
sustainability

Article

Application of Bayesian Multilevel Models Using
Small and Medium Size City in China: The Case
of Changchun

Xiaoquan Wang 1 ID , Chunfu Shao 2,*, Chaoying Yin 1, Chengxiang Zhuge 3 and Wenjun Li 1

1 MOE Key Laboratory for Urban Transportation Complex Systems Theory and Technology,
Beijing Jiaotong University, Beijing 100044, China; 15120886@bjtu.edu.cn (X.W.);
15114226@bjtu.edu.cn (C.Y.); 12114236@bjtu.edu.cn (W.L.)

2 Key Laboratory of Transport Industry of Big Data Application Technologies for Comprehensive Transport,
Beijing Jiaotong University, Beijing 100044, China

3 Department of Geography, University of Cambridge, Downing Place, Cambridge CB2 3EN, UK;
zgcx615@126.com

* Correspondence: cfshao@bjtu.edu.cn

Received: 29 December 2017; Accepted: 8 February 2018; Published: 11 February 2018

Abstract: Concerns about transportation energy consumption and emissions force urban planners
and policy makers to pay more attention to the effects of car ownership and use on the environment
in China. However, few studies have investigated the relationship between the built environment
and car ownership and use in China, especially in mid-sized and small cities. This study uses
Changchun, China as a case study and examines the potential impacts of the built environment
and socio-demographics on car ownership and use for commuting simultaneously using Bayesian
multilevel binary logistic models. Furthermore, the spatial autocorrelation of car ownership and use is
recognized across traffic analysis zones (TAZs), which are specifically represented by the conditional
autoregressive (CAR) model. The estimated results indicate that socio-demographic characteristics
have significant effects on car ownership and use. Moreover, the built environment measured at the
TAZ level still shows a significant association with other factors controlled. Specifically, it suggests
that denser residential density, compact land use, better transit services and street connectivity
can reduce car dependency more effectively. This study provides new insights into how the built
environment influences the car ownership and use, which can be useful for urban planners and policy
makers to develop strategies for reducing car dependency.

Keywords: car ownership and use; built environment; spatial autocorrelation; Bayesian multilevel
binary logistic model; China

1. Introduction

In recent years, the number of cars has increased rapidly due to rapid urbanization, rising
incomes, and demand for motorized travel, especially in developing countries [1,2]. Car ownership
per 1000 people increased to 77 in 2013, which is almost 100 times what it was in 1990 in mainland
China [3]. An explosive growth of car ownership and use has also brought a series of problems,
such as traffic congestion, energy consumption and air pollution [4,5], which attracts more attention
from the government and policy makers in China [6]. Therefore, studies on the determiners and
how they influence the car ownership and use have gained wide interests among transportation
researchers [7–10]. To address the challenges, it is widely acknowledged that a solution to reduce car
dependency by promoting urban development patterns [11–20], in which built environment plays
an important role [21]. Moreover, the built environment could change with rapid urbanization in China,
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which also provides a good opportunity for understanding the link between the built environment
and car dependency.

The impacts of the built environment on car ownership and use have gained more and
more attention due to its contribution to traffic congestion and environmental issues in developed
countries [22–24]. However, there are several major gaps that need to be filled. First, although many
studies have explored these impacts in developed countries, little is known about the relationship
in urban China, especially in the context of small or mid-sized cities, in which car ownership and
use is still increasing rapidly [21,25]. With rapid urbanization, many Chinese cities are reshaping
their spatial forms and the number of car ownership is still growing constantly, which is significantly
different from western cities. In addition, a few Chinese cities are planning to build transit cities
and invest huge amounts of capital in developing public transit as a way to reduce car dependency.
These characteristics may show that findings in developed countries are not transferable to cities in
China. Second, few prior studies exploring the impacts of the built environment on car dependency
take into account spatial autocorrelation, which might lead to misunderstanding the role the built
environment plays. The spatial autocorrelation, which has been studied in spatial economics by several
approaches and proven to create an effect on travel behavior [26–28], is still rarely considered in
existing studies.

The paper aims to fill the aforementioned gaps and examine the influences of built environment
on car ownership and use in a rapidly developing country using the household travel survey data
in Changchun, China. Additionally, Bayesian multilevel binary logistic models incorporating spatial
autocorrelation are employed to investigate the influences.

This paper is organized as follows. The following section presents the related research. The third
section gives the data and model variables. The fourth section describes Bayesian multilevel binary
logistic models. The fifth section presents the results. The final section summarizes the important
findings and recommendations.

2. Literature Review

Built environment characteristics are summarized as the “D variables” including density, design,
diversity, destination accessibility and distance to transit [29–33]. A few studies have investigated
the influence of the built environment on car dependency as problems related to driving gained
more attention [6]. However, previous studies have returned some debatable conclusions about the
influences [13]. For example, some researchers believe that improving the built environment can
reduce car use and help reduce traffic congestion [34]. However, others doubt the conclusion and hold
the view that the influence is not direct and the travel distance become longer as the built environment
is improved [35].

2.1. The Impacts of Built Environment on Car Ownership and Use

Land use mixture is an important index representing land use diversity. The influences of land
use diversity on car ownership have been explored the most. Most researchers claim that increasing
land use mix can reduce car ownership and VMT to some extent [36,37]. However, some studies
indicate that the effects of land use mix on car use are not significant [38].

Density, including residence density and employment density, is another key component that is
significantly associated with car dependency. Cervero et al. [12] employed a logit model to examine
the influence of density and land use mix. The results indicate that both density and land use mix
have significant influences on travel behavior. Ding et al. [17] investigated the impacts of the built
environment on car ownership and travel distance. The results prove that employment density has
a significant influence on car ownership and travel distance, whereas the influence of residence density
is only significant for car ownership.

Design is an element usually quantified by street network connection, intersection density or block
size. Hong et al. [39] implemented a Bayesian model to represent the built environment’s influences
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on VMT, which indicated that the intersection density has an obvious effect on non-work related VMT
while having not effect on work-related VMT. However, the density of the road network is used to
represent design, whose results show that it is not significantly associated with car ownership [10].

Destination accessibility is a component representing a location’s characteristics, which is
important for travel including travel cost and time. And it is usually quantified by distance to the
central business district (CBD). Many researchers confirm that the location of residence has a significant
influence on VMT and the influence is always negative [40–42].

Due to the explosive construction of metro and the plan to create transit cities in China, the distance
to transit is playing a more important role in influencing car ownership and use. Wu et al. [2]
investigated how metro construction affected car travel using Beijing as a case. The authors compared
the commuting travel by car in 2005 and 2009 during which, the metro underwent explosive
construction. Li et al. [32] employed a regression model to explore the influence of the built
environment in neighborhoods near metro stations on car ownership and use, in which distance
to the metro station was found to be a significant factor.

However, concerns about the link between the built environment and car dependency are still few
in Chinese cities [10]. The built environment changes quickly with rapid urbanization, which could
provide additional insights into the link.

2.2. Other Factors Influencing Car Ownership and Use

Apart from the aforementioned variables, there are also other factors influencing car ownership
including socioeconomic and individual factors, household structure, trip-related information, and the
traveler’s self-selection. Some of these factors are believed to be even more important than the built
environment [43–47].

The influences of socioeconomic and individual factors on car ownership and use are well
explored in many studies [48]. Income is found to be a determinant for car ownership and use
both for work and non-work purposes, which also may be one of the most important factors [49,50].
Yet some researchers claim that the relationship between income and VMT is not significant [38].
The household structure including household size and the ages of children is a factor that can influence
the car dependency [51,52]. Furthermore, trip-related information is another factor that was found
to have a significant influence on car use. For example, Ding et al. [23] confirmed that travel cost
and time had a significant influence on mode choice after controlling for the built environment and
socio-demographic characteristics.

Individual attitudes and preferences which are also called self-selection effects have influence
on car ownership and travel mode choice [53]. The self-selection effects represent the preferences of
residents to choose their residential locations in transit-oriented neighborhoods. It has been found that
self-selection can affect car ownership and commuting distance [46]. Additionally, the influence of
attitudes on VMT is investigated at different geographical scales [39].

2.3. Spatial Effects in City Context

The spatial effects mainly include spatial heterogeneity and spatial autocorrelation, which were
often neglected in previous studies. The multilevel model is found to be an effective way to represent
spatial heterogeneity. For example, Ding et al. built a multilevel model to explore the relationship
between the built environment and work-related VMT and claimed that the increasing distance from
CBD generated more VMT. After the spatial heterogeneity is taken into consideration, the model
performs better than the simple models [24]. However, the spatial relationship between groups
cannot be captured with a multilevel model, which is also viewed as a way to display the effect of
location [28]. Hong et al. [39] proposed a unified analytical framework to examine the spatial effects
when exploring the influences of the built environment on VMT and found that the model considering
spatial effects fit the data better. A case in Beijing considered the spatial effects and confirmed that
the metro infrastructure is helpful for reducing car dependency [2]. However, spatial autocorrelation,
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usually considered in geographic and economic analysis, occurs when observations at nearby locations
tend to have similar characteristics. Therefore, the assumption of independence of observations is no
longer met. Xu et al. [54] explored the impacts of urban rail transit on commercial property value in
which spatial autoregressive models were used to estimate commercial value capture. The spatial
autocorrelation is also proven to exist in accidents that happen on suburban highways [55]. Moreover,
the relationship between transport emissions and land use is estimated and the CAR model is found
to be effective in representing the spatial autocorrelation [27]. Most statistical models ignoring the
spatial autocorrelation could lead to misunderstanding the role played by the built environment in
car ownership and use. However, the spatial autocorrelation is usually neglected in modeling car
ownership and use.

2.4. Determinants of Car Ownership and Use in China

With the rapid development of the economy, the rate of car ownership has grown significantly in
China over the past decades. It is widely believed that income is one of the most important factors
influencing the car ownership and use [56]. Besides the growth of income, other socio-demographic
characteristics including gender, age, education, and household structure have been found to have
significant influences on car ownership and use in China [57–59]. In addition, there are some factors that
should be taken into consideration to differentiate China from other developed countries, especially in
small and mid-sized cities in China, such as the Hukou and housing sources [21]. Hukou is a special
system to control the population movement from rural area to cities [60]. It is believed that Hukou
system is an important factor preventing people from a few social benefits. Especially in small and
mid-size cities in China, residents without local Hukou are less likely to buy a car. In addition,
another factor that differentiates China from western countries is the housing source [61]. In China,
the housing source is a factor influencing travel behavior. Residents living in Danwei housing are
found to significantly generate shorter commuting distance either by public transport or car than those
with other housing sources [32].

The built environment also plays an important role in influencing car ownership and travel
in Chinese cities. For example, a case study implemented in Shanghai shows that road length per
capita and intersection density in residential neighborhoods have negative impacts on car travel while
the distance to CBD has significantly positive impacts. This is similar to that of western cities [62].
Jiang et al. [10] confirmed that higher land use mix generated more household VKT, but was unrelated
with car ownership rates in Jinan. Liu et al. [63] employed a structure equal model to examine the
relationship between the built environment and car use, which confirmed that compact land use
played an important role in reducing car commuting.

Rapid urbanization brought a few problems that need to be solved urgently in China. For example,
many people living in suburban areas have to work downtown where most employment opportunities
concentrate, but the public transit service is lagging [32]. Many studies claim the residents living in the
suburbs generate more travel time by car [64]. There are two reasons accounting for it. One is that
the construction of infrastructure is hysteresis and transit service is far from satisfactory in suburbs.
The other is that residents have to drive to work because most employment opportunities concentrate
in the downtown.

The Chinese government has been committed to reducing the number of private cars so as to
relieve traffic pressure and reduce environmental pollution. The Chinese government is constructing
metro stations in many cities and planning to create a few transit cities to respond to the transition to car
from other modes. Therefore, transit accessibility usually needs to be considered when modeling the
influence. Different conclusions may be obtained when exploring the impact of the built environment
on car ownership and use in mid-sized and small cities in China where the rate of car ownership is
growing constantly.
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2.5. Models for Built Environment and Car Dependency

There is a growing body of literature paying attention to the relationship between the built
environment and car ownership and use. Table 1 summarizes the existing studies. It shows that
descriptive analysis and statistical models are most commonly used in the existing studies such as
the negative binomial regression [1,32], the structural equation model [22,37,50,53,63,65], multilevel
ordered probit model [23], the ordered logit model [36], the multinomial logit model [38], the ordinary
least squares regression [38], and the logistic regression model [59,66]. The models can identify
the influencing factors and measure the power of these factors simultaneously, which can help to
understand the role played by built environment in influencing car ownership and use. However,
these statistical models ignore the influences of spatial autocorrelation, which have been shown to
create confounding effects on travel behavior.

Table 1. Summary of existing studies on impacts of built environment and car dependency.

Location Method Content Reference

Baltimore, MD, USA Structural equation Car use [22]
Washington, DC, USA Multilevel ordered probit Car ownership [23]
Hamilton, ON, Canada Ordered logit Car ownership [36]
Ghent, Belgium Structural equation Car ownership and use [37]
Santiago de, Chile Multinomial logit and ordinary least squares regression Car ownership and use [38]
America Structural equation Car use [50]
Britain Structural equation Car use [53]
America Structural equation Car use [65]
Norway Logistic regression Car ownership and use [66]
Zhongshan, China Negative binomial regression Car use [1]
Beijing, China Logistic regression and negative binomial regression Car ownership and use [32]
Shanghai, China Logistic regression Car ownership and use [59]
Shenzhen, China Structural equation Car ownership and use [63]

In summary, it is found that most previous studies focused on the impact of the built environment
on car ownership and use in developed countries. A growing body of literature has paid more
attention to the impacts of the built environment on car ownership and use in China due to the fact
that determiners of car ownership and use in China are different from the car-dependent countries [32].
However, the existing studies focusing on China are usually conducted in large cities and few studies
have investigated car dependency in a mid-size or small city where the development level and traffic
conditions are different from western countries. On the other hand, limited studies have investigated
the spatial effects, which might lead to mistakenly estimating the impacts. To fill up the gaps, this study
uses the data collected in Changchun, China to explore the impact of the built environment on
car ownership and use. The Bayesian multilevel approach is useful in modeling a data owning
hierarchical structure and overcoming the over-fitting problem. However, it cannot reflect the spatial
autocorrelation. Moreover, ignoring the spatial effects may lead to errors in estimating the influences
in the models mentioned in previous studies. The unified analytical framework incorporating the
Bayesian multilevel binary logistic model and the CAR model is proposed to address the spatial effects,
including spatial heterogeneity and autocorrelation. It has been proven that the multilevel model is
effective in representing spatial heterogeneity which exists among groups. Moreover, the CAR model
is used in the framework specifically to represent spatial autocorrelation. Therefore, the Bayesian
multilevel binary logistic model, combined with the CAR model, can provide more robust results.

3. Data and Variables

We use Changchun as the study region as shown in Figure 1. It is a mid-size city in Northeast
China. Changchun covers approximately 20,565 km2 and is home to a population of more than
7 million as of 2013 [3]. As the capital of Jilin province, Changchun has experienced rapid economic
growth and urban expansion. With the rapid development of urbanization, the urban car ownership
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has grown to more than 1 million until 2013 [3]. The rapid growth causes a series of traffic problems.
Therefore, the city is chosen to serve as a reference for similar cities in China.

The primary data is drawn from the 2015 Changchun household travel survey and integrated into
the travel model report, which was released by the Beijing Transport Institute. The survey interviews of
travel information were conducted by the Beijing Transport Institute from 1 May 2012 to 13 May 2012
to collect all household members’ complete travel information on an assigned workday in Changchun,
which is representative of the city. The total sample of the travel survey is 0.68%. The total travel
information includes the complete travel information of 51,909 members from 20,000 households for
24 h in Changchun. In total, 3651 households own one or more than one cars, which takes up 18.2% of
the total sample. Moreover, the information collected includes socio-demographic characteristics and
travel-related information. After error-checking and clearing the data, we selected the commuting trip
data from the respondents’ valid questionnaires. Only the commuting trips where the home origin is
included. The final sample includes 24,321 commuting trips used for this study.
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Figure 1. Study region and traffic analysis zones.

The socio-demographic data collected includes the respondent’s gender, age, household size,
education, Hukou, yearly household income, and household car ownership status.

To examine the impact of the built environment on car ownership and use for commuting,
the built environment is measured at the TAZ level according to the location of respondent’s residence.
Built environment variables used for analysis include residential density, land use mixture, distance
to CBD, bus stop density, and intersection density. Specifically, residential density is obtained by
analyzing data from the 6th National Population Census using ArcGIS software. Furthermore, distance
to CBD is a variable describing the location characteristics of residence or workplace, which is obtained
by calculating the Euclidean distance between the residence and CBD by using ArcGIS software.
The bus stop density is obtained using kernel density estimation in ArcGIS software to measure the
public transportation accessibility data, which is extracted from the Baidu map application through
API (Application Programming Interface). The intersection density is calibrated to measure the
street network characteristic based on the Changchun Traffic Map. Moreover, commuting distance
is calibrated using the start and end of the trip on the Baidu map, in which commuting distance is
represented by the shortest path as usual [4].
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And the land use mixture is measured with the entropy method, which has been used
frequently [46]. We use the points of interest (POI) data extracted from the Baidu Map to measure
the land use mixture at the TAZ level rather than land use data due to the lack of data, which has
proven to be effective for measuring land use mixture. The POI data extracted includes residences,
hotels, restaurants, supermarkets, parks, squares, malls, schools, hospitals, banks and government
departments. The land use mixture can be calibrated as follows:

E =
−∑ pij ln pij

ln Nj
(1)

where pij is the proportion of the ith POI in traffic analysis zone j. And Nj is the number of POI types
existing in traffic analysis zone j.

Variable names and descriptions used for analysis are shown in Table 2.

Table 2. Variables and descriptions used for analysis.

Variables Description Mean Standard Deviation

socio-demographics characteristics
Gender Male (1 = yes; 0 = otherwise) 0.62 0.48
Age Age in years 38.16 10.74
Education Completed college degree (1 = yes; 0 = otherwise) 0.37 0.48
Household size Numbers of household members 2.72 1.04
Hukou Local Hukou (1 = yes; 0 = otherwise) 0.86 0.34
Income 1 Yearly household income in RMB: 20,000 and less 0.20 0.16
Income 2 Yearly household income in RMB: 20,000–100,000 0.77 0.18
Income 3 Yearly household income in RMB: 100,000 and more 0.03 0.03
Car ownership One or more cars (1 = yes; 0 = otherwise) 0.22 0.17

Built environment characteristics
Residential density Residential density per square kilometer at TAZ level 0.34 0.22
Land use mixture Measurement of degree of different types of land use composition 0.59 0.17
Distance to CBD Distance to CBD in kilometers 4.8 2.91
Bus stop density Bus stop density per square kilometer at TAZ level 10.50 5.91
Intersection density Intersection density per square kilometer at TAZ level 33.38 17.83

Travel-related characteristics
Commuting mode Private car (1 = yes; 0 = otherwise) 0.11 0.09

4. Methodology

The analysis was twofold. First, we examined how the built environment influenced car
ownership. Then we analyzed the impacts of the built environment on whether the respondent
commuted by car or not. In addition, socio-demographic characteristics were included in the analysis.
We employed the Bayesian hierarchical approach with spatial random effects to model the spatial
context in which the spatial heterogeneity and autocorrelation can be captured simultaneously. In the
models, the multilevel structure was proven to be effective in accounting for the spatial heterogeneity
of hierarchical data [40] and the CAR model was employed to specify the spatial autocorrelation at the
TAZ level specifically. The proposed models assume that observations at nearby locations tend to have
similar characteristics and TAZs vary as a function of built environment variables measured at the
TAZ level. The detail models are described as follows.

4.1. Car Ownership Model

The component model is constructed in order to analyze how the built environment affects the car
ownership in a household after controlling for socio-demographic variables. The endogenous variable
is defined as a binary variable depending on whether the household owns cars or not. Then the
Bayesian multilevel binary logistic model can be written as follows:

log( pi
1−pi

) = αh + βT
SDXSD

ih
αh ∼ N(ϕ + γT

BEXBE
h , σ2

h )
(2)
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where pi is the probability of the household i located in TAZ h owns one or more cars. XSD
ih and XBE

h
are the socio-demographic variables and built environment variables respectively. β and γ are the
coefficients to be calibrated. αh is the varying intercept. Then the CAR model is used to recognize
the spatial autocorrelation. And sh is the spatial random effect to specify the spatial autocorrelation
measured at TAZ level, which is shown below.

sh = N(sh, σ2
s

nh
)

sh = ∑
k∈neighborhood

wh,ksk/nh
(3)

where nh is the number of neighbors of traffic analysis zone h. wh,k is a spatial adjacent matrix
indicating the location relation of TAZ h and TAZ k is below.

wh,k =

{
1, if there are common boundries between TAZ h and k
0, otherwise

(4)

Therefore, the final Bayesian multilevel binary logistic model considering spatial autocorrelation
of the car ownership component model is as follows.

log( pi
1−pi

) = αh + βT
SDXSD

ih + sh

αh ∼ N(ϕ + γT
BEXBE

h , σ2
h )

(5)

4.2. Car Use Models

In this section, the model aims to examine the impacts of built environment on car use for
commuting. Besides the built environment and socio-demographic characteristics, car ownership
status is treated as a binary variable in the model. The final model is shown below.

log( pi
1−pi

) = ωh + βT
SDXSD

ih + βT
CARXCAR

ih + vih

ωh ∼ N(ϕ + γT
BEXBE

h , σ2
h )

vh = N(vh, σ2
v

nh
)

vh = ∑
k∈neighborhood

wh,kvk/nh

(6)

where pi is the probability of the commuter i living in TAZ h choosing the car as a commuting mode.
XCAR

ih is the car ownership status of the household.
The Bayesian approach can be solved based on Bayes’ Theorem as shown below.

p(θ|y) = p(y|θ)p(θ)
p(y)

(7)

where p(θ|y) is the posterior distribution. p(y|θ) is the conditional probability and the p(θ) is the prior
distribution. In the Bayesian approach, the prior distributions for parameters are needed. However, the
prior distributions for the parameters do not exist in this study. Therefore, we used non-informative
priors and estimated posterior distributions based on MCMC (Markov Chain Monte Carlo) method.
Based on the Bayesian approach, the uncertainty can be obtained by estimating the parameter. It can
provide a specific CI (Confidence Interval) for the parameter to be estimated. If zero is not included in
the 95% CI, it may be that the endogenous variable impacts the endogenous variable at the 0.05 level
of significance.

DIC (Deviance Information Criterion) is used to represent the goodness of fit and complexity.
It can be calibrated as seen below.

CDIC = D(θ) + pD (8)
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where D(θ) is the Bayesian variance of θ. D(θ) is the posterior mean of D(θ) used to represent the
goodness of fit. pD is the number of parameters representing the complexity.

5. Results

The parameters were estimated based on the MCMC method shown in Tables 3 and 4.
We used Gibbs samplers to estimate the fixed and random component in the chain. Additionally,
non-informative priors were used for the estimation. MCMC chains were run for 20,000 iterations
in this study. In the results, the factors have significant impacts on the endogenous variable at the
0.05 level of significance if zero is included in the 95% CI. Therefore, it can be seen that the CAR effect
in the models are both significant at the 0.05 level, which indicates that there exists spatial correlation
in the car ownership and use for commuting. Moreover, The DIC values of two models are 2291.45
and 1828.96, respectively.

5.1. Car Ownership Model

According to the results presented in Table 3, the spatial autocorrelation parameter σs is found to
be significant. The result indicates that household car ownership at nearby locations is similar rather
than independent.

All socio-demographic coefficients included in this component model show statistical significance.
For instance, the results indicate that higher household income and bigger household size is
significantly related to a higher probability of owning cars, which is consistent with most prior
studies [32]. It has been well-studied that household income closely linked with car maintenance
and daily use [21]. Moreover, bigger household size means that there are more children and elder
people in the family so it might generate more driving demands for education and healthcare purposes.
In addition, these travel purposes usually pose greater convenience and safety concerns. Furthermore,
households with local Hukou are more likely to own cars, which may explain that people owning local
Hukou enjoy better social welfare than those without local Hukou.

Table 3. Estimated results of car ownership model.

Variables Mean 95% CI

2.5% 97.5%

socio-demographics at individual level
Household Size 0.05 0.01 0.12
Hukou 1.82 1.58 2.08
Income 2 0.21 0.09 0.33
Income 3 0.75 0.60 0.91

Built environment at TAZ level
Residential density −0.10 −0.17 −0.03
Land use mixture −0.07 −0.10 −0.05
Distance to CBD 0.14 −0.07 0.35
Bus stop density −0.03 −0.05 −0.01
Intersection density −0.21 −0.32 −0.11
σh 0.18 0.03 0.52
σs 0.46 0.16 0.98
DIC 2291.45

After controlling for the socio-demographic variables, some built environment variables also are
found to play an important role in explaining the household car ownership. The residential density has
significant negative effects on car ownership. It may be due to the fact that the residence with a higher
residential density has a higher probability of being located in a neighborhood concentrated with more
activities, facilities, and services. Therefore, more travel purposes can be met in the neighborhood,
which leads to less car travel demand. Land use mixture is found to be negatively associated with



Sustainability 2018, 10, 484 10 of 15

car ownership. Thanks to compact land use, it is more likely that the trip origin and destination are
close, which raises the probability of non-motorized travel rather than car. On the other hand, distance
to CBD is a factor that shows no significant effects on car ownership, which is a different conclusion
from previous studies [67]. This means that the location of residence is not correlated with household
car ownership. This may be because, while car ownership is growing rapidly in Changchun, the car
ownership of households is mainly restricted by economic status and other factors and not related
with residence location when compared with car-dependent countries. The factor of bus stop density
has negative effects on car ownership and the reason for this might be that the household can have
more travel choices when they live close to transit. Moreover, the household is less likely to own cars
when the neighborhood has a higher intersection density.

5.2. Car Use Model

The results are presented in Table 4 for the car use model and the spatial autocorrelation parameter
σv is found to be significant. The result indicates that car use for the journey to work of commuters has
a similar trend at nearby locations.

Table 4. Estimated results of car use model for journey to work.

Variables Mean 95% CI

2.5% 97.5%

Socio-demographics at individual level
Household size 0.21 −0.10 0.53
Income 2 0.19 0.09 0.30
Income 3 1.23 1.01 1.46
Car ownership 0.94 0.79 1.09
Gender 0.34 0.13 0.55
Age −0.05 −0.10 0.02
Education 0.09 −0.07 0.25
Hukou 1.41 0.47 2.37

Built environment at TAZ level
Residential density −0.74 −0.96 −0.52
Land use mixture 0.17 −0.10 0.44
Distance to CBD 0.09 0.05 0.13
Bus stop density −0.15 −0.24 −0.06
Intersection density −0.11 −0.05 −0.17
σh 1.23 0.98 1.49
σv 0.57 0.27 0.85
DIC 1989.93

In the car use model, we implement the joint analysis of the impacts of built environment
characteristics and socio-demographic characteristics on car use. The results of commuters’ mode
choice model for the journey to work are shown in Table 4. We can see that the socio-demographic
variables include household income, car ownership, gender, and Hukou, which have significant
influence on car use for commuters. For example, people from high-income households tend to drive
to work more. Men are, in particular, more likely to drive to work, which is consistent with previous
studies [62]. However, the age and education are found to be insignificant when compared to car
use for the journey to work. Moreover, there is no significant influence in household size on the
commuting mode. Though it is widely known that bigger household size can generate more car
travel, this finding may be explained by people with a bigger household using cars more often for
non-commuting purposes such as education, hospital, and shopping instead of commuting.

The results on built environment characteristics in Table 4 indicate that most built environment
variables show a significant relationship with the travel mode for work when other characteristics are
controlled. People living in a neighborhood with high residential density are more likely get to work
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by other modes of travel besides driving. Land use mixture was found to be significantly associated
with using cars to commute to work at the 95% level, which is consistent with studies conducted
by Ding et al. [23]. This might be explained by the neighborhood land use mixture generating more
non-motorized travel for non-commuting purposes because the compact land use provides a higher
probability for shorter travel distance to shops and hospitals, but not significantly for commuting
purposes [67]. Distance to CBD is another factor influencing car use significantly. People who live
far from to CBD, commute by car more often. It may be due to the fact that more employment
opportunities surround CBD, which raises the commuting distance for people living farther. Bus stop
density is a built environment factor that can significantly help reduce car use for commuting. It is an
important index measuring the public transit service level in Chinese cities. As the bus stop density
increases, the odds of people commuting by car become lower. This means that if there are more public
transit facilities supplied, people have a higher probability of choosing public transit as a commuting
mode. It indicates that public transit facilities actually prevent people from driving to work. On the
other hand, it is possible that transportation planners tend to provide more perfect transit service
where residents prefer to travel by transit. It is found that, as the intersection density increases, the
odds of commuting by car are lower. This may be due to people having better access for walking,
cycling, and public transit, which reduces car use for commuting to work.

6. Conclusions

In this study, Bayesian multilevel binary logistic models incorporating impact analysis and spatial
random effects were employed to investigate the influences of the built environment on car ownership
and use in Changchun, China. Moreover, the spatial autocorrelation of car ownership and use for
commuting across TAZs was recognized, and the impacts of the built environment on car ownership
and use for commuting influences were confirmed.

The data used for analysis in this study came from multiple sources. The travel data was collected
from the household travel survey in Changchun. The built environment data was collected at the
TAZ level in Changchun including residential density, land use mixture, distance to CBD, bus stop
density and intersection density. Based on the data, Bayesian multilevel binary logistic models are
employed for investigating the determinants of car ownership and use for commuting considering
socio-demographic characteristics and built environment characteristics. Meanwhile, the spatial
autocorrelation of car ownership and use across TAZs was recognized in the models. The findings are
summarized below.

The empirical study provided important benefits in recognizing the spatial autocorrelation of car
ownership and use across TAZs. The estimated results indicate that the unobserved spatial effects of car
ownership and use for commuting both exist. There are similar trends among household car ownership
and commuters’ car use for the journey to work at nearby locations. Therefore, urban planners and
transportation policy makers need to better understand substantive and technical implications of
dependence and create sustainable land use development policy.

For the effects of socio-demographic characteristics, the decision of car ownership and use was
influenced by most factors. More attention should be paid to people with local Hukou since the results
suggest that local Hukou increases the probability of driving for journeys to work while, reducing
the likelihood of public transit and other modes. Hukou is a special system to control the population
movement from rural area to cities in China, which can prevent people from a few social benefits.
The mobile population returned 200 million people until 2016 in China [68]. The Chinese government
is actively promoting the reform household registration system to encourage reasonable population
movement. Moreover, apart from large cities in China, people without local Hukou are often rural
migrant workers in small and mid-sized cities who have lower desire to purchase cars. Therefore, with
large crowds of people moving into cities, city administration officials should make some effort to
develop quota control policy especially for commuters with local Hukou to slow the growth of car
ownership and use.
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Due to the increasing interests in considering land use planning as a tool for reducing travel
energy use and emissions, this study provided new evidence for how built environment characteristics
influence car ownership and use for commuting. The estimated results indicated that the built
environment actually played an important role in influencing car ownership and use after controlling
for socio-demographic characteristics. Due to the different attributes in the built environment, economy,
and social structures, the impact of the built environment on car ownership and use vary among
different national contexts. It is clear that distance to CBD shows no significant impact on car
ownership in Changchun. Therefore, car ownership and use control policy needs to be developed
based on local conditions. However, there are some similar results with prior studies conducted in
western countries [16,22–24,40]. It was found that residential density, land use mixture, bus stop
density, and intersection density had significant effects on household car ownership. Moreover, higher
residential density, bus stop density, and intersection density were important factors that could help
reduce car use for commuting to work. On the other hand, longer distance to CBD could generate more
time commuting by car. Therefore, it might be feasible to reduce car ownership and use for commuting
by using land use planning policy including creating higher residential density, improving public
transit investment, designing better street connectivity, and proposing job-housing balancing policy.

Given the increased debates on the energy and environmental problems, urban planners and
transportation policy makers can develop strategies to reduce car ownership and use based on the
influence mechanisms of the built environment in developing counties. This study can provide
additional insight into the relationship between land use development and sustainable mobility
behavior and further provide theoretical support for the transit-oriented development (TOD) in
developing countries.

Future work will be focused on the following aspects. First, the built environment of destination
should be incorporated for analyzing car use for commuting for follow up work. In addition, future
studies may integrate more public transit characteristics into the model, because public transit has
attracted a huge investment in China, where the influence on car ownership and use should not
be neglected.
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