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Encouraging car users who travel short distances to shift from car mode to active travel modes can effectively alleviate urban traffic
congestion and reduce carbon emissions. However, few studies have examined the determinants of the travel mode choice of short-
distance car users and ignored the nonlinear associations and interactions between variables. (is paper conducts a questionnaire
survey to investigate the short-distance travel mode choice of car users who travel less than 4 km in a specific city. A random forest
(RF) model is applied to examine the influence of key variables on these three travel mode choices of short-distance car users and to
explore the nonlinear associations and interactions of the variables. Compared with multinomial logic model, the results of RF show
that significant threshold effects exist in the relationship between the car user’s travel mode choice and the selected explanatory
variables, mainly travel distance, road network density, distance to CBD, and number of bus stops. In particular, 1.2 km is a critical
turning point for car and active travel mode choice, before which car users prefer to travel by walking and cycling and after which
there is a significant increase in the car use probability.When the road network density was between 2.5 km/km2 and 6.5 km/km2, the
proportion of car users who chose cycling showed an increasing trend, while car use showed a decreasing trend. (ese findings can
provide a solid basis for planning managers to develop policy measures to encourage environmentally sustainable travel.

1. Introduction

In recent years, excessive and unreasonable car use among
urban residents has resulted in a series of negative impacts
on urban sustainable development, such as traffic congestion
and environmental pollution [1]. (is set of pressing issues
highlights the need to reduce the car use of car owners by
shifting their travel to a more low-carbon mode. Many
studies have confirmed that car users are more likely to shift
from car use to walking and cycling when they travel short
distances [2, 3]. (at is, under certain conditions, car users
who travel a short-distance are likely to walk or cycle. To
grasp the conditions of this change, it is necessary to un-
derstand the travel choice behavior of car users when
choosing between cars and other active travel modes when
they travel a short distance. At present, there is no unified
definition of short-distance travel across research areas and

research contents; however, it is usually limited to within
5 km [4, 5].

Existing research on travel mode choice focuses mainly
on the determinants of mode choice [6–8]. In contrast, few
studies have examined the determinants of travel mode
choice of short-distance car users, while ignoring the
nonlinear associations and interactions between variables.
(e nonlinear association means that variables have dif-
ferential threshold effects, while interaction indicates the
joint influence of multiple variables. Many studies have
confirmed that nonlinear associations and interactions are
common in travel behavior [9–12]. For instance, Jixiang et al.
[11] found that the built environment at the origin and
destination of the trip has a threshold effect on an indi-
vidual’s active travel. For instance, for work trips, active
travel was favored when the land use mix at the origin was
within 0.6, or the land use mix at the end was within 0.45.
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(e land use mix indicates the number and proportion of all
the land use types (e.g., municipal administration, educa-
tion, and public open space), which is calculated based on
the formula of land use entropy. (e higher the entropy
value, the greater the corresponding land use mix, that is,
having a more complex land use type. Wang and Ozbilen
[10] showed that there is an interaction between built en-
vironment and telecommuting duration, which can have a
synergistic effect on the travel time share of active travel.
(erefore, if we ignore the influence of nonlinear association
and interaction in travel behavior, it is difficult to develop a
refined strategy or policies to guide individual traveling with
low-carbon modes.

Recently, some scholars have become aware of this
problem and have begun to consider the nonlinear associ-
ations between variables when modeling individuals’ travel
behaviors [13–16]. (ey improved the existing research in
two ways. On the one hand, to examine the influence
proportion of the key influence variables, the relative im-
portance of influencing factors is quantified. On the other
hand, to illustrate the threshold effect of influencing factors,
nonlinear associations between variables are explored. For
instance, Tu et al. [13] used a gradient boosting decision tree
to model the ridesplitting ratio. By ranking the relative
importance of built environment factors, three key variables,
the distance to the city center, land use diversity, and road
density, are identified. Cheng et al. [14] used survey data
from elderly people in Nanjing (China) and explored the
nonlinear associations and threshold effect between the built
environment and walking time through the random forest
method. (e results show that the land use mix and pop-
ulation density affect the walking time of the elderly only
within a certain range. However, none of them have ex-
plored the possible nonlinear associations between indi-
vidual travel mode choices and the corresponding
influencing factors. In addition, the interaction between
variables is rarely discussed, although the existence of this
interaction has been confirmed by some studies.

To fill the above research gap, we need to explore both
the nonlinear associations and interactions in the short-
distance travel mode choices of car users. A random forest
(RF) model is adopted for modeling in this paper for the
following reasons: (1) compared to multinomial logit models
(MNL), random forest models as amachine learningmethod
have the advantage of capturing nonlinear associations and
interactions among determinants; and (2) compared with
other machine learning methods, random forest models
have superior predictive power in studying travel mode
choice [17–19].

Taking Kunming, China, as a case study, we collected
data on short-distance trips of car users in 2019 through
questionnaires as well as corresponding built environment
data and used random forest for modeling. (e research
involves the following three aspects: (1) identify the key
factors that affect the short-distance travel mode choice of
car users; (2) explore the complex relationship between these
factors; and (3) propose strategies to guide the transfer of car
users’ travel modes. (e results can provide important
planning insights.

(e remainder of the paper is organized as follows.
Section 2 provides a literature review of research on indi-
vidual travel mode choice. Section 3 outlines the study area
and data sources and provides a preliminary statistical
analysis of the data. Section 4 describes the random forest
modeling approach. Section 5 provides the results of the
study, and the final section provides further discussion and
draws final conclusions.

2. Literature Review

At present, research on the choice of individual travel mode
is gradually increasing. (ese studies mainly focused on the
factors that affect the choice of travel mode, which can
provide a valuable reference for this study on the selection of
influencing factors. In addition, the existing research on the
nonlinear associations of travel behavior also provides im-
portant enlightenment for our study.

A large amount of literature shows that economic de-
mographic attributes, travel characteristic attributes, psy-
chological attributes, and built environment are important
variables that affect individual travel mode decisions. In
terms of economic demographic attributes, age, sex, occu-
pation, and income are important factors. For instance,
through a survey of short-distance travel in Queensland,
Cole et al. [20] found that women, middle-aged and older
people, and those without a job were more likely to use cars
for travel. In contrast to those findings, Dėdelė et al. [21]
pointed out that car users are more likely to be young, male,
and employed. (is difference may be related to other
characteristics of the individuals studied; for example,
Cheng et al. [22] found that, among low-income commuters,
women were more likely to choose public transportation
options. (e above findings suggest that interactions be-
tween variables may exist. (e travel characteristic attributes
include mainly travel purpose and travel distance. Among
them, travel distance has a more significant impact on the
choice of travel mode. In general, short-distance travel is
always associated with walking and cycling [23], but short-
distance travel for commuting, carrying heavy objects, and
multiple travel destinations may increase the use of cars [4].
In terms of the built environment, Cao et al. [24] indicate
that measures such as upgrading public transportation
services and enhancing accessibility can reduce the use of
cars for short-distance trips. Indicators such as employment
density, population density, street connectivity, and land use
mix were shown to impact travel mode choice decisions
[25, 26]. In addition to the abovementioned objective at-
tributes, subjective psychological factors such as attitude are
also considered factors that affect the choice of travel mode
[27].

(e above research shows that the choice of travel mode
may be affected by multiple factors. In this context, it is
particularly important to identify the key variables of travel
mode choice [19, 28, 29]. From the perspective of planners, it
is necessary to grasp the priority levels of determinants to
formulate the right interventions [30, 31]. Recently, Cheng
et al. [17] quantified the relative importance of the effect of
explanatory variables on the choice of travel mode through
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the random forest method.(ey found that, overall, the built
environment is more important than other attributes, and
the land use mix is the most important variable. (e key
variable may vary by research area and research object.
(erefore, it is necessary to explore the key variables in the
short-distance travel mode choice of car users. On the other
hand, in recent years, an increasing number of studies have
found nonlinear associations between travel behavior and its
determinants [11, 32–35]. For instance, Jixiang et al. [11]
found that when population density reached 3,000 per
square kilometer, the additional density had a negligible
impact on driving reduction. (is provides planners with a
more detailed reference basis [36]. However, there is still a
gap in the exploration of the nonlinear associations between
the short-distance travel mode choice of car users and its key
variables. In addition, few studies have pointed out that there
are interactions between determinants, and the resulting
synergistic effects will affect individual travel behavior
[10, 12, 37]. In fact, travel choice behavior is affected not only
by variables. Traffic demand management strategies and
land use policies can produce synergistic effects [37].
(erefore, the interaction between key variables in travel
mode choice also needs to be further explored.

(erefore, we will study the key determinants of car
users’ travel mode choice in the case of short-distance travel
and use the random forest model to explore the nonlinear

associations and interaction between the variables. (is
research will contribute to the research on travel mode
choice in two ways. On the one hand, we research the short-
distance travel choice of car users. On the other hand, we
explore the complex nonlinear associations between travel
mode choice and its determinants and examine whether
there is any interaction between determinants. (e findings
of our study provide planning managers with the priority
and effective range of key variables, which will help them
allocate resources effectively.

3. Data

3.1. Study Area and Short Distance Definition. Kunming is
the capital of Yunnan Province, located in southwestern
China, and is an important central city in the western
region. (e urban area of Kunming consists of five ad-
ministrative districts (Wuhua District, Panlong District,
Xishan District, Guandu District, and Chenggong Dis-
trict), as shown in Figure 1. (e total area is 21,473 km2,
and the built-up area is 483.52 km2. (e total registered
population of the city was 5.83 million at the end of 2020,
and the number of cars was approximately 2,970,100, an
increase of 5.2% compared to 2019 [38]. (e increase in
the use of cars has led to traffic congestion and envi-
ronmental pollution [39].
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Figure 1: Map of the main urban area of Kunming.
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For the definition of short-distance travel, this study will
determine the specific distance value by considering the
study content and the daily travel situation of residents in the
study area. First, we mainly study the short-distance travel
mode choice of car users. As shown in Section 2, walking and
cycling are important transportation modes for short-dis-
tance trips. Second, the results of the 2016 Kunming resident
travel survey show that the average distance of residents’
cycling is 2.9 km, and 75.6% of the cycling distance andmore
than 99% of the walking distance are concentrated within
4 km [39]. (erefore, to effectively examine car users, the
4 km threshold is selected in this paper as the definition of
short-distance travel in the study.

3.2. SurveyandDataCollection. We surveyed a sample of car
users’ short-distance trips in Kunming in May 2019. (e
survey took the form of a questionnaire that considered
factors that may influence travel mode choice, including
economic demographic attributes and short-distance travel
attributes. Following the research of Jakobsson et al. [40], the
car user in this study is defined as someone who has at least
one car in the household and has used car for travel once or
more. Based on this definition of car users, we first asked
respondents about their household car ownership and car
use experience before doing a formal survey and only survey
respondents who meet the criteria. We asked respondents to
recall their past trips of less than 4 km (excluding hanging
out and running), and the trip characteristics included trip
purpose, trip mode, and trip distance. To improve the quality
of the questionnaire, surveys were conducted in areas such as
parking lots, car sales stores, and car washes within the study
area, and at the same time, respondents who completed the
questionnaires were rewarded with 10 RMB (approximately
1.55 dollars). Finally, a total of 1,835 travel samples were
collected. After eliminating invalid samples (for example,
unclear home address, incomplete travel information, etc.),
1,578 short-distance travel samples were obtained, with an
86% effective sample rate.

To explore the impact of the built environment, we used
ArcGIS software to extract the built environment data for a
500m area around the home address of the car user. (ere
were three aspects: land use, transportation facility layout,
and accessibility. (e land use mix is calculated according to
the formula of land use entropy − i(Pi ln(Pi)), with Pi

denoting the proportion of land in category i [17]. Road
network density is expressed by the ratio of the total length
of all roads in the region to the total area of the region;
intersection density is measured by the number of inter-
sections in the region. (e transportation facilities layout
includes the number of bus lines and bus stops; accessibility
includes the distance from the residential area to the nearest
bus stop, the distance to the nearest subway station, and the
distance to the central business district.

3.3. Descriptive Statistics. In this study, short-distance travel
mode choice was the dependent variable, which mainly
included five travel modes: car, cycling, walking, bus, and
subway. (e share of each travel mode was 51.29%, 26.29%,

13.33%, 6.13%, and 2.96%, respectively. (e proportion of
bus and subway trips in the sample was low (less than 10.00%
in total). (erefore, we focused on only three modes of
travel: car, cycling, and walking. (ere were 1,425 short-
distance trips retained.

(e travel share of the three modes is shown in Table 1.
We found that car trips accounted for the highest proportion
(53.05%), followed by cycling and walking. (is shows that,
even in the case of short-distance travel, car users still like to
travel by car, so it is necessary to guide car users to shift to
the active mode of transportation.

Table 2 presents a descriptive statistical analysis of the
explanatory variables. Economic demographic attributes
mainly include age, sex, education level, occupation, and
annual household income. In China, citizens under 18 and
over 70 years old are not allowed to drive cars, so the age
range for the survey was 18–70 years old. (e ages were
divided into 5 categories. A total of 69.68% of the respon-
dents were 18–40 years old. Car user sex is a binary variable,
with 1 assigned to males and 0 assigned to females.(emean
of 0.62 indicated that the proportion of male car users in the
selected sample was higher than that of female car users.
Educational attainment was divided into three levels: high
school or junior college and below, college or university, and
graduate and above. (e mean value was 2.10, with a high
percentage (81.33%) of respondents having completed
higher education. Similarly, annual household income was
divided into 3 categories. (e mean value was 2.16, indi-
cating that the majority (75.16%) of respondents had an
annual household income of 50,000 RMB (approximately
7,730 dollars) or more. In addition, occupations were di-
vided into four categories. More than half (60.00%) of the
respondents were employed, where the employed mainly
consisted of corporate employees, institutional employees,
or civil servants.

In terms of the built environment variables, the average
road network density was 6.64 km/km2, which approxi-
mately reflects the current situation of road network density
in Kunming urban administrative districts (6.78 km/km2 in
the 2020 annual road network density test report of major
cities in China [41]). (e average intersection density was
3.30 count/km2. (e average land use mix was 0.57. (e
central business district of Kunming is Dongfeng Square,
which is marked in Figure 1. According to the statistics, the
average Euclidean distance from respondents’ residence to
Dongfeng Square was 9.89 km. (e average numbers of bus
stops and bus routes were 11.22 and 13.67, respectively. (e
average distances to the nearest bus station and subway
station were 0.2 km and 1.43 km, respectively. (ese values
reflect the supply and accessibility of public transportation
near the respondent’s place of residence.

Travel characteristics mainly include travel purpose and
travel distance. Travel purpose was divided into four cate-
gories: commute, entertainment, official business, and other.
Commuting (36.42%) and entertainment (35.93%) were the
main purposes of travel reported by the respondents. Travel
distance has a continuous value, and the average travel
distance was 2.73 km, with a standard deviation of 1.09.
Table 3 shows the trip sharing rates for various modes by
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distance. (is table illustrates that the share of cars increases
with trip distance, while the relationship between active
travel modes (cycling and walking) and trip distance is
reversed.

In addition, as shown in Figure 2, household car
dominance and acceptable transportation costs can impact
travel mode choice. Figure 2(a) shows that when the family
car is mainly controlled by oneself, the car becomes the main
mode of travel. In contrast, when the family car is mainly
used by family members, cycling becomes a good choice.
(is indicates that car users who can use the car at any time
are likely to travel by car more often. Figure 2(b) shows that

the average acceptable daily cost of transportation also in-
fluences travel decisions to some extent. When the ac-
ceptable cost was below 10 RMB, the respondents were more
likely to use bicycles to travel.

4. Methodology

4.1. Random Forest Method. To explore the nonlinear as-
sociations and interactions in the short-distance travel mode
selection of car users, we adopt the random forest (RF)
model for modeling. RF is an algorithm that integrates
multiple trees through the idea of integrated learning. Its
basic unit is a decision tree, where each tree is formed by
randomly selecting observations (rows) and variables (col-
umns). For the classification model, the final classification
tree results are aggregated according to the voting method.
(is method helps optimize the fitting and prediction of the
model [42]. RF has two important parameters [30]: (1) the
number of variables preselected by the tree nodes (m) and
(2) the number of trees in the RF (n). When using the
bootstrap method to randomly sample the dataset, the
probability p that each sample is not selected is (1 − (1/n))n,

Table 2: Explanatory variable descriptive statistics.

Variables Description Mean SD
Demographic characteristics

Age Belonging to the age.
{1� 18–30, 2� 31–40, 3� 41–50, 4� 51–60, 5� 61–70} 2.07 1.16

Sex Male or female. {0� female, 1�male} 0.62 0.48

Education Education level.
{1� low, 2�medium, 3� highly} 2.10 0.68

Occupation Type of occupation.
{1� self-employed, 2� employed, 3� retirement, 4� other} 2.28 0.91

Income Annual family income (10,000 RMB).
{1� below 5, 2� 5–20, 3� above 20} 2.10 0.62

Car use Car domination rights, it also means car usage in daily life.
{1� totally at my disposal, 2� used primarily by me, 3� used primarily by family} 1.85 0.79

Travel cost Daily acceptable transportation expenses (RMB).
{1� below 10, 2�10–40, 3� above 40} 1.94 0.63

Built environment
Road density Road network density (km/km2). 6.64 2.51
Intersection density Number of road intersections in the area (count/km2). 3.30 3.01
Land use mix Land use diversity index, calculated by the land use entropy formula. 0.57 0.15
CBD distance Distance from residence to central business district (km). 9.89 7.65
Bus stop Number of bus stops in the area (count). 11.22 5.95
Bus route Number of bus lines in the area (count). 13.76 10.14
Bus distance Distance from residence to nearest bus stop (km). 0.20 0.10
Subway distance Distance from residence to the nearest subway station (km). 1.43 1.29
Travel information
Travel distance Travel distance (km). 2.73 1.09

Trip purpose Trip purpose.
{1� commute, 2� entertainment, 3� official business, 4� other} 2.05 1.03

Table 3: (e share of various travel modes at different travel
distances.

Travel distance (km)
All modes of travel sharing rate (%)
Automobile Bicycle Walk

0< travel distance≤ 1 22.83 38.81 38.36
1< travel distance≤ 2 36.21 37.61 26.18
2< travel distance≤ 3 63.23 30.16 6.61
3< travel distance≤ 4 71.86 23.67 4.77

Table 1: Travel mode choice distribution.

Mode choice category Frequency Percentage
Automobile 756 53.05
Bicycle 445 31.23
Walk 224 15.72
Total 1425 100.00
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indicating that some samples in the dataset will not appear in
the training sample set, that is, out of bag (OOB) [42]. In
order to ensure the stability of the OOB error in the
modeling process, the model parameters need to be cali-
brated to make the model more robust and obtain better
model performance. (is estimation can be used to replace
the test set for error estimation (OOB estimation). RFs can
quantify the relative importance of explanatory variables in
predicting outcomes, and partial dependency plots visualize
the relationship between the target and explanatory
variables.

4.2. Relative Importance. Mean Decrease Gini (MDG)
estimation can be used to measure the relative importance
of the explanatory variables [43]. It is measured by the
decrease in Gini impurity due to the variable v. According
to formulas (1) and (2), the reduction in Gini impurity for
each characteristic variable is calculated. Finally, nor-
malize all the obtained importance scores. In this method,
the larger the value, the more important the explanatory
variable.

MDG(v) � 
n

i�1


m∈M
GIm − GIl − GIr( . (1)

GIj � 1 − 
K

k�1
P
2
jk, (2)

where MDG(v) is the relative importance score of the
variable; n is the number of decision trees;m is the node;M is
the set of nodem; GI is the Gini impurity index; k represents
the total number of classes of the target variable; Pjk rep-
resents the conditional probability that the target variable is
the kth class in node j; and GIl and GIr are the Gini indices
of the two new nodes after branching.

4.3. Partial Dependence Plots. Partial dependence (PD) can
indicate the complex relationship between explanatory
variables and travel mode choices. Partial dependence plots
(PDPs) show the marginal effect of a feature on the predicted

outcome of a previously fitted model, with the prediction
function fixed at a few values of the selected feature and
averaged over the other features [41]. For example, when a
feature value increases to a certain extent, the average
predicted value decreases, and the prediction tends to be
other categories. PDPs can reflect the influence of variables
on the prediction results in a visual way. (e abscissa
represents the value range of the explanatory variable, the
ordinate represents the probability of choosing a certain
travel mode, and the shape of the curve reflects the mag-
nitude and direction of the impact. (e PD function is
defined as follows:

f Xs( ) Xs(  �
1
m



m

j�1

f Xs, X
(j)
c , (3)

where Xs is the target variable for plotting the partial
correlation function, X

(j)
c is the feature value in the dataset

other than the target variable, m is the number of instances
in the dataset, and f(Xs)

(Xs) is the prediction of the target
variable.

5. Results

5.1. Random Forest Model Calibration. We use the “ran-
domForest” toolkit of the R language to implement the RF
algorithm.(e entire sample set is divided into a training set
and a test set at a ratio of 8 : 2, referring to Friedman [44]. To
determine the optimal splitting value of model training, we
set the loop function with m taking values from 1 to 17 and
tested n according to the default value of 500 to obtain the
OOB error corresponding to each m value. (e test results
show that the OOB error is lowest when m� 7; thus, 7 is
adopted as the value of parameter m. Accordingly, an ex-
perimental model with n values from 100 to 800 in incre-
ments of 100 is established. (e test results are shown in
Figure 3. Four OOB error curves are generated from the
three-classification model. Since the reduction in the OOB
error is close to zero, when n� 600, the maximum number is
determined to be 600. (e AUC value corresponding to the
ROC curve of the RF model was 0.924, and the prediction
accuracy was 82.75%.

Used primarily by family

primarily used by me

Totally at my disposal

0.00% 20.00% 40.00% 60.00% 80.00%

Walk
Bicycle
Automobile

(a)

0.00% 20.00% 40.00% 60.00% 80.00%

Walk
Bicycle
Automobile

Above 40 RMB

10- 40 RMB

Below 10 RMB

(b)

Figure 2: (e choice of travel mode by situation. (a) Car domination rights. (b) Acceptable transportation costs.
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5.2. Relative Importance Analysis of Explanatory Variables

5.2.1. Relative Importance of Determinants of Travel Mode
Choice. Table 4 shows the relative importance of economic
demographic attribute variables, built environment variables,
and travel attribute variables on the impact of travel mode
choice of car users who travel short distances. (e relative
importance is quantified by the MDG value, and the sum of
the relative impacts of all explanatory variables is 100%.

Table 4 shows that the built environment variable has
the largest total relative influence among the three influ-
encing factor categories, accounting for 57.75%, which is
consistent with previous study results [11, 14, 31]. (is
shows that the built environment has the greatest influence
on the short-distance travel mode choice of car users.
Travel attribute variables are more important than eco-
nomic demographic attribute variables. (e sum of the

relative importance of the former two explanatory variables
exceeds the sum of the relative importance of the latter’s
seven explanatory variables, and the travel distance is
absolutely leading. Specifically, the relative importance of
travel distance accounted for 14.94%, ranking 1st. (is
shows that even in short trips, travel distance can influence
travel mode decisions. (erefore, it is necessary to explore
the distance thresholds for different travel mode choices
within 4 km. In terms of the built environment, the relative
importance of the distance to the city center (Dongfeng
Square) was the largest (8.53%), followed by road network
density (8.41%), the distance to the nearest bus station
(7.78%), the distance to the nearest metro station (7.59%),
and the land use mix (7.50%). (ese are the five key var-
iables that need to be the focus of researchers and planners.
In terms of economic demographic attributes, acceptable
travel costs, age, and car domination rights had a relatively
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0 200 400
Number of trees

O
O

B 
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r

600 800

Type
errorAutomobile
errorBicycle

errorOOB
errorWalk

Figure 3: Evaluation of the number of trees.

Table 4: Relative importance of determinants.

Categories Variable Relative importance (%) Rank Total (%)

Travel information Travel distance 14.94 1 21.33Trip purpose 6.40 9

Built environment

CBD distance 8.53 2

57.75

Road density 8.41 3
Bus distance 7.78 4

Subway distance 7.59 5
Land use mix 7.50 6
Bus route 7.26 7
Bus stop 6.63 8

Intersection density 4.04 10

Demographic characteristics

Travel cost 3.76 11

20.92

Age 3.73 12
Car use 3.55 13

Occupation 3.26 14
Education 2.45 15
Income 2.21 16
Sex 1.96 17

Total relative importance 100.00
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strong influence on the travel mode choice of short-dis-
tance car users, with influences of 3.76%, 3.73%, and 3.55%,
respectively.

5.2.2. Differences in the Relative Importance of Determinants
in the 4ree Modes. Figure 4 shows that the relative im-
portance of the explanatory variables was not entirely
consistent across car use, cycling, and walking. Taking the
car as the reference group in the model, the ranking
characteristics of the relative importance for each explan-
atory variable were observed. For cycling, the relative im-
portance of the distance to the nearest bus stop is more
prominent. (e possible reason is that bicycles are likely to
be used as a feeder mode to access/egress transit, taking on
the role of transfer connections with public transit [45]. For
walking, the concern is not only road density, but also the
distance from the residence to the nearest metro station and
the central business district. (is indicates that good envi-
ronmental supply and the accessibility of nearby public
transportation facilities can promote the adoption of
walking travel [46].

5.3. Nonlinear Association Analysis of Determinants and
TravelModeChoice. To investigate the nonlinear associations
of the short-distance travel mode choice of car users, we
visualized the marginal effects of the top ten key variables in
terms of relative importance for predicting travel mode choice
through partial dependency plots. Among them, travel dis-
tance, road density, distance to CBD, and number of bus stops
have significant nonlinear effects, as shown in Figure 5.

Figure 5(a) shows the nonlinear associations of travel
distance on the choice of travel mode. As the travel distance
increases, the probability of car users choosing cars gradually

increases, while the probability of choosing walking and
cycling shows a decreasing trend. (is indicates that the
willingness of car users to choose a travel mode varies
significantly with the travel distance. (is finding is con-
sistent with that of Jonas, who pointed out that an increase in
travel distance has a negative effect on walking and cycling
and a positive effect on driving [47]. However, these asso-
ciations are nonlinear, as shown in the PDP. Specifically, the
presentation of modal splitting varies with distance
threshold. A distance of 1.2 km seems to be a turning point,
before which we find that car users prefer to travel by
walking and cycling and after which a significant increase in
the probability of car use is observable. Similar findings can
be found in Neves and Brand [3], which pointed out that
travelers are likely to switch from walking to other travel
modes when their walking distance exceeds 1.6 km. (at is,
car users are most likely to travel by active travel modes
when the travel distance is less than 1.2 km. Cycling has a
competitive advantage over walking. When the distance
travel exceeds 3 km, car users will hardly consider using
walking to travel.

Figure 5(b) shows that there are nonlinear associations
between road network density and travel mode choice. We
found that an increase in road network density within a
certain range can reduce car use while increasing the share
of walking and cycling trips. In more detail, when the road
network density was between 2.5 km/km2 and 6.5 km/km2,
the proportion of those who chose cycling was on an in-
creasing trend, while car use was on a decreasing trend.(e
probability of walking choice increased when the road
network density was between 5 km/km2 and 7.5 km/km2.
(is suggests that, under reasonable road network density
conditions, there will be an increased tendency to choose
alternative modes of travel such as walking and cycling. In
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Figure 4: Importance of characteristic variables.
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Figure 5: Nonlinear associations of determinants on travel mode choice. (a) Partial dependence of travel distance. (b) Partial dependence of
road density. (c) Partial dependence of CBD distance. (d) Partial dependence of bus stop.
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addition, when the road network density was in the range
of 2.5–5 km/km2, the choice probability of walking was low;
however, the probability of choice cycling was on the rise,
highlighting the competitive complementary role of the
two.

Figure 5(c) shows the threshold effect between the
distance to the city center and travel mode choice. (e
results show that living in an area 1 km away from the city
center decreased the probability of walking. Conversely, the
tendency to use cars increased.When the distance exceeded
2.5 km, car users were less inclined to choose cycling.

Figure 5(d) illustrates the nonlinear effects of the number of
bus stops on travel mode choice. We found that the number
of bus stops had a significant effect on the travel mode
choice of car users. When the number of bus stops near a
place of residence exceeded 9, it attracted car users to shift
to walking and cycling. (is suggests that, for short-dis-
tance trips, a sufficient number of transit stops can en-
courage car users to walk or cycle. In other words, when the
number of nearby bus stops meets the travel demand of car
users, it can effectively reduce car travel and thus promote
active modes.
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Figure 6: Interaction between explanatory variables. (a) (e interaction between travel distance and age. (b)(e interaction between travel
distance and CBD distance. (c) (e interaction between travel distance and bus stop.
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5.4. Interaction between Determinants. As mentioned in the
literature section, there is interaction between different
determinants. In other words, travel mode choices are driven
not only by decisions due to a single variable. (us, we
further discussed the interaction of factors on the choice of
travel mode. Since the findings in Sections 5.2 and 5.3
emphasized that travel distance is the most important factor
in travel mode choice, in this section, we will further explore
the interaction between travel distance and other explana-
tory variables by visualizing two-dimensional partial de-
pendencies. Figure 6 mainly shows the interaction between
travel distance and age, the distance to the CBD, and the
number of bus stops.

Figure 6(a) shows the results of travel mode choice under
the interaction of two characteristics, travel distance and age.
(e figure shows that, for trips less than 2 km, seniors over
60 years old are clearly more likely to travel by cycling than
those in other age groups.(e possible reason is that cycling,
as a healthy travel mode that can exercise physical functions
and improve immunity, is widely used by the elderly [48].
(e interaction with age was not significant when the travel
distance was more than 2 km. (is suggests that when
planning and designing, it is necessary to provide convenient
cycling conditions and safety measures for the elderly to
travel within 2 km.

Figure 6(b) shows that there is a significant interaction
between travel distance and distance to the CBD.When both
the travel distance and the distance to the CBD are less than
2 km, car users are willing to travel by cycling or walking.
Otherwise, car trips are more likely to be used. (is finding
suggests that enhanced land use diversification and the
development of land that basically meets the needs of travel
activities in areas where walking and cycling are acceptable
to car users benefit the development of active travel modes.

Figure 6(c) also shows a significant interaction between
travel distance and the number of bus stops. We found that
when the travel distance is greater than 2 km, cycling and
driving are more advantageous than walking; however, when
the number of bus stops exceeds 9, the probability of
choosing a car is reduced, whereas that of choosing walking
and cycling is increased. (is indicates that when the travel
distance exceeds 2 km, increasing public transportation fa-
cilities such as bus stops can help reduce car use. (ese
findings are consistent with the findings of the nonlinear
relationship in Section 5.3.

(e results of the interaction analysis of travel distance
with travel purpose, road network density, intersection
density, acceptable transportation cost, household car use,
and occupation are shown in Table 5. When the travel
distance is within 2 km, commuting is more likely to drive
car users to adopt car travel than travel purposes such as
entertainment. Retirees and people in other occupations
tend to choose cycling. On the other hand, when the travel
distance is 2–4 km, cycling travel would be a good choice for
car users if their cars are mainly used by their families or if
the acceptable cost is less than 10 RMB. To provide good
cycling conditions, a road network density of 2.5–7.5 km/
km2 and an intersection density greater than 10 are more
appropriate.

5.5. Model Comparisons. Since the MNL model has been
used widely to study travel mode choice behavior, we select
it as the reference model to explore the differences between
the linear and nonlinear models. Before establishing the
MNL, we first tested the collinearity of the variables. (e
test results show that the variance inflation factor (VIF) of
each variable was less than 5, indicating that there was no
multicollinearity between the variables. (en, we built an
MNLmodel based on maximum likelihood estimation. (e
evaluation indicators of model performance are the size of
the area under the ROC curve (AUC), accuracy, recall, and
precision. (e latter three indicators can be calculated
according to the confusion matrix. (e calculation criteria
are as follows:

Accuracy � 
k

TK ×
100%

N
,

Recall � 
K

TK

AK

×
100%

K
,

Precision � 
K

TK

PK

×
100%

K
,

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

(4)

where TK is the number of correct predictions in class K; N

is the total number of samples tested; AK is the number of
samples for the actual results in class K; and PK is the
number of samples for the predicted results in class K.

Table 5: Interactions between travel distance and other determinants.

Variable
Interaction results

0 km< travel distance< 2 km 2 km< travel distance< 4 km
Trip purpose Commuters rely more on cars for travel —

Road density 2.5–7.5 km/km2 is more suitable for the development
of cycling —

Intersection
density — More than 10 can reduce the probability of car trips and

promote cycling
Travel cost — Preference for cycling within 10 RMB
Car use — When families use more, they cycle
Occupation Retirees/other occupations are more likely to cycling Daily commuters have a stronger need for car travel
Note: “—” indicates no interaction.

Journal of Advanced Transportation 11



Table 6 shows the evaluation index results of the RF and
MNL.(e results showed that all evaluation indicators of RF
were higher than those of MNL model, indicating that
considering nonlinear associations between variables can
greatly improve the predictive power of the model. (e

estimation results of theMNLmodel are provided in Table 7.
In this model, the relationship between the explanatory and
dependent variables is prespecified. In contrast, the RF
approach explores the relationship between the explanatory
and dependent variables based on the association of the data,
avoiding the a priori assumption of a specific function to fit
the data [49]. (us, using RF to explore the nonlinear as-
sociations and interactions of short-distance travel mode
choices of car users not only improves the predictive per-
formance of the model, but also allows us to further de-
termine the effective range of variables that influence travel
mode choices. In addition, the effect of variable interactions
on travel mode choice can be obtained.

6. Discussion and Conclusions

Taking Kunming, China, as a case study, car users with a
travel distance of less than 4 km are defined as short-distance
car users. A questionnaire survey of car users was conducted,
and a total of 1,425 valid short-distance travel samples were
collected. Statistical descriptive results show that the share of
car use exceeds 50% for short-distance trips by car users,
reflecting a high level of car dependence. To effectively
transfer car users to other modes of travel, this paper adopts
the RFmodel to study the determinants of short-distance car
users’ travel mode choice and the complex relationships
among them. Specifically, three main steps were taken: (1)
assessing the relative importance of determinants; (2) re-
vealing the nonlinear associations between the determinants
and travel mode choice; and (3) exploring the interactions
between travel distance and other variables. Overall, it fills a
gap in the current research on travel mode choice in terms of
nonlinear associations and exploring variable interactions.
(e results of the study provide recommendations for de-
veloping measures to reduce car trips over short distances.

Our study shows that built environment variables have a
larger collective influence than economic demographic at-
tribute variables and travel attribute variables. (is is con-
sistent with most current findings [14, 16, 50]. However, the
relative importance of travel distance dominates over-
whelmingly among all explanatory variables because each
mode of travel has its own competitive range (more on this
later). (is finding suggests that we should improve the built
environment within a certain distance to maximize the
function of active travel modes. Going a step further, we
identified characteristic variables that have a greater impact
on cycling and walking than on car use. For cycling, the
relative influence of distance to the nearest bus stop is more
prominent.(emeaning of this is that bicycle and bus feeder
functions are considered in rational planning and design.
(is will not only increase the willingness to choose cycling,
but also promote the codevelopment of green transportation
modes. From a pedestrian perspective, the density of the
road network is important. In other words, a pleasant and
walkable environment enhances the possibility of walking
trips. It is also necessary to focus on the distance to the
nearest subway station and the distance to bus stops because
convenient transportation facilities can promote the de-
velopment of walking. (e results of the above study help

Table 6: Model evaluation index results.

Evaluation indicators
AUC Accuracy (%) Recall (%) Precision (%)

RF 0.924 82.75 77.98 79.80
MNL 0.705 63.86 55.41 60.33

Table 7: MNL model estimation results.

Mode (automobile)
Bicycle Walk

Coef. P> |Z| Coef. P> |Z|
Constant 2.68 0.00∗∗ 0.58 0.60

Travel information
Travel distance − 0.63 0.00∗∗ − 1.27 0.00∗∗

Trip purpose (other)
Commute − 0.36 0.09 − 0.42 0.15
Entertainment − 0.07 0.74 0.08 0.78
Official business − 0.64 0.02∗ − 1.01 0.01∗

Built environment
Bus stop 0.05 0.00∗∗ 0.10 0.00∗∗
Bus route − 0.01 0.34 − 0.01 0.63
Subway distance − 0.05 0.33 − 0.20 0.02∗
CBD distance − 0.02 0.11 0.01 0.42
Road density 0.02 0.47 0.10 0.03∗
Intersection density 0.05 0.07 − 0.01 0.76
Bus distance − 0.63 0.00∗∗ 1.77 0.06
Land use mix − 0.73 0.34 0.80 0.30

Demographic characteristics
Travel cost (above 40 RMB)
Below 10 RMB 0.54 0.03∗ 0.96 0.01∗
10–40 RMB − 0.04 0.83 0.54 0.08
Age (61–70 years old)
18–30 years old − 1.50 0.00∗∗ − 1.43 0.02∗
31–40 years old − 1.28 0.00∗∗ − 1.30 0.03∗
41–50 years old − 1.04 0.01∗ − 0.85 0.16
51–60 years old − 1.62 0.00∗∗ − 1.76 0.00∗∗

Car use (used primarily by family)
Totally at my disposal − 0.64 0.00∗∗ − 0.24 0.36
Used primarily by me − 0.98 0.00∗∗ 0.02 0.93
Occupation (other)
Self-employed − 0.62 0.03∗ − 0.39 0.29
Employed − 0.75 0.00∗∗ − 0.37 0.19
Retirement − 0.37 0.22 − 0.13 0.78
Education (highly)
Low − 0.57 0.03∗ 0.83 0.01∗
Medium − 0.18 0.36 0.29 0.28
Income (above 200,000 RMB)
Below 50,000 RMB 0.60 0.03∗ 0.45 0.24
50,000–200,000 RMB 0.54 0.01∗ 0.82 0.00∗∗
Male (female) 0.11 0.49 − 0.92 0.00∗∗

Pseudo R2 � 0.33
LR chi2 � 579.15

Note: ∗significance at the 10% level; ∗∗significance at the 5% level. (e
contents in parentheses are the reference group.
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provide planning managers with a reference point to guide
car users toward green transportation while rationalizing the
allocation of limited resources.

After identifying the key determinants of short-distance
travel mode choice for car users, it is more important to
specify the effective range of planning and design inter-
ventions. In our study, a 1.2 km travel distance is a turning
point in travel mode choice, within which car users favor
both walking and cycling. However, some studies have
proposed 3 km as the dividing point between motorized and
active modes of transportation [51]. In comparison, in terms
of travel distance, car users have more stringent require-
ments regarding the alternative of active travel modes. In
terms of the built environment, a road network density of
2.5–7.5 km/km2 can promote the development of active
travel modes. However, it is important to note that the
distance to the city center is unfavorable for cycling when it
exceeds 2.5 km. (erefore, group development should be
considered when planning land use to ensure a balance
between commercial, residential, and other work and
housing [52]. In addition, the deployment of public trans-
portation infrastructure deserves attention.(e results of the
study indicate a positive impact on active travel modes when
the number of bus stops within 500m of a residence exceeds
9. (erefore, to improve the efficiency of travel, for the
coordinated development of various green transportation
modes, it is recommended that connections between modes
of travel be fully considered.(ese suggested values can help
planners find the best design threshold or range. It is
beneficial for active traffic development and can improve the
cost effectiveness of construction to a certain extent.

On the other hand, the interactions between the de-
terminants are more consistent with real-life situations
where travel mode choice is affected by more than a single
variable in the decision. (erefore, this study explores the
interaction between travel distance and other determinants.
For trips within 2 km, compared with younger people,
people over 60 years of age tend to use cycling. (is is a
noteworthy phenomenon. To improve the quality of life of
the elderly, it is recommended that planning and design
should be carried out with attention to providing convenient
cycling conditions and safety measures for the elderly. In
addition, commuting is the main purpose of travel for car
use, probably because cars can improve the convenience of
commuting [53]. For 2 to 4 km trips, the choice of active
travel modes increases when the car is used mainly by family
members or when the acceptable transportation cost is less
than 10 RMB. (erefore, the interaction between key var-
iables should also be taken into account in planning man-
agement and policy development.

(e above research results can provide detailed guidance
for specific planning and management work. However, this
paper also has some shortcomings. First, the impact may
vary with spatial scale [50]. (e scope of data collection for
the built environment in this study is a 500m area around
the car users’ residence. It is necessary to explore different
spatial scales and collect more comprehensive information
about the characteristics of the built environment. Second,
this study focuses on the nonlinear associations of short-

distance travel mode choice of car users, focusing mainly on
guiding car users to active travel modes. (erefore, it equally
ignores green public transportation modes such as buses,
subways, and trams, which can be further expanded in future
studies. (ird, random forests fit the available data well, but
the reliability of predictions for regions without data will be
reduced, as random forest is a data-driven method. (us,
forecasting in certain ranges where data are lacking will
produce abnormal fluctuations. (erefore, the amount and
density of data in further studies are crucial for random
forest prediction.
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Gužienė, “Dependence between travel distance, individual
socioeconomic and health-related characteristics, and the
choice of the travel mode: a cross-sectional study for Kaunas,
Lithuania,” Journal of Transport Geography, vol. 86, 2020.

[22] L. Cheng, X. Chen, S. Yang, and J. M. Wu, “Structural
equation models to analyze activity participation, trip gen-
eration, and mode choice of low-income commuters,”
Transportation Letters, vol. 11, no. 6, pp. 341–349, 2019.
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