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Abstract: Carsharing is an emerging commute mode in China, which may produce social and
environmental benefits. This paper aims to develop a commute mode choice model to explore
influential factors and quantify their impacts on the potential demand for carsharing in Shanghai.
The sample data were obtained from a revealed preference (RP) and stated preference (SP) survey
and integrated with level-of-service attributes from road and transit networks. The RP survey
collected commuters’ trip information and socioeconomic and demographic characteristics. In the
SP survey, four hypothetical scenarios were designed based on carsharing’s unit price to collect
commuters’ willingness to shift to carsharing. Data fusion method was applied to fuse RP and SP
models. The joint model identified the target group of choosing carsharing with certain socioeconomic
and demographic attributes, such as gender, age, income, household member, household vehicle
ownership, and so on. It also indicates that the value of time (VOT) for carsharing is 35.56 RMB
Yuan (5.08 US Dollar)/h. The elasticity and marginal effect analysis show that the direct elasticity of
carsharing’s fare on its potential demand is −0.660, while the commuters, who have a more urgent
plan on car purchase or are more familiar with the carsharing service, have much higher probabilities
to choose carsharing as their commute modes. The developed model is expected to be applied to the
urban travel demand model, providing references for the formulation of carsharing operation scheme
and government policy.

Keywords: carsharing; commute mode choice model; potential demand; data fusion; RP&SP survey

1. Introduction

Carsharing is a travel mode that replaces car ownership with car use rights. It provides members
access to a fleet of autos for short-term use throughout the day, and therefore reduces the need for one
or more personal vehicles [1]. Carsharing originated in Europe and dated back to the 1940s. It became
prevalent in the 1990s and has been further popularized in Europe and extended to North America,
South America, Asia, and Australia in the past 20 years [2]. There are various carsharing models in
existence, the earliest of which was the round-trip model. More recently, different carsharing models
have emerged, including one-way (free-floating or station-based) and peer-to-peer carsharing [3].
On the one hand, carsharing meets motorized travel demands while reducing travel costs. On the
other hand, it plays a certain role in producing environmental and social benefits. The impact on
the environment is mainly reflected in reducing greenhouse gas emissions [4–7]. Recently, more and
more studies begin to focus on the use of electric vehicles in Carsharing [8,9]. Shaheen et al. also
suggested that carsharing and zero-emission vehicles (ZEVs) could be integrated to create a more
sustainable transportation system [10]. Some studies indicate a considerable reduction in vehicle
ownership and vehicle kilometers traveled (VKT). The result of Martin et al.’s study [11] showed that
the average number of vehicles per household of carsharing members in North America fell from 0.47
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to 0.24. A more recent study of car2go users in five North American cities by Martin and Shaheen [12]
found that each carsharing vehicle removed between 7 and 11 vehicles from the road. Nijland [13]
found that in the Netherlands car ownership of carsharing users decreased by more than 30%, and the
VKT decreased by 15% to 20%. In terms of the impact of transportation systems, the current role of
carsharing in replacing other travel modes is still controversial [14]. Some studies have shown that
carsharing members shift to transit, bicycle, and walking [15]; others have shown that carsharing has a
substitution effect on public transit and increases the VKT [16]. Otherwise, carsharing can also be a
potential solution to address first- and last-mile connection with public transit [17].

High-speed motorization in China’s cities has brought about a series of problems such as parking
difficulties, air pollution, energy consumption, as well as traffic control and safety issues [18–20].
Carsharing has been introduced and is now in its nascent stage of development in China. After 2011,
commercial carsharing services emerged gradually in major cities, such as “chefenxiang” in Hangzhou,
EVCARD in Shanghai, and Gofun in Beijing. However, since people know little about carsharing, the
study on people’s willingness to use carsharing will contribute to the promotion of carsharing in China
and the development of a multimodal and sustainable urban transportation system [21]. Commute
trips are the basis for ensuring residents’ daily work and life, accounting for a large proportion of travel
demand during the morning and evening peaks [22]. Carsharing can enlarge the mode choice set by
providing an alternative flexible commute mode. How to estimate the potential commute demand of
carsharing and quantify its influential factors have become important research topics.

Some scholars developed discrete choice models to analyze residents’ willingness to use carsharing
and its influential factors. Usually, a stated preference (SP), or revealed preference (RP) and stated
preference (SP), survey is conducted to obtain the data for analysis. Cervero [23] developed a binary
logit model to analyze the preference for carsharing in San Francisco. The main influential factors were
the travel time difference between auto and public transit, gender, annual income, etc. The binomial
logit model was also used in Cartenì et al.’s study [24] to analyze the mode choice between carsharing
and private car. The key finding from the choice model and the follow-up elasticity analysis was that
travel cost has a much greater impact than travel time on affecting carsharing choice. Similarly, in De
Luca and Di Pace [25], travel cost was identified as one of the critical factors based on an SP survey.
The estimation results of bivariate probit model in Becker et al. [26] demonstrated both free-floating
and station-based carsharing services could attract younger and educated people, which were in
line with the key findings from the other two studies [27,28] dedicated to revealing the influence of
socioeconomic factors on the general carsharing choice. Based on the SP survey data, Catalano et
al. [29] developed a commute mode choice model in Palermo, Italy. The result indicated that one-way
travel time, cost, parking time, and the number of cars available to each family member were the main
factors influencing commuters’ willingness. Additionally, under a future scenario characterized by
several policy actions for limiting private mode use, the carsharing market share could increase to 10%.
Ordered logit model was also applied to capture the willingness (divided into five levels: Definitely
no, probably no, maybe, probably yes, and absolutely yes) to use Greek electric vehicle (EV) carsharing
in Efthymiou’s study [30]. The findings showed that people with annual income between 15 K and 25
K Euros were more willing to accept carsharing, and carsharing were more attractive to commuters
who used bus, trolley, or tram and were more environmentally conscious.

The research on carsharing in China mainly focuses on first-tier cities such as Shanghai and Beijing.
There are great differences in the degree of motorization [31] and taxi market [32] between China
and other countries, which may lead to great differences in the willingness to use carsharing. Wang
et al. [32] conducted an SP survey on Shanghai residents and developed an ordered logit model of
carsharing use willingness (divided into five levels from low to high). The results showed that people
interested in carsharing were younger, more likely to be well educated, had longer commute distance,
and had fewer cars. Wang and Yan [33] also conducted an empirical study of willingness (divided
into three levels: Willing to use, neutral, and not willing to use) to use EV carsharing in Shanghai.
The results of the multinomial logistic regression analysis showed that the demographic characteristics
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of people choosing EV carsharing were male, aged between 18 and 30 years old, and usually took
subway and bus as the daily travel modes. In order to explore the market potential of carsharing
system in Beijing, Yoon and Chery [34] developed a binary logit model on whether they would like to
use carsharing in one-way and round-trip travel based on RP and SP survey data. The results showed
that age, income, gender, gated apartment residence, car ownership, comfort index of subways users,
shelter mode, and so on were important influential factors.

But there is insufficiency in existing studies: (1) Only level-of-service (LOS) attributes of current RP
travel mode were generally obtained from the commute information recalled by respondents, whereas
LOS attributes of other RP travel modes were not obtained, which suffered from information inadequacy.
LOS attributes in SP hypothetical scenarios are often set up by researchers, which are not necessarily
combined with the actual trip origins and destinations. (2) In fact, a few carsharing companies are
already operating in the market. Some residents may have contacted and used carsharing. The impacts
of familiarity with carsharing and user experience on use willingness were neglected, and analysis of
which is helpful for operating enterprises to evaluate the significance of their marketing promotion.
(3) Although a part of studies developed a mode choice model for all travel modes including carsharing,
they only considered travel modes in SP context. There lacks research combining SP choices with
actual RP choices.

To supplement the insufficiency, this study completed the following tasks: (1) RP/SP commute
information and socioeconomic and demographic attributes of commuters in Shanghai were collected
through a survey. Different SP scenarios were designed based on carsharing unit price to test price
sensitivity and calculate the value of time (VOT). Zone-to-zone skim matrices of LOS attributes were
generated based on the actual road network and transit networks in Shanghai. Based on these skim
matrices, LOS attributes of RP/SP travel modes in the sample were obtained, which greatly improve the
diversity and accuracy of LOS attributes. (2) The respondents’ familiarity with carsharing (EVCARD, a
one-way station-based EV carsharing service in Shanghai, as the research object in this study) was
collected to test the impacts of different levels of familiarity on their willingness to use carsharing.
(3) Based on data fusion method, a joint RP and SP commute mode choice model was developed.
The developed model is expected to be applied to the urban travel demand model, providing references
for the formulation of carsharing operation scheme and government policy.

This paper focuses on the identification of factors influential to the potential commute demand on
carsharing in the joint RP/SP model. The rest of this paper is organized as follows. The next section
introduces the RP/SP data fusion method for model development. Section 3 presents data sources and
sample description. In Section 4, the joint RP/SP model is developed so as to specify the influential
factors and their impacts on potential demand of carsharing. Key explanatory variables in carsharing
utility function are selected for elasticity and marginal effect analysis. The last section concludes this
paper and discusses future research directions.

2. Methodology

2.1. Joint RP and SP MNL Model

This section presents the data fusion method for integrating RP and SP data. Although RP surveys
can reflect a traveler’s actual mode choice, there are also some shortcomings, such as failure to get
travelers’ preferences on alternatives that do not exist in the market, or that travelers have not yet been
familiar with. SP surveys allow for a flexible design of hypothetical scenarios related to key attributes
and can obtain multiple observations on one individual. SP surveys can help researchers to capture
the individual behavior and perception more accurately [35], and to achieve an effective valuation of
attributes [36], which is especially suitable for the analysis of the impact of an alternative being newly
introduced into the market. However, SP data may not produce reliable forecasts of real choices due to
the fact that the hypothetical scenario is not exactly the same as the choice scenario in the real world.
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An RP/SP data fusion can take advantage of the complementary strengths of each data source and
improve the model precision [37].

In a traditional multinomial logit (MNL) model, the error term in each random utility function is
assumed to follow i.i.d. (identical and independent distribution) of standard Gumbel. The assumption
is based upon two properties of the Gumbel distribution: One is its similarity to the normal distribution,
while the other is the achievement of a closed-form expression for the likelihood function after being
integrated with the utility maximization theory [38–40]. However, since error terms may have unequal
variances when choice data are derived from different sources, the model cannot be developed by
pooling those data directly.

In this study, a practical method is applied to integrate RP and SP data by introducing a scale
parameter. This method was initially applied in the transportation field by Morikawa et al. [41].

Suppose that the ratio between error variances in the RP and SP data can be expressed as
Var(εRP

in )
Var(εSP

in )
= µ2

or Var(εRP
in ) = Var(µ · εSP

in ), then two random variables with equal variance can be obtained. The model
is illustrated in the following framework:

RP model:
URP
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in + εRP
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in + εRP
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(3)

SP model:
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exp
(
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in
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∑

k∈ISP
n

exp
(
µ ·VSP

kn

) (5)

δSP
in =

{
1 if Individual n chooses Alternative i in the SP data
0 otherwise

(6)

where Uin is the utility of Alternative i for Individual n; Vin is the systematic component of Uin; εin
is the random component of Uin; In is the mode choice set of Individual n; pin is the probability that
Individual n chooses Alternative i; δin is the choice indicator of Alternative i for Individual n; Xin is the
vector of same explanatory variables of Alternative i for Individual n in RP and SP; Win and Zin are
vectors of different explanatory variables of Alternative i for Individual n in RP and SP; α, β, and γ
are vectors of unknown parameters; µ is the scale parameter; superscript RP and SP indicate different
data sources.

Model parameters (including the scale parameter µ) can be estimated by maximizing the following
joint log-likelihood function [42] so that an effective data fusion and consistent model estimation can
be realized:

LLRP(α, β) =
∑

n∈NRP

∑
i∈IRP

n

δRP
in ln

(
pRP

in

)
(7)

LLSP(β,γ,µ) =
∑

n∈NSP

∑
i∈ISP

n

δSP
in ln

(
pSP

in

)
(8)

LLRP+SP(α, β,γ,µ) = LLRP(α, β) + LLSP(β,γ,µ) (9)

where NRP and NSP represent the samples in the RP and SP data.
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In NLOGIT software [43], the estimation problem can be solved by setting up an artificial tree
structure [44]. Two subsets can be formed by incorporating RP and SP alternatives respectively. RP
alternatives are placed in a nest directly below the “root” while SP alternatives are each placed in a
single alternative nest. By this means, one can scale up or down all utility functions in the SP context
by the same factor µ.

This study focuses on seven main commute travel modes: Car, Taxi, Rail, Bus, Rail & Bus
(a combination of rail and bus), Non-motor (including non-motorized vehicles and walking), and
Carsharing. Then the nesting structure is supposed to be like Figure 1.
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2.2. Choice Set Restriction

In this study, the universal choice set is defined to contain seven main modes in Figure 1. Since
not all modes in the universal choice set are available to every traveler, the choice set needs to be
differentiated for each traveler.

The choice set for each traveler is developed in the following ways:

• Car mode is not available if a traveler does not have a household private car.
• Taxi mode is available for all the travelers.
• If the rail/bus in-vehicle time from the zone-to-zone skim matrices (see Section 3.2) takes a missing

value because the trip origin or destination does not have good access to rail/bus station (the
cut-off access distance for bus station is set to 2 km, and for rail is set to 5 km), the Rail/Bus mode
is not available for the traveler in this trip.

• If either of the in-vehicle times of rail and bus take a missing value, Rail & Bus mode is not
available for the traveler in this trip.

• According to the cumulative distribution curve of trip distance of non-motorized trips derived
from the Shanghai transport survey report [45], 99% of non-motorized trips are less than 25 km.
We assumed that non-motor mode is not available if non-motor trip distance exceeds 25 km.

• In the survey, only a small part of the commuters who are willing to shift to carsharing do not
have a driver’s license yet, but they are still potential users of carsharing. And it is not difficult to
obtain a driver’s license in China. For this consideration, carsharing mode is assumed available
for all the travelers.

3. Data Sources and Description

3.1. Web-Based Travel Survey on Carsharing

EVCARD in Shanghai is a one-way station-based EV carsharing service that is charged on travel
time (minutes) or daily basis. The users can achieve self-service car rental and pay online through
mobile EVCARD APP or its website. During July to September 2018, an RP&SP survey on commuters’
willingness to use EVCARD for commute was conducted in Shanghai through an online survey
platform and 887 valid observations on morning peak commuters were collected.
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The questionnaire was designed to involve three parts:

• The first part (RP part) collected full-mode commute trip information, including origin and
destination locations (ODs), current commute mode, travel modes of accessing and egressing
public transit stations, trip beginning and ending times, and the number of companions.

• The second part (SP part) gathered a potential mode shift to EVCARD under four hypothetical
scenarios. First, the basic operational characteristics and usage process of EVCARD were briefly
introduced to respondents, as shown in Figure 2. Then, four hypothetical scenarios were designed
based on carsharing’s unit price to test price sensitivity, which were 0.4, 0.6, 0.8, and 1.0 RMB
Yuan/min, respectively. We conducted a pre-survey in May 2018 with a sample size of 77, and
four SP unit price levels were designed as 0.2, 0.4, 0.6, and 0.8 RMB Yuan/min based on the actual
unit price of EVCARD in Shanghai, which is 0.6 RMB Yuan/min. The analysis of the pre survey
showed that almost all respondents were willing to shift to carsharing when the unit price is
0.2 RMB Yuan/h, which means that we have assumed a relatively low price setting. Thus, we
designed four unit price levels starting from 0.4 RMB Yuan/min with an increment of 0.2 RMB
Yuan/min in order to have an adequate price variance as well as the exact unit price in SP scenarios.
Respondents answered whether they would like to shift to EVCARD for commute under two
hypothetical scenarios that appeared at equal probability randomly, which could not only reduce
the complexity and improve the quality of questionnaire, but also collect information in scenarios
with different levels of carsharing’s unit price. Thus, the final sample comprises a total of 3229
observations (887 RP observations and 2342 SP observations).

• The third part collected the socioeconomic and demographic characteristics of commuters,
including gender, age, education, personal monthly income, marital status, residence type,
household member, household vehicle ownership, car purchase plan, and familiarity with
EVCARD and so on.
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3.2. Zone-to-Zone Skim Matrices

Shanghai residential committees, road network, and transit network (including rail/bus lines,
rail/bus stops) were integrated based on the TransCAD software platform, as shown in Figure 3.
The residential committee is the basic administrative unit of residents in Shanghai. There are 5432
residential committees in the entire city, which are considered as traffic analysis zones (TAZs).
The centroids of TAZs are used to locate the starting points and ending points of trips.
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transit networks.

Based on the integrated data, the zone-to-zone skim matrices of LOS attributes were generated
for all travel modes across five time-of-day periods (before morning peak: 0:00–7:00; morning peak:
7:00–9:00; flat period: 9:00–17:00; evening peak: 17:00–19:00; after evening peak: 19:00–24:00). Major
LOS attributes include car in-vehicle time, public transit in-vehicle time, cost, station access/egress
distance, initial waiting time, transfer waiting time, transfer walking time, etc. In view of the motor
driving characteristics of taxi and carsharing, this study used car in-vehicle time and distance as the
in-vehicle time and distance for taxi, and calculated taxi fare matrices according to actual taxi fare
pricing rules in Shanghai. Also, car in-vehicle times were used as carsharing in-vehicle times, and then
carsharing fare matrices were calculated according to the carsharing unit price in the four hypothetical
SP scenarios. The LOS data were then merged into mode choice data according to zone ID and trip
beginning time period.

3.3. Sample Description

3.3.1. OD Distribution

Based on the RP data, the spatial distribution of commute ODs in the morning peak period
(7:00–9:00 AM) is shown in Figure 4. It shows that the scope of the survey basically covers the whole
city of Shanghai, and residential and work locations are most densely distributed in the city center, but
sparsely distributed in the suburbs. It is basically in line with the actual population and employment
distribution of Shanghai.

3.3.2. Mode Shares and Mode Shifts

Mode shares of six travel modes in RP and mode shifts to carsharing in different SP scenarios
are shown in Figure 5. It shows that when the carsharing’s unit price increases, the willingness drops
significantly, indicating that commuters are quite sensitive to the price. Taxi commuters are the most
willing to shift to carsharing, maybe due to lower carsharing’s fare compared with taxi. Car users are
also very willing to shift, probably because if they use carsharing, they do not need to consider the
parking space, parking fee, and fuel cost, etc. The shift ratio of bus is also relatively high, maybe due to
the long waiting time, slow speed, and discomfort of buses. In contrast, rail and non-motor users are
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less willing to shift. Probably because the rail has met the commuters’ needs for speed, convenience,
and comfort, and carsharing does not show an obvious advantage over non-motor in short-distance
commute. The shift ratio of Rail & Bus is lowest, probably because the commute distance is overlong
and the cost of using carsharing will be very expensive. Generally speaking, the shift ratio seems
over optimistic, probably because it is assumed that the EVCARD stations and vehicles can fully
meet the respondents’ demand in the SP scenarios. However, most respondents have not experienced
carsharing. In the real situation, there is a case where station parking space cannot be found or no
vehicle is available near stations.
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3.3.3. Level-of-Service Attributes

Based on zone-to-zone skim matrices and observed commute trip OD pairs, LOS attributes were
merged into mode choice data by zone ID (matched by trip OD). The description of LOS attributes is
shown in Table 1. In the RP context, in terms of average in-vehicle time, car is close to rail, whereas
bus and Rail & Bus rise significantly. It should be pointed out that the time variable is not used as
the evaluation standard of public transit station access/egress, but the distance variable. Because
travelers can take a variety of modes to get to the public transit stations, such as walking, bicycling,
and electric vehicles, which have different travel speeds and different times at the same distance, so the
distance variable can ensure a smaller bias. The average rail access distance is slightly longer than
the average rail egress distance, possibly due to the denser distribution of rail stations in workplaces
than in residential areas. The average bus access and egress distances are both smaller than those of
the rail because the bus line and station coverage rate are much greater than that of rail in Shanghai.
The average initial waiting time and transfer waiting time of rail are shorter than those of bus and
vary much less, indicating that rail system provides a higher service frequency and the distribution is
more even among different lines. The average trip distance for non-motor mode is 3.79 km, which is
quite close to 4.1 km in the Shanghai transport survey report [45]. In SP contexts, only LOS attributes
of the commuters who shift to carsharing are described. The car in-vehicle time multiplied by the
carsharing’s unit price of different SP scenarios can get the carsharing fares.

Table 1. Description of LOS Attributes.

Mode LOS Attributes N Mean S.E.

Car In-vehicle time (min) 345 23.20 16.20

Taxi In-vehicle time (min) 21 18.50 17.90
Fare (RMB Yuan 1) 21 28.58 33.24

Rail In-vehicle time (min) 192 20.51 13.04
Fare (RMB Yuan) 192 3.94 0.84

Access distance (km) 192 1.34 0.83
Egress distance (km) 192 1.11 0.74

Initial waiting time (min) 192 2.15 0.28
Transfer waiting time (min) 192 1.24 1.45

Number of transfers 192 0.57 0.65

Bus In-vehicle time (min) 121 30.19 24.83
Fare (RMB Yuan) 121 2.89 1.29

Access distance (km) 121 0.58 0.42
Egress distance (km) 121 0.66 0.43

Initial waiting time (min) 121 3.84 1.81
Transfer waiting time (min) 121 1.66 2.81
Transfer walking time (min) 121 0.65 2.02

Number of transfers 121 0.45 0.64

Rail & Bus Total in-vehicle time (min) 18 53.41 24.51
Fare (RMB Yuan) 18 6.00 1.57

Rail in-vehicle time (min) 18 30.44 18.12
Bus in-vehicle time (min) 18 22.96 22.14

Access distance (km) 18 0.53 0.43
Egress distance (km) 18 0.84 0.44

Initial waiting time (min) 18 4.28 3.20
Transfer waiting time (min) 18 5.08 3.14
Transfer walking time (min) 18 3.84 2.94

Number of transfers 18 1.94 0.87

Non-Motor Trip distance (km) 190 3.79 4.04

New Mode in SP Scenarios

Carsharing Fare (RMB Yuan)

Scenario 1 292 10.49 6.79
Scenario 2 238 15.77 9.20
Scenario 3 149 22.17 13.67
Scenario 4 80 28.06 21.21

1 The exchange rate of RMB Yuan to US dollar is approximately 7.0:1.
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3.3.4. Socioeconomic and Demographic Attributes

Description on socioeconomic and demographic attributes of commuters in the sample are shown
in Table 2. Females are slightly more than males. The average age of commuters is about 32 years old,
most of them are among 21–50 years old. Personal monthly income is mainly distributed between 4.5
K and 15 K RMB Yuan, with an average value of 10.6 K RMB Yuan. Most commuters have a bachelor’s
degree, a full-time job, a driving license, are married, and live with family. Nearly 60% of commuters
have a car purchase plan in five years. Their willingness to use carsharing may encourage them to
abandon their car purchase plans and shift to carsharing, thus reducing private car ownership. Nearly
85% of commuters have not heard of or never used EVCARD, and less than 3% of them frequently use
it, indicating that most residents are not familiar with carsharing. EVCARD still has much room for
improvement in advertising and encouraging consumers to experience.

Table 2. Description of socioeconomic and demographic attributes (N = 887).

Description of Discrete Variables

Attribute Percent Attribute Percent

Gender Marital status
Male 44.64% Married 66.85%

Female 55.36% Unmarried 33.15%

Age (Years) 1 Residence type
≤20 4.51% Family 86.36%

21–30 43.86% Dormitory 13.53%
31–40 39.23% Other 0.11%

41–50 10.82% Household member
51–60 1.47% Infant (0–3 years old) 14.21%
≥61 0.11% Preschooler (4–6 years old) 16.57%

Education Schoolchild (7–12 years old) 20.63%
Elementary 0.45% Teenager (13–18 years old) 7.67%

Junior high school 0.56% Grown-up (19–60 years old) 99.89%
Senior high school 3.16% The elderly (61–70 years old) 12.74%

Technical secondary school 1.47% The elderly (71–80 years old) 3.04%
Junior College 11.05% The elderly (≥81 years old) 1.13%

Bachelor degree 68.55% Household vehicle ownership
Master degree 13.08% Urban licensed car 48.48%

Doctoral degree 1.69% Shanghai C licensed car 3 11.05%

Job category Other cities’ licensed car 3 13.98%
Full-time job 92.57% Employer-provided car 4.06%
Part-time job 1.60% Electric bicycle 30.78%

Full-time student 4.80% Private bicycle 28.07%
Part-time student 1.03% Motorcycle 2.37%

Personal monthly income (RMB Yuan 2)
None 16.57%

Car purchase plan
≤2 K 4.62% Within 1 year 14.54%

2 K–4.5 K 4.96% Within 1–2 years 20.52%
4.5 K–6 K 10.82% Within 2–3 years 14.43%
6 K–8 K 18.49% Within 3–5 years 10.48%

8 K–10 K 21.08% No plan within 5 years 17.14%
10 K–15 K 22.77% Not sure 22.89%

15 K–20 K 9.13% Familiarity with EVCARD
20 K–30 K 5.30% Never heard of 22.10%

>30 K 2.82% Heard of but not used 62.34%

Driving license Used but not often 12.74%
Yes 78.92% Frequently used 2.82%
No 21.08%

Description of Continuous Variables

Attribute Mean S.E.
Age (Years) 31.89 7.49

Years of education 4 16.11 1.83
Personal monthly income (10 K RMB Yuan) 5 1.06 0.65

Population density (1 K people/km2) 6 In O Zone 2.84 2.35
In D Zone 1.86 2.08

Job density (1 K positions/km2) 6 In O Zone 1.45 2.19
In D Zone 2.50 2.75

1 They are categorized based on a continuous variable Age. 2 The exchange rate of RMB Yuan to US dollar is
approximately 7.0:1. 3 Shanghai C licensed cars are forbidden to enter Shanghai downtown, other cities’ licensed
cars are forbidden to travel on elevated roads between 7:00 am–10:00 am and 15:00 pm–20:00 pm on weekdays. 4 It
is converted from a discrete variable Education. 5 It is converted from a discrete variable Personal monthly income.
6 They are obtained from China Sixth Population Census in 2010 [46].
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4. Empirical Results

4.1. Model Estimation Results

Based on the RP/SP data fusion method, the estimation results of the RP/SP joint model are
shown in Table 3. The RP setting involves six commute modes, while the SP setting introduces a new
carsharing mode. The explanatory variables and coefficients of the same six modes in the RP and
SP models are the same and equal, the carsharing mode contains independent explanatory variables
and coefficients. Since the scale parameter, µ = 1.1114, is statistically significant from 1.0, the RP
choice data have different variances in random utilities from the SP choice data. All the selected
explanatory variables have significant and expected impacts on mode choice probabilities, and the
sign of coefficients reflects positive or negative effects.

Table 3. Estimated results of joint RP and SP model.

Mode Variable Coefficient S.E. T-Stat

Car Constant 6.9699 1.4463 4.82
In-vehicle time (min) −0.0444 0.0049 −9.12

Age (years) 0.3681 0.1013 3.64
Personal monthly income (10 K RMB Yuan 1) 0.6222 0.0885 7.03

Full-time job 0.5046 0.2337 2.16
Living with an infant (0–3 years old) 0.4235 0.1428 2.97

Living with a preschooler (4–6 years old) 0.2516 0.1390 1.81
Job density in D zone (1 K positions/km2) −0.0613 0.0193 −3.18

Taxi 2 In-vehicle time (min) −0.0604 0.0123 −4.90
Number of companions 0.1990 0.0620 3.21

Male −1.9207 0.4375 −4.39
Married −1.1056 0.3444 −3.21

Years of education 0.2704 0.0808 3.35
Personal monthly income (10 K RMB Yuan) 1.4022 0.2084 6.73

Rail Constant 4.1568 1.5398 2.70
In-vehicle time (min) −0.0164 0.0049 −3.33

Access/Egress distance (km) −0.5257 0.0536 −9.81
Male −0.3555 0.1171 −3.04

Years of education 0.1805 0.0323 5.59
Full-time job 1.7160 0.4094 4.19

Full-time student 2.3232 0.4797 4.84
Living with a preschooler (4–6 years old) −0.9861 0.2034 −4.85
Living with a schoolchild (7–12 years old) −0.9873 0.1583 −6.23

Bus Constant 5.1993 1.7506 2.97
In-vehicle time (min) −0.0173 0.0035 −4.95

Access/Egress distance (km) −0.4520 0.1079 −4.19
Initial waiting time (min) −0.0501 0.0300 −1.67

Transfer waiting time (min) −0.1679 0.0326 −5.16
Transfer walking time (min) −0.1079 0.0459 −2.35

Number of companions −0.3627 0.0925 −3.92
Male −0.4346 0.1286 −3.38

Age (years) 0.1726 0.0610 2.83
Age squared −0.0024 0.0009 −2.70

Living with a schoolchild (7–12 years old) −0.5101 0.1723 −2.96

Rail & Bus Constant 7.1995 1.4935 4.82
Bus in-vehicle time (min) −0.0173 0.0035 −4.95

Access/Egress distance (km) −0.4774 0.2261 −2.11
Transfer waiting time (min) −0.1330 0.0479 −2.78

Male −0.6647 0.2852 −2.33
Married −0.8604 0.2741 −3.14

Non-motor Constant 8.4121 1.4440 5.83
Trip distance (km) −0.2922 0.0215 −13.61

Number of companions −0.3378 0.0693 −4.87
Full-time student 1.0839 0.2506 4.33
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Table 3. Cont.

Mode Variable Coefficient S.E. T-Stat

Carsharing Constant 5.6403 1.6244 3.47
Fare (RMB Yuan) −0.0749 0.0069 −10.91

Number of companions 0.0895 0.0377 2.37
Male −0.3371 0.1025 −3.29

Age (years) 0.0987 0.0502 1.97
Age squared −0.0019 0.0007 −2.56

Personal monthly income (10 K RMB Yuan) 0.8355 0.1520 5.50
Living with an infant (0–3 years old) 0.3978 0.1491 2.67

Living with a preschooler (4–6 years old) 0.4196 0.0940 4.46
Car purchase plan within 1 year 0.9385 0.1408 6.67

Car purchase plan within 1–2 years 0.6679 0.1194 5.60
Has heard of but not used EVCARD 0.7957 0.1283 6.20

Has used EVCARD but not often 1.2567 0.1788 7.03
Has used EVCARD frequently 1.8747 0.3288 5.70

Owning a household Shanghai C licensed car 0.4607 0.1490 3.09
Owning a household motorcycle 1.0020 0.3489 2.87

Owning a household private bicycle −0.2074 0.1047 −1.98
Population density in O zone (1 K people/km2) 0.0406 0.0201 2.02

Job density in D zone (1 K positions/km2) 0.0468 0.0188 2.49
Scaling parameter 1.1114 0.0672 1.66 3

Summary Statistics
Number of observations: RP 887 + SP 2342 = 3229

LL(β̂): −3463.449
LL(0): −5144.724
ρ2(0): 0.327
ρ̂2(0): 0.315

1 The exchange rate of RMB Yuan to US dollar is approximately 7.0:1. 2 Taxi is the reference mode, there is no
constant term in its utility function. 3 t-statistic is calculated for the SP to RP scale factor with reference to the value
1, implying no scale difference between RP and SP data.

Firstly, the coefficients and impacts of significant variables in the carsharing utility function are
discussed in detail below.

• The coefficient of carsharing fare is significantly negative, implying that commuters are not inclined
to choose carsharing when the fare increases. Since the carsharing fare is perfectly correlated
with its in-vehicle time, the utility function only contains the fare variable with a coefficient of
−0.0749. VOT can also be known as how much travelers are willing to pay to reduce travel time,
i.e., the value of travel time savings (VTTS). Estimation of VOT can support the policy designs of
transport operators and hence make adjustments on prices and levels of service offered. Because
the driving characteristics of the carsharing are identical with those of the car, the coefficient of
car in-vehicle time, which is −0.0444, can be borrowed to calculate the VOT of carsharing. Thus,
the VOT of carsharing is 35.56 RMB Yuan (5.08 US Dollar)/h calculated by the ratio between the
coefficients of car in-vehicle time and carsharing fare, which is less than the sample average hourly
wage of 61 RMB Yuan (8.71 US Dollar)/h (the average monthly income of the sample is 10.6 K
RMB Yuan, and the normal working hours per year is 2080 h) and is within a reasonable range.
The result in this paper is consistent with that in Li’s research [47], but smaller than that in De
Luca [25]. In the former research in Taiyuan, China, the VOT is 22.0 RMB Yuan (3.14 US Dollar)/h
in mid-distance (2–5 km) trip and 81.1 RMB Yuan (11.59 US Dollar)/h in long-distance (more than
5 km) trip. The VOT value in this paper is estimated without distinguishing the distance, thus
it is between the two values. In the latter research in Salerno, Italy, the VOT is 10 Euros (11.18
US Dollar)/h. Also, Wang et al. [48] derived a VOT value of 9.06 US Dollar/h for the carsharing
service in Seattle. It can be seen that the VOT value varies widely among countries because of
different monetary and transportation backgrounds.

• The more companions, the less cost per person shares, the more willing commuters are to use
carsharing. Similarly, the coefficients of the number of companions in taxi utility functions is
also positive.

• Unlike previous studies in San Francisco [23], Basel, Switzerland [26], Shanghai [33], and
Beijing [34], women in this study and studies in Peshawar, Pakistan [49], and Salerno, Italy [25]
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are found more willing to use carsharing, probably because most commuters in the sample come
from families with cars, where men are often main car users. In this case, women may prefer to
use carsharing if they want to use a motorized private commute mode.

• The age term and age squared term indicate that the probability of commuters choosing carsharing
increases with age and peaks at 26 years old. This is consistent with the results obtained from the
studies in London [50], Greece [30], and Shanghai [32,33], that younger people are more willing to
accept carsharing. Young people at this age have just started to work and probably cannot afford
to buy cars, but they have a high demand for commute mobility. Thus, carsharing becomes a good
choice for them. As commuters’ age increases, the probability of choosing carsharing gradually
decreases, probably because they can afford to buy cars and need to allocate more expenditure to
household consumption.

• Carsharing is more attractive to high-income groups, possibly because they are less sensitive to
the cost. The studies in Basel, Switzerland [26], London [50], Puget Sound [27], and Beijing [34]
also drew similar conclusions. But the study in Greece [30] showed that carsharing was more
appealing to low- and middle-income groups.

• Commuters with infants or preschool children at home are more willing to use carsharing,
presumably because they need to pick up spouses or children, and carsharing can meet the needs
for travel flexibility and convenience.

• People who have a car purchase plan within one or two years have an urgent need for motorized
travel, therefore they prefer to choose carsharing to meet the current travel needs before
purchasing vehicles.

• The coefficient of familiarity with EVCARD is positive, and commuters are more willing to
use carsharing with the increase of the degree of familiarity. Carsharing operating companies
should enhance advertising and consider taking measures to lower the threshold for the first use
of carsharing.

• Commuters with Shanghai C licensed cars are restricted to travel only in the suburbs of Shanghai,
and commuters with motorcycles are also restricted from traveling on certain roads and areas, and
their travel is greatly affected by weather and environment. These two types of commuters prefer
to choose carsharing with unrestricted travel privilege and comfortable sheltered environment.
Conversely, the ownership of private bicycles may indicate that commuters’ short-distance travel
needs have been met, so they are reluctant to spend more and do not need to shift to carsharing.

• Parking space will be scarcer when the population density in origin (O) zone is higher. When
the job density in destination (D) zone is higher, it shows that the zone is likely to belong to a
commercial district and parking fees will be more expensive. In these cases, commuters are more
willing to shift carsharing with exclusive but free parking spaces. Additionally, it was found that
carsharing was more attractive to individuals residing in higher-density areas in Le Vine’s [50] and
Dias’s [27] researches. Similarly, the coefficient of job density variable in D zone is also negative in
the car utility function.

Secondly, the coefficients of LOS variables in utility functions of other modes are explained
and compared.

• The coefficient of car’s in-vehicle time is less than that of taxi. They are respectively 2.71 and 2.57
times as much as that of rail and of bus. It indicates that people’s tolerance for car’s in-vehicle
time is higher than that of taxi, but significantly smaller than that of public transit. It is probably
because drivers need to concentrate on driving and are prone to fatigue, but commuters taking
public transit can use smartphones to entertain or relax, which reduces their sensitivity to time.

• Accessibility to public transit stations is an important factor influencing commuters’ public transit
choice probability, and long access/egress distance to the station will discourage commuters from
choosing public transit.
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• The initial waiting time, transfer waiting time, and transfer walking time of bus have a greater
negative impact on the probability of commuters choosing bus than in-vehicle time. Because
waiting and transferring environment of bus is not comfortable, and commuters are generally in a
state of anxious waiting or in a hurry. Similarly, excessive transfers and overlong waiting time of
Rail & Bus will reduce the probability of commuters choosing this mode.

• Unlike carsharing and taxi, the higher the number of companions on the commute way, the lower
the probability of choosing bus and non-motor modes. It is inconvenient for many people to use
bus and non-motor modes together, and the cost or resources required are proportional to the
number of their companions in these two modes, unlike in motor vehicles.

Finally, the impacts of different socioeconomic and demographic attributes of other modes
are discussed.

• In the car mode, commuters who are between 26 and 35 years old, full-time workers, living with
children, tend to use private car most because they need to go home in time to take care of their
children or take them to and from school. Thus, they have a high demand for mobility and prefer
to commute by car. In addition, the costs of car purchase, fuel consumption, and maintenance are
high, it is, therefore, more suitable for the long-term use of high-income groups.

• Women with higher education years and income are more willing to use taxis to commute. They
have higher requirements for travel comfort and are insensitive to travel costs.

• Women are more likely to commute by public transit, possibly because men in the family are
usually the main user of private cars, and most families in Shanghai own only one private car.
Commuters with preschool or schoolchildren are not inclined to choose public transit, presumably
because they generally need to pick up their children and private mode is more convenient. Since
married people will consider choosing a convenient and time-saving travel mode to take care of
family members, they are unwilling to choose Rail & Bus.

• The commuters who are well educated are more willing to use rail. The reason may be that these
people usually work in white-collar jobs, and their work places are concentrated in urban or
commercial areas being well covered by rail stations. Full-time workers and full-time students are
more willing to commute by rail due to time and speed requirements.

• Full-time students (mainly high school and university students) are more likely to use
non-motorized travel mode, possibly because they mostly walk to school or live in school.

4.2. Elasticity and Marginal Effect Analysis

Based on the developed model, the key carsharing explanatory variables are selected to calculate
the direct/cross elasticities and marginal effects, the results are shown in Table 4. The elasticity of a
continuous variable is calculated as the percentage of the probability change in each mode caused by
1% increase in the variable. The marginal effect of a discrete variable is calculated as the probability
change in each mode caused by the change of the variable (e.g., the variable “number of companions”
increases by one person; for the variable “familiarity with carsharing”, all the commuters are assumed
to choose the reference category “has never heard of carsharing” and then shift to choosing the category
being evaluated).

The direct elasticity of carsharing fare is −0.660. It means if carsharing fare goes up by 10%,
carsharing commuters will decrease by 6.60%. It indicates that carsharing commuters are sensitive to
travel expenditures. The cross elasticities of carsharing fare on motor mode and public transit mode are
roughly equal (range from 0.414 to 0.487), which implies that when carsharing service is more appealing,
the increasing demand mainly comes, not only from motor mode, but also from public transit mode.
The higher the personal monthly income, the more willing commuters are to use carsharing, but the
direct elasticity is about 42% of that of the carsharing fare, reasonably reflecting commuters’ willingness
to purchase the carsharing service with personal income increase, as well as potential demand increase
with economic development. When the number of companions increases by one person, the average
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commute cost decreases for each person, and the probability of commuters’ choosing carsharing
increases by 0.0248, whereas this change has little effect on other modes. The probability of commuters
choosing carsharing increases by 0.1882 or 0.1324 when they have a car purchase plan within 1 year or
1–2 years compared with those having no car purchase plan. It indicates that car purchase plan is a
key factor affecting commuters’ willingness to use carsharing mode. These commuters have relatively
urgent demands on travel mobility. The willingness of this group of commuters may result in more
use of carsharing and then potentially contributes to a reduction in vehicle ownership. Compared with
commuters who have never heard of EVCARD, the commuters who are more familiar with EVCARD
have a much higher probability to choose carsharing. In the meanwhile, the familiarity with EVCARD
has a great negative impact on the probability of commuters choosing car mode possibly because there
is a competition between private car and carsharing.

Table 4. Elasticities and marginal effects of selected key carsharing explanatory variables.

Variable Car Taxi Rail Bus R&B NMT Carsharing

Elasticities of Continuous Variables (%∆P)
Carsharing Fare +0.487 +0.437 +0.444 +0.419 +0.414 +0.272 −0.660

Personal monthly income +0.072 +1.148 −0.323 −0.355 −0.358 −0.322 +0.281
Job density in D zone −0.118 −0.019 −0.018 −0.017 −0.009 −0.019 +0.079

Marginal Effects of Discrete Variables (∆P)
Number of companions −0.0028 +0.0019 +0.0007 −0.0243 −0.0001 −0.0003 +0.0248

Car purchase plan within 1 year −0.0665 −0.0037 −0.0401 −0.0260 −0.0048 −0.0472 +0.1882
Car purchase plan within 1–2 years −0.0472 −0.0026 −0.0279 −0.0183 −0.0034 −0.0331 +0.1324
Has heard of but not used EVCARD −0.0583 −0.0033 −0.0348 −0.0228 −0.0042 −0.0417 +0.1651

Has used EVCARD but not often −0.0922 −0.0050 −0.0566 −0.0362 −0.0067 −0.0665 +0.2632
Has used EVCARD frequently −0.1328 −0.0070 −0.0847 −0.0527 −0.0097 −0.0966 +0.3835

5. Conclusions and Discussions

Based on the RP & SP data fusion method with a scale adjustment parameter, this paper developed
a commute mode choice model in Shanghai to identify influential factors of potential demand of
carsharing and quantify their impacts. The sample data were obtained from an RP and SP survey and
integrated with LOS attributes derived from road and transit networks. Commute trip information,
willingness to use carsharing, and socioeconomic and demographic attributes of commuters were
collected from a web-based questionnaire survey. In the SP survey, four hypothetical scenarios were
designed based on carsharing’s unit price to collect commuters’ willingness to shift to carsharing.
The descriptive analysis showed that taxi users are the most willing to shift to carsharing, followed by
car users and bus users, whereas rail and non-motor users shift least.

The results of empirical analysis reveal several meaningful findings for policy making. (1)
The estimation results of joint RP/SP model show that the VOT of carsharing is 35.56 RMB Yuan (5.08
US Dollar) per hour. According to the VOT value, carsharing operators make adjustments on prices
and levels of service offered, and the government can formulate relevant carsharing charging policies.
(2) Carsharing commuters are sensitive to carsharing fare. When carsharing fare goes up by 10%,
carsharing commuters will decrease by 6.60%. The roughly equal cross elasticities of carsharing fare
on motor mode and public transit mode indicates that the increasing demand mainly comes from both
motor and public transit modes. Therefore, the policy measures on private car are in absolute need
and should be implemented alongside any carsharing promotion policies [47]. (3) When the number of
companions increases, commuters are more willing to use carsharing. Commuters who are women,
young people around 26 years old, with higher monthly income, living with infants or preschool
children, owning Shanghai C licensed cars or motorcycles, with higher population density or job density
in residential district are more likely to use carsharing. Carsharing operators can take corresponding
measures to attract target population to register and use this service. (4) Whether commuters have a car
purchase plan or not and their familiarity with EVCARD are important factors affecting the probability
of choosing carsharing. Advertisement can be enhanced from multiple channels, so as to attract more
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commuters to use carsharing. In addition, relevant measures can be taken to lower the threshold for the
first use of carsharing, such as reducing the amount of deposit, implementing promotional policies, etc.

The RP&SP survey and joint modeling method used in this paper has potential to be applied to
investigate potential demand of emerging travel modes, such as e-hailing, taxipooling, bikesharing,
customized buses, etc. [37,51,52], in the mobile internet environment. It should be pointed out that the
coefficient of the public transit cost is not significant. This may be due to the high correlation between
public transit cost and in-vehicle time or the lack of changes in the sample. The market share of a
new mode estimated through the SP survey is based on hypothetical scenarios that ignore substantial
complicated factors in the real world. Therefore, market changes directly observed in the SP survey
need to be treated cautiously. The constant term of the utility function for a new travel mode obtained
from SP data often can be greatly biased.

In future studies, additional attempts can be made in the following two respects: (1) In the model
application, it is suggested that the Choice-Based Sampling Method [53] can be applied to adjust the
constant term of carsharing referring to the market share of existing carsharing operators. (2) Then the
adjusted model can be integrated into a citywide travel demand model to forecast the overall demand
for carsharing.
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