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Abstract: To explore the nonlinear influence of a multi-scale built environment on residents’ car own-
ership behavior, combined with the data set of residents’” individual information and travel-related
data from the China Labor Force Dynamic Survey report, eight variables are selected to describe the
built environment from multiple scales. The gradient-boosting iterative decision tree model including
individual family attributes and neighborhood-scale and city-scale built-environment attributes is
constructed. The results show that the individual family attributes have the greatest cumulative
impact on car ownership behavior (46.3%). The built environment based on neighborhood scale and
city scale also has a significant impact on residents’ car ownership behavior, these being 33.94% and
19.76%, respectively. The distance to the city center at the neighborhood scale is positive correlated
with car ownership. The number of buses per 10,000 people and road area per capita in the city
scale are also positive correlated with car ownership. Therefore, in order to slow down the increase
in car ownership, the built environment can be optimized and adjusted at neighborhood scale and
city scale.

Keywords: urban traffic; built environment; gradient boosting decision tree; car ownership; nonlinear
effects

1. Introduction

With the continuous acceleration of urbanization and the increasing improvement of
people’s living standards, residents’ daily travel has gradually deepened their dependence
on cars. The resulting environmental pollution, road congestion and waste of resources
have become one of the problems restricting the sustainable development of major cities [1].
In order to alleviate the problems of natural resources, health and environment caused
by the increasing dependence of residents on cars, this paper starts with the factors that
affect the behavior of residents’ car ownership, and uses urban traffic planning and related
policy measures to guide residents” green travel consciousness [2—4], thereby reducing
residents” dependence on cars, which has become a hot issue in the field of urban traffic
planning research.

The urban built environment determines the spatial distribution of residents’” daily
activities and has an important impact on individual travel behavior [5-7]. Scholars have
revealed the impact of the built environment on car ownership from different perspectives.
For the overall urban built environment, Zegras et al. [8] constructed a vehicle selection
model to explore the relationship between the built environment and household car owner-
ship, and found that the built environment can have a significant impact on residents’ car
ownership behavior. Ding et al. [9] used the multi-layer hybrid ordered Probit model to
capture the spatial heterogeneity of the traffic analysis area to evaluate the impact of the
built environment on the level of household car ownership. The results show that the model
can effectively solve the problem of spatial heterogeneity between regions, and has better
model fitting rows than the traditional ordered Probit model. Yang et al. [10] used Nanjing

Sustainability 2023, 15, 9658. https:/ /doi.org/10.3390/su15129658

https:/ /www.mdpi.com/journal/sustainability


https://doi.org/10.3390/su15129658
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/sustainability
https://www.mdpi.com
https://doi.org/10.3390/su15129658
https://www.mdpi.com/journal/sustainability
https://www.mdpi.com/article/10.3390/su15129658?type=check_update&version=1

Sustainability 2023, 15, 9658

2 of 14

residents’ travel survey data for modeling research. The study found that the built envi-
ronment has a significant impact on household car ownership. The government can guide
residents’ travel habits by improving the urban structure. Guan et al. [11] believed that
individual travel behavior stems from the distribution of family tasks and resources (such
as family vehicles). The travel behavior of family members is interdependent. Through
research, it was found that the built environment can indirectly affect the travel behavior of
other members by affecting the travel choice of family members. Using exploratory factor
analysis and multiple linear regression, Anirudh et al. [12] used the large data set of the
2011 Socio-Economic Caste Census (SECC) (including 2075 cities) to find that the regional
background of the city has a significant impact on urban car ownership.

The measurement methods of the destination-accessibility dimension in existing
research are mainly the distance to the central business district (CBD), the distance to the
city center and the distance to the city sub-center [13,14]. Most studies have focused on
the impact of CBD distance on car ownership. Since the distance to CBD is an important
representation of the spatial location of the built environment in the community layer,
most research results show that the distance to CBD is an important variable affecting car
ownership [15]. With further in-depth research, some scholars have found that in multi-
center cities, the distance to the urban sub-center is also an important variable that affects
car ownership behavior. Shen et al. [16] analyzed the impact of the built environment on
car ownership behavior by modeling residents’ travel data in Shanghai. The results show
that the distance to CBD has a significant impact on car ownership.

The measurement methods of the public-transport-accessibility dimension in existing
research are mainly the distance to public transport stations and the density of public
transport stations [17,18]. Studies have shown that there is a certain relationship between
urban public transport construction and residents’ car ownership [19]. Taking Guangzhou
as an example, Huang et al. [20] selected the number of bus stops within 500 m of a resi-
dence, the distance to the nearest public transport station, the density of public transport
networks within 500 m of the residence, the shortest travel time by bus and the distance
to the nearest subway station to characterize the accessibility of public transport, and
modeled and analyzed the car ownership behavior of residents. Ding et al. [21] employed
a gradient-boosting machine (GBM) based on the relationship between the attributes of the
built environment and residents’ traffic commuting to explore the nonlinear relationship.
The research shows that the density of bus stations and the distance from bus stations have
a greater impact on residents’ travel modes. In addition, Ding et al. [22] constructed a semi-
parametric multi-level mixed Logit model to study the nonlinear and spatial heterogeneous
relationship between built-environment attributes and public transportation. The results
show that there is a significant nonlinear correlation between the built-environment at-
tributes of residential communities and transit commuting behavior. Chen et al. [23] found
that land use mix has a great impact on residents’ choice of travel mode, and through the
analysis of urban land use types, it was found that the impact of non-commuting activities
on travel behavior in large cities was expanding compared with commuting activities.

In terms of the measurement of built-environment diversity, the existing research
mostly uses land use hybridity as an indicator, because this indicator can reflect the target
accessibility on a regional scale, and the higher the target accessibility, the greater the
possibility that residents would choose non-motorized travel [24,25]. Yin et al. [26] quan-
titatively measured the degree of urban road-traffic mixing by constructing correlation
indicators, and found through empirical research that the degree of urban road-traffic
mixing has a significant negative impact on urban road-traffic travel patterns. In addition,
Sarkar et al. [27] established a multivariate Logit model based on the traffic survey data
of Agartala City, and analyzed the urban traffic mode and traffic distance. The results
show that increasing the degree of urban traffic mixing can not only reduce urban traffic,
but also reduce the probability of using urban transportation. Zhang et al. [28] used the
Gradient-Boosting Decision Tree (GBDT) model to study the relative importance of regional
accessibility and land mix to reduce residents’ driving distance, and found that multi-center
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development and neighborhood life-circle planning would reduce residents’ vehicle uti-
lization. Shirgaokar [29] analyzed the influence of the residential building environment on
vehicle mileage by a generalized linear model. The results of the model indicate that the
combination of land use has a significant negative effect on the mileage of vehicles. Based
on two rounds of survey data in China, Yin et al. [30] found that promoting more balanced
land use and increasing residential density are very important for reducing car use and
active travel activities.

By using the polynomial structural equation model, Yin discussed the relationship
between the built environment and the mileage of residents’ vehicles [31]. The results
show that the built environment has a significant effect on the ownership and use of cars.
Similarly, several articles have analyzed the relationship between urban transportation and
car ownership and use, and found that built environments can affect residents’” dependence
on cars [32]. Some scholars have also studied the neighborhood-scale built environment.

Recently, some scholars have analyzed the impact of the built environment on house-
hold car ownership based on a hierarchical Bayesian model, and found that the built
environment on a neighborhood scale has a significant impact on car ownership decision-
making behavior [33]. Yin et al. [34] found that the built environment of a residence is
an important factor affecting residents’ car ownership behavior in their study of park-
ing availability in the residence and workplace. Subsequently, some scholars began to
study the impact of the multi-scale built environment on residents’ car ownership. Dod-
damani et al. [35] explored the relationship between the built environment and household
car ownership using survey data from the two cities of Hubli and Dharwad in India, and
found that among built-environment variables, land mix and population density can reduce
urban car ownership. Yin et al. [36] used a multi-level Logit regression model to regress the
built environment and individual socioeconomic attributes on car ownership at the urban
and neighborhood scales. The study found that the built environment at neighborhood and
city scales significantly affects car ownership. Zhang et al. [37] used the gradient-boosting
decision tree algorithm to study the impact of accessibility on household car ownership.
The results show that local accessibility, such as the density of places of retail and service
types and the density of workplaces, is more important to car ownership. Ao et al. [38]
constructed a multinomial logit model to estimate the number of car-owning residents, and
found that family attributes and built-environment attributes were significantly related to
residents’ car ownership. Wang et al. [39] modeled residents’ car ownership behavior from
the two levels of workplace and residence, and found that the built-environment attributes
of both places have a significant impact on residents’ car ownership behavior.

The existing research has focused on the impact of the built-environment characteristics
on car ownership, usually using statistical models to analyze the linear relationship between
variables, ignoring the nonlinear relationship between them. However, further studies
have found a significant nonlinear relationship between built-environment characteristics
and travel behavior. Therefore, it is necessary to construct a machine-learning model for
car ownership behavior in different scales of built environment to explore the nonlinear
relationship between them. Figure 1 is the research framework of this paper.

On the basis of existing research, this paper considers the individual family attributes
at the individual scale, the built-environment attributes at the neighborhood scale, and
the built-environment attributes at the city scale. The Gradient-Boosting Decision Tree
(GBDT) is used to construct a model of residents’ car ownership against the nonlinear effect
of the urban multi-scale built environment, to quantify the impact of various attributes
on residents’ car ownership behavior, explore the nonlinear effect of the multi-scale built
environment on car ownership behavior, and provide a theoretical basis for precise urban
planning and transportation policy formulation.
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Figure 1. Research Framework Diagram.

2. Research Data

The data mainly comes from the comprehensive report on the labor force dynamic
survey organized by the social science survey center of Sun Yat-sen University in 2014.
After screening and cleaning the initial data, a total of 17,186 valid samples were obtained,
covering 116 cities across the country, a total of 334 communities, and the rest of the data
were obtained from the statistical yearbook reports of each city. Table 1 is the descriptive
statistical results of residents” individual family attributes, neighborhood and the built-
environment characteristics of the city based on geographical location.

Table 1. Statistical description of each variable.

Variable Description Mean SD
Individual level—personal family attributes
Gender 1: male; 0: female 0.48 0.5
Age Age of respondents 40.92 12.17
Education 1: Primary; 2: Middle; 3: High; 4: University and above 2.12 1.03
Family size Number of respondents’ family members 4.50 1.96
Number of members under 16 years old =~ Number of family members under 16 years old 0.47 0.5
Household Income (yearly) Family annual income (10,000 RMB) 6.38 13.14

Neighborhood scale—built environment characteristics

Calculated based on 5 facilities: sports squares, libraries,

Degree of mixed land use hospital clinics, schools and banks. 0.61 0.3
Distance to bus station Walking distance to the nearest bus station (km) 221 5.27
Distance to city center Distance from residence to the center of city (km) 4.79 6.79
. . . Ratio of neighborhood population to neighborhood area
Neighborhood Population density (10,000 persons,/km?) 111 5.44
City scale—built environment characteristics
. . . Ratio of urban resident population to urban built-up

City population density area (10,000 persons,/km?) 0.21 0.3
Whether there is a subway 1: Yes; 0: No 0.26 0.44
The number of buses per 10,000 people Number of buses per 10,000 people (Vehicles) 10.89 11.77
Road area per capita Ratio of urban road area to urban resident population 16.85 9.03

(m?2/ person)

The built environment is described from the two levels of community and city. The
built environment of the community layer is derived from the community and family
data files of the residents, and the relevant data are directly derived or calculated from
the survey data set. The basic data of the built environment of the community layer are
derived from the government’s documentary report, and the specific traffic distance is
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from the household file of the data report. The urban built environment is derived from
the statistical yearbook report. The specific variable data are directly derived or calculated
from the city’s statistical yearbook report.

The characteristics of a city’s built environment are measured from two spatial scales:
neighborhood scale and city scale. The built-environment characteristics at the neighbor-
hood scale include four variables: the degree of mixed land use, distance to the bus station,
distance to the city center and neighborhood population density. The distance to the bus
station characterizes the accessibility of the built environment at the neighborhood scale;
the distance to the city center characterizes the convenience of the built environment at
the neighborhood scale; neighborhood population density is obtained by the ratio of the
population in the neighborhood to the administrative area of the neighborhood, which is
used to characterize the population density of the built environment at the neighborhood
scale; the land-use mix is calculated based on five types of facilities in the neighborhood
and surrounding area (sports squares, libraries, hospital clinics, schools and banks), and is
used to characterize the ‘diversity” of the built environment at the neighborhood scale. The
specific value of the degree of mixed land use is obtained by the entropy index method.
The formula is as follows:

—L pijInp;;

M= h‘lN]

@
where p;; is the proportion 7 of facilities in the neighborhood j; N; is the total number of
facilities in the neighborhood ;.

The characteristics of the city-scale built environment are represented by four at-
tributes: urban population density, whether there is a subway, the number of buses per
10,000 people and road area per capita. The density of the urban resident population is ob-
tained from the ratio of the total urban resident population to the area of the urban built-up
area, which is used to represent the population distribution of the city; the number of buses
per 10,000 people and the subway is used to represent public transport development; the
road area per capita is used to characterize the degree of road construction of the city. The
data of urban built-environment characteristics are from the statistical yearbook report of
the corresponding city.

In order to avoid a serious multicollinearity problem between the selected indepen-
dent variables, which would lead to the deviation of the final results of the model, it was
necessary to test the multicollinearity of the selected independent variables before conduct-
ing the modeling research. The variance inflation factor (VIF) method was selected to test
the multicollinearity of the model. The calculation formula is shown in Equation (2).

1

VIF= ——
1-R2

@)

where R? is the multiple correlation coefficient of the independent variable x; for the
regression analysis of the remaining p — 1 independent variables.

R? represents the coefficient of determination in linear regression. The closer R? is
to 1, the stronger the correlation between the variables, that is, the more severe the multi-
collinearity between the variables, the greater the variance expansion coefficient. When
the VIF value is greater than 10, it indicates that there is serious multicollinearity between
variables. The dependent variable selected in this paper is whether the residents have
cars. The multicollinearity between the independent variables, including the individual
family attributes of the individual layer, the neighborhood scale and the built-environment
characteristics at the city scale, was tested by STATA software; the test results are shown in
Table 2. According to the test results, the independent variables selected all passed the mul-
ticollinearity test, which shows that the independent variables selected in the subsequent
modeling research were available.
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Table 2. Results of variable multicollinearity test.

Variable VIF Tolerance

Individual level—personal family attributes

Gender 1.03 0.97
Age 1.45 0.69
Education 1.43 0.70
Family size 1.58 0.63
Number of members under 16 years old 1.58 0.63
Income(yearly) 1.04 0.96
Neighborhood scale—built environment characteristics

Degree of mixed land use 1.03 0.97
Distance to bus station 1.11 0.90
Distance to city center 11 091
Neighborhood population density 1.02 0.98
City scale-built environment characteristics

City population density 1.06 0.94
Whether there is a subway 1.36 0.74
The number of buses per ten thousand people 1.41 0.71
Road area per capita 1.18 0.85

3. Model Construction

The GBDT model is constructed with individual family attributes, neighborhood-scale
and city-scale built-environment attributes as independent variables, and car ownership
behavior as the dependent variable, to quantify the impact of the selected built-environment
attributes on car ownership behavior, and to explore the individual level. The nonlinear
relationship between individual family attributes, neighborhood-scale and city-scale built-
environment characteristics and car ownership, and the marginal effect of each variable of
car ownership behavior, is analyzed and studied [40]. Compared with traditional statistical
models, the GBDT model can not only quantify the degree of influence of each variable on
car ownership behavior, but also obtain the potential nonlinear relationship between each
variable and the dependent variable [41]. The gradient-boosting decision tree model has
the advantages of strong interpretability, strong expansibility and robustness, and can deal
with continuous variables and discrete variables at the same time. When the data sample is
small, it can also obtain a good model-prediction effect.

The GBDT model is an algorithm to classify or regress the data set by using the
additive model to reduce the residuals generated in the training process. The model can
flexibly process data including continuous and discrete values, and enhance the robustness
of the model to outliers by using appropriate loss functions. The specific algorithm flow is
as follows.

(1) Initialize the weak learner, as shown in Formula (3). Let { (x1, 1), (x2,¥2), - .., (XN, YN) }
be the set of independent variables and dependent variables, respectively. In this paper, the
social and economic attributes of the individual level and the built-environment attributes at
neighborhood scale and city scale are selected as independent variables, and the car ownership
behavior of residents is the dependent variable.

Fo(x) = argminczllil L(y;,c) 3)

where c is the constant value that minimizes Fy(x).
(2) Establish M classification regression trees, m = 1,2,3,..., M:
(a) Fori =1,2,3,..., N, compute the negative gradient corresponding to the m-th tree,

the pseudo residual:
P PL@/W
m,p —

(4)
oF(x;) :| F(x)=Fy_1(x)
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(b) Using the CART regression tree to fit the data (x;, 7,,;), the m-th regression tree
with the leaf node region Rm,j is obtained, j = 1,2,3,..., J;». Where ], represents the
number of leaf nodes of the m-th regression tree.

(c)Forj=1,2,3,...,Jm, calculate the best fitting value of |, leaf node regions:

Cm,j = argminczxielej L(y;, Fn—1(x;) +¢) (5)
(d) Update the strong learner F, (x):
Fu(x) = Fu_1(x) + Z]]Z] il (¥ € Ry j) (6)
(3) The expression of strong learner Fy,(x) is obtained:
M Jm
PM@):&@Q+£;;¥MJQERMQ @)

(4) Calculate the mean value of the output of all decision trees, which can be used to
quantify the impact of each variable on residents’ car ownership behavior, as shown in
Formula (8).

2% (T
n=1
J-1 ‘ 8)
B(T,) = T 21(e() = k)

1

.
Il

where I? is the effect of independent variable x; on residents’ car ownership; I2(T}) is the
influence of independent variable x; on dependent variable in decision tree 1; A],z is the
adjustment factor; j is the terminal node of the decision tree.

At the same time, the GBDT model can also generate partial correlation diagrams be-
tween independent and dependent variables to analyze the potential nonlinear relationship
between them. The calculation method of the partial correlation between the independent

variable and the dependent variable in the model is shown in formula (9).

Fs(xs) = val[F(xwxic)] )

Fs(xs) = Ex,[F(xs, x¢)]

c

where x; is the target independent variable; x. is an independent variable other than the
target independent variable.

4. Results

In order to verify the applicability and performance of the GBDT model, this study
selected Accuracy, AUC and F1 as indicators to evaluate the model. At the same time, this
paper constructed a logit model and random forest model. The estimation results show
that the three indexes of the GBDT model (0.8963, 0.9319, 0.8782) are better than the logit
model (0.7729, 0.8539, 0.8058) and random forest model (0.8465, 0.9293, 0.8716).

4.1. The Impact of the Built Environment on Car Ownership Behavior

The individual socio-economic attributes of residents and the built-environment char-
acteristics at neighborhood and city scale are modeled. Table 3 is the result of the influence
of each variable on the car ownership behavior of residents based on the GBDT model. The
model sets the sum of the degree of influence of all independent variables to 100%, so as to
compare the degree of influence of different independent variables [42]. It can be seen from
the model estimation results that the built environment at all scales and the individual
family attributes of residents can affect car ownership behavior.



Sustainability 2023, 15, 9658

8 of 14

Table 3. Relative importance and ranking of the explanatory variables.

Variable Rank Relative Contribution (%)

Individual level—personal family attributes

Gender 14 0.45

Age 5 7.86

Education 11 3.63

Family size 7 6.62

Number of members under 16 years old 12 3.46

Income(yearly) 1 24.28
Sum of relative contribution 46.3

Neighborhood scale—built environment characteristics

Degree of mixed land use 8 6.51

Distance to bus station 4 8.32

Distance to city center 3 9.47

Neighborhood population density 2 9.64

Sum of relative contribution 33.94
City scale—built environment characteristics

City population density 9 6.20

Whether there is a subway 13 0.73

The number of buses per ten thousand people 6 7.18

Road area per capita 10 5.65

Sum of relative contribution 19.76

The model results show that among the three types of influencing factors, the individ-
ual family attributes at the individual level lead to the highest proportion of car ownership,
reaching 46.3%, which is consistent with the conclusion of Wang [39] that the most im-
portant factor affecting residents” car ownership behavior is individual socio-economic
attributes. Specifically, the impact of household income accounts for up to 24.28%, which is
the most influential attribute among all variables. This is consistent with the conclusion of
Jiang [39] in the study of travel data in Jinan that household income has the greatest impact
on car ownership behavior.

The degree of influence of the built-environment attributes at the neighborhood scale
on car ownership is 33.94%, which indicates that the built-environment attributes at the
neighborhood scale have a significant impact on car ownership, which is similar to the
research conclusion of Ding [43], that is, the built-environment attributes of the neighbor-
hood layer are crucial among the factors affecting car ownership. In addition, the impact of
distance to the city center and neighborhood population density on car ownership is more
than 9%, ranking second and third among all variables, second only to household income.
In addition, the degree of influence of the built environment at the city scale is 19.76%. The
number of buses per 10,000 people, urban population density and road area per capita
have significant impacts on residents’ car ownership, with the degree of influence of 7.18%,
6.20% and 5.65%, respectively.

4.2. Nonlinear Effects of the Built Environment on Car Ownership

The GBDT model can also model the nonlinear effects of various socio-economic
attributes and different levels of built-environment attributes on car ownership.

Figure 2 shows the non-linear influence curve of household income on car ownership.
As shown in Clark et al.’s research [44], household income has an impact on residents’ car
ownership behavior. It can be seen that the non-linear relationship between the two is
significant. There is a positive correlation between family income and car ownership.
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Figure 2. Nonlinear effects of income on car ownership.

There is also a positive correlation between family size and car ownership. According
to Figure 3, when the family size is between 1-2 people, the probability of residents owning
cars is low. When the family size is between 3-5 people, the probability of residents owning
a car increases linearly; when the family size exceeds 5 people, the probability of residents
owning a car fluctuates, but the overall stability is at a high level. Zhang et al. [45] also
found that family structure has a significant impact on residents’ car ownership. The reason
for this situation may be that due to the increase in the family population, family travel is
more dependent on cars, resulting in an increase in the probability of residents owning cars.

| |
0 o
o ~

1 1

[

L

©
1

Partial dependence

| | |
o IS )
1 1 1

S
Do
~
[=2]
o
—
(=]
—
Do
—
=
-
)

Family size
Figure 3. Nonlinear effects of family size on car ownership.

Figure 4 shows the nonlinear effect curve of the degree of mixed land use on car
ownership. As is shown in the figure, the effect curve of mixed land use on residents’ car
ownership behavior shows a decreasing trend as a whole. When the degree of mixed land
use of the community is in the range of 0-0.3, the probability of residents owning cars is
higher. When the land use mix of the community is in the range of 0.3-0.6, the possibility
of residents’ car ownership is greatly reduced; when the land use mix of the community
exceeds 0.6, the probability of residents owning cars fluctuates, but the overall trend tends
to be stable and remains at a low level. Therefore, for areas with low levels of mixed land
use, the increase in car ownership can be slowed down by appropriately enriching the
living facilities of the community to increase the local mixed land use.
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Figure 4. Nonlinear effects of degree of mixed land use on car ownership.

Figure 5 shows the nonlinear effect curve of distance to city center on car ownership.
In the built-environment characteristics at the neighborhood scale, the distance from the
residence to the city center has a significant threshold effect on the car ownership behavior
of residents. When the distance from the residence to the city center is less than 5 km, the
probability of car ownership decreases with the increase in the distance from the residence
to the city center. When the distance from the residence to the city center is in the range of
5-11 km, the probability of residents owning a car increases linearly; when the distance
exceeds 11 km, the probability of residents owning a car tends to be stable and remains
at a high level. This is consistent with the conclusion of Sun et al. [46] in their study of
Shanghai travel data which showed that people living farther away from the city center
tend to drive more. Therefore, by rationally allocating buildings such as urban commercial
centers or constructing a multi-center urban building layout, the probability of residents
owning cars can be adjusted.

0.4 9

Parcitai dependence

Distance to city center

Figure 5. Nonlinear effects of distance to city center on car ownership.

In the built-environment characteristics at city scale, the number of buses per ten
thousand people is the most important factor for car ownership, at 7.18%. From Figure 6, it
can be seen that, although there are many noises in the relationship between this variable
and car ownership behavior, as a whole, with the increase in the number of buses per
10,000 people, the probability of car ownership shows an increasing trend. The reason for
this finding may be related to the year of data file selection. In the early stage of urban
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construction, the increase in bus vehicles means that the level of urban road traffic is on the
rise, which will promote residents’ car ownership.

-0. 8 7
-1.0 A
-1.2 4

-1.4 4

Partical dependence

T T T T T T T T T 1

0 2 4 6 8 10 12 14 16 18 20
The number of buses per ten thousand people

Figure 6. Nonlinear effects of the number of buses per ten thousand people on car ownership.

In terms of road area per capita, its impact on car ownership accounts for 5.65%, which
is positively correlated with car ownership. It can be seen from Figure 7 that when the road
area per capita of residents is less than 14 square meters, the probability of urban residents
owning cars remains at a low level. When the road area per capita is 14-17 square meters,
the probability of residents owning cars shows a linear upward trend. When the road area
per capita is greater than 18 square meters, the probability of residents owning cars shows
a steady growth trend. In general, the increase in urban per capita road area will promote
residents’ car ownership.

Partial dependence
|

-1.8 T T T T T T T 1
5 10 15 20 25 30 35 40

per capita road area
Figure 7. Nonlinear effects of per capita road area on car ownership.

5. Conclusions

(1) Individual family attributes have the greatest impact on car ownership behavior, ac-
counting for 46.3%. Specifically, family size and household income are positively correlated
with residents’ car ownership behavior.

(2) The impact of the built-environment attributes at the neighborhood scale accounts
for 33.94%, just next to the personal economic attributes of the residents, which indicates
that car ownership behavior is closely related to the current degree of mixed land use of
the neighborhood, the distance to the bus station and the city center, and the neighborhood
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population density. Among these, the distance to the city center and car ownership are
generally positively correlated, and the probability of residents owning cars is the lowest
when the distance between the residence and the city center is 10-13 km.

(3) The impact of the urban built environment on car ownership behavior is the
smallest, but the share is 19.76%. It can be seen that adjusting the urban built environment
is also conducive to reducing motorized travel, thereby slowing down the growth rate
of urban car ownership. In particular, car ownership by residents can be reduced by
optimizing the urban public transport system and road layout.

Finally, the impact of non-motorized vehicles on residents’ car ownership behavior
is also important [47]. Due to the limitations of the data, our data cover many cities, and
it is difficult to obtain the shared bicycle data of all sample cities. Therefore, there is no
further analysis of the impact of non-motorized travel. With the wide application of big
data in micro-mobility [48], the mechanism of its impact on residents’ car ownership can be
further explored.

6. Discussion

In contrast to other attributes, the built environment, as an external environment built
for human activities, is still adjustable in urban planning and construction. Exploring the
relationship between the built environment and residents’ car ownership behavior has a
high guiding significance for urban planning and policy formulation. Our study found that
urban land use planning should try to limit the residential area and the downtown area to
between 2-8 km, which can reduce the probability of residents having cars; for areas with
low land use mix, residents’ cross-regional travel can be reduced by appropriately enriching
the living facilities around the community, thereby reducing residents’” car ownership.
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