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Abstract: With the decarbonization of the transportation sector and the diversification of travel
demand, the development of shared electric vehicles has become crucial. Based on survey data
of travel mode and destination of shared electric vehicles in Beijing, this paper aims to explore
the formation and distribution mechanisms of the demand for shared electric vehicles. First of
all, a multi-index and multi-cause (MIMIC) model was established to quantify the psychological
latent variables that cannot be directly observed and to analyze the mechanisms between individual
socio-demographic attributes and latent variables. Secondly, these psychological latent variables
were added to mixed logit (ML) models as explanatory variables to form hybrid choice models to
explore the travel mode choice behavior and travel destination choice behavior, respectively, when
using shared electric vehicles for leisure travel. The results show that potential users of shared
electric vehicles are characterized by higher education, employees of enterprises, no car availability
and high driving years, and most of them travel for the purpose of connecting to transport hubs.
Latent variables such as individual carbon trading, subjective norms, risks and behavioral intentions
all affect the demand for shared electric vehicles; in-car time, out-of-car time, travel cost and the
number of subway stations have negative impacts on the demand, while mall properties and the
number of parking lots have positive impacts on the demand. Furthermore, the use of shared electric
vehicles is highly correlated with the use of cars and subways, and part of the travel demand could
be transferred to shared electric vehicles by taking certain measures.

Keywords: shared electric vehicles; demand formation mechanism; demand distribution mechanism;
latent variables; MIMIC model; hybrid choice model

1. Introduction

According to data from the International Energy Agency (IEA), carbon emissions from
the transportation sector are a major factor causing climate change and other environmental
issues. In China, the transportation sector has the fastest growing carbon emissions of
all sectors, of which road transport alone accounts for more than 85% of the national
transportation carbon emissions. Therefore, the promotion of electric vehicles (EVs) has
become one of the most effective measures to reduce the carbon emissions of road transport
by developing electrified means of transport and reducing fossil energy consumption [1].
Although the current market share of EVs is still very low, with the development of the
sharing economy, shared electric vehicles (SEVs) could become an important driving force
to promote the entry of EVs into the market [2,3]. Since most users of SEVs are those who do
not own private cars and have purchase intention for cars, the development of SEVs can not
only directly affect the car ownership rate [4,5], but also reduce the driving range and carbon
emissions of fuel vehicles by switching from private cars to SEVs [6–8], thus promoting the
sustainable development of urban transport [9,10]. However, the development of SEVs has
also caused concerns about aggravating traffic congestion and reducing the rate of public
transport use. In fact, the high-frequency users that SEVs will mainly target in the future are
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travelers during non-commuting hours, and expanding the market of SEVs will not increase
the road burden [5,11]. At the same time, SEVs mostly replace suburban, off-peak hour and
long-distance public transport trips, and generally form cooperative relations with public
transport, taxis and non-motor vehicles [11]. SEVs still have huge development potential,
especially in China, where the number of cars per thousand people is only 186 [12], far
less than in the United States, Japan and other developed countries. In fact, SEVs are
developing rapidly in China; as of 2019, the market size of SEVs has risen from 428 million
CNY in 2016 to 5.389 billion CNY. SEVs have appeared in Beijing, Shanghai, Chongqing
and other developed cities, but the existing SEVs have the phenomenon of “no car to save,
no place to park”. The underlying reason is that the choice behavior related to SEVs is not
fully understood. Demand forecasting fails to provide a sufficient foundation for outlet
distribution and vehicle scheduling, which not only leads to low public satisfaction and
loyalty to SEVs, but also leads to a promotion bottleneck. Therefore, it is necessary to
conduct in-depth research on the formation and distribution mechanisms of the demand
for SEVs based on choice behavior analysis.

The existing research on demand forecasting mainly applies discrete choice models
on questionnaire survey data to explore the factors affecting the choice behavior related
to SEVs and their influencing mechanisms. The initial stage of the study mainly explored
the influence of observable variables such as individual socio-demographic attributes and
travel attributes, and the main conclusions are that males are inclined to choose a shared
car by changing from their existing travel modes [13,14]; SEVs are more likely to be favored
by young and middle-low income groups [13,15,16], highly educated groups [17,18], as
well as employees [13,19]; people who normally use public transport, online ride-hailing
and bicycles generally show a preference for SEVs [16,18]; travel time and travel cost have
a negative impact on the demand for SEVs [19,20]; the competitiveness of SEVs became
stronger with the increase in travel distance, and the choice behavior related to SEVs is
closely related to travel cost during medium and long distance trips, and to travel time
in long-distance travel [19]; SEVs are often used for leisure travel or trips to areas with
underdeveloped public transport [20], and the factors affecting the choice behavior for
SEVs were different for different travel purposes. For example, the number of available
vehicles in the family, age and education level have significant positive impacts on the
choice of SEVs for shopping, while travel distance and income have significant negative
impacts on the choice of SEVs during vacation [21,22].

As research continues, scholars have begun to consider the impact of difficult-to-
observe psychological latent variables on the demand for SEVs. Efthymiou et al. took
residents’ satisfaction with their current travel mode as a latent variable, and found that
the more satisfied they were with the current travel mode, the less inclined they were to
choose SEVs [16]. Hahn et al. selected compatibility as a potential variable and measured
compatibility with observable items such as the attractiveness of shared cars, the awareness
of use cost, and the trial-and-error ability, finding that compatibility would increase the
intention to use shared cars [23]. Sun et al. investigated the use intention of Chinese college
students on SEVs, focusing on the impact of perceived usefulness and perceived ease
of use, and found that only the perceived usefulness of SEVs service has a significant
positive impact on students’ use intention [20]. Kim et al. considered five latent variables
associated with privacy-seeking, pro-environmental attitudes, symbolic value of car and
driving preference, and discovered that privacy-seeking had a positive impact on the choice
behavior concerning SEVs, while pro-environmental attitudes and the symbolic value of
the car had negative impacts, and driving preference had no significant impact [24]. Ramos
et al. revealed that control (perceived behavioral control, perceived ease of use, perceived
usefulness) and subjective norms have positive effects on the demand for SEVs; driving
habits have a negative impact on demand, and the impact on SEV users is greater than that
on non-users; trust and climate morality only exert a certain impact on the choice behavior
of partial individuals [25]. Fleury et al. introduced environment-friendly variables on
the basis of the Unified Theory of Acceptance and Use of Technology (UTAUT) model
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and found that both effort expectation (EE) and performance expectation (PE) directly
affect the demand for SEVs. These authors also found that facilitating conditions (FC)
and environmental friendliness are expected to indirectly affect demand, whereas social
influence (SI) has no significant influence [26]. On this basis, Vanduy et al. extended the
UTAUT model and explored the influencing mechanisms of hedonic motivation (HM) and
familiarity with car-sharing concept (FM) on behavioral intention (BI), finding that HM, EE,
PE and FM can promote BI related to SEVs, whereas SI also has no significant effect [27].
Giovanni et al. considered the impact of environmental, social and economic factors on
attitudes and found that the intention to reuse SEVs was successively affected by attitudes,
subjective norms and perceived behavioral control [28].

Based on the analysis above, the key factors affecting the choice behavior related to
SEVs have been extensively studied for SEV demand forecasting. However, the conclusions
depend on the degree of influence of related factors, and some emerging factors that may
influence choice behavior have not yet been considered at the same time. For example,
some studies have found that personal carbon trading has a positive impact on the travel
behavior of residents, which will promote the public to shift from high-carbon travel to
low-carbon travel [29,30]. Therefore, this paper introduces psychological latent variables
such as personal carbon trading, habits and attitudes to risk, that may affect the choice
behavior related to SEVs and establishes a discrete choice model to explore the formation
mechanism of the demand for SEVs.

The determination of the key factors affecting the choice behavior related to SEVs can
provide a basis for the establishment of the demand forecasting model, so as to predict the
total demand for SEVs when the total demand is far from sufficient to provide a basis for
the outlet distribution and vehicle delivery in the SEV system. Therefore, it is particularly
critical to explore the distribution mechanism of the demand for SEVs.

Existing studies have explored the distribution characteristics of demand for SEVs
mainly through the operational data of SEVs. These studies found that the demand for
SEVs varies greatly in different types of places and different time periods, among which
the demand for shared cars near retail services and transport hubs is large at any time [31];
the demand at leisure and entertainment places, such as gyms and cinemas, is large on
weeknights and non-workdays, whereas the demand is small during working hours [31,32];
government institutions, social institutions such as schools, libraries, churches, etc., are
locations of high demand only on weekdays [31]; catering services have a large demand for
shared cars during the period 12–16 h, while the demand is weak during the 16–18 h and
0–4 h periods [33].

However, the research on the demand distribution of SEVs based on operational data
has some shortcomings. On the one hand, the demand is spatiotemporally dynamic; on the
other hand, the operational data show only the met travel demand for SEVs, and the real
demand of users cannot be determined when the supply of the SEV system is insufficient.
In addition, the demand of potential users interested in SEVs is difficult to capture. In order
to avoid the limitations mentioned above, it is necessary to conduct a stated preference (SP)
survey and, accordingly, to explore the distribution mechanism of the demand for SEVs. It
has been proved that the travel demand for SEVs is mainly for leisure and entertainment,
commuting and connecting transport hubs [32,34]. Since the starting and ending points of
travel for commuting and connecting transport hubs are fixed, and the freedom of travel
for leisure and entertainment is relatively large, this paper considers travel for leisure and
entertainment to explore the distribution mechanism of demand for SEVs.

Therefore, in the era of low-carbon transportation and diversified travel demand,
this paper surveys individuals’ psychological latent attitudes toward SEVs, travel mode
and travel destination choice behavior through online questionnaires, and then explores
the formation and distribution mechanisms of demand for SEVs by constructing discrete
choice models considering psychological latent variables. In view of the problem that
psychological latent variables are not fully considered in the research on the choice behavior
related to SEVs, this paper constructs a discrete choice model to explore the key factors
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affecting the choice behavior towards SEVs by considering psychological latent variables,
such as personal carbon trading, habits and risks. Thus, revealing the internal mechanism
of this choice behavior can provide the basis for formulating corresponding measures to
improve the public’s trust and loyalty in SEVs. Considering the lack of research on the
distribution mechanism of demand for SEVs, this paper models the destination choice
behavior in relation to SEVs for leisure and entertainment travel by constructing a discrete
choice model considering the influence of psychological latent variables and the attributes
of the travel destination. This model reveals the distribution mechanism of demand for
SEVs, which can be the basis for SEV enterprises to distribute outlets and configure vehicles
in advance.

The remainder of this paper is organized as follows: Section 2 introduces the experi-
mental design and data collection; Section 3 provides the theoretical basis and construction
of the models; Section 4 analyzes the model results according to parameter estimation; and
Section 5 discusses the findings, formulates suggestions and evaluates the future prospects.

2. Data
2.1. Experimental Design

As an innovative transport mode targeting all potential users, SP surveys are frequently
used to measure individuals’ travel choice behavior towards SEVs. All the respondents are
required to indicate choices under different hypothetical scenarios. According to the needs
of the research, a three-part questionnaire was designed based on the existing relevant
research. The first part collects the socio-demographic characteristics and psychological at-
tributes of the respondents, among which the psychological attributes comprise perceptual
behavioral control (PBC), subjective norms (SN), attitudes (ATT), personal carbon trading
(PCT), habits (HAB), risk (FX) and intention (INT). In addition, a five-point Likert Scale is
commonly used to measure the observed indicators of the latent variables, and respondents
are asked to rate how strongly they agree with each of the items on a scale of 1–5 from
strongly disagree to strongly agree. The second and third parts of the questionnaire com-
prise the stated preference experiments. The second part relates to the choice of travel
mode, requiring travelers to choose from SEV, bus, subway or car (private car/taxi) given
the specified in-car time, out-of-car time, travel cost and travel purpose. The third part
concerns the choice of recreational travel destination, requiring travelers to choose from A
(small malls with rich supporting resources), B (medium-sized malls with rich supporting
resources), and C (large malls with less rich supporting resources), considering the mall
attributes, the number of parking lots, bus lines and subway stations. The above attributes
and their level values are shown in Tables 1 and 2, respectively.

Table 1. Attributes and their level values in travel mode choice.

Mode Attribute In-Car Time (Min) Out-Car Time (Min) Fare (CNY) Purpose

SEV 16/20/24 12/15/18 12/15/18
Recreation/commuting/connecting

transport hubs
Bus 32/40/48 16/20/24 2

Subway 12/15/18 20/25/30 4
Car 16/20/24 6/8/10 25/30/35

Table 2. Attributes and their level values in travel destination choice.

Destination
Attribute Mall Attribute Parking Lots Bus Lines Subway

Stations

Level 1 Malls mainly include shopping; dining, cinema, KTV,
beauty and fitness present as a supplementary activities 15–35 15–30 <4

Level 2

In addition to shopping and dining, these malls also
include amusement parks, theme blocks, ecological

parks, art museums, bookstores, exhibitions and other
large-scale leisure facilities

35–65 30–65 4–10
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2.2. Data Collection and Statistics

In February 2022, data on the choice behavior concerning SEVs in Beijing were collected
in the form of an online questionnaire. A total of 784 questionnaires were issued and
recovered, of which 768 were valid, with an effective response rate of 98%. The sample
characteristics are shown in Table 3. Compared with the statistical data of the Beijing
Yearbook 2021 [35], there is no apparent difference in the gender distribution. On the whole,
the sample is younger with higher education levels, and the majority are immigrants.
Furthermore, most of participants have middle- and low-income, have no car availability,
frequently travel by public transport, have driving experience over one year and are
employees of enterprises. These characteristics are in accordance with those of users and
potential users of SEVs [36,37].

Table 3. Socio-demographics of sample vs. census.

Variable Description Respondents Proportion Statistical Yearbook

Gender
Male 396 51.6% 51.1%

Female 372 48.4% 48.8%

Population Local 301 39.2% 61.6%
Immigrant 467 60.8% 38.4%

Age (years)

18–25 133 17.3% 7.3%
26–30 241 31.4% 10.2%
31–40 218 28.4% 24.9%
41–50 124 16.1% 17.2%
51–60 38 4.9% 17.4%
>60 14 1.8% 23%

Education

Junior high school or below 32 4.2% 33%

High school/technical secondary 148 19.3% 17.6%

Graduate/junior college 456 59.4%
42.0%Master degree or above 132 17.2%

Income (CNY/month)

<5000 161 21.0%

—5000–10,000 344 44.8%
10,001–20,000 190 24.7%

>20,000 73 9.5%

Occupation

Employees of enterprises 309 40.2%

—
Civil servant 182 23.7%

Student 116 15.1%
Self-employed 133 17.3%

Other 28 3.6%

Car ownership Yes 306 39.8% —
No 462 60.2%

Driving years (years)

<1 156 20.3%

—1–5 256 33.3%
6–10 276 35.9%
>10 80 10.4%

Common travel mode

Private car 116 15.1%

—

Bus 191 24.9%
Subway 292 38.0%

Taxi/Online car-hailing 112 14.6%
SEV 45 5.9%

Other 12 1.6%
Note: — Values not included in the Statistical Yearbook.

2.3. Data Verification

In order to ensure the validity of the subsequent modeling analysis and with particular
concerned about whether the indicators can reflect the psychology of respondents, this
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paper verifies the data for the latent variables by two approaches. Firstly, Cronbach’s
alpha coefficient and the Kaiser–Meyer–Olkin (KMO) value are used for reliability and
validity analysis, both of which are greater than 0.5, indicating good reliability and validity.
Secondly, confirmatory factor analysis (CFA) is used to check the rationality of the latent
variable measurement items. A composite reliability (CR) greater than 0.7 and average
variance extracted (AVE) greater than 0.5 were obtained for these test criteria. As can be
seen from Table 4, except for the CR and AVE of PBC, which are slightly lower than the
standard, all items pass the test, indicating that overall, the questionnaire data have further
analytical value.

Table 4. Results of data test index.

Latent Variables Cronbach’s Alpha KMO CR AVE

PBC 0.672 0.651 0.65 0.48
SN 0.794 0.697 0.80 0.57

ATT 0.908 0.939 0.80 0.57
HAB 0.814 0.712 0.81 0.59
FX 0.778 0.699 0.77 0.53

PCT 0.813 0.781 0.79 0.55
INT 0.835 0.723 0.83 0.63

3. Modeling
3.1. MIMIC Model

Since psychological latent variables are not directly observed and difficult to be quanti-
fied, the multi-index and multi-cause model (MIMIC) is used to quantify the effects of latent
variables on residents’ travel choice behavior. The MIMIC model consists of two parts:
the multi-index model conducts CFA on latent variables through measurement equations,
and the multi-cause model explores the impact of socio-demographic attributes on latent
variables through structural equations. The models are described in Equations (1) and (2).

Y = ∧η + ν, ν ∼ N(0, σ1) (1)

where Y is the observed variable, η is the latent variable, ∧ is the factor loading coefficient,
and v is the error term, which follows the multivariate normal distribution.

η = ZX + δ, δ ∼ N(0, σ2) (2)

where X is the cause variable, such as gender or age; Z is the regression coefficient; and δ is
the error term, which follows the multivariate normal distribution.

The model parameters are estimated by using the maximum likelihood method, and
the estimation results of the measurement equation and structural equation are shown in
Tables 5 and 6, respectively. The standardized factor loading coefficient is taken as the
weight coefficient of each observed indicator, and then the adaptation formula of each
latent variable is obtained.

Table 5. Measurement index estimation and adaptation formula of latent variables.

Indicator Factor Loadings Coefficient Adaptation Formula

PBC1 0.693 ***
ηPBC = 0.50PBC1 + 0.50PBC2PBC2 0.696 ***

SN1 0.697 ***
ηSN = 0.31SN1 + 0.33SN2 + 0.36SN3SN2 0.751 ***

SN3 0.809 ***

ATT1 0.808 ***
ηATT = 0.36ATT1 + 0.30ATT2 + 0.34ATT3ATT2 0.679 ***

ATT3 0.764 ***
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Table 5. Cont.

Indicator Factor Loadings Coefficient Adaptation Formula

HAB1 0.737 ***
ηHAB = 0.32HAB1 + 0.33HAB2 + 0.35HAB3HAB2 0.759 ***

HAB3 0.802 ***

FX1 0.724 ***
ηFX = 0.33FX1 + 0.33FX2 + 0.34FX3FX2 0.709 ***

FX3 0.748 ***

PCT1 0.696 ***
ηPCT = 0.31PCT1 + 0.33PCT2 + 0.35PCT3PCT2 0.743 ***

PCT3 0.787 ***

INT1 0.775 ***
ηINT = 0.33INT1 + 0.33INT2 + 0.34INT3INT2 0.786 ***

INT3 0.814 ***
Note: *** Significance at 1% level.

Table 6. Standardized path coefficients between individual socio-demographic attributes and latent
variables.

Variable PBC SN ATT HAB FX PCT INT

Gender(female = 1) 0.16 ** 0.15 * — 0.17 ** — 0.11 * 0.22 ***

Age — — — — — — 0.06 *

Education 0.17 ** 0.09 * — 0.13 ** 0.14 *** 0.13 ** 0.11 **

Car ownership
(No = 1) 0.16 ** — −0.16 * — — — —

Driving years 0.09 ** — 0.15 *** — 0.09 ** 0.13 *** —

Civil servant
(Yes = 1) 0.35 ** — — — — — —

Student
(Yes = 1) 0.33 * — — — — — —

Self-employed
(Yes = 1) 0.50 *** — — 0.33 * — — —

Common travel mode—private car
(Yes = 1) — — — — — — −0.68 **

Common travel mode—subway
(Yes = 1) — — — — — — −0.59 **

Common travel mode—taxi/online
car-hailing (Yes = 1) — — −0.54 * −0.55 * −0.60 ** −0.47 * −0.68 **

Note: * Significance at 10% level; ** Significance at 5% level; *** Significance at 1% level; — Variables not included
in the analysis.

3.2. Hybrid Choice Model

In the field of travel behavior analysis, it is the basic method and research frontier
to explore travel behavior through discrete choice models [38,39], which are based on the
theory of random utility maximization, that is, travelers always choose the option that
maximizes their own utility. The utility function is normally demonstrated in a linear form,
as shown in Equation (3).

Uni = Vni + εni = β1xn1 + β2xn2 + β3xn3 + ... + βkxnk + ... + εni = βXni + εni (3)

where Uni is the utility of individual n choosing alternative i; Vni is a fixed term of the utility
function; εni is a random term of the utility function; Xni is a vector of variables related to
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alternative i that varies between individuals, such as age, education, PBC, SN, etc.; and β is
a vector of coefficients of these variables.

The Multinomial Logit (MNL) model is the most basic model among discrete choice
models [18]. It is widely used due to its advantages of simple parameter estimation, good
robustness and low error rate. It assumes that the random term follows the independent
Gumbel distribution and that the vector β to be estimated is a fixed value. The proba-
bility that individual n will choose alternative i from the set of alternatives J is given by
Equation (4).

Pni =
exp(βXni)

∑J
j=1 βXnj

(4)

However, the MNL model has two defects: Firstly, the independence assumption
leads to ignoring the influence of the interaction between travel modes on the choice
behavior. The second defect is that the fixed value of β indicates that different individuals
have the same preference for travel modes, failing to consider the heterogeneity among
different individuals, which is obviously not in line with the actual situation. Therefore,
the mixed logit (ML) model, which effectively considers individual heterogeneity, has
gradually replaced the MNL model for analyzing travel choice behavior [40,41]. The utility
random term of the ML model can be neither independent nor distributed differently,
and the vector β to be estimated is considered to be a random variable, which can follow
a normal distribution, lognormal distribution, uniform distribution, etc., and thus, the
ML model clearly express the preference degree of different individuals. The probability
that individual n will choose alternative i can be regarded as the weighted average of the
probabilities of MNL, as shown in Equation (5).

Pni =
∫ exp(βiXni)

∑J
j=1 exp(β jXnj)

f (β/θ)dβ (5)

where f (β/θ) is a probability density function, which determines the weight coefficient;
and θ is an unknown parameter of the probability density function; for example, if the
function is normally distributed, θ refers to the mean value and variance of the function,
which can be estimated by the maximum likelihood method.

The traditional discrete choice model regards psychological factors and other unob-
servable factors as random terms, which cannot reflect an individual’s decision-making
process and internal mechanism. However, it has been demonstrated that the hybrid choice
model, in which psychological latent variables are introduced into the traditional discrete
selection model as explanatory variables, can improve the explanatory power and predic-
tion accuracy of the model [20,24]. Therefore, this paper adopts the continuous two-stage
method to construct a hybrid choice model to explore the internal psychology of residents
on the choice decision of SEVs, and the basic framework of the hybrid choice model is
shown in Figure 1. The first stage is to build a MIMIC model to calculate the adaptive
value of each latent variable, as shown in Section 3.1. In the second stage, the adaptive
values are substituted into the ML model as explanatory variables to perform parameter
estimation, beginning with a comprehensive model including socio-demographic variables,
latent variables and alternative specific variables. All the variables are tested by iteratively
eliminating the parameter with the highest p-value, and the process finishes when there are
only significant parameters left. To further verify the excellence of the hybrid choice model,
the Akaike Information Criterion (AIC) and Bayesian Information Criterion (BIC) can be
used to judge the overall goodness-of-fit of the model, namely, the smaller the value, the
better the fitting effect of the model.
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3.2.1. Hybrid Choice Model for Travel Mode Choice

The framework of the hybrid choice model for travel mode choice is illustrated in
detail in Figure 2.
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In order to verify the validity of the hybrid choice model, this paper establishes a
hybrid choice model and mixed logit model without latent variables to compare them. Both
models take bus as a reference while the other alternatives are set as random variables, and
the parameter estimation results of the models are shown in Table 7. It can be seen that
compared with the mixed logit model, the AIC and BIC values of the hybrid choice model
are smaller, indicating that the overall goodness-of-fit of the hybrid choice model is better.

3.2.2. Hybrid Choice Model for Travel Destination Choice

Taking SEVs for leisure and entertainment as the research scenario, the hybrid choice
model for travel destination choice is constructed by combining the adaptation values of
latent variables and travel destination attributes as explanatory variables. The framework
can be seen in Figure 3.
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Table 7. Parameter estimation results of hybrid choice model and mixed logit model for travel
mode choice.

Variable
Mixed Logit Model Hybrid Choice Model

SEV Subway Car SEV Subway Car

Mean

Constant −0.455 *** 0.295 ** −1.095 *** −0.490 *
Edu1 (Education = Junior high

school and below) −0.007 ** 0.370 ** — −0.016 ** 0.353 * —

Occ1 (Occupation = Employees
of enterprises + Civil servant) 0.248 *** 0.142 ** — 0.228 ** 0.127 ** —

Age −0.030 ** −0.030 ** −0.047 *** −0.034 *** −0.028 ** −0.051 ***
Car ownership (Yes = 1) −0.285 *** — 0.313 *** −0.173 * — 0.354 ***

HighDyear (Driving years =
6 years or above) 0.250 *** — 0.131 ** 0.251 *** — 0.131 **

Cmode (Common travel mode =
Private car + Taxi/Online

car-hailing)
— −0.145 * 0.174 * — −0.134 * 0.195 *

Purpose1 (Purpose = Recreation) — — 0.265 *** — — 0.266 ***
Purpose3 (Purpose = Connecting

transport hubs) 0.281 *** — 0.281 *** — —

SN — 0.168 *** 0.099 *** —
ATT — 0.104 ** — 0.127 **
HAB — 0.093 ** — 0.202 ***
INT — 0.058 *** — 0.073 *

In-car time −0.010 *** −0.007 ***
Out-car time −0.006 ** −0.006 **

Fare −0.009 *** −0.009 ***

Standard
deviation

SEV 0.744 *** 0.704 ***
Subway 0.749 *** 0.727 ***

Car 1.032 *** 1.016 ***

Covariance
SEV and subway 0.296 *** 0.256 ***

SEV and car 0.345 *** 0.285 ***
Car and subway 0.641 *** 0.614 ***

Model
criteria

AIC 18,289.09 18,169.84
BIC 18,431.19 18,357.75

Note: * Significance at 10% level; ** Significance at 5% level; *** Significance at 1% level; — Variables not included
in the analysis.
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To model the travel mode choice, a hybrid choice model and mixed logit model
without latent variables are established to study the travel destination choice. Both models
take Category B destination as a reference and mall attributes, the number of parking lots
and subway stations are set as random variables. The parameter estimation results of the
models are shown in Table 8. It can be seen that the AIC and BIC values of the hybrid
choice model are less than those of the mixed logit model, which again verifies the better
overall goodness-of-fit of the hybrid choice model.

Table 8. Parameter estimation results of the hybrid choice model and mixed logit model for travel
destination choice.

Variable
Mixed Logit Model Hybrid Choice Model

A C A C

Mean

Age1 (Age = 18–25) 1.557 ** 2.065 *** 1.704 ** 2.152 ***
Age2 (Age = 26–30) 1.392 *** — 1.557 ** —

Occ2 (Occupation = Civil servant) — −1.056 *** — −1.123 ***
Occ3 (Occupation = Student) −0.913 * −1.696 ** −0.849 * −1.620 **

Edu2 (Education = Graduate/Junior College) −0.593 ** −0.633 ** −0.686 ** −0.625 **
Inc1 (Income ≤ 5000) — −1.426 ** — −1.496 **

Inc4 (Income ≥ 20,000) −0.875 * — −1.036 ** —
Car ownership (Yes = 1) −0.548 ** 0.569 ** −0.437 * 0.558 **

HighDyear (Driving years = 6 years or above) — 0.614 ** — 0.573 *
PBC — — 0.293 **
FX — 0.259 * —
SN — 0.310 ** —
INT — 0.212 * 0.419 ***
PCT — −0.330 ** −0.487 **

Number of parking lots 0.122 *** 0.148 ***
Number of subway stations −0.142 ** −0.156 **

Mall 0.166 *** 0.220 ***

Standard deviation
Number of parking lots 0.039 ** 0.050 **

Number of subway stations 1.101 * 1.385 *
Mall 0.081 ** 0.101 **

Covariance

Number of parking lots and Number of subway
stations 0.146 0.182

Number of parking lots and Mall 0.056 *** 0.070 **
Number of subway stations and Mall 0.233 ** 0.090 **

Model
criteria

AIC 1920.875 1814.328
BIC 2151.276 2080.294

Note: * Significance at 10% level; ** Significance at 5% level; *** Significance at 1% level; — Variables not included
in the analysis.

4. Results and Discussion
4.1. The MIMIC Model

The MIMIC model established in Section 3.1 not only quantifies the psychological la-
tent variables, but also reveals the mechanism of interaction between the socio-demographic
attributes and psychological latent variables. Table 6 demonstrates that gender, age, ed-
ucation, car ownership, driving years, occupation and common travel mode have great
influence on each latent variable.

Gender has significant effects on PBC, SN, HAB, PCT and INT, indicating that women
have a more accurate understanding of whether they could complete travel, which is
in accordance with previous findings that women express greater perceived value [41].
Meanwhile, their behavior is easily influenced by social stress, travel habits and PCT
policies. Age has a positive effect on INT, that is to say, older people have stronger intentions
than younger people to switch from other travel modes to SEVs, which is consistent with
the study by Kim [42]. Education has positive effects on all latent variables except ATT. The
group without a private car has stronger perceptual behavioral control, which is related to
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the group’s greater opportunities to use SEVs, while the group with a private car holds a
positive attitude toward SEVs. Driving years has a positive effect on PBC, ATT, FX and PCT.
Compared with employees of enterprises, the self-employed, civil servants and students
have stronger perceptual behavioral control, indicating that they can more clearly perceive
the difficulty of the process of using SEVs. Those who often travel by private car, subway,
taxi/online car-hailing have weaker intentions.

4.2. Hybrid Choice Model for Travel Mode Choice

The hybrid choice model for travel mode choice established in Section 3.2.1 explores
the influence of socio-demographic attributes, latent variables and alternative specific
attributes on travel mode choice behavior, so as to reveal the formation mechanism of the
demand for SEVs.

The results in Table 7 demonstrate that education, occupation, age, car ownership,
driving years and common travel mode all have a non-negligible influence on the travel
mode choice behavior towards SEVs. The group with a junior high school education or
below, a private car and a senior age are not inclined to choose SEVs for travel. The possible
reasons are as follows: the group with a lower level education is less receptive to new
things; car-owning groups have fewer opportunities to use SEVs and believe that private
cars are more comfortable than SEVs, which is obviously in line with the research results
that higher vehicle ownership adversely affects the demand for shared cars [43]; and older
people pay more attention to the economy of travel, with free bus and dedicated bus seats
causing most of the elderly to choose bus travel. Public officials, employees of enterprises
and people with high driving years have preferences for SEVs. It may be that employees
of enterprises choose SEVs to meet work-related travel activities such as commuting and
business trips [13,44]. Some companies have business cooperation with sharing enterprises,
and the price of internal employees using SEVs is relatively favorable. The longer the
driving experience, the more familiar the individual is with operating the car and the
higher the demand for travel flexibility.

Subjective norms, attitudes, habits and intentions all have positive impacts on the
choice behavior concerning SEVs, indicating that the more susceptible individuals are to the
influence of social expectations and pressures, the more positive their evaluation of SEVs,
the stronger their intention to use them, and the more inclined they are to choose SEVs for
travel. At the same time, people subjectively think that the commonly used travel mode is
more convenient, and the choice behavior is also affected by the travel habit preference [45].

Regarding alternative specific attributes, as expected and in line with common sense,
in-car time, out-car time and travel cost all have significant negative effects on the choice
behavior concerning SEVs, that is, an increase in time and cost reduces an individual’s
preference for SEVs [20,24]. In addition, travel purpose also affects the choice behavior
concerning SEVs. When residents shuttle to subway stations, airports, high-speed rail
stations and other transport hubs, they are more inclined to choose SEVs, which may be
because SEVs can reduce the need to look for parking spaces for private cars near stations,
and especially at airports and high-speed rail stations.

The standard deviation of each random variable is statistically significant, indicating
that there are substantial variations across individuals in their travel mode choice of SEV,
bus, subway and car. According to Table 7, the residents’ choice of car shows the largest
difference, followed by subway, and the choice of SEV has the smallest difference. It may
be that as traditional travel modes, cars and subways have a higher travel sharing rate and
involve groups of different ages, occupations and education levels, while as an emerging
travel mode, SEVs have a lower market share, and most users are young people, employees
of enterprises, groups with higher education and people without cars, so there is little
difference in the choice behavior related to SEVs. Furthermore, the covariances between
random variables are also statistically significant, indicating that there are correlations
between different travel modes. The high correlation between SEV and car is exciting
because SEV users are time- and cost-sensitive, which is greatly affected by car ownership,
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as discussed previously. Thus, reducing the use cost or reducing travel time through
reasonable distribution of outlets are possible measures to increase the attractiveness of
SEVs. Therefore, it could be concluded that it is possible to encourage users who are used
to using cars to choose SEVs by offering effective measures, which is consistent with the
conclusions of previous studies [27,40].

4.3. Hybrid Choice Model for Travel Destination Choice

The hybrid choice model for travel destination choice established in Section 3.2.2
explores the influence of socio-demographic attributes, latent variables and site-specific
attributes on travel destination choice behavior, so as to reveal the distribution mechanism
of the demand for SEVs in the context of leisure and entertainment travel.

Table 8 demonstrates that age, occupation, education, income, car ownership and
driving years all have significant effects on the travel destination choice behavior for SEVs.
The specific influencing mechanisms are as follows: Compared with Category B malls,
18–50-year-olds without private cars tend to use SEVs to commute to Category A malls,
possibly because Category A malls are mostly located in the city center and the travel
distance to Category A malls is shorter, which can reduce the driving risk and range anxiety.
Groups with private cars and high-level driving years are more inclined to choose Category
C malls, which may be because Category C malls are usually located in remote regions,
and sufficient parking lots around malls provide convenience for the parking of SEVs,
which is also in line with the characteristic that SEVs mainly serve medium and long
distance travel [19].

Similarly, the latent variables have significant impacts on diverse travel destination
choice, among which risk, subjective norms and behavioral intentions have positive impacts
on the demand for SEVs in Category A malls. This may be because Category A malls are
mostly located in the city center, and developed public transport and shorter travel distances
reduce users’ risk perception of emerging transport modes, thus enhancing the acceptance
intention of SEVs. Perceived behavioral control has a positive impact on the demand
for SEVs in Category C malls. This may be because the group with stronger perceptual
behavioral control has a clearer awareness about using SEVs to complete long-distance
travel, and the convenient parking conditions around Category C malls are also more
attractive to them. Personal carbon trading restrains the demand for SEVs in Categories A
and C malls. It may be that for Category A malls with developed public transport, walking
or public transport is obviously more low-carbon and environment-friendly than SEVs;
for Category C malls with inconvenient public transport, the implementation of personal
carbon trading policy will directly affect the use of cars for travel to these malls.

The mall attributes and the number of parking lots positively affect the travel destina-
tion choice behavior, that is, the greater the number of parking lots and the more diversified
service items in malls, the higher the demand for SEVs, indicating that the public is more
inclined to use SEVs to travel to malls with convenient parking and diversified leisure and
entertainment facilities. While the number of subway stations has a negative impact on
destination choice behavior, that is, the more subway stations, the less inclined people are
to use SEVs for travel, indicating that there is a certain competitive relationship between
subways and SEVs, which is consistent with the conclusions of previous studies [40]. The
effect of the number of bus lines is not significant, which may be related to the fact that
residents do not choose buses with poor comfort when traveling for leisure.

The standard deviation of each destination-specific attribute is also statistically signifi-
cant, indicating that individuals have different preferences for the destination attributes.
As shown in Table 8, residents have the largest difference in preference for the number of
subway stations near the mall, followed by the mall attributes, and the preference difference
related to the number of parking lots is the least. It may be that the subway, as the main
travel mode in the city, has a wide patronage, so its preference difference is the largest.
While a sufficient number of parking lots is a necessary condition for the development
of SEVs, the preference difference is small. Table 8 also shows that there is a correlation
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between mall attributes and the number of parking lots. The more diversified the service
features of the mall, the more abundant the parking resources it should be equipped with.
There is also a certain correlation between mall attributes and the number of subway
stations: a large mall with diversified entertainment facilities should be equipped with a
developed subway network to meet the travel needs of a larger number of customers. Due
to the cost and resource constraints and the planning and construction period, it is difficult
to complete the construction of subway networks to meet the travel needs of large malls in
a short period of time. SEVs can be used as a transition mode to meet the travel demand of
large passenger flows. In addition, there is no significant relationship between the number
of parking lots and the number of subway stations, which may be because they represent
two different types of travel modes, of which parking lots mainly serve car travelers, while
subways mainly serve public transport travelers.

To sum up, the choice intention and choice behavior related to SEVs are affected by
many factors, and the comparison of results of parameter significance between previous
studies and our study (see Table 9 for details) shows that most of the variables that are
significant in our study were significant in other studies.

Table 9. Comparison of results of parameter significance between previous studies and our study.

Variable Results of Parameter Significance in
This Study

Results of Parameter Significance in
Previous Studies

Gender Gender has significant effects on PBC, SN,
HAB, PCT and INT.

Women’s perceived attitudes toward traveling
with SEVs are more pronounced [46].

Age Age has a positive effect on INT. Age has a significant impact on behavioral
intent to travel with SEVs [42].

Education
The group with a junior high school education

or below are not inclined to choose SEVs
for travel.

Highly educated people are more likely to
use SEVs [17,18].

Car ownership The group with a private car are not inclined to
choose SEVs for travel.

High vehicle ownership adversely affects the
demand for SEVs [43].

Occupation
Public officials, employees of enterprises and

people with high driving years have
preferences for SEVs.

Employees of enterprises are more willing to
choose SEVs for daily work-related travel

activities [13,44].

SN
The latent variable of subjective norms has a

significant impact on the choice behavior
concerning SEVs.

Subjective norms have positive effects on the
demand for SEVs [25].

ATT Attitudes have positive impacts on the choice
behavior concerning SEVs.

The intention to reuse SEVs is successively
affected by attitudes [28].

HAB Habits have positive impacts on the choice
behavior concerning SEVs.

SEV choice behavior is influenced by
habit preference [45].

Time and Fare
In-car time, out-car time and travel cost all

have significant negative effects on the choice
behavior concerning SEVs.

Increasing time and fares would reduce an
individual’s preference for SEVs [20,24].

Purpose
The public is more inclined to use SEVs to

travel to malls with convenient parking and
diversified leisure and entertainment facilities.

SEVs are often used for leisure travel [22].

Distance Travelers are more inclined to choose SEVs to
go to remote category C malls.

SEVs mainly serve medium- and
long-distance travel [19].

Number of subway stations The number of subway stations has a negative
impact on destination choice behavior.

There is competition between subways and
SEVs, and the more developed the subway, the

lower the probability of SEV choice [39,46].
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5. Conclusions

In the era of social resource sharing, low-carbon transportation and diversified travel
demand, SEVs as a low-carbon and flexible travel mode should be vigorously developed.
The demand formation and distribution mechanisms of SEVs are the basis for a reasonable
distribution of destinations. Therefore, this study firstly quantifies the psychological latent
variables such as personal carbon trading, habit and risk, that influence the choice behavior
towards SEVs. We construct a MIMIC model to analyze the mechanism between individual
socio-demographic attributes and latent variables. It was found that gender, driving years,
occupation, car ownership and common travel mode have great impacts on the latent
variables. Secondly, by integrating the quantified latent variables into the ML model, the
hybrid choice models are constructed to analyze the travel mode choice behavior and
the travel destination choice behavior related to SEVs. Finally, we reveal the demand
formation and distribution mechanisms of SEVs, and on the basis of the above research,
the following main conclusions and relevant suggestions are given for developing SEVs in
developing countries.

The travel mode choice model reveals the formation mechanism of the demand for
SEVs. The primary factors include in-car time, out-of-car time, travel cost and travel
purpose, etc. Among these, time, cost and demand show a negative growth relationship,
that is, reducing the time and cost spent on travel could promote the growth of demand.
The in-car time is mainly affected by SEVs’ performance and road accessibility, which is
difficult to improve in a short period of time. To reduce the out-car time, sharing enterprises
should ensure a reasonable distribution of outlets and release SEVs in accordance with
demand distribution, thus reducing waiting times, shortening walking distances and
improving vehicle utilization rates. To reduce the travel cost, the government should
provide special land planning or subsidies for the site selection of sharing enterprises to
reduce the operational cost of enterprises. There is a large demand for SEVs when going
to/leaving transport hubs; thus, enterprises could deploy stations in subway stations,
railway stations, airports and other important public transport stations to increase the
market share of SEVs. At the same time, research illustrates that psychological latent
variables such as subjective norms, attitudes, habits and behavioral intentions can promote
the demand for SEVs, and along with the improvement of sharing service quality, residents’
psychological perception of SEVs can be improved [47]. In addition, the study finds that
residents who often use private cars/taxis tend to choose cars instead of subways, and
it has been observed that people who are accustomed to using private transport have a
strong preference for cars. Thus, it is extremely hard to directly transfer them to public
transport. As demonstrated by the correlation between SEV and car use, as well as with
subway use, SEVs may become a transitional approach to improving their effectiveness by
attracting car and subway trips to SEVs. This could reduce both the travel frequency of
private cars and the utilization rate of fuel vehicles, as well as distribute some redundant
passenger flow to subways, promoting the formation of sustainable transport.

The distribution mechanism of demand for SEVs was revealed by the model of travel
destination choice for SEVs. The fundamental factors include personal carbon trading,
mall attributes and the number of parking lots and subway stations. As SEVs become
more attractive due to their increased utility, some restrictions on private cars should be
implemented at the same time to avoid the diversion of demand from public transport.
Personal carbon trading will reduce the demand for high-carbon travel. Public transport
or walking will tend to be chosen for short-distance travel, while long-distance travel will
be avoided as much as possible. Therefore, the government could consider implementing
personal carbon trading policies through low-carbon travel benefits and high-carbon travel
penalties to promote SEVs, thus encouraging residents to travel using low-carbon travel
modes and form a favorable social atmosphere for carbon emission reduction. The richer
the functions of the mall and the more parking lots there are, the more the demand for
SEVs can be promoted, while the number of subway stations has an inhibitory effect.
Therefore, different types of malls can be equipped with different public transport and
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parking resources. For large malls located in remote areas with diversified leisure and
entertainment facilities, SEV stations can be added nearby and combined with the subway
network to meet a large number of medium- or long-distance and diversified leisure and
entertainment travel needs. For small- and medium-sized malls located in the center of
the city and lacking in land resources, the government can help enterprises convert some
parking space into SEV stations, so as to meet the travel needs of residents without cars
while restricting some private cars.

A positive feature of this paper is the hybrid choice model that combines psychological
latent variables. Thus the demand for SEVs in developing countries can be obtained from
a stated preference survey. However, several limitations should be noted. First of all, the
formation and distribution mechanisms of the demand for SEVs are explored in-depth
from a spatial perspective, which can provide the corresponding foundation for outlet
distribution. However, it is worth pointing out that the demand for SEVs is not considered
from a time perspective. The spatiotemporal distribution mechanism of demand can be
explored in future studies to provide relevant recommendations guiding vehicle scheduling.
Second, this paper mainly explores the destination choice behavior related to SEVs when
traveling for leisure and entertainment. Wang et al. point out that if the residential
community were equipped with convenient SEV services, most residents would be willing
to change their travel mode and reduce the use of private cars [46]. The follow-up research
cannot be limited to the places that are frequently used to set up shared sites, such as leisure
and entertainment destinations and transport hubs. Future research should also explore
whether community sites can break through the development dilemma faced by SEVs and
how to reasonably distribute sites. Last but not least, the correlation analysis shows that
there is a certain correlation among SEV, subway and car use. In future research, there
should be comprehensive and in-depth investigation of two aspects: one is to explore the
individual behavioral transfer mechanism among the three modes; the other is to promote
the sustainable development of transportation through the coordinated development of
the three modes from the perspective of transportation systems.
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