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Abstract: The emergence of automated vehicles (AVs) is expected to have a huge impact on traffic
safety and environmental improvement. In order to promote the sustainable development of AVs, it
is urgent to study the public’s acceptance of and willingness-to-pay for automated vehicles and their
influencing factors. Based on a questionnaire survey and descriptive research, this paper investigates
the public’s general views on AVs. A psychological model considering technical trust (TT), perceived
benefit (PB), perceived risk (PR), and perceived ease of use (PU) was constructed to study the
factors that influence the public’s acceptance of and willingness-to-pay for AVs. Logistic regression
models based on demographic factors such as monthly income (MI) and driving experience (DE)
and psychological factors were established to predict end-users’ acceptance and willingness-to-pay.
The accuracy of the two models is 93.2% and 87.9%, respectively. Based on the results, the following
policies can be put forward to promote the development of AVs: (1) more information to enhance TT;
(2) pricing and easy maintenance based on PU; (3) education and training based on TT and PB; and
(4) personalized sales based on DE and MI.

Keywords: automated vehicles; acceptance; willingness-to-pay; technical trust; perceived benefit;
perceived risk; perceived ease of use; monthly income; driving experience

1. Introduction

Sustainable transport plays a leading role in economic and social development. Au-
tomated vehicles are prime movers in transport development. According to the National
Motor Vehicle Crash Causation Survey (NMVCCS), more than 94% of traffic accidents
are caused by human driving errors. The main reasons for driving errors are the driver’s
limitations and the uncontrollability of information processing [1]. In order to reduce
drivers’ mistakes and improve road traffic safety, automated driving has become the focus
of many researchers [2–5].

An automated vehicle is a vehicle that can sense external stimuli and complete certain
specific driving tasks without manual operation [1]. According to the Society of Automotive
Engineers (SAE)’s taxonomy for vehicle automation, vehicles with conditional automation
(Level 3), high automation (Level 4), and full automation (Level 5) can work in the “self-
driving” (“automated driving”) mode.

The emergence of automated vehicles will have a huge impact on society, the econ-
omy, and the environment. First, automated vehicles no longer need to be controlled
by the driver, avoiding operating errors and, thereby, reducing the occurrence of traffic
accidents [6]. Second, automated vehicles are expected to reduce environmental pollution
by optimizing the traffic flow and improving fuel economy [6]. Third, automated vehicles
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can be used to reduce users’ commuting time, free up users’ time in the car, and improve
the mobility of some people (the elderly, children, and those without a driver’s license) [7].
Finally, automated vehicles may transform car ownership into an on-demand service and
shift the design focus of the automotive industry from optimizing the driving experience
to enjoying it [8].

However, in the past few years, automated vehicle accidents, including fatal accidents,
have been reported. Dozens of news items and studies show that automated vehicles are
distrusted by drivers. Users can benefit from AVs depending on their acceptance [9–12].
Some studies have investigated the interaction between drivers and automated vehicles,
and the results show that drivers do not fully trust in AVs, and automated driving cannot
perfectly replace drivers [13]. Therefore, it is particularly important to study the public’s
acceptance when introducing new technology into a growing market. The promotion of
new technology is a daunting challenge; many products have failed before they are put on
the market because they fail to meet the needs of users and are not accepted by users [14,15].
The main obstacles to the application of automated vehicles include not only technical
problems, but also people’s trust and acceptance [16].

Academic and professional researchers, private enterprises, and auto-related websites
have conducted surveys to understand public opinions about AV technologies and related
aspects. In this study, we performed a detailed literature analysis, focusing on acceptance
and willingness-to-pay.

Interviews and questionnaires have been used to study users’ acceptance of AVs.
Most of the respondents were positive about automated driving [17]. Men are more
receptive than women [18]. Research findings show that age, location, and education
may influence users’ acceptance; a well-educated young man living in an urban area is
more willing to accept automated vehicles [19]. The influence of local traffic safety on
people’s acceptance of automated vehicles has also been investigated [20]. Moreover, an
on-road vehicle experiment has been conducted, and the results showed that 64% of the
study’s participants had a worse sense of safety in automated buses, especially women [21].
However, the survey was restarted, and the results showed that most of the respondents
felt more secure [22]. This shows that advances in technology have made people more
willing to accept automated vehicles.

People’s willingness-to-pay for automated vehicles is also a research hotspot. Some
studies have explored the influence of demographic factors on willingness-to-pay. Signifi-
cant differences can be found among different countries [10]. Performance expectations, pay
expectations, and community have a positive impact on willingness-to-pay [23]. Personal
innovation may reinforce this positive influence and persons with more crash experience
are more willing to pay for AVs. The public’s willingness-to-pay at different automation
levels has also been studied. The higher the automation level, the more significant the
increase in the respondents’ willingness-to-pay. Most respondents are only willing to pay
for fully automated vehicles [24,25]. A structural model has been proposed to analyze the
influence of psychological factors on willingness-to-pay. Trust and perceived benefit are
important and positive factors, while perceived risk is a negative factor [26]. The price of
AVs has been found to be a significant factor based on the ordered logit model [27].

Quantitative analysis and model applications of automated vehicles still need more
work. In the existing models, the main influencing factors are demographic, psychological,
and physiological attributes; for example, unified conclusions have been reached on per-
ception, trust, and country factors. However, an in-depth discussion of travel-related and
vehicle-related attributes is still lacking.

In order to determine the key factors affecting users’ acceptance of and willingness-to-
pay for automated vehicles, this study used a survey to establish psychological and logical
regression models. The results of this work could hopefully provide a theoretical basis for
and data support to policy-makers and automobile manufacturers.
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2. Methodology
2.1. Data Collection

This study focused on highly automated vehicles and used the SP survey method,
which is very beneficial for researching respondents’ choices and intentions regarding
things not currently available.

The questionnaire consists of two parts: (1) respondents’ demographic information;
and (2) respondents’ psychological feelings about AVs. The former includes gender, age,
education, income, and driving experience. The latter include technical trust, perceived
benefits, perceived ease of use, perceived risk, and travelers’ acceptance of and willingness-
to-pay for AVs. A Likert scale was used to measure the respondents’ understanding of the
questions. The options for the income setting were based on China’s taxation level. Table 1
shows items and sources related to highly automated vehicles.

Table 1. Variables, content, and sources in the questionnaire.

Constructs Items Contents Sources

Technical trust
TT1 It will be trustworthy [28]
TT2 It will be reliable

Perceived benefit

PB1 It will reduce the severity of accidents
PB2 It will reduce the incidence of traffic accidents [29]
PB3 It will reduce travel costs
PB4 It will reduce mental and physical fatigue while driving
PB5 I will find it useful when I am doing irrelevant things, such as eating
PB6 I will find it useful when I am impaired

Perceived ease of use
PU1 It will be easily obtained
PU2 I will find it easy to use
PU3 It will be easy to repair when it fails

Perceived risk

PR1 I am worried that there will be equipment or system failures [29]
PR2 I am worried that it will leak personal information
PR3 I am worried about the legal liability of the driver or owner
PR4 I am worried that the cost of it will be too high

Acceptance
UA1 I will use and rent it [28]
UA2 I will purchase it [30]
UA3 I will recommend it to my family and friends

Willingness-to-pay WP How much are you willing to spend extra to buy it? (percentage) [31]

2.2. Survey Participants

The results of this study come from a questionnaire survey of 294 respondents. The
gender, age, education, income, and driving experience of the interviewees were analyzed,
and the results are shown in Table 2.

There are slightly more men than women among the respondents, of which men
account for 56.12% and women account for 43.88%. A total of 84.35% of the respondents
are under 40 years old, and the proportion below 30 years old is 53.33%. Most respondents
(91.16%) have a bachelor’s degree or below, while 73.81% are undergraduates. Respondents
with a monthly income of less than 25,000 account for 96.26%, and those with a monthly
income of 5000 to 12,000 account for 46.94%. Respondents with 1–5 years of driving
experience account for 50.68%.

2.3. Modeling Framework

The factors affecting acceptance and willingness-to-pay are technical trust, perceived
benefit, perceived risk, and perceived ease of use [32]. In order to better explain the
acceptance and willingness-to-pay, a psychological model of AVs was established. The
effects of technical trust, perceived benefit, perceived ease of use, and perceived risk on
acceptance and willingness-to-pay were studied. Intuitively, for the emerging technology,
trust will make people want to use the technology, and a higher perceived benefit and
perceived ease of use will also make people more willing to use the technology. At the same
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time, a higher perceived risk will make people not want to use the technology. Figure 1
shows the hypotheses of the psychological model.

Table 2. Summary of demographic and driving experience.

Variable Percentage

Gender
Male 56.12%

Female 43.88%

Age

<30 years old 53.33%
30–40 years old 31.02%
40–50 years old 13.61%
>50 years old 2.04%

Education

Junior high school 2.04%
High school graduate 15.31%

Bachelor’s degree 73.81%
Postgraduate degree 8.84%

Monthly income

<5000 25.85%
5000–12,000 46.94%

12,000–25,000 23.47%
>25,000 3.74%

Driving experience

0 year 15.31%
<1 year 17.35%

1–3 years 27.89%
3–5 years 22.79%
5–10 years 11.22%
>10 years 5.44%

Figure 1. Hypotheses of the psychological model.

2.4. Data Analysis

Cronbach’s alpha is a measure of the reliability of a scale or test [33]. We used it to
analyze the reliability of the questionnaire items. The Cronbach’s alpha of perceived ease of
use is 0.544 (less than 0.6), so the data need to be processed. The CITC indicates the overall
correlation of the corrected terms. The CITC of PU2 in perceived ease of use is only 0.282
and has a low correlation with other options, so the reliability analysis was performed
again after its deletion.

Table 3 was obtained by eliminating PU2. The Cronbach’s alpha of perceived ease of
use is 0.546, but it is only composed of two items, so the reliability is acceptable. After the
correction, the reliability of the questionnaire items was found to be acceptable.
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Table 3. Reliability test results.

Constructs Items CITC Cronbach’s Alpha
(after PU2 Was Deleted) Cronbach’s Alpha

Technical trust
TT1 0.465 -

0.632TT2 0.465 -

Perceived benefit

PB1 0.565 0.645

0.715

PB2 0.470 0.669
PB3 0.373 0.701
PB4 0.418 0.685
PB5 0.400 0.695
PB6 0.497 0.662

Perceived ease of use
PU1 0.381 -

0.546PU3 0.381 -

Perceived risk

PR1 0.483 0.550

0.651
PR2 0.382 0.622
PR3 0.468 0.556
PR4 0.401 0.603

Acceptance
UA1 0.483 0.647

0.699UA2 0.550 0.562
UA3 0.517 0.604

The validity is generally evaluated from two perspectives: (1) the content validity
is analyzed from a professional experience perspective; and (2) the structural validity is
analyzed from an empirical perspective [34].

The content validity reflects the degree to which the content of the questionnaire fits the
research topic, and the expert judgment method is generally used. The questionnaire was
judged and revised by professionals, so we determined that the content of the questionnaire
was appropriate.

The construct validity is used to test the measurement of variables. Firstly, a KMO
test is carried out. If the value is lower than 0.6 and the degree of commonality is lower
than 0.4, the item can be deleted. When there are only two items, the value is always
0.5. Table 4 shows the conclusions obtained after repeating the above steps until the value
reached the target. It can be seen that the common values between the factors are all higher
than 0.4, indicating that the information can be extracted effectively. In addition, the values
of multiple variables are all between 0.6 and 0.7, which means that the data are valid.

Table 4. Validity test results.

Constructs Items Common Factor
VARIANCE KMO

Technical trust
TT1 0.732

0.500TT2 0.732

Perceived benefit
PB1 0.626

0.647PB2 0.614
PB6 0.524

Perceived ease of use
PU1 0.690

0.500PU3 0.690

Perceived risk

PR1 0.561

0.699
PR2 0.414
PR3 0.533
PR4 0.461

Acceptance
UA1 0.584

0.667UA2 0.665
UA3 0.625
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3. Results
3.1. Descriptive Analysis of the Psychological Model

Pearson’s correlation coefficient was used to measure the vector similarity [35]. First,
box plots and scatter plots of the variables were analyzed and outliers were eliminated.
Second, the variables were judged on whether they basically conformed to a linear cor-
relation. Then, the normality test was carried out, and the significance of the data was
found to be greater than 0.05. Pearson’s correlation analysis was performed after the above
conditions were met. The results are shown in Table 5.

Table 5. Pearson’s correlation coefficient results.

TT PB PU PR

UA +0.747 ** +0.662 ** +0.583 ** −0.269 **
WP +0.376 ** +0.235 ** +0.461 ** −0.183 **

Notes: ** p < 0.01.

The respondents’ technical trust has a high correlation with acceptance (H1 = 0.747)
and shows a positive correlation with willingness-to-pay, but the correlation is relatively
weak (H5 = 0.376). Perceived benefit has a high correlation with acceptance (H2 = 0.662)
but has a small correlation with willingness-to-pay (H6 = 0.235), so perceived benefit
is not a predictor of willingness-to-pay. The respondents’ perceived ease of use has a
good correlation with acceptance and willingness-to-pay (H3 = 0.583 and H7 = 0.461,
respectively). Perceived risk is negatively correlated with acceptance and willingness-to-
pay, and the correlations are weak (H4 = −0.269 and H8 = −0.183, respectively). Therefore,
perceived risk is not a predictor of the two variables for highly automated vehicles. The
above data and the psychological model are shown in Figure 2.

Figure 2. Result of the acceptance and willingness-to-pay psychological model. Notes: ** p < 0.01.

According to the above correlation analysis, the variables that have a greater impact on
acceptance are technical trust, perceived benefit, and perceived ease of use; the variables that
have a greater impact on willingness-to-pay are technical trust and perceived ease of use.

3.2. Descriptive Analysis of Logistic Regression Model

Many studies have considered the influence of demographic variables on acceptance
and willingness-to-pay [10,29,36]. Because of the concentrated distribution of age and
education, this study only considered the influence of income and driving experience of
the respondents. A logistic regression model can be used to understand the relationship
between variables [37]. In accordance with the questionnaire, multiple logistic regression
models were established to predict acceptance and willingness-to-pay. The variables in
the demographic and psychological model were used to propose relevant policies that are
needed to promote the use of AVs.
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Because the sample size was not sufficient, the data needed to be processed. The
demographic variables include monthly income (MI) and driving experience (DE), and the
psychological variables include technical trust (TT), perceived benefit (PB), perceived ease
of use (PU), and perceived risk (PR). A total of 80% of the sample was randomly sampled
for modeling, and the remainder was used to verify the accuracy of the model. The results
of virtual processing of variables are shown in Tables 6 and 7.

Table 6. Result of virtual processing of independent variables.

Independent Variables Figure

Gender
Male 0

Female 1

MI
<5000 0

5000–12,000 1
>12,000 2

DE
<1 year 0

1–5 years 1
>5 years 2

TT
<=5 0
>5 1

PB
<8 0

>=8 1

PU
<=5 0
>5 1

PR
<8 0

>=8 1

Table 7. Result of virtual processing of dependent variables.

Dependent Variable Figure

UA
<8 0

>=8 1

WP
<3 0

>=3 1

A multiple logistic regression model of acceptance was developed. The processed
independent variables and dependent variables were used to train the logistic regression
models. We used the forward maximum likelihood estimation method. The “0” group was
selected as a reference, and Table 8 shows the acceptance model parameters. P indicates the
significance of the variable. OR indicates how many times the number of study subjects is
higher than lower. The accuracy of the model is 93.2%.

Table 8. Parameters of the acceptance model.

Variable B S.E p OR OR (95%)

PB 2.325 0.62 <0.01 10.222 3.033 34.448
PU 1.711 0.521 <0.01 5.536 1.995 15.363
TT 1.85 0.963 <0.05 6.359 0.963 42.002

Constant −2.548 1.009 <0.05 0.078

The variables that affect acceptance in this model are technical trust, perceived benefit,
and perceived ease of use. Income, driving experience, and perceived risk were eliminated
because they are not significant. The remaining 20% of the data was used to verify the
model. The model has good accuracy (91.8%).

This study finds that the regression coefficients of users’ technical trust, perceived
benefit, and perceived ease of use are positive, which means that they have a significant
positive impact on acceptance (p < 0.05). The advantages of these three items are great
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(10.222, 5.536, and 6.359, respectively). Compared with people with lower perceptions (PB,
PU, and TT), the acceptance will increase by 10.222, 5.536, and 6.359 times, respectively.

Similarly, a model of willingness-to-pay with an accuracy of 87.9% was established.
The results are shown in Table 9. The variables influencing willingness-to-pay include
income, driving experience, technical trust, and perceived ease of use. The remaining data
were used to validate the model, and the accuracy was found to be 82.5%.

Table 9. Parameters of the willingness-to-pay model.

Variable B S.E p OR OR (95%)

MI <0.01
MI (1) −1.751 0.459 <0.01 0.174 0.071 0.427
MI (2) −0.28 0.402 0.486 0.756 0.343 1.662

DE <0.01
DE (1) 1.302 0.471 <0.01 3.678 1.462 9.253
DE (2) 1.35 0.401 <0.01 3.859 1.759 8.468

PU 1.252 0.381 <0.01 3.497 1.659 7.372
TT 1.467 0.709 <0.05 4.337 1.081 17.393

Constant −1.718 0.797 <0.05 0.179

This study finds that the regression coefficients of driving experience, perceived ease
of use, and technical trust are positive, which means that they have a significant positive
impact (p < 0.05). The willingness-to-pay of drivers with 1–5 years of driving experience
is 3.678 times that of trainee drivers (<1 year), and the willingness-to-pay of drivers with
more than 5 years of driving experience is 3.859 times that of trainee drivers. As the
driving experience increases, the respondents’ willingness-to-pay increases significantly.
Compared with people with a lower perceived ease of use, the willingness-to-pay will
increase by 3.497 times. There are 4.337 times as many respondents who trust technology as
respondents who do not trust technology. The variable corresponding to the high-income
group is not significant (p > 0.05). The regression coefficient of respondents with a monthly
income of 5000–12,000 is negative, indicating that income has a significant negative impact
on willingness-to-pay (p < 0.01).

4. Discussion
4.1. Psychological Factors

In this study, acceptance and willingness-to-pay were used to measure the public’s aware-
ness of automated driving technology. Psychological factors such as technical trust, perceived
benefit, perceived risk, and perceived ease of use were used to assess people’s acceptance of
and willingness-to-pay for automated vehicles. To sum up, there are three findings:

First, technical trust and perceived ease of use play a direct role in the acceptance
of and willingness-to-pay for AVs. A study was conducted on American automobile
factory employees, and it was found that there is a significant positive correlation between
perceived benefit, perceived ease of use, and acceptance [38]. In a word, whether in the
psychological model or the logistic regression model, technical trust and perceived ease of
use were found to have a direct impact on public acceptance of and willingness-to-pay for
AVs. This shows that users are most concerned about the reliability and convenience.

Second, perceived risk has little influence on the two dependent variables. Some stud-
ies have put forward evidence to support perceived risk as a negative factor of technology
acceptance [39]. However, perceived risk is not a significant factor in people’s willingness
to use automated vehicles [28]. In this study, the correlation between the respondents’
acceptance, willingness-to-pay, and perceived risk is weak. Among the influencing factors,
technical trust and perceived ease of use play a greater role than perceived risk. The same
conclusion was reached in the logistic regression model. As a result, perceived risk is an
unstable predictive variable for AVs.
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Third, perceived benefit is a significant predictor of users’ acceptance, not of willingness-
to-pay. At present, there is no consistent conclusion in the research on willingness-to-
pay [26]. Some studies show that a higher perceived benefit will lead to a greater will-
ingness to use automated vehicles [40]. In this survey, perceived benefit has a positive
impact on acceptance, but the correlation with willingness-to-pay is weak. In the logistic
regression model, perceived benefit was not a predictive variable of willingness-to-pay.
These results show that a high perceived benefit will encourage users to accept AVs, but
the respondents’ willingness-to-pay has little to do with perceived benefit, which should
be related to other factors such as demographic variables.

4.2. Logistic Regression Model Factors

In this paper, logistic multiple regression models with a good degree of fit for acceptance
and willingness-to-pay were established. The variables predictive of acceptance are technical
trust, perceived benefit, and perceived ease of use. The variables that can predict willingness-
to-pay are income, driving experience, technical trust, and perceived ease of use.

Compared with the psychological model, the psychological variables of the two
models are highly consistent. Trust and perceived ease of use can be used to predict public
acceptance of and willingness-to-pay for advanced automated vehicles. This shows that the
respondents have great expectations for the reliability, practicality, and convenience of AVs.
Perceived benefit can be used to predict acceptance, which shows that perceived benefit
can affect people’s acceptance of AVs. There are not only psychological variables but also
demographic variables that can predict the willingness-to-pay. People’s income and driving
experience will affect their willingness-to-pay, which shows that people’s willingness-to-
pay is closely related to their own experience. Students in school have lower incomes,
and research shows that they are more likely to accept new technologies [32]. In addition,
middle-income people may still be skeptical about automated vehicles. Therefore, monthly
income is a negative factor. The analysis of driving experience shows that experienced
drivers have a deep understanding of the traffic environment that increases their confidence
in automated vehicles.

4.3. Future Research and Limitations

There are several limitations to the current research on AVs. More respondents are
needed in order to increase the accuracy of the model. In this study, most of the respondents
were young people. Previous studies have shown that age has no effect on the intention
to accept and use AVs [18]. However, the emergence of automated vehicles will change
the travel mode of certain groups of people (such as the elderly, children, people without
a driver’s license, and disabled people). In future research, the potential differences in
users’ ages need be further considered. In addition, although the data in this paper were
collected nationwide, the respondents generally had a higher educational background.
Some of the respondents are university students. Because there are systematic differences
between students’ perception of new technology and the general target population [41], it
would be meaningful to study respondents with different educational backgrounds. Finally,
cross-cultural research is also needed. Previous studies on the acceptance of AVs show that
users in different countries have situational and cultural differences in their perceptions of
automated vehicles [24,42]. The acceptance of and willingness-to-pay for AVs of users in
different countries need to be analyzed in the future.

5. Conclusions

AVs maximize the use of road capacity and prevent accidents caused by human error,
such as dangerous driving, fatigue, and drunk driving. AVs play an important role in
reducing the urban traffic pressure and the incidence and severity of traffic accidents [43].
People’s acceptance of and willingness-to-pay for AVs are the key factors in the popularity
of AVs and maintaining the market share. Studying people’s acceptance and willingness-
to-pay is necessary for the sustainable development of autonomous vehicles. There are
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several considerations that should be put into focus by manufacturers and policy-makers
based on several aspects:

First, more information to enhance TT. As automated vehicles become more complex,
technical trust has become particularly important. The more people know about the
development of automated driving technology, the easier it is for people to trust. Moreover,
the perfection of laws related to AVs will also help to enhance users’ trust. Through the
improvement of automated vehicles, users’ technical trust will eventually increase. The
higher the technical trust, the higher the users’ acceptance and willingness-to-pay.

Second, pricing and easy maintenance based on PU. A reasonable price and a conve-
nient maintenance service will be of benefit to users’ acceptance and willingness-to-pay.
Reducing the manufacturing cost while retaining quality and car sharing and after sale ser-
vices will eventually increase the public’s perceived ease of use and, thus, users’ acceptance
and willingness-to-pay.

Thirdly, education and training based on TT and PB. Personal training and feelings will
be important factors affecting acceptance and willingness-to-pay. People’s opportunities
to experience automated technology need to be increased. Automated vehicle test rides
and test drive experiences should be continuously provided. These activities can give
people a better understanding of what the car is doing and why it is doing it. Through
learning, users’ awareness of this technology can be improved, and finally technical trust
and perceived benefit can be increased.

Fourth, personalized sales based on DE and MI. According to the logistic regression
model, driving experience and income will have an impact on willingness-to-pay. User-
oriented sales should be the focus of consideration. Based on a standard product or service,
a specialized sales solution for an individual can effectively enhance their willingness-to-pay.
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