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Understanding the relationship between CO, emissions from commuting
(CEC) and the built environment is crucial for sustainable transportation and
land-use policymaking during the process of constructing a low carbon city.
Previous studies usually assume that the relationship is linear, which may
lead to inaccurate CEC prediction and ineffective policy. Using daily travel
survey data of residents in the central city of Jinan, this study adopted a
gradient boosting decision tree model to explore the threshold effect and
the non-linear relationship between built environments and CEC. Our findings
suggest that 40% of CEC is related to the workplace environment, which is
higher than the residential environment and other socioeconomic variables.
The five most important variables are road density within 1km radius of
the workplace (13.493%), distance to the center at workplace and residence
(10.908%, 10.530%), population density at workplace (9.097%) and distance
to bus stop from the residence (8.399%). Distance to city center plays the
most important role and its non-linear relationship reflects the influence of
the urban spatial structure of Jinan on CEC. Furthermore, the thresholds and
non-linear relationships provide planning guidelines to support urban planning
development policies for low carbon city.

KEYWORDS

built environment, gradient boosting decision model, CO, emissions from
commuting, non-linear relationship, threshold effect

Introduction

As an important source of energy consumption, the transportation sector accounts
for a substantial share of greenhouse gas (GHG) emissions (I, 2). Due to rapid
urbanization and motorization, developing countries have higher transport-related
energy consumption and GHG emissions (3). However, rapid urbanization and
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FIGURE 1

Locations of the residential areas and workplaces of respondents in central Jinan.

0.741, respectively. Descriptions of the variables in this study are
shown in Table 1.

Methodology

Measurement of CEC

To calculate CEC accurately, this study measured CO;,
emissions based on trip distance methods proposed by current
travel research (19, 43-45). Based on transportation modes
and the commuting distances obtained through surveys, the
commuting CO, emissions could be directly calculated using the
following formula:

CE,':ZZD,'U'XF]' (1)
tj

Where CE; is the daily commuting CO, emission of
respondent i. Djsj is commuting distance of respondent i using
the commuting mode j for the commute t. And F; represents
the CO; emission factor of the commuting mode j. According
to the studies on China’s transportation CO; emissions (45, 46),
the relevant parameters are presented in Table 2, where CO,
emissions are direct emissions.

Based on Equation (1), the commuting carbon emissions
of each respondent in central city of Jinan could be obtained
for a single day. For all respondents, the average value of
the commuting CO, emissions is 1641.579¢g, and for the
respondents commuting by car and by bus, the average value
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is 3687.849 g and 529.618¢, respectively. Figure 2 shows the
Lorenz curve of CO, emissions from private cars, buses, and
all respondents in the central city of Jinan. The distribution
of the commuting CO;, emissions from all respondents is not
equal and reflects the 70/20 principle, in which 70% of the CO»
emissions are generated by approximately 20% of the residents.
For respondents commuting by cars and buses, the distributions
approximately fit a 60/30 distribution, indicating that 60% of the
CO; emissions are generated by 30% of the residents.

The GBDT model

The GBDT model is applied in this study to explore the
association between built environment characteristics and CEC.
Through building decision trees, GBDT model is popular in
dealing with many classification and regression problems. The
literature has shown that the GBDT model is a powerful tool to
deal with small sample size (9). Compared with the traditional
regression models, the GBDT approach cannot produce the
statistical inference and the significance level of variables, but it
can deal with multicollinearity among variables more effectively,
determining the importance of variables, and allowing for
accurate predictions (47). The GBDT model can be expressed
as follows:

M

Fy ()= ) T(x6m) @)

m=1
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TABLE 1 Descriptive statistics for variables.
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Variable Description Mean Min Max Std. Dev.
Individual travel behavior variables
Commuting mode 0 = Commuting by the other modes (58.83%). 0.412 0 1 0.492
1 = commuting by car (41.17%)
Commuting distance (km) Daily commuting traveled distance (one way) 7.155 0.533 37.237 5.906
Individual socioeconomic variables
Gender 0 = Female (52.28%); 1 = Male (47.72%) 0.478 0 1 0.500
Age (years) Age 38.270 18 68 8.045
Monthly income (RMB/month) 1 = Below 2000 RMB (19.24%) 2.943 1 6 1.191
2 =2000 to 2999 RMB (9.35%)
3 = 3000 to 4999 RMB (34.89%)
4 = 5000 to 6999 RMB (31.96%)
5= 7000 to 9999 RMB (3.48%)
6 = 10000 RMB and above (1.09%)
Family size (people) Number of household members 3.263 1 7 0.983
Car ownership 0 = No car (22.04%). 0.92 0 3 0.608
1 = Owing one car (63.7%)
2 = Owing 2 cars (13.59%)
3 = Owing 3 or more cars (0.43%)
Built environment variables at residential place
Distance to city center (km) Straight line distance from CBD and sub center 7.593 4.913 29.480 3.096
Road density (km/km?) Road length within a 1 km radius of residence 5.029 0.363 11.676 2.295
Distance to bus stop (m) The nearest distance to bus stops from the residence 221.094 24.329 922.03 151.981
Population density(people /km?) Population/subdistrict area 12136.57 297 32870.5 10078.75
Land-use diversity Degree of mixing of different land uses in residence* 0.713 0.434 0.888 0.102
Built environment variables at workplace
Distance to city center (km) Straight-line distance from CBD and sub center 6.807 4913 18.937 2.449
Road density (km/km?) Road length within a 1 km radius of workplace 5691 0.337 12.174 2.362
Distance to bus stop (m) The nearest distance to the bus stops from the workplace 188.459 19.333 1210.28 119.540
Population density (people /km?) Population/subdistrict area 12303.65 598 32870.5 10728.46
Land-use diversity Degree of mixing of different land uses in workplace 0.741 0.434 0.888 0.088

920 persons, 64 residential subdistricts, 57 workplace subdistricts. The values in brackets in the description column denote the proportion of each categorical variable.

= ¥ pkiln(pk.)
=1

*Hland; = = —— T

TABLE 2 Carbon emission factor by transportation modes.

In the GBDT model, the loss function of the decision tree

Transportation Transportation CO;, intensity
mode tool (g/person km)
Car Private car, taxi, 233
Public transit Bus, 26

Unit shuttle 20.3
Personal assistive Electric bicycle, light 10
mobility device motorcycle
Other Walking, bicycle 0

Where T(x, 64,) is the decision tree; M is the number of trees,
Om is the parameters of the decision tree.
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is the squared error function, which is denoted by L(e). And
the minimum loss function is used to determine the parameters
of the next decision tree, where Ty,—j (x;) is the current
decision tree.

N
Om=argminy " Llyi; Tyn—1 (xi) +T(x;0m)] (3)

i=1

To obtain robust model results, the GBDT model is
estimated by R software in this study. Specifically, the
sample is divided into five subsets, at each iteration,
the model is fitted using four different subsets (80% of
the data) and validated by the remaining subset (20%
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FIGURE 2
Lorenz curve of the distribution of daily CEC from cars, buses
and all respondents in Jinan.

TABLE 3 The relative importance of variables.

Variables Importance (%) Rank
Individual socioeconomic variables (30.502)

Car ownership 21.299 1
Income 5.285 7
Age 1.825 14
Gender 0.257 15
Family size 1.836 13
Built environment at residence (29.577)

Distance to center 10.530 4
Road density 4.253 8
Population density 2.587 11
Distance to bus stop 8.399 6
Land use diversity 3.808 10
Built environment at workplace (39.915)

Distance to center 10.908 3
Road density 13.493 2
Population density 9.097 5
Distance to bus stop 4.244 9
Land use diversity 2.173 12

of the data). Overall, a maximum of trees and the
shrinkage parameter is set to 1000 and 0.05, respectively.
And we chose five-way interaction, and the best results
could be obtained after 2,500 boosting iterations. The R
squared is 0.221. The relative importance of independent
variables and partial dependence plots are derived for
further analysis.
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Results

The relative influence of independent
variables

Table 3 presents the relative influence of built environment
characteristics and individual socioeconomic variables.
The relative influence of a predictor measures its relative
empirical improvement in reducing prediction errors. The
total relative influence of all predictors adds up to 100%.
The built environment is more important in predicting CEC
than individual socioeconomic variables. This finding is
consistent with other studies that applied the GBDT model
to examine built environment effects on driving behavior
(8). Specifically, the ten built environment characteristics at
residence and workplace collectively contribute to almost 70% of
the predictive power, whereas the five individual socioeconomic
variables account for about 30%. Besides, the built environment
characteristics at workplace contribute to almost 40%,
more significant than those at residence, which account for
around 30%.

The most important predicting variable is car ownership
(21.299%). Owning a car will directly increase the probability of
car commuting, resulting in high carbon emissions. Therefore,
the impact is relatively large. The second is the road density
in the workplace (13.493%). The road density in the workplace
reflects the density and connectivity of road facilities and is an
important factor affecting CEC. The third is the distance from
the workplace to the city center (10.908%), and the fourth is the
distance from the place of residence to the city center (10.530%).
The distance between living and working places to the city center
jointly determines the commuting distance. These two factors
reflect the location characteristics, respectively. The importance
of location on commuting behavior has been confirmed in
many studies (27), with a total of 21.4% contribution. The
fifth is the population density of the workplace (9.097%). The
concentration of the population in the workplace is an important
factor affecting the commuting behavior of residents. The sixth
is the distance from the bus stop in the residence (8.399%). The
distance from the bus station reflects the service capability of the
public transportation facilities in the residence, and depicts the
convenience of residents’ commuting by bus, which is of high
importance. The importance of other variables is similar, and
the value is < 5%. In contrast to most studies which showed that
the variable of land use diversity has a greater effect on CEC,
our results did not discover important relation between land use
diversity and CEC. This result could be related to the calculation
method at the street scale. At the street scale, the main urban area
has a high degree of land use and development, and the average
land use diversity at residence and workplace is 0.713 and 0.741,
respectively. The homogeneity is strong, resulting in the weak
explanatory power when compared with other variables.
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The effects of built environment at the
residence and workplace

In the linear model, the coefficient of the independent
variable remains unchanged globally, while the independent
variable in GBDT does not maintain a stable slope. This
may have a non-linear effect on the dependent variable,
and there is a threshold effect in the region where the
slope changes suddenly. In this way, it can help decision
makers find the thresholds of variables and realize the
efficient development of urban planning. In this study, we
used the GBDT and produced partial dependence plots
to illustrate the relationships between built environment
variables and CEC (Figures3-7). A partial dependence
plot demonstrates the marginal effect of an independent
variable on the predicted response while controlling for
all other variables in the model. The vertical axis is CEC,
the horizontal axis represents the respective variable. The
fitted curve is smoothed to better show the changes. The
overall trend of all independent variables is consistent with
our expectations.

Figures 3A,B illustrates the impact of distance to center,
with the relative importance presented along with the label
for the horizontal axis. Distance to city center has positive
threshold effects on CEC. When the distance is < 12km,
its slope is relatively steep. Once it exceeds 12km, its slope
becomes smooth. When people live close to the city center,
the accessibility to facilities is high and people have more
travel mode choices instead of driving, and the CEC would be
lower. However, for people live far from the city center, they
tend to commute by car due to the lower accessibility and
inconvenient transit service. Therefore, CEC would be higher.
However, once the distance is beyond 12 km, the CEC remains
relatively unchanged.

By contrast, distance from workplace to center also takes
on non-linear effects on CEC, which decreases before increases.
The results show that individuals who work closer to the center
within 5km tend to emit more CEC, since they often reside
far away from the center due to the tradeoff between the
commuting cost and housing price (32). And according to the
survey, the negative correlation are also found between the
workplace location and residence location. Since most cities
like Jinan in China are still monocentric, there are gradient
characteristics such as population density, employment density
and housing prices (5). In our sample, 21.3% of those who
work within 5km from the urban center have to commute
10km or more distance. Thus, people tend to work in close
proximity to the center, while residences are far from the center.
As the distance increasing, the job-home separation could be
improved, and many people will lower the CEC. However, once
the distance exceeds 5km, the CEC shows an increasing trend.
The longer distance from the workplace to the city center, the
higher dependence on the car when commuting, resulting in an
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increasing CEC. Similar to the variable of distance to the center
at residence, once the distance exceeds 13km, CEC remains
unchanged. The results show that the location of residence
and workplace jointly affect CEC, and it is important to form
the polycentric spatial structure in central city of Jinan in
the future.

Figure 4A illustrates the relation between CEC and distance
to bus stop at residence. Overall, the higher accessible transit
service has a negative relation with CEC. When the nearest
distance to the public transit is <500 meters of a residence,
the increase of the distance to bus stop leads to a higher
CEC. This pattern is consistent with Gallivan et al. (48).
Beyond this range, the change of CEC is trivial as the distance
increases. Figure 3B shows the impact of the distance to bus
stop at workplaces, and is similar to that at residence which
means that better access to bus stop at workplace could
lower CEC. This result is consistent with previous research
(45). However, once the distance exceeds 500 meters, the
change of CEC is insignificant. Therefore, the distance to
bus stop at residences and workplaces plays an important
role in CEC. The access to public transit at the residences
has a significant impact on CEC. This is due to the uneven
spatial distribution of bus facilities. Dense bus routes are
highly concentrated in the employment center instead of the
residences (9).

Figures 5A,B shows the influences of population density. It
shows the threshold effect of population density at residence
on CEC. Overall, the effect of population density at residence
reaches a high level at about 22,000 people/km? before slowly
decreases. This could be explained by the concentration of
human activities because of high density (36). For most
cities in China, locations with low population density often
coincide with an inconvenient public transportation and less
employment opportunities, which means that residences in
these areas are more likely to commute by car. As the
population density increasing, the government will improve
the supply of public facilities and infrastructures, indicating
that there would be a higher usage of the public transport
system and less CEC. However, with the further increase of
population density, public infrastructure will eventually fail to
meet public needs, and car commuting would increase. Once
the population density reaches above 22,000 people/km?, the
issue of traffic congestion would emerge. Preference for the
public transport increases, which results in less CEC. In general,
there exists a U-shaped relationship between the population
density at residence and the CEC. Figure 5B suggests that the
increase in population density at the workplace also lowers
the CEC. The reason is that urban centers are important areas
of employment, and there are normally a complete public
transportation system and high population density in these
areas. When the population density of workplace increases,
traffic jams and high parking charges will occur. Besides,
commuting by car is more energy and time consuming. As a
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The partial effect of distance to the center on CEC. (A) At residence (10.530%). (B) At workplace (10.908%).
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FIGURE 4

The partial effect of distance to the bus stop on CEC. (A) At residence (8.399%). (B) At workplace (4.244%).

result, an increase in the population density at the workplace important turning points. When land use diversity is relatively
will reduce the likelihood of car commuting, as well as the homogeneous (entropy < 0.55), it has a trivial influence
corresponding CEC. on CEC. However, when there are several types of land-

As a diversity indicator, land use entropy index at residence uses (0.55<entropy<0.7), CEC decreases. Moreover, land use
is negatively correlated with CEC in Figure 6A. This negative diversity has increasing effect once all types of land use are
relationship is consistent with the previous literature (49, 50). relatively evenly distributed (entropy > 0.7). On the other hand,
However, the land-use diversity at the workplace also has a if the land use diversity is higher than 0.75, it will lower the
non-linear effect on CEC, and 0. 55, 0.7 and 0.75 are the CEC. Overall, land use diversity is effective on CEC when it
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The partial effect of population density on CEC. (A) At residence (2.587%). (B) At workplace (9.097%).

Liu et al.
A B
1 1 1 1 1 1 1 1
1680 -
1660 o 2500 L
_g‘ 1640 - §
3 3
Q Q
3 3
1620 - 2000 L
1600 -
1580 ~ 1500 N
T T 1 T T T T T
0 10000 20000 30000 0 10000 20000 30000
Population density at residence (people/km?) Population density at workplace (people/km?)
FIGURE 5

1800+

CEC (g/day)
3
T

1600+

T
0.5 0.6 0.7 08
Land use diversity at residence

FIGURE 6

The partial effect of land use diversity on CEC. (A) At residence (3.808%). (B) At workplace (2.173%).

16104

1600

CEC (g¢/day)

15904

15804

T T T
0.5 0.6 0.7

Land use diversity at workplace

T
0.8

reaches a certain level, but it has a diminishing return once it
reaches a different threshold. The reason is that to give full play
to the agglomeration benefits of land, the land use types are
often dominated by industrial land and commercial land, and
residential land is often distributed in peripheral areas with few
job opportunities. This results in a higher degree of home-work
separation and more CEC.

Road density could reflect the street connectivity. The
literature suggests that it is negatively related to driving distance
and positively related to transit use (16). Thus, road density
could lead to the decrease of CEC. As shown in Figure 7, the
road density at residence within 1 km buffer of residence shows
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a negative correlation with CEC, similar to that of workplace. It
hugely lowers CEC when the road density at residence is higher
than 2 km/km?, but the decreasing effect is trivial once the road
density is higher than 8 km/km?.

The comparison with log-linear
regression
A traditional log-linear regression model is constructed

to compare with the GBDT model, and natural logarithmic
transformation is performed on variables with positive or

frontiersin.org
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The partial effect of road density on CEC. (A) At residence (4.253%). (B) At workplace (13.493%).

negative skew distribution, which can effectively improve the
fitness of the linear model. To achieve desired results, the natural
logarithm standardization was performed on all continuous
variables. Analyzing the results of OLS model estimation in
Table 4, it can be found that the p-value of the F test is <
0.001, indicating that the results are reliable. The standardized
coeflicients of the variables show the relative agreement between
the traditional model and the GBDT model on the overall
expected effect, but the significance and the relative importance
of the variables of the GBDT model are quite different.
Specifically, we include the built environment variables of
residence and workplace in the regression model, respectively,
and results show that the significant variable either at residence
or at workplace could be found. However, after including all
variables in the regression model, the variable at workplace
(distance to center from workplace) becomes insignificant.
These results confirm that the linear regression could cover
up the local impact of variables. Besides, the R of the log-
linear regression is 0.137, which is lower than that of GBDT
(0.223), indicating that the GBDT method is more suitable for
explaining the impact of built environment variables on CEC.
The difference is due to the biased estimation caused by the
pre-existing linearity assumption, reflecting the advantages of
non-linear models.

Discussion and limitations
Accuracy of the GBDT model

The GBDT model is adopted in this study to examine

the non-linear relationship between built environment

characteristics and CEC at residence and workplace. In contrast
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to the parametric specification of non-linear relationships, this
model considers the non-linear relationships between built
environment variables and CEC. It also assesses the relative
importance of different built environment characteristics
in reducing CEC and the collective contribution of built
environment variables relative to individual socioeconomic
characteristics. Since the patterns of non-linear relationships
vary among built environment variables, this makes parametric
specification of non-linear relationships inefficient and
inaccurate. Apart from that, it is suggested that applying the
threshold of built environment variables during the urban

planning process would help achieve the goal of a low carbon

city (51).

The effects of built environment

Consistent with prior research, our results confirmed
that the built environment has stronger impacts on CEC
compared with the individual socioeconomic variables.
Compared with built environment variables at residence,
those at workplace have affect CEC significantly, indicating
that the built environment characteristics of work center
can be used to meet the low carbon development goal
in the future. For example, according to the current
urban spatial structure of Jinan, employment land is
concentrated in the urban center and residential land is
spread outward. This structure offers individuals employed
in the central urban area a wider range of locations to choose
their residences.

The five built environment variables together, i.e., the road
density at workplace, the distance to the center at workplace,
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TABLE 4 The results of log-linear regression.

Variables (1) 2) 3)
Individual socioeconomic variables
Age —0.024** —0.026** —0.024*
(0.012) (0.012) (0.012)
Gender 0.250 0.251 0.238
(0.191) (0.194) (0.193)
Income 0.242*%* 0.217** 0.240***
(0.087) (0.089) (0.088)
Car ownership 1.4470* 144304+ 1,447+
(0.165) (0.165) (0.165)
Family size 0.230** 0.197** 0.227**
(0.094) (0.095) (0.095)
Built environment at residence
Distance to center 1.172%** 1.110%**
(0.360) (0.402)
Road density 0.065 0.035
(0.252) (0.258)
Population density —0.013 0.005
(0.091) (0.094)
Distance to bus stop 0.290** 0.288**
(0.127) (0.128)
Land use diversity —0.113 —0.114
(1.677) (1.720)
Built environment at workplace
Distance to center 0.742** 0.087
(0.373) (0.416)
Road density 0.118 0.035
(0.247) (0.250)
Population density —0.088 —0.062
(0.075) (0.077)
Distance to bus stop 0.005 0.015
(0.139) (0.138)
Land use diversity —0.288 —0.335
(1.836) (1.859)
Constant —7.464 —-1.773 —7.076
(4.869) (4.877) (6.070)
Observations 920 920 920
R? 0.137 0.118 0.137
F 14.29%** 12.05%** 9.59%*

%, ** and * indicate that the p-value is significant at the 1, 5 and 10%, respectively.
Figures in brackets denote standard errors.

the distance to the center at residence, the population density
at workplace and the distance to bus top, contribute to more
than 5% of CEC. Among all variables, the distance to the
center at residence and workplace, representing the regional
location, played the most important role in reducing CEC. The
regional location largely determines land use characteristics and
transportation infrastructure surrounding the region (20). On
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the other hand, land use diversity tends to be less influential.
This is different from research findings in Western countries,
which attached more importance to the effect of high land
use diversity and high population density in reducing CEC
(9). While in China, majority of big cities are characterized
by dense population, high land use diversity and complete
public transport networks. Therefore, the regional location
will have a stronger impact on CEC than other variables
in China.

Specifically, the road density at workplace has the strongest
impact on CEC. It lowers CEC significantly when the road
density is higher than 2 km/km?, once the road density is
higher than 8 km/km? the decreasing trend becomes trivial. This
indicates that road density is not negatively related to CEC under
all circumstances.

The distance to the center at residence and workplace
indicates the local location, which jointly contribute to
20% of the total CEC. In general, due to the dislocation
of workplace and residence, the distance from the city
center is positively related to the level of CEC. However,
according to the threshold effect, when the distance to
center reaches 12km, the CEC remains high, indicating that
the government could formulate the industry layout within
such distance.

The increase in population density at workplace also has
a negative impact on CEC. This implies that urban planners
could increase residential land supply in the employment center
accordingly to alleviate home-work separation, meanwhile
raise awareness of compact development. This could increase
the mixed functionality of urban land and create more
employment opportunities nearby, which could effectively
reduce the reliance on commuting by cars, lowering the
CEC accordingly.

The distance to the bus stop at residence which represents
the public transit accessibility also plays a vital role in
determining CEC. Many studies have also confirmed that the
higher the accessibility of public transport, the more likely
residents are to choose non-motorized commuting. Individuals
who live in longer distance from the bus stop will emit more
CEC. As the distance from residence to the bus stop increases,
the demand for taking the bus decreases and many people will
prefer to commute by car. Consistent with previous studies
(21, 25), the more commute they take, the higher CO; emissions
there will be (44). Therefore, it is necessary to solve the last
mile problem during commuting to effectively limit the demand
for car commuting, and reduce CO, emissions. These results
can help planning practitioners effectively prioritize objects for
urban built environment intervention.

The findings in the study have direct policy implications
for Chinese cities like Jinan, which are in the process of
rapid motorization.

First, this study shows that if planners focus on future
population and employment growth in central urban areas (or
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up to 12km from centers), the amount of increase in CEC
associated with population and employment growth will be
minimized. Multicenter development is actively advocated to
provide more job opportunities, especially in outer areas of
the central city, to shorten the commuting distance as well
as reduce the related CO, emissions. Second, in terms of
land use planning, urban planners should pay more attention
to the built environment variables at workplace. This would
help to improve the road network quality at employment
centers. Additionally, due to the high level of land use diversity
in employment centers, continuously increasing the land use
diversity will not lead to a reduction in CEC. However,
it should appropriately increase the supply of residential
land in the employment center to alleviate the home-work
separation. Third, it is important to improve the transportation
access at both residence and workplace to decrease CEC,
and solve the problem of last mile during commuting,
enhancing the attractiveness of public transportation. This
is especially the case for those who prefer to commute
by car, and reduce potential CEC. In addition, multimodal
transportation systems and more plausible land-use patterns
should be established to support sustainable urban development,
such as acceleration of the construction of multiple urban
public transport modes (e.g., subway and BRT), and managing
the personal commuting activities through big data and
information technology.

Limitations

This study has the following limitations. First, the
computation of CEC was based on existing emission factors,
and we did not consider vehicle or transit occupancy, which
could affect the true CEC from commuting. Second, the
population density and land-use diversity are measured at
subdistrict level. However, the effect of the built environment
variables is measured at different spatial scale (such as
traffic zone, community, and l1km or 500m radius of a
residence). In addition, policymakers are more concerned
about which dimensions of the built environment can lower
CEC. Therefore, the comparative study of the effects of
variables at different scales requires further study in the future;
Third, in terms of the power of the CO; emission from
commuting model, it could be improved by incorporating
additional built environment variables, such as road network
design, employment density, and parking availability, into
the models for a more in-depth analysis. Lastly, since the
data are cross-sectional, the influence found in this study
is more of an association than causality, similar to most
studies in the literature. In general, this study helps to
understand the impact of built environment variables at
both residences and workplaces on the CEC to large cities
of China.
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Conclusions

Based on the assumption of non-linear relationship between
built environment and travel behavior, this study applies the
GBDT model in analyzing the impact of the built environment
at both residences and workplaces on CEC using the daily
travel survey data of residents in the central city of Jinan. After
controlling the socioeconomic factors, we examine the non-
linear threshold effect of each variable on CEC, which enriches
the existing theoretical and empirical research. Our findings
suggest that:

(1) Built environment variables collectively are more
important in predicting CEC than individual socioeconomic
variables, which is consistent with most studies using parametric
models. The following five variables have the highest predicting
power among built environment characteristics: road density
at workplace (13.493%), distance to the center at workplace
and residence (10.908 and 10.530%, respectively), population
density at workplace (9.097%), and distance to bus stop from
the residence (8.399%). The distance to the center at residence
and workplace, representing the local location, jointly contribute
to 20% of CEC. In terms of the socioeconomic variables, car
ownership has the highest predictive power (21.299%). On the
other hand, land use diversity tends to be less influential either
at residence or at workplace.

(2) The built environment at workplace contributes to 40%
of the total CEC, which is higher than the build environment
at residence. It is necessary to perform a planned intervention of
the built environment elements at both residence and workplace.
Majority of built environment variables at residence had similar
impacts on CEC as those of workplace except population density
and land use diversity, the impact of which on CEC varies
significantly between the residence and workplace. Contrary to
the impact of land-use diversity at residence, there are threshold
effects for the land-use diversity at workplace affecting CEC.
For the population density, the threshold effect only exists
for residence.

(3) The non-linear and threshold effects of the urban built
environment and CEC are determined in the Jinan city, and the
threshold value of built environment variables could be obtained
using the GBDT methods, which could guide the urban layout in
future during the low carbon city construction.
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