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Abstract: The construction of urban rail transit plays a crucial role in improving traffic
conditions in large cities, promoting green urban development, and reducing carbon
dioxide emissions. Based on Chinese urban data, this paper employs a time-varying
difference-in-difference model combined with the Heckman two-step method to control
the sample selection problem. The objective of this methodology is to ascertain whether
urban rail transit exerts a traffic creation effect or a traffic substitution effect. The following
results were found: (1) Urban rail transit notably reduces the bus ridership per capita
and the carbon dioxide emissions per capita in cities, a finding which passes a series of
robustness tests, and the traffic substitution effect increases as the number of urban rail
transit lines increases. (2) Heterogeneity analysis reveals that the traffic substitution effect
in terms of carbon reduction in urban rail transit is greater in non-resource-based cities,
cities with large carbon emissions, and cities with low fiscal pressure. (3) Urban rail transit
reduces the carbon dioxide emissions per capita by improving the allocation efficiency of
factor resources and further generating technological innovation and structural upgrading
effects. (4) Spatial econometric analysis shows that urban rail transit has a significant spatial
spillover effect on the reduction in carbon dioxide emissions per capita in neighboring cities.
In short, urban rail transit can reduce the carbon dioxide emissions per capita by improving
resource allocation and support the attainment of carbon peak and carbon neutrality goals.
This effect is greater in large cities where urban rail transit networks have been established.
Therefore, cities should actively promote the construction of metro and other rail transit
within the scope of urban financial resources and make full use of the carbon reduction
and efficiency enhancement functions of urban rail transit. In this way, urban rail transit
can become an effective tool for the realization of sustainable development.

Keywords: urban rail transit; urban carbon dioxide emission; traffic substitution effect;
resource allocation efficiency; China

JEL Classification: O18; Q54; R41

1. Introduction
The construction of low-carbon transportation systems is an important method in

China’s pursuit of achieving the carbon peak and carbon neutrality goals and facilitating
sustainable development of economic and social aspects. In December 2023, the Opinions
on Comprehensively Promoting the Construction of a Beautiful China issued by the Central
Committee of the Communist Party and the State Council of China explicitly emphasized
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that, “Environmentally friendly travel should be encouraged and the strategy of giving
priority to the development of public transportation in urban areas should be implemented.
Through the construction of public transportation, road accessibility can be improved, the
economical and intensive use of resources can be promoted, and energy conservation,
emission reduction, and pollution prevention can be strengthened”. To promote the
construction of urban transportation systems, cities should not only improve the external
transportation systems, such as high-speed railroads and highways, but also optimize the
internal transportation systems and develop urban transportation networks mainly based
on subways and other rail transit, supplemented by buses and shared bicycles. Existing
studies have mainly focused on the carbon emission reduction effects of high-speed rail [1],
buses [2], bicycle-sharing [3,4], and low-carbon transportation systems [5–7]. Therefore,
the present study seeks to explore the potential of urban rail transit to divert traffic, thereby
affecting urban carbon emissions. This exploration is of particular importance, both in
principle and in practice, given the extant research that demonstrates the efficacy of low-
carbon transportation in reducing carbon emissions.

Urban rail transit (hereafter URT) [8], often referred to as the metro, is the most repre-
sentative green public transport. Given the large geographical area and high population
density of China’s cities, the development of urban rail transit has obvious advantages,
not only improving urban traffic congestion [9] but also contributing to the more effective
use of resources within the city. Since the 21st century, urban rail transit systems in more
than 50 Chinese cities have successfully opened. By the end of 2024, a total of 58 cities
were operating 362 lines covering 12,168.77 km. Among them, the mileage of large-capacity
(subway) operation is 9281.37 km, accounting for 76.27%; the mileage of medium-capacity
(light rail, urban express rail, cross-sitting monorail, magnetic levitation transportation)
operation is 2063.63 km, accounting for 16.96% (source: created by the authors from the
China Association of Metros). However, serious questions are being raised about the
externalities of building and operating urban rail transit, which may be higher than the
huge input costs to society [10].

Therefore, the existing literature examines the impacts generated by URT in terms of
environmental and economic externalities. Firstly, URT can combat pollution and reduce
carbon dioxide in terms of environmental externalities. URT reduces air pollution [11] and
improves air quality [12] through traffic substitution effect [13]. Simultaneously, using data
from individual cities such as Los Angeles [14,15], Mumbai [16], Delhi [17], Beijing [18],
and Shenzhen [19], existing studies have shown that URT reduces carbon dioxide emissions
from transportation, households, and the entire life cycle. Secondly, URT promotes the
economic development of cities in terms of economic externalities [20]. URT can increase
urban land prices and rents [21], corporate innovation capacity [22,23], and urban economic
activity and promote the upgrading of the industrial structure of the city. In addition,
URT generates both positive environmental externalities and economic externalities that
can increase environmental efficiency [24] and green total factor productivity [25]. The
environmental and economic externalities of URT also have a significant spatial spillover
effect on neighboring cities.

In summary, previous research on the impact of URT on carbon emissions has mainly
focused on the carbon emission reduction in URT itself, or on simulating the carbon
emission reduction values of the lines of a single city. Existing studies have not yet
answered the question of whether the active promotion of URT in China’s many large cities
is consistent with the synergistic development goals of carbon reduction and efficiency
enhancement from the perspective of the more than 50 cities in China that have opened a
URT. To bridge the research gap mentioned above, the following issues need to be examined
in depth: How does urban rail transit have a direct carbon reduction effect? Does it vary
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over time? Are there differences across cities? Is resource allocation efficiency an effective
mechanism for indirect carbon reduction in urban rail transit? Is there spatial spillover
from the carbon reduction effects of urban rail transit? Given the above, this research uses
the unbalanced panel data of Chinese prefecture-level cities and municipalities, covering
the period from 2002 to 2023. By conducting theoretical analysis, this paper establishes a
time-varying difference-in-difference model and integrates Heckman’s two-step method
for managing the sample selection bias, empirically examining the impact of URT on urban
carbon dioxide emissions per capita. Subsequently, this study also carries out a series
of robustness tests, analyzes the impact of the specific level of URT development, and
discusses the heterogeneity of the impact in different types of cities as well as spatial
spillover effects. Finally, this paper focuses on the impact mechanisms from a resource
allocation perspective, covering the allocation effects of resources such as land, capital,
and labor. The marginal contributions may be in the following areas: Firstly, establishing
a theoretical connection between rail transit and carbon emissions of urban economic
activities from the perspective of resource allocation has broadened the existing research
perspective. Secondly, investigate the mechanism path of green public transport to reduce
the urban carbon dioxide emissions per capita. The construction of URT improves intra-
urban accessibility and promotes the formation of a unified market, which affects the
allocation of capital, labor, and land. Therefore, this research innovatively analyzes how
URT can reduce the urban carbon dioxide emissions per capita by improving the allocation
efficiency of land, capital, and labor factors, as well as the green technology innovation
and industrial structure upgrading further triggered by the improved resource allocation
efficiency. Thirdly, investigate the spatial spillover effect of urban rail transit in China on
the carbon dioxide emissions per capita of neighboring cities. Based on the analysis of the
direct and indirect impacts of urban rail transit on the spatial spillover of urban carbon
emissions, we explore the influence of urban rail transit on the per capita carbon emissions
of surrounding cities.

The remainder of this paper is organized as follows. Section 2 analyzes the relevant
theories presenting the research hypothesis. Section 3 carries out the research design.
Section 4 reports the results regarding the effect of urban rail transit on the bus ridership
per capita and carbon dioxide emissions per capita. Section 5 conducts a further discussion,
including heterogeneity analysis, mechanism testing, and spatial spillover testing. Section 6
concludes the paper.

2. Theoretical Analysis and Research Hypotheses
Urban rail transit helps to achieve the goal of carbon peak and carbon neutrality by

facilitating the construction of a low-carbon transportation system. This paper analyzes
the theoretical relationship between urban rail transit, factor allocation effect, and urban
carbon dioxide emissions from the following aspects, and the main mechanisms are shown
in Figure 1.
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2.1. Creation or Substitution Effects of Urban Rail Transit

Urban rail transit may have two opposite environmental impacts: traffic creation
effects [26] or substitution effects [27]. The traffic creation effect refers to the improvement
of access conditions after the construction of URT attracts more people and traffic into
the city, exacerbating congestion and increasing atmospheric emissions [28]. The traffic
substitution effect, also known as the Moline effect [29] or the traffic diversion effect [12],
refers to the opening of URT to replace other modes of transportation such as buses and
cars, decongesting and reducing atmospheric emissions [30]. Some studies suggest that
the traffic creation effect is greater than the traffic substitution effect, which in URT has a
limited diversionary effect and may create new commuting demand and accelerate urban
agglomeration. Specifically, the functional areas of the city are gradually separated in
the process of urbanization and expansion driven by URT [31]. The construction of URT
leads to the relocation of some of those living in the city center to the more cost-effective
suburbs [27]. This would lead to an increased movement of people between industrial areas,
residential areas, commercial areas, and major external transportation hubs, generating
more new travel demand. However, the limited carrying capacity and coverage of URT
cannot accommodate all travel behavior but rather will increase vehicle use and exacerbate
regional congestion [32], so the effect of URT on the reduction in emissions is not obvious.
In contrast to the traffic creation effect, the traffic substitution theory has gained more
support. Given the large size and rapid expansion of China’s cities, the substitution effect
of URT has obvious advantages from both the supply and demand sides. In Shenzhen,
China, for example, the share of cars, buses, and urban rail transit in Shenzhen’s public
transportation travel system was 46%, 40%, and 1%, respectively, in 2010. However, by
2023, the share of the three will reach 50%, 15%, and 27%, respectively. This suggests that
from the demand side, URT, which is highly efficient, punctual, and reliable, can effectively
substitute road travel modes such as buses. From the supply side, the carbon emission cost
of URT is much smaller than that of motor vehicles. The government encourages residents
to travel by URT, and the company operating URT will actively adopt means to attract
passenger flow and take the initiative to bear the pressure of road traffic. The substitution
effect effectively alleviates traffic congestion [33] and reduces environmental pressure [34],
thus producing a carbon reduction effect. Based on the above theoretical analysis, URT
improves traffic conditions, replaces other modes of access, eases urban traffic congestion,
and promotes green travel for citizens. However, it may also create new traffic demand
and increase overcrowding in URT stations and carriages, which reduces travel comfort,
and it has limited sharing of surface traffic. Therefore, whether URT can reduce carbon
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emissions depends on which effect is dominant [35]. For this reason, this paper proposes
the following two different research hypotheses:

H1a: China’s urban rail transit creates the traffic substitution effect and can reduce the carbon
dioxide emissions per capita.

H1b: China’s urban rail transit creates the traffic creation effect and cannot reduce the carbon
dioxide emissions per capita.

2.2. Urban Rail Transit, Resource Allocation Efficiency, and Carbon Dioxide Emissions

Urban rail transit has an important impact on the economic development of cities,
which can increase the efficiency of the market, improve the accessibility of the city, and
help to build a unified internal market. The formation of efficient markets helps to reduce
the misallocation of resources and improves the efficiency of factor allocation [36], which
improves energy efficiency and reduces urban carbon emissions. Therefore, the theory will
be further analyzed as follows:

Firstly, urban rail transit stimulates land demand. URT helps cities to carry out the
renovation of older areas and the development of newer areas oriented by public trans-
portation [37], which enhances the efficiency of land factor allocation [38]. On one hand,
local governments often opt to organically integrate the construction and development
of URT with urban land use [39] and spatial planning [40]. This strategic approach is
primarily aimed at facilitating the renewal and transformation of old urban areas and the
intensive utilization of urban land, fostering the development of the building economy,
constructing a Central Business District (CBD) commercial and trade core area, and en-
hancing both the efficiency and value of land use in the core area. On the other hand,
local governments are also expanding the spatial scope of urban space and promoting the
development of urban peripheries and suburbs through the construction of URT. Urban
planning departments strategically select differentiated residential and industrial areas for
development, taking into account the features of URT routes. This attracts more citizens to
work and live along the network [41], effectively spurring the formation of new agglomer-
ation effects. Consequently, local governments are more motivated to encourage people
residing in the city center to relocate to more cost-effective suburbs via the development
of URT, resulting in a decrease in population density in the central city and an increase in
urban livability [10]. The efficient utilization of urban land resources and the decrease in
population density in traditional city centers jointly facilitate a reduction in urban carbon
emissions [42], promoting more sustainable development [43].

Secondly, urban rail transit generates capitalization effects. URT enhances the overall
status, governance capacity, and allure of cities, accelerates the capitalization effect of
transportation infrastructure, and improves the efficiency of allocation of capital factors.
In the process of increasing the efficiency of allocation of land factors and optimizing the
relative location of space, URT has the potential to give rise to a more substantial transit
proximity premium for urban housing [44] and land prices [45]. This suggests that URT
can be significantly capitalized into land and housing prices in cities, which will increase
government revenues such as land grant income and tax income. Therefore, the capital
allocation effect is reflected in the fact that URT brings land appreciationto cities. The
increased financial strength of the government means that the government has a stronger
ability to repay explicit and implicit debt, which improves the ability of local governments
to issue and operate green funds and bonds. Carbon dioxide emissions are also more likely
to be reduced through the development of green finance [46]. Strong financial strength,
debt financing capability, and high urban capacity make the cities with URT into investment
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meccas and innovation hubs. On the one hand, in the process of using URT to make the city
an investment mecca, the government has taken the initiative to improve the investment
environment and increase its efforts to attract investment. The government’s policy is to
promote the upgrading of the city’s industrial structure and a reduction in traditional energy
consumption. Specifically, through the strategy of new and old kinetic energy conversion,
it will phase out backward or sunset industries characterized by high energy consumption,
low efficiency, and high carbon emissions. Simultaneously, the government will lay out
and introduce several emerging strategic industries or modern service industries. These
industries are expected to be equipped with advanced green technology and low carbon
emissions and align with the requirements for the development of new quality productive
forces. The government will also facilitate the low-carbon transformation of enterprises
through subsidies or tax and fee reductions. Through these measures, enterprises will be
encouraged to apply low-carbon equipment and produce and sell low-carbon products,
gradually fostering low-carbon living habits among residents. On the other hand, by using
URT to shape cities into innovation hubs, the government will continually update green
innovation policies and increase support for green innovation. Talent is the backbone of
urban innovation, and institutions are the carriers of urban innovation. The inflow of talent
and institutions brings about a technology spillover effect, which will enhance the urban
innovation capability. URT can enhance the attractiveness of cities to green innovation
talents and institutions. Cities with URT can pay higher labor salaries and R&D inputs and
subsidies for green innovation talent, platforms, and enterprises. This will further promote
the aggregation of industry–university–research platforms, increase the attractiveness of
green technology jobs for highly skilled labor, and attract high-quality green innovation
talent to choose cities with URT as a place to work and live. In short, on the basis of the
capital allocation effect brought about by URT such as land appreciation, the proactive
government has taken the initiative to promote the low-carbon transformation of urban
industries and the improvement of the level of green innovation, so as to realize the carbon
peak and carbon neutrality goals.

Thirdly, urban rail transit activates the urban labor market. URT helps to reduce
commuting costs, expand the boundaries of urban economic activities, and improve the
efficiency of allocation of labor factors. URT can effectively improve the convenience [31]
and efficiency [9] of intra-city commuting and effectively reduce the barriers to labor
mobility brought about by the natural geographic factors of metropolitan cities. URT
breaks down the segmentation of the labor market [47], which helps to expand the radius
of matching between companies and workers [48]. As a result, young workers are able
to choose to work in the center of the city and live in the suburbs. In addition, the
innovation compensation effect suggests that innovation in green technology is the key to
the realization of green development and an important mechanism for reducing carbon
dioxide emissions. Developing URT can lead to the clustering of innovative enterprises [22]
and the resulting labor exchange effect. Specifically, URT promotes the exchange of R&D
personnel, facilitates the transfer of tacit low-carbon expertise, and accelerates the diffusion
of green innovation knowledge flows and green technology spillovers [49]. This spillover
effect increases the level of green innovation along the urban lines of URT.

Based on the above three theoretical analyses, URT improves the efficiency of allocating
land, capital, and labor. The resulting factor allocation effect stimulates the innovation
activities of cities and promotes the transformation and upgrading of urban industries. For
these reasons, this paper further proposes the following research hypotheses:

H2a: China’s urban rail transit reduces the per capita carbon emissions by improving the efficiency
of land factor allocation and reducing population density in the core area.
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H2b: China’s urban rail transit reduces the per capita carbon emissions by improving the efficiency
of capital factor allocation, promoting industrial structure upgrading and green innovation.

H2c: China’s urban rail transit reduces the per capita carbon emissions by improving the efficiency
of labor factor allocation and generating green technology spillover effects.

3. Research Design
3.1. Model Selection
3.1.1. Time-Varying Difference-in-Difference Model

To investigate the impact of urban rail transit on urban carbon emission, this pa-
per takes whether or not subway services in Chinese cities as a natural experiment and
establishes the Equation (1) as follows:

ln(Y)i,t = α + β URTi,t + γ ControlVariablesi,t + θt + µi+εi,t (1)

where i represents 289 cities in China, and t denotes the year from 2002 to 2023. Y represents
the indicators of explained variables, including the bus ridership per capita (BR_pc) and per
capita carbon dioxide emissions (CO2_pc), and they are entered into the model separately.
URT represents whether the Chinese city provides the service of urban rail transit. If the
Chinese city i operates an independent system with urban rail transit in year t, URTi,t = 1.
Otherwise, URTi,t = 0. ControlVariables represents other control variables affecting BR_pc
and CO2_pc. θ is the time fixed effect, µ denotes the city fixed effect, and ε represents the
error term. The coefficient β is the elasticity coefficient of URT, which is expected to be
significantly negative.

3.1.2. Heckman Models

However, Equation (1) and the time-varying DID model have strong sample self-
selectivity problems because the approval of the central government in China for the
construction of the URT system is not a random event and the city needs to meet a series of
economic and social indicators. To overcome the sample bias caused by the self-selection
problem in the construction of a URT, the present study further chooses to combine the
Heckman [50] two-stage regression model with the time-varying DID technique to alleviate
the above endogeneity problem. The specific model is as follows:

First-stage regression:

P(URTi,t = 1|Variablesi,t) = τ + ζ Variablesi,t + θt+υi,t (2)

Second-stage regression:

ln(Y)i,t = α + β URTi,t + γ ControlVariablesi,t + φ IMRi,t + θt + µi+εi,t (3)

Variables denotes the set of observable factors in the selection equation that affect the
construction of URT in a city. Lennox, et al. [51] pointed out that “exclusionary constraint”
variables are required for the first-stage regression. Therefore, in addition to controlling
for ControlVariables, this paper chooses the administrative level of a city (Level), and age of
the municipal party secretary (lnAge) as the exclusionary variables and reports Variance
Inflation Factors (VIFs) to determine whether the model suffers from the problem of
multicollinearity. υi,t is the error term in the selection equation and obeys a standard
normal distribution. ζ is the probability coefficient that each variable in the selection
equation affects the construction of URT in a city. IMR is the Inverse Mills Ration obtained
from the first-stage estimation.
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3.2. Variables and Data

To ensure data availability wherever possible, the present study employs an unbal-
anced panel dataset of 254 prefecture-level cities, 31 provincial capitals, and 4 municipalities
in China over the period 2002–2023. Consistent with previous studies, the following vari-
ables are included in this paper.

3.2.1. Explained Variables: Bus Ridership per Capita and Carbon Dioxide Emissions
per Capita

In Section 4: Results and Discussion, the present study takes into account the im-
pact of the size of the urban population. On the one hand, referring to the study of Li,
et al. [52], this paper uses the logarithm of bus passenger trips per unit of resident pop-
ulation (times/year/person) as the first explained variable. This explanatory variable is
designed to test whether URT brings substitution or creation effects in terms of residential
travel. The data primarily originated from the China City Statistical Yearbook. Figure 2
shows the change in the bus ridership per capita (BR_pc) in Chinese cities. Between 2010
and 2020, BR_pc decreased in Chinese cities that opened URT. This indicates that since 2010,
URT has had a substitution effect on other road-based public transport in China.
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Figure 2. Changes in the bus ridership per capita in China’s cities. Note: The pink dots indicate the
city opened urban rail transit.

On the other hand, referring to the study of Dai, Wang and Tong [4], the present
study uses the logarithm of the scale of apparent carbon emissions per unit of the resident
population (tons/person) as the second explained variable, which aims to test whether
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URT brings substitution or creation effects in terms of urban greenhouse gases. The index
of urban carbon dioxide emissions per capita can improve the comparability of carbon
emissions reduction effects among cities of different sizes, and it reflects urban residents’
travel choices and low-carbon lifestyles. Moreover, the urban carbon dioxide emissions data
are from the Emissions Database for Global Atmospheric Research [53], which provides
1 km × 1 km total CO2 emissions data. Based on the 1 km × 1 km data in China, it is
possible to aggregate the CO2 emission panel data at the city level in China. The resident
population data are from the China City Statistical Yearbook.

Figure 3 shows the change in carbon dioxide emissions per capita (CO2_pc) in Chinese
cities with URT and those without URT by the end of 2023. CO2_pc in cities with URT
peaked in 2013 and then began to fluctuate and decline. In contrast, CO2_pc in cities that
have not yet opened URT has been on an upward trend. This tentatively suggests that urban
rail transit may reduce the per capita carbon emissions in cities, creating a greenhouse gas
transfer effect.
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Figure 3. Changes in the carbon dioxide emissions per capita in China’s cities. Source: The mean of
urban carbon dioxide emissions per capita in two groups is calculated by the authors using the ratio
of urban carbon dioxide emissions to the size of the resident population.

3.2.2. Explanatory Variable: Urban Rail Transit

Cities with urban rail transit in China are mainly municipalities and provincial admin-
istrative centers or economic centers, and most of them have far exceeded the construction
standards. However, although some cities have not met the construction standards of rail
transit, by virtue of their unique geographic location close to large cities, either in the name
of the intercity railroad, urban rail transit in reality, or choosing a lower standard of light rail,
they ultimately succeeded in becoming cities with urban rail transit. Therefore, the use of a
broader concept of urban rail transit to analyze its economic effects also mitigates to some
extent the endogeneity problem caused by sample selection. There are two methods defined
for urban rail transit in this paper: the first is a dummy variable [13], URT, representing
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whether a city operates urban rail transit. The second method is defining five continuous
variables that includes the count of lines (Line), the mileage (Mileage), the count of station
(Station), the count of interchange (Interchange), and years of operation (Duration). Consider-
ing that only some cities in China have urban rail transit, this paper natural-logarithmizes
these variables because the continuous variable may have severe right skewness. The raw
data on urban rail transit come from the China Urban Construction Statistical Yearbook
and the website https://www.urbanrail.net (accessed on 10 March 2025).

Figure 4 shows in detail when urban rail transit first opened in 42 cities. Between 2002
and 2009, 10 mainland Chinese cities opened metros, while 32 mainland Chinese cities
opened metros between 2010 and 2023. This indicates an explosive growth in the number
of cities opening urban rail transit after 2010.
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Control Treated

Figure 4. The opening year of urban rail transit. Note: The order is based on the opening date of
urban rail transit. If a city opened the urban rail transit from January to September, it is considered to
have opened the urban rail transit in that year. Otherwise, if a city opened the urban rail transit from
October to December, it is considered to have opened the urban rail transit in the following year.

3.2.3. Control Variables

In order to reduce the estimation bias of omitted variables, the present study also
selects a number of variables as control factors, including the level of economic development
(lnGDP_pc), resident population density (lnDesity), road network density (lnRoadDesity),
urbanization level (Urbanization), government intervention intensity (GI), technological
progress (R&D), level of foreign capital introduction (FDI), and industrialization level (IS).
The socioeconomic data are from the China City Statistical Yearbook and the China Urban

https://www.urbanrail.net
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Construction Statistical Yearbook and local statistical yearbooks. Refer to Table 1 for specific
indicator explanations.

Table 1. Variable definition table.

Scope Variable Variable Definition

Explained
Variables

BR_pc The bus ridership per capita
lnBR_pc The natural logarithm of BR_pc
CO2_pc The carbon dioxide emissions per capita

lnCO2_pc The natural logarithm of CO2_pc

Explanatory
Variable

URT Urban rail transit
Line The count of urban rail transit lines

lnLine The natural logarithm of Line
Mileage The mileage of urban rail transit

lnMileage The natural logarithm of Mileage
Station The count of urban rail transit station

lnStation The natural logarithm of Station
Interchange The count of urban rail transit Interchange stations

lnInterchange The natural logarithm of Interchange
Duration Years of urban rail transit operation

lnDuration The natural logarithm of Duration

Control
Variables

lnGDP_pc The logarithm of per capita GDP
lnDesity The logarithm of resident population density

lnRoadDesity The logarithm of road network density
Urbanization The ratio of non-agricultural population to total population

GI The ratio of the fiscal expenditure to GDP
R&D The ratio of the science and technology expenditures to GDP
FDI The ratio of the amount of foreign direct investments to GDP
IS The ratio of the industrial value-added to GDP

The definitions of the variables involved in this paper are presented in Table 1, while
Table 2 displays the descriptive statistical findings for the major variables. The mean of
lnBR_pc is 3.034, and the standard deviation is 1.108. The mean of lnCO2_pc is 1.914, and the
standard deviation is 0.739. These values indicate that there is a certain disparity between
the level of bus ridership per capita and the level of carbon emissions per capita across
cities, and that the difference in the former is greater than the difference in the latter. The
mean of URT is 0.073, which shows that only 7.3% of the city-year sample was affected by
urban rail transit. Descriptive statistics for the remaining variables are generally consistent
with previous research findings.

Table 2. Summary statistics for the variables.

Variable Obs Mean SD Min 25% Median 75% Max

BR_pc 6312 36.625 52.809 0.018 8.830 19.546 43.855 1356.399
lnBR_pc 6312 3.034 1.108 0.018 2.285 3.023 3.803 7.213
CO2_pc 6312 8.095 8.936 0.016 3.061 5.740 9.896 109.966

lnCO2_pc 6312 1.914 0.739 0.016 1.401 1.908 2.388 4.709
URT 6312 0.073 0.259 0.000 0.000 0.000 0.000 1.000
Line 6312 0.338 1.722 0.000 0.000 0.000 0.000 27.000

lnLine 6312 0.109 0.426 0.000 0.000 0.000 0.000 3.332
Mileage 6312 11.645 62.969 0.000 0.000 0.000 0.000 868.030

lnMileage 6312 0.351 1.232 0.000 0.000 0.000 0.000 6.767
Station 6312 7.574 39.436 0.000 0.000 0.000 0.000 513.000

lnStation 6312 0.320 1.129 0.000 0.000 0.000 0.000 6.242
Interchange 6312 1.824 11.271 0.000 0.000 0.000 0.000 189.000
lnInterchange 6312 0.181 0.738 0.000 0.000 0.000 0.000 5.247

Duration 6312 0.698 3.772 0.000 0.000 0.000 0.000 52.000
lnDuration 6312 0.138 0.563 0.000 0.000 0.000 0.000 3.970
lnGDP_pc 6312 10.313 0.891 7.415 9.712 10.426 10.952 12.486
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Table 2. Cont.

Variable Obs Mean SD Min 25% Median 75% Max

lnDesity 6312 5.702 0.969 1.599 5.120 5.780 6.395 9.726
lnRoadDesity 6312 0.610 0.473 0.005 0.230 0.504 0.880 6.512
Urbanization 6312 0.505 0.180 0.076 0.379 0.497 0.624 1.000

GI 6312 0.174 0.100 0.031 0.108 0.149 0.208 1.027
R&D 6312 0.002 0.003 0.000 0.001 0.001 0.003 0.063
FDI 6312 0.021 0.027 0.000 0.005 0.013 0.028 0.420
IS 6312 0.436 0.150 0.000 0.373 0.453 0.530 0.910

Note: The definition of each variable is given in Table 1. Mean, SD, Min, 25%, Median, 75%, and Max indicate
the arithmetic mean, standard deviation, minimum, 25% quartile, median, 75% quartile, and maximum for each
variable, respectively.

4. Results and Discussion
4.1. Baseline Results

The results of the benchmark regressions are reported in Table 3. Columns (1) and (2)
are the estimates from Equation (1) in Section 3. Sample selection issues have not been
mitigated at this point. The estimated coefficient of URT is significantly negative at the 1%
level, suggesting that the urban rail transit has significantly decreased the bus ridership
per capita (lnBR_pc) by approximately 17.5% and reduced the carbon dioxide emissions
per capita (lnCO2_per) by approximately 12.5% on average per year. Column (3) reports
the first-stage regressions of the Heckman [49] test, that is, Equation (2). This suggests that
cities with high levels of economic development, high population density, and advanced
technology are more likely to be authorized to construct a system of urban rail transit. The
exclusionary constraint variables Level and lnAge are significantly positive. This indicates
that cities with a high administrative level and a long tenure of the municipal secretary are
more likely to construct a system of urban rail transit. Columns (4) and (5) report the results
of the second stage of the Heckman [49] test, that is, the regression results of Equation (3).
The results show that URT reduces lnBR_pc by approximately 51.6% and lnCO2_pc by
approximately 23.9%, which means the traffic substitution effect brought by URT increases
significantly after controlling the self-selection bias. The effects of URT on lnBR_pc and
lnCO2_pc are about 2.95-times (51.6%/17.5%) and 1.91-times (23.9%/12.5%) higher than
those before mitigating the self-selection problem. In addition, the VIFs values of the URT
and IMR indices in Equation (3) are 8.15 and 3.91, respectively, which are less than 10, and
there is no multicollinearity problem. This indicates that the variables selected for the first
stage of the self-selected model are appropriate. The IMR is significant, indicating that the
interpretation of the regression results should be based on the regression considering the
self-selection of the samples. The above results confirm H1a that the opening of URT will
promote the optimization and adjustment of the public transportation system and generate
the traffic substitution effect, thus reducing carbon emissions per capita.

Table 3. Baseline results.

Variables
(1) (2) (3) (4) (5)

lnBR_pc lnCO2_pc URT lnBR_pc lnCO2_pc

URT −0.175 *** −0.125 *** −0.516 *** −0.239 ***
(−4.926) (−8.817) (−9.157) (−10.593)

IMR 0.310 *** 0.103 ***
(7.778) (6.485)



Sustainability 2025, 17, 3901 13 of 31

Table 3. Cont.

Variables
(1) (2) (3) (4) (5)

lnBR_pc lnCO2_pc URT lnBR_pc lnCO2_pc

lnGDP_pc 0.593 *** 0.182 *** 0.715 *** 0.561 *** 0.171 ***
(17.038) (13.079) (3.441) (16.147) (12.310)

lnDesity −0.621 *** −0.425 *** 0.559 *** −0.546 *** −0.401 ***
(−13.462) (−23.079) (5.660) (−11.696) (−21.404)

lnRoadDesity −0.006 0.031 *** −0.155 −0.002 0.032 ***
(−0.246) (3.124) (−1.084) (−0.084) (3.269)

Urbanization 0.043 −0.088 *** 0.590 0.040 −0.089 ***
(0.543) (−2.772) (1.051) (0.505) (−2.814)

GI 1.049 *** 0.377 *** −12.187 *** 0.943 *** 0.339 ***
(7.429) (6.686) (−5.841) (6.626) (5.946)

R&D −19.463 *** −7.378 *** 57.477 *** −17.106 *** −6.591 ***
(−6.232) (−5.912) (2.706) (−5.488) (−5.279)

FDI −0.341 0.020 −1.777 −0.454 * −0.018
(−1.376) (0.201) (−1.013) (−1.837) (−0.179)

IS −0.732 *** 0.015 −0.883 −0.675 *** 0.033
(−7.017) (0.365) (−1.219) (−6.489) (0.786)

Level 1.838 ***
(17.873)

lnAge 1.761 **
(2.045)

City FE Yes Yes No Yes Yes
Year FE Yes Yes Yes Yes Yes

Obs. 6312 6312 6312 6312 6312
Adj. R2 0.864 0.951 0.758 0.866 0.952

Note: The t-statistics are reported in parentheses. The symbols ***, **, and * indicate significance at the 1%, 5%,
and 10% confidence levels, respectively.

4.2. Robustness Checks
4.2.1. Parallel Trend Test

Satisfying the parallel trend assumption is an important prerequisite for the validity of
the time-varying DID method. This assumption means that the explained variables in the
treatment and control groups have the same time trend and were not significantly different
in trend until an exogenous shock occurred. Therefore, furthermore, this paper uses the
event study method [54] to conduct a parallel trend test as shown in Equation (4):

ln(Y)i,t = α0 + ∑N
τ=−M ψτ URT

i,t−τ
+ α2 ControlVariablesi,t + φ IMRi,t + α3 λi + θt + µi+εi,t (4)

where URTi,t−τ is a series of dummy variables that is equal 1 if city i opens URT in year
t − τ, and 0 otherwise. We choose to set the relative times M and N before and after the
policy in terms of the time when city i opens URT, and generalize over the 11 years prior
to implementation. Taking the 11 years before the opening of URT as the benchmark,
this paper tests the parallel trend of the 10 years before (M) and 20 years after (N) the
openness of URT. In accordance with the theory of parallel trend testing, the present study
expected the dynamic effect coefficients ψτ to be around 0 before the opening of URT.
Control variables were similar to Equation (3). Figure 5 depicts the parallel trend test plot
obtained using Equation (4). Before the opening of URT, the confidence intervals of the
effect of URTi,t−τ on the BR_pc and CO2_pc both contain 0 and are relatively stable. The
results indicate that the treatment and control groups were not significantly different before
the URT exogenous shock occurred, so the parallel trend test was passed.
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4.2.2. Placebo Test

This paper to verifies that the conclusion of the benchmark regression is not due
to other unobservable factors or other events associated with URT. The basic idea of the
placebo test comes from the permutation analysis proposed by Fisher, which utilizes the
random arrangement of sample data to obtain the empirical distribution of statistics. If the
true policy effects are significantly different from the randomized distribution of effects,
then the conclusions of this paper are not due to random factors [5]. Since there are only
47 cities in the treatment group that opened a URT during the period 2002–2023, this paper
randomly generated 47 of the sample cities as the fake treatment group and the rest of
the cities as the fake control group in the database. Substituting them into Equation (3)
for the regression, which is repeated 500 times to increase the confidence level. Figure 6
plots the p-values and kernel density distributions of these 500 coefficient estimates. It
can be seen that the estimated coefficients of URT on lnBR_pc and lnCO2_pc fall around
the value of 0 and follow a normal distribution, while the estimated coefficients of the
benchmark regression are significantly different from 0 (orange line), so the placebo test
was also passed.
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4.2.3. Goodman-Bacon Decomposition

Goodman-Bacon [55] suggest that time-varying DID regression estimates may be
biased; researchers should use TWFE (two-way fixed effects) with caution. To illustrate
the sources of variation in Equation (3), the present study adopts the Goodman-Bacon
decomposition theorem. Table 4 shows the results. Summing the weights on timing terms
shows how much of TWFE estimate coefficient comes from timing variation (90.62 percent).
Although the estimated coefficients for the control group of always-group are positive, their
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weights are only 1.54%. Thus, the bias due to heterogeneous treatment effects is small in the
setting of this research, demonstrating the reliability of the empirical results in Section 4.1.

Table 4. Goodman-Bacon decomposition.

Variables lnBR_pc lnCO2_pc
Group Coefficient Weight Coefficient Weight

Always-group vs. Timing-group 0.004 1.54% 0.120 1.54%
Early-group vs. Later-group −0.012 4.81% −0.007 4.81%
Later-group vs. Early-group −0.001 3.03% −0.001 3.03%

Never-group vs. Timing-group −0.493 90.62% −0.275 90.62%
The average values of TWFE estimate −0.455 *** 100% −0.281 *** 100%

Note: The symbols *** indicate significance at the 1% confidence levels.

4.2.4. Heterogeneity Robust Estimators

In this paper, we also re-estimate using the stacked regression approach proposed by
Cengiz, et al. [56] and the “weighted cluster-time ATT” method proposed by Callaway and
Sant’Anna [57]. The stacked DID estimates are reported in Table 5, Columns (1) and (2).
The Callaway and Sant’Anna estimates are reported in Columns (3) and (4) of Table 5. As
can be seen, the results of both robustness estimation methods are significantly negative,
indicating that the urban rail transit still significantly reduces the city’s carbon emissions
when the more robust estimator is used.

Table 5. Heterogeneity robust estimators and stacked regression approach.

Variables

Weighted Cluster-Time ATT Stacked Regression Approach

(1) (2) (3) (4) (5) (6)

lnBR_pc lnBR_pc lnCO2_pc lnCO2_pc lnBR_pc lnCO2_pc

ATT −0.322 *** −0.313 *** −0.195 *** −0.190 ***
(−5.561) (−5.516) (−6.103) (−5.993)

URT −0.916 *** −0.344 ***
(−11.344) (−8.668)

IMR 0.706 *** 0.161 ***
(11.997) (4.903)

City × Stack FE No No No No Yes Yes
Year × Stack FE No No No No Yes Yes

Control Variables Yes Yes Yes Yes Yes Yes
City FE Yes Yes Yes Yes No No
Year FE Yes Yes Yes Yes No No

Obs. 5838 5838 5838 5838 85,120 1,346,080
Adj. R2 0.825 0.955

Note: The t-statistics are reported in parentheses. The symbols *** indicate significance at the 1% confidence levels.

4.2.5. Alternative Robustness Tests

(1) Replacing the explained variable.
To further validate the conclusions of this paper’s benchmark regression, this paper

replaces the bus ridership per capita (BR_pc) with the volume of passengers transported by
buses and trolleybuses (VPTB) and the ratio of the bus ridership to the total ridership for
all modes of transportation (BusRate). Columns (1) and (2) of Table 6 show the regression
results, respectively. This study also replaces the carbon dioxide emissions per capita
(CO2_pc) with total urban carbon emissions (CO2) and carbon emission intensity (CEI) [58].
Columns (3) and (4) of Table 6 show the regression results, respectively. The above results
all show that after accounting for sample selection issues, urban rail transit still generates
a significant traffic substitution effect. Therefore, the baseline regressions in this paper
are robust.
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Table 6. Replacing the explained variable and PSM-DID.

Variables

Replacing the Explained Variable PSM-DID

(1) (2) (3) (4) (5) (6)
lnVPTB lnBusRate lnCO2 lnCEI lnBR_pc lnCO2_pc

URT −0.460 *** −0.343 *** −0.160 *** −0.328 *** −0.370 *** −0.198 ***
(−6.463) (−4.189) (−5.845) (−11.095) (−6.784) (−9.522)

IMR 0.285 *** 0.159 *** 0.067 *** 0.144 *** 0.232 *** 0.082 ***
(5.666) (3.154) (3.456) (6.908) (6.217) (5.760)

Control Variables Yes Yes Yes Yes Yes Yes
City FE Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes

Obs. 6310 3696 6310 6310 4401 4401
Adj. R2 0.871 0.828 0.962 0.935 0.879 0.961

Note: The t-statistics are reported in parentheses. The symbols *** indicate significance at the 1% confidence levels.

(2) PSM-DID.
The PSM-DID model combines the propensity score matching method and the DID

model, effectively eliminating selection bias between the treatment and control groups
and endogeneity issues. The present study uses the dummy variable, URT, to perform
logit regression on the control variables and obtain the propensity to match score value by
nearest neighbor matching. The cities with the closest propensity score values are the paired
cities in the treatment group. This approach minimizes the systematic differences in scale
that exist between cities and thus reduces bias in the DID estimation. Columns (5) and (6)
of Table 6 report the regression results from the PSM-DID method, and the benchmark
regression results are given in terms of credible causal effect estimates.

(3) Excluding the Interference from others policies.
According to Figure 4, a total of 10 cities opened URTs between 2002 and 2009, while

37 cities opened URTs between 2010 and 2023, which indicates an explosive growth in
the number of cities opening URTs after 2010 in China. In addition, after 2010, China’s
central government began to successively implement the low-carbon city pilot policy [52],
the low-carbon transportation system pilot policy [5], and the ETS China’s carbon emis-
sion trading system [59] which are also aimed at reducing urban carbon emissions and
encouraging residents to travel in a low-carbon manner. Therefore, to control for the
effects of the three low-carbon policies mentioned above, the present study excludes the
low-carbon pilot (LCCP) city samples and then re-empirical regression whose results are
shown in Columns (1) and (2) of Table 7. Excluding the pilot city samples of the low-
carbon transportation system construction policy (LCTS), the regression results are shown
in Columns (3) and (4). This excludes the pilot city samples of the carbon emissions right
trading system (CETS), and the regression results are shown in Columns (5) and (6). Thus,
after controlling for other carbon reduction policies in the same period, the benchmark
regression conclusions in Section 4.1 remain robust.

Table 7. Excluding the interference from other policies.

Variables

LCCP LCTS CETS

(1) (2) (3) (4) (5) (6)
lnBR_pc lnCO2_pc lnBR_pc lnCO2_pc lnBR_pc lnCO2_pc

URT −0.625 *** −0.121 *** −0.582 *** −0.242 *** −0.565 *** −0.258 ***
(−7.248) (−3.645) (−7.799) (−8.127) (−8.769) (−10.608)

IMR 0.327 *** 0.036 0.312 *** 0.087 *** 0.306 *** 0.100 ***
(5.471) (1.581) (6.241) (4.351) (6.569) (5.697)
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Table 7. Cont.

Variables

LCCP LCTS CETS

(1) (2) (3) (4) (5) (6)
lnBR_pc lnCO2_pc lnBR_pc lnCO2_pc lnBR_pc lnCO2_pc

Control Variables Yes Yes Yes Yes Yes Yes
City FE Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes

Obs. 4833 4833 5760 5760 5298 5298
Adj. R2 0.861 0.958 0.842 0.952 0.855 0.958

Note: The t-statistics are reported in parentheses. The symbols *** indicate significance at the 1% confidence levels.

4.3. Impact of the Development Level of Urban Rail Transit

The specific development level of URT affects the effectiveness of the traffic substi-
tution. The count of lines and kilometers determines the coverage of URT, the number
of opened stations and interchanges affects the reachability and accessibility of URT [60],
and the number of years URT has been in operation affects the level of operation of the
URT company and passenger ridership. Therefore, this paper examines the transportation
substitution effect of URT’s development level from five dimensions. The specific model is
as follows:

ln(Y)i,t = α + β URT_dli,t + γ ControlVariablesi,t + φ IMRi,t + θt + µi+εi,t (5)

where URT_dli,t represents one of the five indicators of the development level of urban rail
transit, including the count of lines (lnLine), the route distance of the URT (lnMileage), the
count of stations (lnStation) and interchanges (lnInterchange), and years since the opening of
the URT (lnDuration). The other variables are the same as those in Equation (3).

Table 8 depicts the multivariate linear regression results obtained using Equation (5).
Columns (1)–(5) examine the substitution effects of URT’s development level on lnBR_pc,
and the explanatory variables are lnLine, lnMileage, lnStation, lnInterchange, and lnDura-
tion, respectively. Columns (6)–(10) examine the effects of URT’s development level on
lnCO2_pc, and the explanatory variable order is the same. The estimated coefficients are all
significantly negative at the 1% level. According to the magnitudes of the coefficients, all
five indicators have significant carbon emission reduction effects. Among them, the carbon
emission reduction effect of the number of lines is the strongest, followed by the opening
year, the number of interchange stations, the number of stations, and the kilometer mileage.
This indicates that with the expansion of the URT coverage, the formation of the network,
and improvements in the degree of access, the carbon reduction effect of the URT increases.
The longer the opening time, the stronger the economic impact brought about by the URT,
and the carbon reduction effect is also further deepened.

Table 8. Impact of the development level of urban rail transit on lnBR_pc and lnCO2_pc.

Variables
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

lnBR_pc lnCO2_pc

lnLine −0.216 *** −0.122 ***
(−7.917) (−11.236)

lnMileage −0.071 *** −0.041 ***
(−7.459) (−10.713)

lnStation −0.080 *** −0.047 ***
(−7.663) (−11.150)

lnInterchange −0.096 *** −0.058 ***
(−7.324) (−11.120)

lnDuration −0.134 *** −0.086 ***
(−6.096) (−9.758)
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Table 8. Cont.

Variables
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

lnBR_pc lnCO2_pc

IMR 0.113 *** 0.145 *** 0.145 *** 0.085*** 0.074 *** 0.021 * 0.040 *** 0.041 *** 0.008 0.003
(4.122) (4.873) (4.917) (3.242) (2.811) (1.932) (3.378) (3.491) (0.758) (0.252)

Control
Vars Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

City FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Obs. 6312 6312 6312 6312 6312 6312 6312 6312 6312 6312
Adj. R2 0.865 0.865 0.865 0.865 0.865 0.952 0.952 0.952 0.952 0.951

Note: The t-statistics are reported in parentheses. The symbols *** and * indicate significance at the 1% and 10%
confidence levels, respectively.

5. Further Discussion
Compared with the traffic substitution effects in terms of residential travel, this paper

focuses more on the traffic substitution effects in terms of urban CO2. Therefore, in the
Further Discussion Section, the present study focuses on the heterogeneity of the impact of
URT on the carbon dioxide emissions per capita in different types of cities, the analysis of
the channels of the impact of URT on reducing the carbon dioxide emissions per capita,
and whether URT has an impact on the per capita carbon emissions in neighboring cities.

5.1. Heterogeneity Analyses
5.1.1. Resource Endowments

Natural resources affect urban economic activity, according to the natural resource
curse theory [61]. In China, URT in resource-based and non-resource-based cities may have
different carbon reduction effects due to the different development paths and resource
endowments. Therefore, this study divided the cities into two sample groups based on the
divisions of the National Sustainable Development Plan for Resource Cities (2013–2020) [62].
Columns (1) and (2) of Table 9 present the results, which show that URT has a greater
effect on non-resource-based cities. The possible explanation is that resource-based cities
have lower innovation capacity. And the industrial structure of resource-based cities is
mostly resource-consuming and polluting, with a large amount of capital, labor, and land,
as well as energy, invested in high-carbon industries, so the carbon reduction effect of URT
is relatively small.

Table 9. Heterogeneity analysis.

Variables

Resource Endowments Carbon Emission Scale Fiscal Pressure

Resource-Based
Cities

Non-Resource-
Based Cities

High Carbon
Emissions

Low Carbon
Emissions

High Fiscal
Pressure

Low Fiscal
Pressure

(1) (2) (3) (4) (5) (6)
lnCO2_pc

URT −0.353 ** −0.207 *** −0.348 *** −0.205 *** −0.092 −0.199 ***
(−2.037) (−8.348) (−9.663) (−8.046) (−0.921) (−7.909)

IMR 0.127 0.094 *** 0.118 *** 0.113 *** 0.051 0.086 ***
(1.366) (5.373) (5.010) (6.161) (0.961) (5.142)

Control Vars Yes Yes Yes Yes Yes Yes
CITY FE Yes Yes Yes Yes Yes Yes
YEAR FE Yes Yes Yes Yes Yes Yes

Obs. 2521 3791 2086 4226 3839 2473
Adj. R2 0.962 0.939 0.914 0.906 0.949 0.955

Note: The t-statistics are reported in parentheses. The symbols *** and ** indicate significance at the 1% and 5%
confidence levels, respectively.
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5.1.2. Carbon Emission Scale

The environmental concerns of the government, society, and residents are affected
by the level of carbon dioxide emissions. Cities with larger carbon emission scales may
face greater carbon emission regulatory constraints. In this paper, the mean of the carbon
emissions scale for all cities is used to divide the sample of cities into two categories:
high-carbon-emission cities and low-carbon-emission cities. Subsequently, the present
study further explores the differences in the carbon reduction effects of URT in cities with
different carbon emission scales, and the results are shown in Columns (3) and (4) of
Table 9. The results show that in cities with above-average carbon emissions, the impact of
URT is more pronounced. This suggests that cities with large carbon emissions are under
greater pressure to reduce carbon emissions. These cities are more inclined to implement
a series of carbon reduction initiatives, and the cultivation of the concept of green and
low-carbon travel and consumption awareness among residents is more important to local
governments. Therefore, the carbon reduction effect of rail transportation is greater.

5.1.3. Fiscal Pressure

The construction and operation of URT require sustained financial investment by
cities. Financial strength can affect the speed of construction, operational efficiency, and the
choice of green technologies for URT. In China, the central government requires cities to
have public budget revenues of CNY 30 billion per year to prevent financially vulnerable
cities from falling into the “investment trap”. Therefore, the study explores the cost–benefit
trade-offs of URT investments by using the ratio of city budget deficits to budget revenues
as a measure of fiscal pressure, and by dividing cities into two groups of high and low fiscal
pressure based on the mean value of their fiscal pressure.

Columns (5) and (6) of Table 9 show the results of the heterogeneity of the urban fiscal
pressure of cities. According to the results, it can be seen that only in the sample of cities
with low fiscal pressure, the effect of URT on lnCO2_pc is significantly negative at the 1%
significance level. This suggests that the impact of URT is more significant in low-fiscal-
pressure cities and that high-fiscal-pressure cities may not be able to balance the cost–benefit
issue. The reason for this may be that the construction and subsequent operation of URT
requires fiscal subsidies from the local government, and the construction of URT in high-
fiscal-pressure cities diverts investment from low-carbon industries and green technologies,
leading cities to reduce complementary green facilities. On the contrary, low-fiscal-pressure
cities can build a high-density network of urban rail transit lines, which effectively creates
a traffic substitution effect and thus mitigates excessive urban CO2 emissions.

5.2. Channels Analysis

Capital, labor, and land factors are important resources for urban economic develop-
ment, and reducing factor misallocation can help to improve energy efficiency [36] and
achieve low-carbon green development. Therefore, the present study focuses on how
URT can reduce urban carbon dioxide emissions per capita by improving the efficiency of
allocation of land, capital, and labor. Referring to the study of Bartelsman, et al. [63], this
study use an Olley–Pakes covariance term to measure the efficiency of allocation of factors
among firms within cities.

In the theoretical framework of Olley and Pakes [64], increasing the TFP of firms or
reducing the degree of resource misallocation between firms can increase the output of the
industry. In short, they note that the weighted average of firm-level productivity is defined
as an index of productivity for an industry which can be decomposed as follows:

TFPi,j,t =
n

∑
i=1

t f pc,t × rate_zc,t (6)
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where TFPi,j,t is the industry productivity of the industry j in city i and in year t, t f pc,t
is the total factor productivity of the firm c in year t, rate_zc,t is the share of activity for
the firm c in year t, and zc,t represents a series of input factors, including land, capital,
and labor.

Existing studies have shown that the weighted average productivity of all firms in
industry j over the same period, TFPi,j,t, can also be decomposed into two components [65]:
a component that measures the arithmetic mean of the total factor productivity of all firms,
TFPi,j,t, and a covariance term that measures the extent to which size (measured here by
input factors) is correlated with total factor productivity. As Hyytinen, et al. [66] and Yang,
et al. [67] show, the OP covariance term is a reliable measure of the efficiency of resource
allocation of the industry.

TFPi,j,t = TFPi,j,t +
Nt

∑
i,j=1

(
t f pc,t − TFPi,j,t

)
×

(
rate_zc,t − rate_zi,j,t

)
(7)

where TFPi,j,t represents the average of the firm-level productivity of the industry j in city i
and in year t, rate_zi,j,t = 1/Nt, and Nt refers to the number of firms in industry j and in
period t.

Further, this paper sets the efficiency of resource allocation, allocationzi,j,t, quantita-
tively equal to the difference between the weighted average productivity TFPi,j,t and the
arithmetic average productivity TFPi,j,t, and also equal to the covariance between the total
factor productivity and the share of input factors. Its bigger value means that a higher factor
share obtained by a firm with high productivity, indicating that the industry is efficient
in allocating resources. On the contrary, a smaller value means that the industry is using
resources inefficiently.

allocationzi,j,t = TFPi,j,t − TFPi,j,t =
Nt

∑
i,j=1

(
t f pc,t − TFPi,j,t

)
×

(
rate_zc,t − rate_zi,j,t

)
(8)

On this basis, the efficiency of resource allocation at the city-industry level can be
summed up to the city level by taking the share of the input factor of each industry in the
city as a weight, so as to obtain the resource allocation efficiency among manufacturing
enterprises in each city:

AllocateZi,t =
Mt

∑
i=1

allocation_zi,j,t × Rate_Zi,j,t (9)

where AllocateZi,t represents the weighted average of the resource allocation efficiency
of all industries of the city i and in year t, Rate_Zi,j,t is the share of the input factors Z
for the industry j in year t, and Mt refers to the number of industries in city i and in
period t. As a result, when the input factors of enterprises zc,t are land, capital, and labor,
respectively, three mechanism variables are obtained, namely, the allocation efficiency of
the land factor (AllocateLand), the allocation efficiency of the capital factor (AllocateCapital),
and the allocation efficiency of the labor factor (AllocateLabor).

5.2.1. Land Factor Allocation Effect

Above all, this study explores the land factor allocation effect. Columns (1) to (4) of
Table 10 show the test results of the effect of URT on the urban land use scale. The results
show that URT helps to increase the area of urban road surface (lnARS) and the area of
urban built district (lnABD), promote the development of urban residential construction
land (lnARCL), reduce the population density of the core area (lnPD), and improve the
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allocation efficiency of the land factor within the city (AllocateLand). This validates the
conclusion that the TOD development model plays an important role in urban planning and
developing urban areas [10]. Urban rail transit and high urban capacity complement each
other, and together they promote the development of newer areas and the transformation
of old ones, improving the spatial structure of the city and the living environment of its
citizens. Urban rail transit allows more people to live in the suburbs, reversing the trend
of further congestion in city centers and reducing overpopulation, which helps to reduce
per capita carbon emissions in cities. The above empirical results support the research
hypothesis H2a.

Table 10. Impact of the urban rail transit on the allocation of the land factor.

Variables
(1) (2) (3) (4) (5)

lnARS lnABD lnARCL lnPD AllocateLand

URT 0.195 *** 0.126 *** 0.264 *** −0.045 *** 0.346 **
(29.177) (5.269) (6.062) (−2.665) (2.465)

IMR −0.096 *** −0.067 *** −0.119 *** −0.018 −0.161 *
(−20.251) (−3.991) (−3.662) (−1.448) (−1.870)

Control Vars Yes Yes Yes Yes Yes
CITY FE Yes Yes Yes Yes Yes
YEAR FE Yes Yes Yes Yes Yes

Obs. 6312 6312 5869 6235 2844
Adj. R2 0.918 0.961 0.881 0.572 0.112

Note: The t-statistics are reported in parentheses. The symbols ***, **, and * indicate significance at the 1%, 5%,
and 10% confidence levels, respectively.

5.2.2. Capital Factor Allocation Effect

Secondly, this study also analyzed the capital factor allocation effect. Under the
influence of the land factor allocation effect, URT promotes the development of land finance
in cities. Therefore, this paper examined the allocation effect of URT on capital factors,
as shown in Table 11. Columns (1) to (4) show that URT significantly increases the land
grant price of the urban (lnALP) and government fiscal deficit (lnDeficit) and promotes the
issuance of public debt by the government and urban investment groups (lnBond), which
enhances the capital scale and the efficiency of capital factor allocation (AllocateCapital) of
the city opening a URT. Additionally, under the influence of the capital allocation effect,
URT effectively promotes the optimization of industrial structure and green technology
innovation. Specifically, Columns (5) to (7) show that URT increases the ratio of the number
of high-tech firms to the number of manufacturing firms (PCHTE), reduces the number of
companies with high levels of carbon emissions (NCHCE) in the manufacturing industry
of the city with urban rail transit, and promotes the advanced urban industrial structure
(RIS). Column (8), on the other hand, shows that the government increases the proportion
of science and education, spending as a percentage of the government’s expenditure ratio
(SciRate), which attracts innovative talents and platforms and promotes cities to improve
green innovation. The above empirical results confirm the research hypothesis H2b, which
states that URT improves the efficiency of allocation of the capital factor and promotes
low-carbon upgrading of the urban industrial structure.
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Table 11. Impact of the urban rail transit on the allocation of the capital factor.

Variables
(1) (2) (3) (4) (5) (6) (7) (8)

lnALP lnDeficit lnBond AllocateCapital PCHTE NCHCE RIS SciRate

URT 0.946 *** 0.321 *** 0.791 *** 0.803 *** 0.034 *** −2.118 *** 0.187 *** 0.011 ***
(4.565) (8.617) (4.861) (4.530) (5.189) (−5.184) (5.348) (18.322)

IMR −0.477 *** −0.072 *** −0.322 *** −0.553 *** −0.018 *** 1.127 *** −0.100 *** −0.006 ***
(−3.546) (−2.700) (−3.104) (−5.092) (−4.550) (4.498) (−3.930) (−13.660)

Control
Vars Yes Yes Yes Yes Yes Yes Yes Yes

CITY FE Yes Yes Yes Yes Yes Yes Yes Yes
YEAR FE Yes Yes Yes Yes Yes Yes Yes Yes

Obs. 4137 6236 2247 2844 2866 2866 5734 5736
Adj. R2 0.402 0.952 0.764 0.181 0.606 0.705 0.811 0.934

Note: The t-statistics are reported in parentheses. The symbols *** indicate significance at the 1% confidence levels.

5.2.3. Labor Factor Allocation Effect

Finally, this study also considers the effect of URT on the allocation of the labor
factor. The results are shown in Table 12, where Columns (1) and (2) indicate that URT
can significantly increase the total labor force size (lnLabor) and the amount of innovative
talent (lnTalents) in the city. This shows that urban rail transit can attract innovative
talent and platforms to enhance green innovation in cities. Moreover, workers in various
industries are more inclined to choose urban rail transit for their daily commute, thus
improving the matching efficiency of the labor market and the efficiency of the allocation
of labor factors within cities (AllocateLabor). Column (4) show that URT significantly
promotes firms’ outsourcing of R&D and technology services generating green innovation
technology spillovers. In addition, the present study further tests the impact of URT on
innovation outcomes. The green innovation indicator is the number of patent applications
for green inventions per 1000 people (GP). According to Column (5), it can be seen that URT
effectively increases the number of green patent applications after accelerating the diffusion
of green innovation knowledge flow. Therefore, the smooth opening and effective operation
of URT improves the internal transportation of the city, contributes to the construction of
an effective labor market, improves the allocation efficiency of labor factors, promotes the
exchange of labor technology, and generates technological innovation effects. Therefore,
the research hypothesis H2c is confirmed.

Table 12. Impact of the urban rail transit on the allocation of the labor factor.

Variables
(1) (2) (3) (4) (5)

lnLabor lnTalents AllocateLabor lnTech GP

URT 0.116 *** 0.499 *** 0.386 *** 6.256 *** 0.276 ***
(5.204) (15.116) (3.253) (14.726) (30.481)

IMR −0.042 −0.246 *** −0.249 *** −3.051 *** −0.132 ***
(−1.409) (−10.786) (−3.425) (−11.705) (−20.665)

Control Vars Yes Yes Yes Yes Yes
CITY FE Yes Yes Yes Yes Yes
YEAR FE Yes Yes Yes Yes Yes

Obs. 6305 5141 2844 2868 6312
Adj. R2 0.865 0.907 0.109 0.952 0.762

Note: The t-statistics are reported in parentheses. The symbols *** indicate significance at the 1% confidence levels.

To further validate the mechanism proposed in Section 2.2, this paper tests whether
URT can reduce urban carbon emissions through the indirect effects brought by the alloca-
tion of factors. This study chooses to add the indices of AllocateLand, AllocateCapital, and
AllocateLabor to the benchmark regression model, Equation (3), and Columns (1) through (3)
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of Table 13 show the results. The allocation efficiency of factors has a significant neg-
ative correlation with lnCO2_per; they can reduce urban carbon dioxide emissions per
capita. Therefore, the allocation efficiency improvement of land, capital, and labor is an
effective mechanism.

Table 13. Estimation of the channels through which URT affects lnCO2_per.

Variables
(1) (2) (3) (4) (5) (6)

lnCO2_pc

URT −0.202 *** −0.203 *** −0.202 *** −0.228 *** −0.186 *** −0.217 ***
(−5.586) (−5.588) (−5.595) (−9.914) (−5.102) (−9.009)

AllocateLand −0.016 ***
(−3.520)

AllocateCapital −0.010 ***
(−2.599)

AllocateLabor −0.018 ***
(−3.909)

RIS −0.106 ***
(−8.782)

PCHTE −0.334 ***
(−3.197)

GIP −0.072 **
(−2.248)

IMR 0.098 *** 0.099 *** 0.098 *** 0.096 *** 0.088 *** 0.093 ***
(4.445) (4.520) (4.469) (5.858) (3.980) (5.657)

Control Vars Yes Yes Yes Yes Yes Yes
CITY FE Yes Yes Yes Yes Yes Yes
YEAR FE Yes Yes Yes Yes Yes Yes

Obs. 2844 2844 2844 6009 2866 6310
Adj. R2 0.977 0.977 0.977 0.952 0.977 0.952

Note: The t-statistics are reported in parentheses. The symbols *** and ** indicate significance at the 1% and 5%
confidence levels, respectively.

In addition, the upgrading of the industrial structure and the innovation of green
technologies are conducive to a reduction in carbon dioxide emissions. Therefore, the
present study also adds the advanced industrial structure (RIS), the proportion of high-tech
enterprises (PCHTE), and green technology innovation (GP) to the benchmark regression
model. According to Columns (4) to (6) of Table 13, it can be seen that RIS, PCHTE, and
GP can reduce lnCO2_per, which suggests that the innovation of green technologies and
industrial structure upgrading generated by resource allocation efficiency is an effective
indirect mechanism for URT to reduce the carbon dioxide emissions per capita. Green
technological progress and economic restructuring under the influence of URT can promote
the development of a low-carbon transformation of China’s economy. The above empirical
results again confirm the existence of the research hypothesis H2a, H2b, and H2c.

5.3. Spatial Effects Analyses
5.3.1. Spatial Econometric Model

To further investigate the geographical implications of urban rail transit on carbon
dioxide emissions per capita, the present paper uses a spatial econometric model. The
specific model is as follows:

lnCO2_pci,t = α + β URTi,t + γ ControlVariablesi,t + φ IMRi,t+

ρ
284
∑

j=1
wijlnCO2_pci,t + λ

284
∑

j=1
wijURTi,t + ξ

284
∑

j=1
wijControlVariablesi,t + θt + µi+εi,t

(10)
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where wij is the spatial weight matrix. wijlnCO2_pci,t and wijURTi,t represent the spatial lag
term of the urban carbon dioxide emissions per capita and urban rail transit, respectively,
used to measure the lagged effects of neighboring cities. ρ is the spatial autoregressive
coefficient. λ is the coefficient of the spatial lag terms of URT. ξ is the coefficient of the spatial
lag terms of other control variables. Other variables are the same as those in Equation (3).

5.3.2. Spatial Autocorrelation Test

The present paper applies the global Moran’s index to test the spatial correlation
of carbon dioxide emissions per capita (lnCO2_pc) based on the inverse distance weight
(IDW) matrix. The values of Moran’s index of lnCO2_pc during 2002–2023 in China are
shown in Table 14. Column (1) reveals that the values are between 0 and 1, and remain
in a fluctuating upward trend from 2002 to 2023. Column (5) reveals that all samples
passed a 1% significance test. This finding implies that there is a significant positive spatial
correlation of lnCO2_pc in China, which is stronger over time. Therefore, it is necessary to
introduce the spatial econometric analysis.

Table 14. Moran index of carbon dioxide emissions per capita.

Year
(1) (2) (3) (4) (5)

Index E (Index) Sd (Index) Z p-Value

2002 0.273 −0.004 0.040 6.923 0.000
2003 0.314 −0.004 0.040 7.961 0.000
2004 0.324 −0.004 0.040 8.225 0.000
2005 0.340 −0.004 0.040 8.611 0.000
2006 0.350 −0.004 0.040 8.871 0.000
2007 0.340 −0.004 0.040 8.614 0.000
2008 0.333 −0.004 0.040 8.441 0.000
2009 0.336 −0.004 0.040 8.525 0.000
2010 0.349 −0.004 0.040 8.847 0.000
2011 0.335 −0.004 0.040 8.505 0.000
2012 0.340 −0.004 0.040 8.632 0.000
2013 0.330 −0.004 0.040 8.378 0.000
2014 0.330 −0.004 0.040 8.360 0.000
2015 0.339 −0.004 0.040 8.591 0.000
2016 0.349 −0.004 0.040 8.837 0.000
2017 0.366 −0.004 0.040 9.274 0.000
2018 0.373 −0.004 0.040 9.442 0.000
2019 0.372 −0.004 0.040 9.417 0.000
2020 0.379 −0.004 0.040 9.606 0.000
2021 0.382 −0.004 0.040 9.661 0.000
2022 0.380 −0.004 0.040 9.633 0.000
2023 0.396 −0.004 0.040 10.018 0.000

Note: I, E (I), and Sd (I) show the global Moran’s index, the mean of Moran’s index, and the standard deviation of
Moran’s index, respectively. Z is the z-statistic values. The p-value presented is for a two-tailed test.

5.3.3. Analysis of Spatial Econometric Results

Before conducting spatial econometric analysis, the choice of model needs to be tested
(Table 15). The LM test and LR test results indicate that all statistics are significant at the 1%
level. Therefore, employing spatial econometric methods for further empirical analysis of
this study’s research question becomes essential, and the SDM model performs better than
the SEM and SAR models.
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Table 15. Spatial measurement model selection tests.

Method Statistic p-Value

LM Test
Spatial error Lagrange multiplier 735.785 0.000

Robust Lagrange multiplier 223.150 0.000

Spatial lag Lagrange multiplier 545.864 0.000
Robust Lagrange multiplier 33.229 0.000

LR Test
H0: SAR nested in SDM 98.13 0.000
H0: SER nested in SDM 55.98 0.000

To fully display the spatial measurement results and improve the robustness of the
conclusions, this paper adopts the inverse distance weight (IDW) matrix and inverse
distance squared weight (IDW2) matrix to verify the spatial effects of URT on lnCO2_pc
as presented in Table 16. The regression coefficients of the spatial lag term (ρ) are all
significantly positive, indicating that local carbon emissions are positively influenced by
neighboring area emissions. The results all demonstrate that URT significantly suppresses
local carbon emissions (main effect) and reduces carbon emissions in the surrounding cities
(Wx effect), based on whether the IDW matrix or the IDW2 matrix is used. Furthermore, the
SDM model can be decomposed into spatial effects using partial derivatives. The long-run
direct effect involves the impact of URT in a city on its lnCO2_pc and the feedback effect
of that city’s URT influencing lnCO2_pc in neighboring cities and, in turn, affecting its
lnCO2_pc. The long-run indirect effect represents how the local URT influences lnCO2_pc
in neighboring cities, reflecting the spillover effect of the local URT. The long-run total
effect reflects the average influence of them. Table 16 shows that the direct, indirect,
and total effects are all significantly negative, illustrating that the local URT not only
significantly reduces lnCO2_pc within the region, but also significantly mitigates lnCO2_pc
in neighboring cities. Meanwhile, the regression coefficients of indirect effect are more
than the regression coefficients of direct effects. It suggests that, in the long run, the carbon
abatement effects of URT come mainly from its spillover effects. In summary, URT can
have significant spatial spillover effects, mitigating urban carbon dioxide emissions per
capita in neighboring cities through atmospheric mobility. In China, central cities are trying
to extend their urban rail line networks to neighboring smaller cities, such as Shanghai
with Suzhou and Wuxi, Beijing with Langfang, Hangzhou with Shaoxing, Xi’an with
Xianyang, Nanjing with Chuzhou, Ma’anshan, Yangzhou, and Zhenjiang, and Zhengzhou
with Xuchang, which are gradually becoming connected. In addition, URT serves as a
signaling mechanism to promote green technological innovation and low-carbon industrial
transformation in the cities themselves, while also generating green technology spillover
and low-carbon industry spillover and facilitating the flow of low-carbon enterprises and
talent between regions.

Table 16. Spatial effects of urban rail transit on urban carbon dioxide emissions per capita.

Variables

IDW Matrix IDW2 Matrix

(1) (2)
lnPerCO2

Main Effect
URT −0.227 *** −0.229 ***

(−10.307) (−10.494)
IMR 0.099 *** 0.102 ***

(6.400) (6.661)
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Table 16. Cont.

Variables

IDW Matrix IDW2 Matrix

(1) (2)
lnPerCO2

Wx Effect
URT −0.667 ** −0.184 **

(−2.058) (−2.026)
IMR 0.023 0.039

(0.098) (0.609)
ρ 0.599 *** 0.380 ***

(8.615) (11.877)
Long-Run Direct Effect

URT −0.232 *** −0.234 ***
(−10.087) (−10.307)

IMR 0.099 *** 0.104 ***
(5.999) (6.344)

Long-Run Indirect Effect
URT −2.070 ** −0.434 ***

(−2.288) (−3.031)
IMR 0.215 0.126

(0.361) (1.265)
Long-Run Total Effect

URT −2.302 ** −0.668 ***
(−2.529) (−4.457)

IMR 0.314 0.229 **
(0.525) (2.214)

Control Vars Yes Yes
CITY FE Yes Yes
YEAR FE Yes Yes

Obs. 6248 6248
Adj. R2 0.635 0.531

Note: The t-statistics are reported in parentheses. The symbols *** and ** indicate significance at the 1% and 5%
confidence levels, respectively.

6. Conclusions and Policy Recommendations
6.1. Conclusions

Excessive greenhouse gas emissions are causing global warming and threatening
human survival and sustainable development. The construction of urban rail transit
improves intra-city transportation and affects resource allocation in cities, but is this an
important way to reduce carbon emissions? Using unbalanced Chinese urban panel
data, the present study combines the use of time-varying DID and Heckman’s two-stage
econometric method to examine the impact of URT on the carbon dioxide emissions per
capita from a resource allocation perspective and reaches the following conclusions:

(1) China’s urban rail transit can bring significant traffic substitution effects. In terms
of residential travel, urban rail transit can significantly reduce the bus ridership per capita
by 17.5%, and the coefficients rise to 51.6%, respectively, after mitigating the sample self-
selection problem. This finding remains different from the research of Gonzalez-Navarro
and Turner [10], which mainly covered cities in developed countries. At the same time,
urban rail transit has a similar effect in terms of urban GHGs. Before and after mitigating the
sample selection problem, the per capita reduction in carbon dioxide emissions from urban
rail transit is 12.5% and 23.9%, respectively. These conclusions found in the benchmark
regression results also pass several robustness tests. The positive findings that urban rail
transit in China can generate environmental benefits such as reduced carbon impacts are
consistent with practical experience in other countries [11] such as India [16,17] and the
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United States [14,15]. Furthermore, the present study also finds that as the development
level of URT increases, the traffic substitution effects gradually increase.

(2) The carbon reduction effect of urban rail transit in China is highly heterogeneous,
and there are spatial spillover effects. In cities with high carbon emissions, non-resource-
based cities, and cities with low fiscal pressure, URT can have a more pronounced effect
on reducing emissions. Non-resource-based cities have a better industrial structure and
a higher level of green innovation, so the impact of URT is more obvious. Cities with
large carbon emissions are under greater pressure to reduce carbon emissions, and the
strict performance appraisals encourage local governments to actively utilize URT as the
greenest form of public transportation. Cities with financial constraints in China divert
investment from the development of low-carbon industries and green technologies. In
contrast, low-fiscal-pressure cities can build a high-density network of urban rail transit,
which thus effectively reduces the urban carbon dioxide emissions per capita. Moreover,
spatial econometric analyses reveal that urban rail transit can not only reduce local carbon
emissions but also generate radiation effects through spillover. In the long run, the carbon
abatement effects of urban rail transit are mainly from its spillover effects. The urban rail
transit network of China’s central cities is gradually being extended to smaller cities around
them, thus building a rail-integrated metropolitan region. Within the metropolitan area, the
effective flow of low-carbon technologies and the communication of low-carbon enterprises
will enable urban rail transit to reduce not only the city’s carbon emissions but also those
of the neighboring cities.

(3) Urban rail transit reduces the urban carbon dioxide emissions per capita by im-
proving resource allocation, promoting industrial structure upgrading, and enabling green
technology advancement. On the one hand, URT can significantly improve the efficiency of
allocation of land, capital, and labor factors. URT is an effective tool for cities to promote
the development of new areas and reduce congestion in urban areas, improve government
finance and financing, and expand the labor matching radius. Urban rail transit can sig-
nificantly capitalize on land prices, improve urban capacity, and attract talent and firms.
Therefore, the allocation efficiency of resources is the basic mechanism for URT to reduce
carbon dioxide emissions. On the other hand, under the influence of the capital allocation
effect, URT promotes the realization of the advanced industrial structure by eliminating
the backward production capacity in the cities. URT also raises the level of urban green
innovation by making cities more attractive to innovative talent and institutions. On the
basis of the labor allocation effect, URT accelerates green technology overflow and im-
proves the green innovation levels of cities and enterprises. Therefore, industrial structure
upgrading and green technology innovation are the specific mechanisms for urban rail
transit to reduce carbon emissions.

6.2. Policy Recommendations

Based on the conclusion, the present study proposes three policy recommendations to
the policymakers in developing countries that are similar to China.

The findings of this paper have the following practical and policy implications.
(1) The traffic substitution theory of urban rail transit has practical value in terms of

urban public transportation and carbon dioxide emission reduction. The decarbonization
of the transport sector is an important support for the realization of the carbon peaking
and carbon neutrality goals, and travel in urban rail transit can become the most important
low-carbon travel mode. Going forward, when planning and investing in urban rail
infrastructure, it is important to clearly recognize not only the role of urban rail transit
in reducing congestion but also its important role in reducing carbon dioxide emissions.
Unlike large cities in developed countries, large cities in developing countries generally
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tend to have higher population densities but lower car ownership, and residents rely to
a greater extent on public transportation to get around. Consequently, it is imperative
for developing countries to prioritize the comprehensive benefits of urban rail transit in
alleviating urban traffic congestion, promoting economic growth, and achieving goals
related to combatting pollution and reducing carbon emissions.

(2) When designing and constructing urban rail systems, cities in developing countries
should consider their own resource endowments, comparative advantages, and financial
strength. On the one hand, it is the responsibility of the central government to exercise
stringent oversight with regard to the criteria that are employed in order to approve
construction projects. Moreover, it is incumbent upon the government to take effective
measures to circumvent the “green investment trap” in cities where the construction of
urban rail transit infrastructure is deemed to be inadvisable. The central government can
promote the construction of a rail-integrated metropolitan region centered on an important
city, strengthen industrial synergy and talent communication between the central city and
surrounding small cities, and actively exert the spatial spillover effect of urban rail transit
to reduce carbon emissions. On the other hand, the relevant urban planning departments
should rationally plan the route, efficiently utilize the metro, light rail, urban express rail,
and other rail transit, and actively exert the economic and environmental benefits, thereby
compensating for the high construction and operation costs of urban rail transit. City
management should make efficient use of URT and continue encouragement of low-carbon
travel by the public, such as better connecting URT with shared bicycles and bus trams,
and establishing carbon credit accounts for residents’ URT rides to encourage them to take
the subway more frequently.

(3) Cities with urban rail transit need to take full advantage of the resource allocation
effect to achieve the sustainable development goals. The redevelopment of underutilized
land and the development of new areas in cities opening URTs, it is necessary to make
full use of the advantages of the Transit-Oriented Development (TOD) model, activate
the transportation meridian, and make efficient use of land in cities with URTs. Planning
and constructing low-carbon cities, the positive role played by URT in improving market
accessibility, reducing transportation costs, expanding the radius of matching between
businesses and job seekers, reversing the over-concentration of urban areas, and reducing
population density should be brought into play. In addition, in the context of the accelerated
siphoning off of small cities by large cities, large cities in developing countries must seize
the opportunity to capitalize on the role of transportation infrastructure in the process of
upgrading the level of urban innovation and industrial structure. Generally speaking, large
cities in developing countries can steadily promote the efficient construction and operation
of URT systems under circumstances where the debt risks are manageable. Large cities
must continue to utilize the allocation effects of capital, labor, and land factors to achieve
green technological innovation and industrial structure upgrading, thereby reducing urban
carbon emissions. This effective practical action helps cities in developing countries to
become an important part of the dedication to mitigating issues such as global warming.

6.3. Research Shortcomings and Prospects

The present study explores whether urban rail transit in China brings substitution
or creation effects in terms of public transportation and carbon emission reduction and
analyzes the heterogeneity of the impacts of URT on the carbon dioxide emissions per capita
in Chinese cities, and its spatial spillover and impact mechanism, providing comprehensive
research results.

However, the present study also has certain limitations. For example, the spatial
spillover mechanism of urban rail transit on carbon emissions in neighboring cities has not
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been deeply studied due to the length of the article. In addition, due to the limitations of
data availability, this study fails to include Chinese cities that opened urban rail transit after
2023, and it also fails to conduct an in-depth comparative analysis using cross-national data
to explore the differences among various countries.
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