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Abstract: Cities are critical agents to promote carbon emission reduction, and are also a key part
of China achieving carbon peaking by 2030 and carbon neutrality by 2060. This study used a time-
varying difference-in-difference (DID) method to provide quasi-natural experimental evidence based
on the data of 284 prefecture-level cities in China. We robustly found that the low-carbon city pilot
(LCCP) policy has a significant effect on carbon emissions’ reduction. The carbon emissions of pilot
cities were reduced by about 1.63 percentage points compared to non-pilot cities. In addition, this
study generates several intriguing findings: (1) The carbon emission reduction effect of the LCCP is
more significant for cities in the eastern areas and cities with high economic development. (2) The
LCCP policy is sustainable and has a lagging effect. The carbon emissions of pilot areas with one lag
period and two lag periods were reduced by 1.76% and 1.90%, respectively, which means that the
LCCP led to greater carbon reductions over time. (3) We prove the existence of the mediating effect of
electricity consumption. The LCCP policy reduced carbon emissions by 3.72% by affecting per capita
electricity consumption. (4) Cities in a state of negative decoupling between carbon emissions and
economic growth gradually transformed into a state of enhanced decoupling, which shows that the
carbon emissions of low-carbon pilot cities were effectively controlled with the economic growth.
The conclusion of this study evaluates the current achievements of the LCCP policy and provides an
empirical reference for the further formulation of environmental policies.

Keywords: carbon emissions; difference-in-difference model; low-carbon pilot policy; decoupling
model; electricity consumption

1. Introduction

Humanity faces the challenge of climate change, and the resulting increasing con-
centrations of greenhouse gases have forced humans to be simultaneously exposed to
multiple risks, such as retarded economic development, climate anomalies, rising sea levels,
retreating glaciers, thawing permafrost, and unstable food supplies [1,2]. In 2019, China
accounted for 29.5% of global carbon emissions, making it the largest emitter. China has
formulated future development plans to incorporate carbon emission reduction targets [3,4],
and proposed that carbon emissions will peak by 2030 and become carbon neutral by 2060.
In the early years, China launched the low-carbon city pilot (LCCP) policy to actively
face climate change. The Chinese government announced three batches of low-carbon
pilot regions in 2010, 2012, and 2017 respectively, and aims to advocate a sustainable en-
ergy ecosystem for low-carbon production and consumption, build a resource-saving and
environmentally-friendly society, and reduce carbon emission intensity. We observe that
environmental pollution and economic development restrict the sustainable development
of humanity, so it is necessary to pay attention to the relationship between cities’ activities
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and carbon emissions together. Thus, it is critical to accurately assess the effect of LCCP
policies on carbon emission reductions, especially the heterogeneous effects among cities
with different geographic locations and economic development.

Cities are the core of human survival and social development, and are also major
sources of carbon emissions [5,6], accounting for about 70% of total carbon emissions [7].
The efforts of cities on carbon emission reduction will affect the realization of China’s
sustainable development goals [8]. With the development of China’s urbanization, infras-
tructure construction, industrial activities, transportation, and residents’ lives consume a
lot of energy, and cities will become one of the most important areas of carbon emission
growth [9]. Scholars have shown great interest and attention to this field. Increasing studies
have established diverse evaluation indicators of LCCP and evaluated the construction
results of the low-carbon city pilot policy from different dimensions. Du et al. (2011)
constructed a low-carbon city evaluation index system, including transportation, industry,
consumption, energy, policy, and technology [10]. The indicators include per capita carbon
emissions, the proportion of zero-carbon energy in primary energy, proportion of coal in
total energy consumption, and unit emissions [11,12]. However, there is no unified defini-
tion of the evaluation system. The environmental governance in different cities is analyzed
according to different evaluation indicators, and the conclusions are quite different.

While reducing carbon emissions is gaining popularity in China, accurately assessing
the contribution of the LCCP policy to environmental governance has been widely studied
by scholars. Yang et al. (2013) summarized the driving forces of low-carbon city develop-
ment in China and discussed the environmental regulatory policy tools aimed at improving
energy efficiency, utilizing renewable energy, adjusting industrial structure, and improving
carbon sequestration capacity [13]. Wang et al. (2015) summed up the practical experience
of Zhenjiang city, Jiangsu province, in achieving low-carbon goals through LCCP based
on low-carbon development plans and government reports [14]. Cheng et al. (2019) used
green total factor productivity to evaluate the policy effects of low-carbon pilot policy in
China [15]. Cities located in different regions, with different population sizes, economic
development, and industrial structure characteristics have adopted different low-carbon
development paths. For example, Yang et al. (2018) analyzed the implementation of the
LCCP policy in cities such as Beijing, Jincheng, Chizhou, and Guangyuan [16]. Su et al.
(2016) summarized the government’s efforts for low-carbon city construction from the
aspects of strategic planning, energy structure, industrial structure, ecological environment,
transportation, and buildings [17]. Shen et al. (2018) [18] and Feng et al. (2019) [19] took
Beijing and Guangdong province as examples to analyze the key elements, patterns, and
paths of urban carbon emissions. They found that population size, the industry ratio,
and new energy ratio are key factors affecting carbon emissions, but the contribution of
these factors to carbon emissions varies by geographic location and level of economic
development.

Many scholars estimated the effects of the LCCP policy through synthetic control
methods [20,21], the spatial Durbin model [22], data envelopment analysis [23], or the
difference-in-difference method [24,25]. The comprehensive control method is often used
as a case study, limited by the small subject size. In addition, assigning weights to potential
pilot cities may lead to errors [26], and related issues also generally face the endogene-
ity problem of environmental regulation [21,27,28]. Another common approach, named
difference-in-difference (DID), mitigates possible endogeneity problems and guarantees
accuracy in identifying real policy effects by treating the policy as an exogenous shock
variable, which is independent of the outcome variable [29]. Most studies concluded that
China’s LCCP policy has achieved remarkable results, which can not only effectively im-
prove urban ecological efficiency, but also promote the green economic growth. Song et al.
(2019) found that the construction of low-carbon cities can significantly reduce PM10 and
air pollution index (API), and improve urban air quality [30]. Cheng et al. (2019) found
that low-carbon city construction significantly improves green total factor productivity [15].
Different from the above literature focusing on environmental quality indicators, Gong
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et al. (2019) took foreign direct investment as the object and found that LCCP significantly
drives foreign direct investment [31]. We summarize the above literature and categorize
them in Table 1.

Table 1. Categories of existing LCCP pilot literature review.

Category Literature Main Content

Cities’ missions

Ferreira et al. (2019); Lee et al.
(2017); Cai et al. (2019); Salvia
et al. (2021); Shan et al. (2018)

[5–9]

Cities are major sources of
greenhouse gas emissions,

accounting for about 70% of
total carbon emissions

The evaluation
indicators of LCCP Du et al. (2011) [10]

Transportation, industry,
consumption, energy, policy,

and technology

Du et al. (2021); Shen et al.
(2021) [11,12]

Per capita carbon emissions, the
proportion of zero-carbon
energy in primary energy,
proportion of coal in total

energy consumption, and unit
emissions

The effect of
LCCP policy Yang et al. (2013) [13]

Summarized the driving forces
of low-carbon city development

in China

Wang et al. (2015) [14] Summed up the practical
experience of Zhenjiang city

Cheng et al. (2019) [15]
Evaluated the policy effects by

using green total factor
productivity

Yang et al. (2018); Su et al. (2016);
Shen et al. (2018); Feng et al.

(2019) [16–19]

Cities adopted different
low-carbon development paths

Assessment method Wen et al. (2021) [20] Synthetic control method

Han et al. (2020); Han et al. (2018);
Zang et al. (2020) [24–26] Difference-in-difference method

Yu et al. (2021) [23] Data envelopment analysis

Chen et al. (2022); Zhang et al.
(2017) [22,27] Spatial Durbin

Environmental quality
indicators Song et al. (2020) [29] Carbon emissions

Song et al. (2019) [30] PM10 and API pollution indexes

Cheng et al. (2019) [15] Green total factor productivity

Gong et al. (2019) [31] Foreign direct investment

To sum up, recent studies have mainly focused on the impact of the LCCP policy on
environmental indicators, while ignoring the per capita carbon emissions indicator that
relates to the size of the city. Furthermore, in-depth studies of heterogeneity between cities
are lacking in previous research. Most studies provide static results rather than the possible
dynamic effects of the LCCP policy. Considering the above gaps will help us to clarify
the relationship between the LCCP policy and carbon emissions, and to re-evaluate the
environmental regulation effect of the LCCP policy. There are three possible contributions
of this study. First, from a research perspective, this study focuses on evaluating the effects
of the LCCP policy on carbon emission reductions. In addition, this study enriches and
complements the literature on the heterogeneous effects of the LCCP policy across cities
with different geographic locations and economic development. In particular, we provide
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evidence that the LCCP policy has sustainable effects, with lag and cumulative effects over
time. Second, from the methodological perspective, the pervasive difficulty in estimating
the impact of policy implementation on goals is endogeneity problems. Considering the
phased rollout of China’s LCCP policy, we used the time-varying DID method to analyze
policy effects by mitigating the adverse effects of measurement errors and omitted variables
on empirical findings. Third, we further analyzed the impact mechanism of the LCCP policy
on carbon emissions. We used the Tapio model to estimate decoupling elasticity coefficients
for pilot cities and provide evidence that carbon emissions are effectively controlled as
economies grow. In addition, the mechanism analysis proves the existence of the mediating
effect of electricity consumption. The results illustrate the necessity of reducing electricity
consumption or decarbonizing electricity.

2. Study Design
2.1. Policy Background

In order to mitigate climate change and reduce carbon dioxide emissions effectively, in
2010, the NDRC of China issued the low-carbon pilot cities policy. The first batch of pilots
covered 5 provinces and 8 cities. In 2012, the second batch of pilots conducted in 1 province
and 29 cities. The third batch of pilots in 2017 covered 45 cities. According to the list of
pilot cities and the available data samples, we found that there are the 284 prefecture-level
city samples, marked by 123 pilot cities, accounting for 43.3% (including 67 provincial-level
pilot cities). There are 161 non-pilot cities, accounting for 56.7%. It is worth noting that
there is overlap between the pilot lists of the first and second batches; that is, although
some cities are in the second batch of pilot cities, the provinces where they are located have
been announced in the first batch of pilot lists. This article refers to Song et al. (2019): if
a province and its municipalities are in the LCCP policy list, the implementation time is
determined as the earlier one [30]. In addition, the second batch of pilot cities was issued
on 26 November 2012. Envisioning that there may have been a lag in government action to
respond to policy, this study defines the implementation time as 2013.

Figure 1 plots the trend of the annual average carbon emissions and the logarithm of
carbon emissions from 2000 to 2016 for pilot and non-pilot cities. Since 2000, the overall
carbon emission level of almost all cities has shown an upward state, which illustrates
that carbon emissions are still increasing. In addition, the carbon emissions of pilot cities
are higher than those of non-pilot cities. After the LCCP was released, the rising trend of
carbon emissions in the first round flattened, and the carbon emissions in the second round
showed a downward trend. This provides visual evidence of the effectiveness of LCCP in
reducing carbon emissions.
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Figure 1. Changes in carbon emissions in pilot and non-pilot cities from 2000 to 2016.

2.2. Variable Selection

This paper used panel data composed of 285 cities in China from 2000 to 2016 to
estimate the impact of LCCP policies on carbon emissions. The data used are from
China City Statistical Yearbook, China Urban Construction Statistical Yearbook, and China
Statistical Yearbook.
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Carbon emission. The carbon emission data were obtained from the calculation results
of Shan et al. [32,33], which includes the carbon emission data of 353 cities from 1997
to 2017.

Low-carbon city pilot. This core variable is defined as 1 when a city is on the pilot list,
and 0 for otherwise. Due to the limitation of carbon emission data, the sample in this study
is up to 2016.

Other variables. This study controls the following variables referring to related
studies [27,34–39], such as Gross Domestic Product (GDP) and its squared term, industrial
structure, population density, financial development, electricity consumption, comprehen-
sive utilization rate of general industrial solid waste, park green space, etc. The definitions
and descriptive statistics of variables are shown in Table 2.

Table 2. Variable definitions and descriptive statistics.

Variable (Definition, Unit) Obs. Min. Max.
Non-Pilot City Pilot City

Mean Std. Mean Std.

lnCO2 (logarithm of carbon
emissions, 105 tons) 4828 0.04 2.36 1.15 0.38 1.36 0.34

lnCO2p (logarithm of carbon
emissions per capita,

tons/person)
4828 −0.58 1.85 0.62 0.34 0.79 0.29

lnGDPp (logarithm of GDP
per capita, yuan/person) 4828 2.00 5.67 4.22 0.39 4.62 0.27

lnGDPp2 (square of the
logarithm of GDP per capita,

Yuan/person)
4828 3.98 32.16 17.93 3.30 21.42 2.53

Psec (The percentage of
secondary industry

in GDP, %)
4801 9.00 90.97 47.42 11.93 48.14 9.21

Pop (log of the total
population per unit area,

people/km2)
4827 4.46 2707 410.50 316.02 460.63 406.85

Fin (The percentage of
financial institution loan

balance in GDP, %)
4828 0.00 796.44 98.75 67.56 164.73 76.52

lnE (log of total electricity
consumption, 10,000 kWh) 4450 3.35 7.17 5.41 0.54 5.76 0.59

lnEp (log of electricity
consumption per capita,

kWh/person)
4450 −2.76 1.02 −1.12 0.55 −0.82 0.57

lnEi (log of total industrial
electricity consumption,

10,000 kWh)
3920 2.66 6.91 5.25 0.63 5.51 0.68

Ppri (The percentage of
primary industry in GDP, %) 4801 0.03 51.8 16.69 9.95 11.83 7.57

Pter (The percentage of
tertiary industry in GDP, %) 4801 8.50 85.34 35.89 8.27 40.03 9.98

Rsw (Comprehensive
utilization rate of general
industrial solid waste, %)

3906 0.49 100 77.19 24.04 79.19 23.37

lnGco (Logarithm of the
green coverage area in
built-up area, hectares)

3981 −0.38 4.94 2.24 1.08 3.37 0.79

lnGpa (Logarithm of the
green area of the
park, hectares)

4771 1.18 10.47 5.90 1.69 6.94 1.50
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We calculated the correlation matrix between variables, as shown in Table 3. The
results shows that carbon emission indicators have strong correlations with GDP, electricity
consumption, and industrial structure, which illustrates the necessity to control for these
variables to identify the net effect of LCCP.

Table 3. Correlation matrix for the variables.

lnCO2 lnCO2p lnGDPp lnGDPp2 Psec Pop Fin lnE lnEp lnEi Ppri Pter Rsw lnGco lnGpa

lnCO2 1.00
lnCO2p 0.62 1.00
lnGDPp 0.59 0.72 1.00
lnGDPp2 0.58 0.71 0.99 1.00

Psec 0.24 0.44 0.44 0.43 1.00
Pop 0.34 0.57 0.24 0.24 0.14 1.00
Fin 0.29 0.25 0.36 0.36 −0.19 0.16 1.00
lnE 0.68 0.52 0.71 0.71 0.33 0.46 0.37 1.00

lnEp 0.38 0.70 0.74 0.74 0.43 0.24 0.33 0.85 1.00
lnEi 0.63 0.52 0.67 0.67 0.40 0.42 0.27 0.97 0.85 1.00
Ppri 0.51 0.64 0.73 0.73 0.64 0.32 0.34 0.70 0.73 0.67 1.00
Pter 0.23 0.11 0.20 0.21 −0.60 0.16 0.60 0.31 0.22 0.20 −0.23 1.00
Rsw 0.18 −0.01 0.20 0.20 −0.02 0.37 0.10 0.18 0.06 0.16 −0.06 0.09 1.00

lnGco 0.32 0.28 0.54 0.54 0.07 0.12 0.32 0.37 0.32 0.32 −0.29 0.22 0.10 1.00
lnGpa 0.60 0.38 0.59 0.59 0.21 0.44 0.33 0.76 0.58 0.72 −0.54 0.30 0.29 0.32 1.00

2.3. Benchmark Model Setting

We adopted a difference-in-difference (DID) method to identify the impact of LCCP
policies on carbon emissions. We compared the differences in carbon emissions between
pilot and non-pilot areas before and after the LCCP, and effectively separated the differences
from cities and years by controlling for individual fixed effects and time fixed effects. This
paper sets the following measurement model

Yit = β0 + β1LCarbonit + γXit + λi + νt + δProvincept + εit (1)

Among them, Yit represents the carbon emission of city i in year t, which is expressed
by the logarithm of carbon dioxide emissions (lnCO2) and the per capita carbon dioxide
emissions (lnCO2_p), respectively. LCarbonit indicates the LCCP cities, reflecting the
value of 1 for cities that started the policy in year t, and 0 for otherwise. λi represents
city fixed effect and νt represents year fixed effect. Provincept indicates the time trend of
the province to control the time trend of different provinces. εit represents the random
error term and is clustered at the city level. β1 is the most interest difference-in-difference
statistical parameter in this study, which captures the impact of LCCP policy on carbon
emissions. If β1 < 0 and significant, it means that the LCCP significantly promotes carbon
emissions’ reduction, highlighting the effectiveness of the policy.

3. Empirical Analysis
3.1. Benchmark Regression

Table 4 provides the benchmark regression results of the model (1). We used the
logarithm of carbon emissions and the logarithm of carbon emissions per capita as de-
pendent variables, respectively. Among them, columns (1) and (4), (2) and (5), and (3)
and (6) are the estimation results of all cities, municipalities, and prefecture-level cities
excluding municipalities, respectively. The results found that the estimated coefficient of
the LCCP was significantly negative (Coef. = −0.0163, p = 0.008) after controlling for the
city fixed effect, time fixed effect, and provincial time trend, indicating that the LCCP policy
was generally helpful to reduce carbon emissions. The carbon emissions of pilot cities
reduced by an average of 1.63% compared with non-pilot cities. This result is consistent
with previous research conclusions [15,23,29]. LCCP policies have a greater impact on per
capita carbon emissions. Compared with non-pilot cities, per capita carbon emissions in
low-carbon pilot cities reduced by an average of 3.74%. It is important to note that the
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LCCP policy started in 2010, so the estimated coefficients of the baseline model collectively
capture about seven years of average treatment effects. In addition, for the municipalities
(Beijing, Shanghai, Tianjin, Chongqing), the LCCP policy had a more significant impact
on carbon emissions’ reduction (Coef. = −0.1061, p = 0.007). This is consistent with the
research in [10,30] that shows the significant effects of LCCP policy on carbon emissions’
reduction in economically developed regions.

Table 4. Benchmark regression results of the impact of LCCP policy on carbon emissions.

Variable lnCO2 lnCO2p

(1) (2) (3) (4) (5) (6)
All Municipality Non-Municipality All Municipality Non-Municipality

Lcarbon_Prov −0.0163 *** −0.1061 *** −0.0142 ** −0.0374 *** −0.2442 *** −0.0327 **
(0.0061) (0.0386) (0.0060) (0.0141) (0.0889) (0.0139)

_cons 1.4159 ** 4.1303 1.4852 *** 17.0757 *** 23.3258 17.2353 ***
(0.5776) (15.6072) (0.5690) (1.3301) (35.9370) (1.3101)

Control YES YES YES YES YES YES
City FE YES YES YES YES YES YES
Year FE YES YES YES YES YES YES

Province FE YES YES YES YES YES YES
N 3465 2231 3413 3465 2231 3413

R square 0.93 0.929 0.93 0.93 0.928 0.93

Notes: This table reports the estimated coefficients and cluster-robust standard errors (in parentheses). The
standard errors are clustered at the city level. Significance is at *** p < 0.01, ** p < 0.05.

3.2. Heterogeneity Analysis

Cities have large differences in their geographic environments, economic scale, and
future strategies, which may lead to different responses to the LCCP policy in different
cities. Therefore, this study further estimates the heterogeneity differences in the effect
of the LCCP policy on carbon emissions. First, the sample cities were divided into four
sub-samples, northeast, east, central, and west according to their geographic locations.
Second, according to their per capita GDP, the bottom one-third cities were categorized
as low economic development (LED), the next one-third were categorized as middle
economic development (MED), and the top one-third were categorized as high economic
development (HED).

Table 5 shows that the carbon emission reduction effect of the LCCP is more significant
for cities in the eastern region (Coef. = −0.0175, p = 0.011) and cities with high economic
development levels (Coef. = −0.0240, p = 0.008). The possible reasons may be related
to China’s “West–East Power Transmission” policy; that is, the energy in the western
region rich in coal and hydropower resources is converted into electricity resources and
transmitted to the eastern region where electricity is scarce. This also makes western
cities have a strong carbon emission dependence and carbon lock-in effect. In terms of
economic development level, because of the high population density and rapid economic
development in eastern cities, the energy consumption is also larger, and they have higher
carbon emission levels. The rapid development and application of low-carbon technologies
under the impetus of the carbon pilot policy has effectively reduced carbon emissions.
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Table 5. Heterogeneous regression results of the effect of LCCP policy on carbon emissions.

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

Panel data A (lnCO2)
Northeast East Central West LED MED HED

Lcarbon_Prov −0.0187 * −0.0175 ** −0.0236 0.0191 −0.0134 −0.0083 −0.0240 ***
(0.0083) (0.0066) (0.0143) (0.0145) (0.0116) (0.0091) (0.0088)

_cons 0.4896 −7.9801 33.2906* −3.1767 −0.1638 10.5544 *** −1.0972
(1.3821) (17.6507) (18.2052) (2.3854) (0.9461) (0.8568) (19.6899)

Control YES YES YES YES YES YES YES
City FE YES YES YES YES YES YES YES
Year FE YES YES YES YES YES YES YES

Province FE YES YES YES YES YES YES YES
N 884 823 951 1049 1208 1169 1088

R square 0.93 0.94 0.97 0.94 0.93 0.95 0.93
Panel data B (lnCO2p)

Lcarbon_Prov −0.0432 * −0.0403 ** −0.0543 0.0439 −0.0307 −0.0190 −0.0552 ***
(0.0192) (0.0153) (0.0329) (0.0334) (0.0267) (0.0209) (0.0202)

_cons 14.9429 *** −4.5592 90.4700 ** 6.5009 13.4385 *** 38.1179 *** 11.2893
(3.1824) (40.6416) (41.9186) (5.4925) (2.1785) (1.9729) (45.3371)

Control YES YES YES YES YES YES YES
City FE YES YES YES YES YES YES YES
Year FE YES YES YES YES YES YES YES

Province FE YES YES YES YES YES YES YES
N 884 823 951 1049 1208 1169 1088

R square 0.93 0.96 0.96 0.93 0.92 0.95 0.93

Notes: This table reports the estimated coefficients and cluster-robust standard errors (in parentheses). The
standard errors are clustered at the city level. Significance is at *** p < 0.01, ** p < 0.05, * p < 0.1.

3.3. Regression Based on PSM-DID

Due to the heterogeneity among pilot cities, it is difficult to have a completely con-
sistent time effect, so we need to select non-pilot cities with similar eigenvalues to the
treatment group as the control group to eliminate sample selection bias. Propensity score
matching (PSM) is a suitable method, but cannot avoid endogeneity problems due to
omitted variables. The DID method can solve the endogeneity problem well by double
differencing to identify the impact of policy shocks, but it cannot avoid the self-selection
bias challenge caused by non-randomized experiments, such as the LCCP policy. Therefore,
we used the PSM-DID approach for estimation to further improve the persuasiveness of the
core conclusions. We used five matching methods, including nearest neighbor “one-to-one”
matching (N-1), nearest neighbor “one-to-five” matching (N-5), caliper matching (Caliper),
nearest neighbor “one-to-five” matching within calipers (Caliper N-5), and kernel function
matching (Kernel). Figure 2 shows the kernel density distribution of the propensity score
values of the pilot group and the non-pilot group before and after the nearest neighbor “one-
to-five” matching. The result shows that the kernel density distribution of the propensity
scores of the two groups after matching is closer to that before matching, which indicates
that the characteristics of the samples are more similar. The results of standardized devia-
tion (Figure 3a) show that the standardization gap of each variable is no more than 10%,
and the common support domain of the pilot group and the non-pilot group is basically
the same (Figure 3b), indicating that the model has a better matching effect.

The average treatment effect of the LCCP on carbon emissions was calculated accord-
ing to the matched samples of the pilot group and the non-pilot group. We report the
results in Table 6, and found that the estimated coefficient after propensity score matching is
between −0.0277 and −0.0613, and that on per capita carbon emissions is between −0.1106
and −0.1812. Most of the estimated results pass at least the 10% significance level test,
which proves that the LCCP policy has had a significant effect on carbon emission reduction.
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Table 6. PSM-DID regression results of the effect of LCCP policy on carbon emissions.

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

Panel data A (lnCO2)
Unmatched N-1 N-5 Caliper Caliper N-5 Kernel

ATT −0.0613 −0.0472 −0.0277 −0.0439 −0.0288
Treated 1.3643 1.36 1.36 1.36 1.36 1.3620

Controls 1.2054 1.42 1.41 1.39 1.41 1.3908
S.E. 0.0168 0.02 0.02 0.02 0.02 0.0183

T-stat 9.48 −2.48 −2.39 −1.52 −2.21 −1.58
Panel data B (lnCO2p)

ATT −0.1812 −0.1477 −0.1106 −0.1463 −0.1118
Treated 1.83 1.83 1.83 1.83 1.83 1.83

Controls 1.55 2.01 1.97 1.94 1.97 1.94
S.E. 0.03 0.05 0.04 0.04 0.04 0.04

T-stat 8.17 −3.71 −3.82 −3.10 −3.75 −3.12

3.4. Lagging Effects of the LCCP Policy

Considering that the impact of the LCCP policy may have a lag effect, we report the
regression results of the explanatory variables with one lag period (L.LcarbonProv) and
two lag periods (L2.LcarbonProv) in Table 7. The results show that the effect of the LCCP
policy on carbon emissions’ reduction is still significant. Compared with non-pilot areas,
the carbon emissions of low-carbon pilot areas with one lag period and two lag periods
were reduced by 1.76% and 1.90%, respectively. LCCP policies had a greater impact on per
capita carbon emissions. Compared with non-pilot areas, the per capita carbon emissions
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of low-carbon pilot areas with one lag period and two lag periods decreased by 4.05% and
4.37%, respectively, which is consistent with the conclusion of the benchmark regression.

Table 7. The lagged effects of LCCP policy.

Variable lnCO2 lnCO2p

(1) (2) (3) (4)
L.LcarbonProv −0.0176 *** −0.0405 ***

(0.0059) (0.0135)
L2.LcarbonProv −0.0190 *** −0.0437 ***

(0.0055) (0.0127)
_cons 2.0478 *** 2.0478 *** 2.0478 *** 2.0478 ***

(0.4547) (0.4547) (0.4547) (0.4547)
Control YES YES YES YES
City FE YES YES YES YES
Year FE YES YES YES YES

Province FE YES YES YES YES
N 3459 3453 3459 3453

R square 0.93 0.93 0.93 0.93
Notes: This table reports the estimated coefficients and cluster-robust standard errors (in parentheses). The
standard errors are clustered at the city level. Significance is at *** p < 0.01.

4. Mechanism Analysis
4.1. Decoupling Model of Carbon Emissions in Low-Carbon Cities

The Environmental Kuznets Curve (EKC) is often used to analyze the inverted U-
shaped relationship between economic growth and environmental quality, and the decou-
pling index is used to measure this changing relationship [40,41]. The decoupling elasticity
coefficient constructed by Tapio is widely applied in the correlation analysis of carbon
emissions in China [42], and can describe the relationship between the environment and
economic growth in detail [43,44]. This study used the Tapio model to classify low-carbon
pilot cities based on the definition of the decoupling elasticity coefficient and the character-
istics of China’s urban carbon emissions. The equation for the elastic coefficient value of
the Tapio model is as follows

e =
∆CO2/CO2

∆GDP/GDP
(2)

where e is the decoupling elasticity coefficient, and ∆CO2 and ∆GDP represent the changes
in carbon emissions and GDP from the base period to the end of the period, respectively.

We used the Tapio decoupling model to study the decoupling relationships of 56 low-carbon
pilot cities (only prefecture-level cities excluding provincial pilots). Due to the limitation of
data, we selected the base period and the final period for the calculation of the elasticity
coefficient according to the year when the LCCP policy promulgated. Specifically, the
time ranges for the first round of pilot areas were 2000–2010 and 2010–2014, respectively,
and the time ranges for the second round of pilot areas were 2002–2012 and 2012–2016,
respectively, and the time ranges for the third round of pilot areas were 2000–2016 and
2016–2017, respectively (Table 8).

Table 8. Selection of the base and final period of the low-carbon pilot cities of the Tapio
decoupling model.

The First Batch The Second Batch The Third Batch

Before After Before After Before After
Base period 2000 2010 2000 2012 2000 2016
Final period 2010 2016 2012 2016 2016 2017
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We calculated the decoupling elasticity coefficients of the 56 pilot cities according to
the Tapio model (Figure 4). We found that the carbon emissions and economic growth of
cities were in a state of negative decoupling enhancement before the policy announcement,
except for Wuzhong. After the policy was announced, 16 cities were in a decoupling-
enhanced state (change rate of carbon dioxide <0, change rate of GDP >0), accounting for
about 28.6%, indicating that the number of cities with economic growth but negative carbon
emission growth increased significantly. There were 11 cities in the state of weakening
negative decoupling, accounting for about 19.6%. In addition, the number of cities in a state
of weakening decoupling was 13, accounting for 23.2%. Figure 4 shows that the carbon
emissions of most cities (N = 28) changed from positive growth to negative growth, which
was further upgraded to the decoupling-enhanced type. The gap between economic growth
and carbon emission growth in other cities also gradually narrowed, transforming into a
weakened negative decoupling type. These situations show that the carbon emissions of
pilot cities were effectively controlled with the economic growth.
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4.2. Analysis of the Mechanism of Electricity Consumption

Carbon emissions from urban activities mainly come from electricity production and
energy consumption. In order to test the existence of the mechanism of the LCCP policy
changing carbon emissions by affecting electricity consumption, this study established the
following mediation effect model

Yit = β0 + cLCarbonit + ξXit + λi + νt + δProvincept + εit (3)

MEit = β0 + aLCarbonit + ξXit + λi + νt + δProvincept + εit (4)

Yit = β0 + c′LCarbonit + bMEit + ξXit + λi + νt + δProvincept + εit (5)

Among them, MEit represents the annual electricity consumption. We tested the effect
of per capita electricity consumption (lnT_elec_per) and industrial electricity consumption
(lnT_i_elec) as mediating variables in the model, and the rest of the variables are the same
as the settings of the benchmark model.

The premise is that the mediating variable (electricity consumption in this study) is
on the causal chain of independent and dependent variables. We first use model (3) to
verify the total effect of the independent variable on the outcome variable, and then we use
the mediator variable as the dependent variable to explore the effect of the independent
variable LCCP policy on the mediator variable (model (4)). Finally, the independent and
mediating variables are used as explanatory variables to explore their influence on the
outcome variables (model (5)). In this study, if both parameters a and b are significant, it
means that electricity consumption is a mediating variable for the LCCP policy to affect
carbon emission reduction. On this basis, if c′ is not significant, it means that electricity
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consumption is the unique mediating variable. Otherwise, there are other unobserved
mediating variables or other paths of influence.

If coefficient a is not significant, then the mediating variable has no significant effect, so
the analysis is terminated. Otherwise, the variable is considered in model (5). If coefficient
b is not significant, then the corresponding variable does not have a mediating effect.
Otherwise, there is a mediating effect. After the introduction of the mediation variable, if c′

is not significant in model (5), it means that the mediation variable is the only confirmed
mediation variable. In other words, the impact path of the LCCP policy on carbon emissions
is unique and determined. Otherwise, there are other mediation variables or other paths
of influence.

We report the regression results in Table 9. Columns (1)–(4) test the mediating effect
of electricity consumption on carbon emissions and per capita carbon emissions, respec-
tively. We found that low-carbon pilot cities can positively promote the carbon emissions’
reduction by reducing electricity consumption, and passed the 1% significance level test.
The results of the Sobel test also proved the existence of the mediating effect of electricity
consumption. The LCCP policy reduced carbon emissions by 3.72% (p < 0.000) and per
capita carbon emissions by 2.84% (p < 0.000) by affecting per capita electricity consumption.

Table 9. The mediating effect of electricity consumption on LCCP promoting carbon
emission reduction.

Variable lnCO2 lnCO2p

(1) (2) (3) (4)
lnT_elec_per lnT_i_elec lnT_elec_per lnT_i_elec

c −0.0200 *** −0.0598 *** −0.1600 *** −0.1377 ***
(0.0134) (0.0098) (0.0235) (0.0225)

a −0.0495 *** −0.0313 *** −0.0495 *** −0.0312 ***
(0.0123) (0.0070) (0.0123) (0.0070)

b −0.7509 *** 0.0855 *** 0.5735 *** 0.1969 ***
(0.0135) (0.0238) (0.0311) (0.0548)

c′ −0.0571 *** −0.0571 *** −0.1316 *** −0.1316 ***
(0.0098) (0.0098) (0.0225) (0.0225)

a ∗ b (Sobel test) −0.0372 *** −0.0027 *** −0.0284 *** −0.0062 ***
(0.0093) (0.0010) (0.0072) (0.0022)

N 3465 3465 3465 3465
Notes: This table reports the estimated coefficients and cluster-robust standard errors (in parentheses). Significance
is at *** p < 0.01.

5. Robustness Check
5.1. Parallel Trend Test

Before using the DID method properly, we need to check whether the pilot and non-
pilot cities met the common development trends before the policy [45,46]. This study
constructs the following econometric model

Yit = α +
N

∑
τ=−M

βτ LCarboni,t−τ + γXit + λi + νt + δProvincep,t−τ + εit (6)

Among them, LCarboni,t−τ is a dummy variable. If city i is on the pilot list in year
t− τ, the value is 1, and 0 for others (M indicates the number of periods before the policy
and N indicates the number of periods after the policy). For example, when τ = 2, the
variable LCarboni,t−2 indicates that city i entered the pilot list in year t− 2, which measures
the effect in the second year after the policy. Therefore, β0 measures the policy effect of the
current LCCP policy. β−M to β−1 measures the policy effects of the 1−M year before the
policy. β1 to βN measures the policy effects of the 1− N year after the policy. If β−M to β−1
are significantly 0, it represents that there is no significant difference between the pilot and
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non-pilot group in the 1−M year before the policy; that is, the parallel trend assumption
is satisfied.

Figure 5 shows the estimated values of the parameter βτ for carbon emissions and
per capita carbon emissions and 95% confidence intervals. The horizontal axis represents
the period of the current year minus the policy implementation year, and the vertical axis
represents the difference in changes in dependent variable indicators. It can be seen from
Figure 5 that there is no significant difference in carbon emission indicators between the
pilot and non-pilot areas before the LCCP, which provides evidence that the DID method
in our study meets the parallel trend assumption. In addition, we also found that the LCCP
policy had a persistent impact on the reduction in carbon emissions, and the effect gradually
increased. The effect began to decline slightly after the fifth year of implementation.
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5.2. Placebo Test

We have used the DID method to identify the effect of the LCCP policy on reducing
carbon emissions; however, there is a potential threat to the existing conclusion. Cities
that implement policies have strong incentives to reduce carbon emissions. For example,
they are subject to international public opinion and restrictions on export tariffs on green
and low-carbon products in foreign trade. We randomly generated the timing of policy
implementation to use a placebo test. We used two randomization schemes [30,47], the
first was to randomly select the year as the time when the city implements the policy. The
second was first to group by city, and then randomly select a year in each city group as the
policy implementation time. Based on the settings of the benchmark model, we repeated
1000 times regressions according to these two schemes, respectively. Figure 6 plots the dis-
tribution of regression coefficients and p-values for the dummy policy treatment variables
across four simulations. Results show that the randomly assigned estimated values are
concentrated around the zero value, which means that the carbon emission reduction effect
of the LCCP policy is not disturbed by omitted variables with a high probability.

In addition, considering whether the effect of the LCCP policy is caused by unobserved
or random factors, we randomly selected the same number of cities as a virtual treatment
group using the timing of real policy implementation, and the results are shown in Table 10
by re-running the benchmark model. We found that the LCCP had no significant promoting
effect on randomly generated treatment groups, which supported the consistency of the
conclusions to a certain extent.
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 All Municipality Non-municipality All Municipality Non-municipality 

LcarbonProv 0.0002 0.0039 0.0025 0.0004 0.0091 0.0057 
 (0.0067) (0.0081) (0.0065) (0.0154) (0.0187) (0.0150) 

_cons 1.4509 ** 7.3963 1.5073 *** 17.1564 *** 30.8460 17.2863 *** 
 (0.5665) (15.6460) (0.5606) (1.3043) (36.0264) (1.2907) 

Figure 6. Simulation results of random allocation of low-carbon city pilots. (a) Coefficient for lnCO2
by randomly select the year as the treatment time; (b) coefficient for lnCO2 by randomly select a year
in each city group as the treatment time; (c) coefficient for lnCO2p by randomly select the year as
the treatment time; (d) coefficient for lnCO2p by randomly select a year in each city group as the
treatment time.

Table 10. Benchmark regression results of the effect of virtual LCCP policy on carbon emissions.

Variable lnCO2 lnCO2p

(1) (2) (3) (4) (5) (6)
All Municipality Non-municipality All Municipality Non-municipality

LcarbonProv 0.0002 0.0039 0.0025 0.0004 0.0091 0.0057
(0.0067) (0.0081) (0.0065) (0.0154) (0.0187) (0.0150)

_cons 1.4509 ** 7.3963 1.5073 *** 17.1564 *** 30.8460 17.2863 ***
(0.5665) (15.6460) (0.5606) (1.3043) (36.0264) (1.2907)

Control YES YES YES YES YES YES
City FE YES YES YES YES YES YES
Year FE YES YES YES YES YES YES

Province FE YES YES YES YES YES YES
N 3825 2231 3773 3825 2231 3773

R square 0.93 0.93 0.93 0.93 0.93 0.93

Notes: This table reports the estimated coefficients and cluster-robust standard errors (in parentheses). The
standard errors are clustered at the city level. Significance is at *** p < 0.01, ** p < 0.05.

6. Conclusions

The purpose of this study is to analyze the causal effect of the LCCP policy on carbon
emissions’ reduction. Overall, we used the time-varying DID method to provide quasi-
natural experimental evidence based on the panel data of 284 cities in China from 2000
to 2016. We robustly found that the carbon emissions of pilot areas are reduced by about
1.63 percentage points compared to non-pilot areas. The concern is that the LCCP policy
may further deepen the gap in carbon emission efficiency between municipalities, and
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eastern and western cities. Because of the limited financial resources and small policy
levers of western and central governments, there are relatively few policy tools, especially
incentive tools, to encourage the adjustment of industrial and energy structures, further
widening the geographic–urban divide across the country. From the perspective of the
economic development level, because of the higher economic production activities and
population density in eastern cities, the energy consumption is also larger, and they have
higher carbon emission levels. The LCCP policy has rapidly promoted the exploration and
application of low-carbon technologies, effectively reducing carbon emissions. Therefore,
more financial resources and policy discretion could be directed towards central and
western areas with low economic development.

In addition, we found that there was a lagged effect of the LCCP policy. That is, the
carbon emissions’ reduction did not reach the peak immediately when the LCCP policy
was announced. The carbon emissions’ reduction caused by the policy reached a peak
three years after the policy was announced, which is in line with the reality of the gradual
development of low-carbon technologies, and a package of low-carbon policies may take
several years to be effective. Therefore, the LCCP policy and other related policies should
be evaluated over the long-term.

Finally, the mechanism analysis shows that cities in a state of negative decoupling
between carbon emissions and economic growth are gradually transformed into a state of
enhanced decoupling, a state of weakened negative decoupling, and a state of weakened
decoupling, which shows that the carbon emissions of pilot areas are effectively controlled
with the economic growth. In addition, we proved the existence of the mediating effect
of electricity consumption. Low-carbon pilot cities could positively promote the carbon
emissions’ reduction by reducing electricity consumption. Although empirical data provide
this evidence, it does not mean that this is the only low-carbon development path. With the
improvement in the level of electrification in the future, such as the adoption of new energy
vehicles, the electricity consumption on the demand side will gradually increase. We should
pay more attention to cleaning the power generation side of energy and the popularization
of distributed power generation. For example, the development of low-carbon technologies
and the encouragement of low-carbon lifestyles. Overall, the LCCP reduces the harsh
effects of climate change and promotes benefits such as an improved environment, cleaner
air and a better quality of life. The successful implementation of the LCCP policy could
help to provide an empirical reference for further environmental policy formulation and to
form a more standardized environmental supervision mechanism.

This study still has some limitations to consider in the further research due to the
availability of data, such as the uncertainty of the global economic policy network not being
considered. In addition, since the government continues to promote the LCCP, as more
data become available, such policies could be analyzed and studied from multi-dimensions
in the future.
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