results of the questionnaire. 60.3% of travelers do not trust the safety of AVs, and 43.7%
of travelers still pay attention to traffic conditions in AVs.

5. Conclusions

This paper mainly focuses on the factors influencing travelers to purchase and use AVs. Through
the screening of the influencing factors and the analysis of the regression model, it is found that the
personal monthly income, driver’s license, driving confidence, favorable attitudes towards AVs and
convenience to the nearest public transport stations have a significant impact on travelers’ purchase
decision of AVs. Driving confidence and favorable attitudes towards AVs have a significant impact on
whether travelers without a driver’s license will take a license in the future. Juveniles are more likely
to choose autonomous taxi-hailing, and young people are more likely to choose AVs. Travelers who
think that traditional taxi/ taxi-hailing is unsafe, those who are unconfident and neither unconfident
nor confident in driving, those who travel a long distance, students and employees of enterprises
and institutions are more likely to choose autonomous private cars. However, due to safety concerns,
travelers still do not trust AVs completely. Travelers are more likely to travel by traditional cars on
rainy days, and they still pay attention to traffic conditions when traveling in AVs. Therefore, the
government and relevant market departments should intensify the publicity on the safety performance
of AVs before and after the launch.

The analysis in this paper is based on the data obtained from the questionnaire and the three
disaggregated models. The size of the sample obtained this time is not large enough, and the sample
covers the student group too much. When investigating the purchase intention of AVs, only the
personal factors of the respondents were considered, and the family factors, such as the number of
family members and family travel demand, were not included. The factors above lead to certain
limitations of the data. In-depth studies will be conducted on different types of AVs and different
consumption patterns (such as sharing AVs) in the future.
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