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Abstract  Improvements in energy efficiency will be 
instrumental in meeting China’s ambitious emission 
targets while providing adequate energy to support 
the country’s rising living standards. We investigate 
whether the low-carbon city pilot (LCCP) program 
has improved energy efficiency in participating cities. 
To this end, we analyze prefecture-level data in 249 
cities between 2004 and 2016 using the difference-
in-differences approach. The findings reveal that the 
program significantly improved the energy efficiency 
of pilot cities by promoting technological innova-
tion and restructuring the cities’ industry mix. The 
positive impacts of the LCCP program on energy 
efficiency were more pronounced in cities in China’s 
eastern region and areas lacking natural resources. 
Furthermore, the program was more effective in cities 
with high energy consumption and per capita income 

on the one hand and low foreign direct investment 
and sulfur dioxide emissions on the other.

Keywords  LCCP program · Environmental 
regulation · Energy efficiency · Super-SBM-
Malmquist-Luenberger index · DID
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Introduction

China’s energy use has risen steeply during the 
twenty-first century. It is now the world’s largest 
energy consumer in the world. The country accounted 
for almost all of the global electricity and heat sec-
tor emission increase between 2019 and 2021 (IEA, 
2022). There is a consensus that China’s climate 
policy is integral to achieving global carbon neutral-
ity in the fight against climate change—China has 
committed to reducing its environmental footprint. 
In the weeks leading up to the COP26 summit, China 
announced its goal of achieving carbon neutrality 
by 2060 (Zhou & Hu, 2021). Achieving this ambi-
tious goal will require replacing carbon-emitting fos-
sil fuels with clean energy sources; however, energy 
transitions are long and gradual (Smil, 2014, 2021). 
Moreover, with China’s energy demand expected to 
peak in 2035, there are still challenges for its cur-
rent energy mix to achieve carbon neutrality by 2060. 
Energy conservation and improvements in energy 
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efficiency will be instrumental in meeting emission 
targets on time while providing adequate energy to 
support the country’s rising living standards.

Chinese cities account for 85% of the country’s 
total direct carbon emissions (Shan et  al., 2019). To 
curb these emissions, the Chinese government has 
enacted a series of environmental protection policies 
(Qin et  al., 2021). China’s environmental regulatory 
policy tools have gradually shifted from relying exclu-
sively on administrative orders from the government 
to a three-dimensional integrated environmental regu-
latory framework consisting of command and control 
(CAC), market-based incentives (MBI), and public 
participation (PP) tools (Du et al., 2022). Despite con-
certed efforts to improve its energy efficiency, China 
lags behind the developed countries in this regard 
(International Energy Agency, 2021). To bring urban 
emissions under control, the National Development 
and Reform Commission (NDRC) of China, responsi-
ble for implementing the central government’s policies 
and decisions on development and reform, launched 
the low-carbon city pilot (LCCP) program in eight 
cities in 2010. Since then, 81 cities have participated 
in this project. As part of a comprehensive environ-
mental regulatory framework, low-carbon pilots are 
aimed at promoting low-carbon urban development 
by restructuring the industry, increasing renewable 
energy use, and improving energy efficiency.

However, whether and to what extent these pilots 
have improved the energy efficiency of participat-
ing cities remains an open question. This paper is 
devoted to answering it. We also analyzed the vari-
ability in the effects on the energy efficiency of the 
pilot across different cities. Treating the LCCP pro-
gram as a quasi-experiment, we use the difference-
in-differences model to study its impact on different 
prefectures in China.

The present study contributes to this literature by 
addressing four critical challenges inherent in impact 
analyses of policies and programs to promote energy 
efficiency: measuring energy consumption, identi-
fying causal effects, gathering data on small geo-
graphical units such as cities and prefectures, and 
understanding the channels through which the impact 
is mediated. Let us consider them in more detail. 
First, any measure of energy efficiency is predi-
cated on energy consumption. Thus, the precision 
of energy consumption data is crucial—we use the 
Defense Meteorological Satellite Program (DMSP) 

Operational Linescan System (OLS) nighttime light-
ing data to determine energy consumption. This is a 
marked improvement over previous studies relying on 
electricity consumption and total energy consumption 
(Jianhuan Huang et  al., 2018). Second, we use the 
DID model, which lends itself well to handling endo-
geneity and sample selection bias (Baker et al., 2022; 
Roth et al., 2022), thus identifying the causal relation-
ship between environmental regulations and energy 
efficiency. Third, we examine the impact of the LCCP 
program on the energy efficiency of prefectures, thus 
offering a more detailed perspective on the program’s 
efficacy. This differs from previous studies investigat-
ing the factors influencing the energy efficiency of 
countries, provinces, and industries (Sun et al., 2019). 
Last, we study the role of technological innovation 
and changes in the industrial structure in mediating 
the effects of the LCCP program on energy efficiency.

The remainder of the paper is structured as fol-
lows. The “Literature review” section reviews previ-
ous literature that evaluates the effects of environmen-
tal policy on energy efficiency. The “Methodology” 
section details the methodology. Data, variables, and 
descriptive statistics are presented in the “Data, vari-
ables, and descriptive statistics” section. The “Results 
and discussion” section discusses the empirical 
results, and the “Conclusions and policy implica-
tions” section concludes the paper and presents pol-
icy implications.

Literature review

China’s energy efficiency is low mainly due to its 
energy-intensive industries and production processes 
(Shixiang Li, 2008). The LCCP program can help 
redress this by encouraging innovation. Innovation 
entails risk. Thus, investors are often wary of funding 
it, leading to suboptimal investment in technological 
innovation (Jaffe et  al., 2005). The LCCP program 
can help overcome this hurdle in two ways. First, the 
LCCP sets strict emission targets that program partic-
ipants must meet, helping local governments persuade 
businesses to adopt new technologies and upgrade 
their infrastructure to lower their environmental foot-
print. Second, the LCCP also makes it easier for local 
governments to give businesses grants, subsidies, and 
low-interest loans to increase investment in research 
and development (R&D) initiatives.
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The program can also rebalance the weights of 
secondary and tertiary sectors in the overall econ-
omy such that the tertiary sectors predominate. It has 
helped cities’ transition from relying mainly on indus-
trial and manufacturing sectors to having sizeable ser-
vices sectors—the predominance of the service sector 
is also associated with low energy intensity (Mulder 
& de Groot, 2012; Xiong et  al., 2019; Xiong et  al., 
2019).

The LCCP program digressed from the top-down 
environmental management programs by adopting a 
bottom-up approach (Wang et al., 2015). Participating 
regions formulated their own plans conducive to tran-
sitioning to a low-carbon economy while fostering 
economic development. With considerable autonomy, 
regional actors calibrated the programs to meet local 
needs and challenges with only general guidance 
from the central government. The NDRC organized a 
series of meetings to evaluate the progress and perfor-
mance of participating cities, which helped regional 
program managers learn from the experience of oth-
ers. Sharing knowledge and information has helped 
entrench practices that have contributed to achieving 
the desired environmental outcomes. Nevertheless, 
the central government’s strong support for the LCCP 
program has been instrumental in its success. Con-
siderable resources have been allocated to developing 
low-carbon products, technologies, and industries that 
have enhanced the program’s effectiveness (Lee et al., 
2022).

Internationally, in Japan and Germany, for 
instance, the governments mainly play a guiding role; 
like the government of China, they are not overly 
prescriptive in how the programs should be run. In 
Japan, for example, the central government sets regu-
lations, provides information, advice, and guidance, 
and uses market-based mechanisms to guide partner-
ships between government, universities, enterprises, 
and other parties to accelerate the development of 
low-carbon cities.

Some recent studies have examined the rela-
tionship between environmental policy and energy 
efficiency (Chen et  al., 2021; Huang et  al., 2021). 
Focusing on the effects of the emissions trading 
scheme (ETS) on energy efficiency in China, Chen 
et  al. (2021) found that ETS improved single-factor 
and total-factor energy efficiencies; technological 
advances underpinned the improvements. Huang et al. 
(2021) concluded that environmental regulations and 

government subsidies stimulated research and devel-
opment expenditures. Other researchers have pro-
vided suggestive evidence that the National Energy 
Efficiency Action Plan (NEEAP) implemented by the 
European Union played a positive role in improving 
energy efficiency (Economidou et al., 2022). Accord-
ing to Johansson et  al. (2022), the Swedish regional 
energy efficiency network program doubled energy 
efficiency in some cases.

Energy efficiency is often called the world’s first 
fuel. Improving it is the lowest-cost option avail-
able to reduce greenhouse gas emissions, energy 
demand, and the use of renewable energy sources 
while increasing output and providing a buffer against 
energy shocks (World Bank, 2017). Given the impor-
tance of improving energy efficiency, the paucity of 
studies examining the effects of the LCCP program 
on energy efficiency is somewhat surprising. Nev-
ertheless, the program has been examined in vari-
ous contexts (Cheng et  al., 2019; Feng et  al., 2021; 
Song et al., 2020). For example, Yu and Zhang (2021) 
showed that the LCCP program improved carbon 
emissions efficiency by 1.7%; to put this into perspec-
tive, a 1% improvement reduced carbon emissions by 
8.37 million tons, whereas a 2% improvement reduced 
them by 8.84 million tons. The LCCP program, noted 
Song et  al. (2020), significantly improved ecologi-
cal efficiency by spurring technological innovation. 
Cheng et al. (2019) reported similar findings—build-
ing low-carbon cities promoted technological pro-
gress, industrial restructuring, and green growth. The 
studies above have surely contributed to our under-
standing of how environmental policy affects energy 
efficiency. However, there are still gaps in the litera-
ture that warrant attention.

First, the majority of the previous studies have not 
adequately overcome the challenges of measuring the 
effectiveness of environmental policies—they suf-
fer from measurement bias. Several approaches have 
been used to address this issue. For example, Walter 
and Ugelow (1979) used qualitative indicators, rely-
ing mainly on expert or weighted ratings. The data 
collected in this manner is inherently prone to sub-
jectiveness and the respondents’ judgments and, thus, 
may lead to incorrect conclusions. Although quanti-
tative secondary data can help researchers obviate 
these concerns, these data can be hard to obtain, and 
researchers often have to rely on proxy variables to 
approximate the information that is actually needed 
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to address research problems. For example, Xing 
and Kolstad (2002) and Botta and Koźluk, (2014) 
used pollutant emissions data and Gollop and Rob-
erts (1983) analyzed data on the costs to treat pol-
lutants to examine the impacts of environmental 
policy. The primary concern with using proxy data 
may not accurately represent the data they have 
replaced. Of course, researchers can directly measure 
the effect of the environmental policy itself, which 
avoids measurement inaccuracies caused by proxy 
variables (Levinson, 1996; McConnell & Schwab, 
1990). And recent studies have tried to measure the 
effects of environmental policies in this fashion (Du 
et  al., 2022; Xu & Xu, 2022). However, they have 
not addressed the endogeneity and selection bias 
ingrained in environmental initiatives: the very choice 
of cities in which these initiatives are implemented 
may be based on how cities may respond to the initia-
tives and how polluted the cities are, to begin with.

Second, the impact of environmental regulation 
policies on energy efficiency has been widely dis-
cussed in several countries worldwide, including the 
EU (Economidou et  al., 2022; Román-Collado & 
Economidou, 2021), Sweden (Bertoldi & Mosconi, 
2020), and others. The LCCP program has also 
been studied, and its positive effects on the environ-
ment have been documented (Song et  al., 2020; Yu 
& Zhang, 2021). However, due to the lack of energy 
consumption data on prefectures and cities, previous 
studies investigating energy efficiency have relied on 
aggregated data on countries, provinces, or industries, 
lacking specificity and leading to aggregation bias 
(Sun et al., 2019).

Methodology

Malmquist‑Luenberger index for measuring the total 
energy efficiency

Data envelopment analysis (DEA) has been applied 
widely for measuring the total factor efficiency in 
input–output analyses. However, DEA ignores ran-
dom errors and does not distinguish statistical noise 
from inefficiency, leading to inaccurate measure-
ments (Wang & Wang, 2020). Furthermore, it fails 
to account for pollutants such as wastewater, solid 
wastes, and carbon emissions that accompany pro-
duction processes. Ignoring this so-called undesirable 

output neither captures the energy efficiency of pro-
duction activities nor their impact on the environment 
(Seiford and Zhu, 2002).

The cost of pollution should be deducted from the 
output to reflect the actual GDP. Traditional income 
accounting methods do not effectively address this 
issue. DEA, which can account for the undesirable out-
put and input factors, lends itself well to this task (P. 
Zhou et  al., 2008). We have used DEA for two main 
reasons: first, it allows for the inclusion of undesirable 
outputs; second, it enables the measurement of dynamic 
energy efficiency that can be compared across different 
periods, making it apt for addressing the issue at hand. 
While other models like the Enhanced Russell-based 
Directional Distance Measure (ERBDDM) model 
employed by P. C. Chen et al. (2015) may be more suit-
able for specific research scenarios, both models can 
consider undesirable outputs. The key distinction lies in 
the ERBDDM model’s ability to handle zero inputs and 
outputs, a condition that does not exist in our dataset. 
As for handling undesirable outputs within the DEA 
framework, our approach incorporates them into the 
production function as additional outputs in a nonlinear 
model; this aligns with Halkos and Petrou (2019). The 
Super Slacks-Based Malmquist-Luenberger index, an 
extension of Tone’s (2001) original Super Slacks-Based 
model, employs a ratio approach to balance the reduc-
tion of undesirable outputs with the increase in desir-
able outputs. Chung et al. (1997) incorporated undesir-
able outputs into the DEA model and constructed the 
Malmquist-Luenberger productivity index. They used 
the Malmquist-Luenberger index, accounting for both 
economic output and environmental degradation. This 
approach lends itself well to our study. Thus, we used 
the Malmquist-Luenberger index to express undesirable 
output in terms of industrial sulfur dioxide emissions, 
industrial fumes emissions, and industrial discharge 
emissions. The DEA model requires the inputs and out-
puts to vary in the same proportion, and the choice of 
the width of the window is mostly based on empirical 
selection, which is somewhat arbitrary, leading to inac-
curate evaluations (Wang & Wang, 2020). Compared 
with the traditional static DEA method, the super SBM-
Malmquist-Luenberger index used in this paper has the 
following improvements: (1) the measured energy effi-
ciency is a dynamic indicator and comparable across 
periods; (2) the method not only takes into account the 
influence of input and output slack on energy efficiency 
but also eliminates the need to choose the measurement 
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angle. The reasons why we did not adopt the SFA 
model are listed in Appendix 2.

Suppose there are n DMUs, and each DMU con-
tains m inputs; then s1 and s2 are the desirable and 
undesirable outputs, respectively. The input–output 
matrix contains X =

[
x1,⋯,xn

]
∈ Rm×n, Yd =

[
yd
1
⋯ , yd

n

]
∈ Rs1×n , and 

Yu =
[
yu
1
⋯ , yu

n

]
∈ Rs2×n . The Super Slacks-Based model (super 

SBM) with undesirable outputs is expressed in Eq. (1):

where �∗ is the optimal solution of the model and, 
when �∗ ≥ 1 , the DMU is effective; 

−
x, yd and yu are 

the slack variables of input, desirable output, and 
undesirable output, respectively; and �j is the weight 
vector. The Malmquist-Luenberger index from period 
t to period t + 1 is calculated as follows:

where ML is the calculated Malmquist-Luenberger 
index, representing the level of total energy effi-
ciency, where x , y , and b represent input, desir-
able output, and undesirable output, respectively; 
����⃗Dt

0
(xt, yt, bt;yt,−bt) and  �������⃗Dt+1

0

(
xt, yt, bt;yt,−bt+1

)
 are 

the distance functions of period t and t + 1 , respectively; 
����⃗Dt

0

(
xt+1, yt+1, bt+1;yt,−bt+1

)
 is the distance function of 

t + 1 period under the technical condition of period t ; 
and �������⃗Dt+1

0
(xt, yt, bt;yt,−bt) is the distance function of t 

period under the technical condition of t + 1 period.

Difference‑in‑differences model

We employed the difference-in-differences (DID) 
method to estimate whether and to what extent the 

(1)�∗ =

1

m

∑m

i=1

�
x

xik

�

1

(s1+s2)

�∑s1

r=1

yd

yd
rk

+
∑s2

t=1

yu

yu
rk

�

s.t.

⎧
⎪⎪⎪⎨⎪⎪⎪⎩

x ≥
∑n

j=1,≠k
xij�j;i = 1, 2,⋯ ,m

yd ≤
∑n

j=1,≠k
yd
rj
�j;r = 1,⋯ , s1

yu ≥
∑n

j=1,≠k
yu
tj
�j;t = 1,⋯ , s2

�j ≥ 0, j = 1, 2,⋯ , n, j ≠ 0

x ≥ xik;y
d ≤ yd

rk
;yu ≥ yu

tk

(2)
ML = EE =

√√√√√√
[
1 + ����⃗Dt

0
(xt, yt, bt;yt,−bt)

]
[
1 + ����⃗Dt

0

(
xt+1, yt+1, bt+1;yt,−bt+1

)] ×

[
1 + �������⃗Dt+1

0
(xt, yt, bt;yt,−bt)

]
[
1 + �������⃗Dt+1

0

(
xt+1, yt+1, bt+1;yt+1,−bt+1

)]

LCCP program increases energy efficiency. Since 
the model is well-known (Zhou et al., 2022), we only 
provided a brief summary in the interest of brevity. 
The DID model first identifies the pilot cities and 
clubs them into the treatment group. The non-pilot 
cities constitute the control group. Then, differences 
in energy efficiency between the treatment and con-
trol groups before and after the cities participate in 
the LCCP program are calculated. The DID approach 
is expressed in Eq. (3):

where EEit represents the total factor energy effi-
ciency by city i in year t; lccpprogramit is a dummy 
variable, which equals 1 if a city participates in the 
LCCP program, and 0 otherwise; controlit denotes a 
vector of variables affecting energy efficiency; Ai is 
a vector of city dummies, capturing the city-fixed 
effects and acknowledging all characteristics in cities 
that are time-invariant; Tt is a vector of year dummies, 
capturing the time-fixed effects; and �it is the stochas-
tic distribution term.

The DID framework calls for testing two important 
criteria. First, the treatment and control groups should 
conform to the parallel trend hypothesis. That is to 
say that without the LCCP program, the difference in 

(3)
EEit=�0 + �1lccpprogramit + �2controlit + Ai + Tt + �it

the energy efficiency of the pilot cities and the non-
pilot cities would remain unchanged: the trends will 
be approximately parallel. This paper used the event 
analysis method to test the parallel trend assumption. 
The model is specified as follows:

where EEit, lccpprogramit , controlit , Ai , and Tt are 
defined previously; �0 is a constant; �k and �2 are 
parameters to be estimated; and k represents the k-th 
year after the implementation of the LCCP program. 
The coefficient of �k denotes the difference in energy 
efficiency between pilot cities and non-pilot cities in 

(4)

EEit = �0 +

k=6∑
k=−6

�klccpprogramit+�2controlit + Ai + Tt + �it
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the k-th year that is the beginning if the LCCP pro-
gram. If the trend of �k is relatively flat during the 
period of k < 0 , it conforms to the parallel trend 
hypothesis. Conversely, if the trend of �k is signifi-
cantly increased or decreased during the period of 
k < 0 , it shows that the treatment and control groups 
are different before the start of the LCCP program, 
which is not in line with the parallel trend hypothesis.

Second, to confirm that changes in energy effi-
ciency are due to the LCCP program rather than other 
unknown factors, we assigned pilot cities randomly to 
conduct a placebo test (Li et al., 2016). This allows us 
to examine how the unobserved and omitted factors 
influence the baseline regression results. The esti-
mated coefficient of the placebo test can be expressed 
as follows:

where �̂1 represents the coefficient of lccpprogramit ; 
when � equals 0, we can obtain an unbiased esti-
mate of �̂1 , that is, the regression coefficients are not 
affected by omitted and unobserved variables. How-
ever, whether the coefficient is zero cannot be directly 
verified. Therefore, we adopted an indirect placebo 
test, which finds a variable to replace  lccpprogramit 
that, in theory, does not affect energy efficiency. Spe-
cifically, this paper randomly generates a list of the 
LCCP program cities, resulting in an incorrect esti-
mate: �̂randomselection

1
 , and repeats this process 1,000 

times to generate 1,000 �̂randomselection
1

 accordingly. 
Such randomization ensures that the implementation 
of the LCCP program does not affect the correspond-
ing energy efficiency, that is, �1 = 0 ; �̂1 = 0 would 
imply that � = 0 . If this erroneously estimated vari-
able affects the estimation result, that is. �̂1 ≠ 0 , then 
the estimating equation in this paper is deemed incor-
rect, indicating that other characteristic factors affect 
the estimates.

PSM‑DID approach

Social and economic policies lend themselves poorly 
to randomized controlled experiments. Thus, quasi-
experimental techniques are often applied to study 
the efficacy of policies and programs. Matching 
techniques are one example that allows researchers 
to construct control groups against which they can 

(5)�̂1 = �1 + �
Cov

(
lccpprogramit,�it|x

)

Var
(
lccpprogramit|x

)

measure the outcomes for the treatment groups. PSM 
has been extensively applied in the field of policy 
analysis (Ferris et al., 2014; Nie et al., 2022). Hence, 
to further confirm the results from our DID analy-
sis, we employ propensity score matching (PSM) 
before using the DID method to control for poten-
tial selectivity bias.1 In particular, we treated control 
variables as covariates and use one-to-one neighbor 
matching. Specifically, the outcome variable is the 
energy efficiency of all cities, the treatment variable 
is the dummy variable of the LCCP program, and the 
covariate variable includes all the control variables in 
the DID estimation. Using PSM, we first derived the 
probability of a city being chosen as a pilot city:

where Probabilityi refers to the probability that a city 
is being treated, that is, within the LCCP program, 
and Controlit refers to a vector of variables that influ-
ence the probability of a city being selected in the 
treatment group. This study uses the Logit model to 
estimate Probabilityi , and nearest-neighbor match-
ing is conducted for PSM.2 The results of PSM help 
us identify the cities in the control group with simi-
lar probabilities to those in the treatment group to 
be chosen to participate in the LCCP program. After 
excluding cities without corresponding matches, the 
differences between pilot and non-pilot cities across 
the matching variables are insignificant. Thus, PSM 
addresses the selection bias and ensures that partici-
pating cities are randomly selected, thereby improv-
ing the accuracy of the DID estimation.

Mediation analysis

We explored whether technological innovation and 
the rationalizing and upgrading the industry structure 
mediate the effects of the LCCP program on energy 
efficiency using the stepwise approach proposed 
by Baron and Kenny (1986). To be clear, industrial 

(6)Probabilityi = P
(
B = Treatment|Controlit

)

1  In our analysis below, we provide evidence supporting a 
parallel trend between the pilot and non-pilot cities, indicating 
that the DID approach is appropriate to estimate the impact of 
the LCCP program on energy efficiency. The reason for adopt-
ing the PSM-DID method is only to further validate the results 
of the DID model.
2  We performed robustness checks using alternative matching 
methods and found the main results unchanged.
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structure refers to the relative concentrations of the 
primary, secondary, and tertiary sectors. And upgrad-
ing the industrial structure involves moving the fac-
tors of production to the high-value-added, high-
efficiency, and low-consumption industries from 
the low-value-added, low-efficiency, and high-con-
sumption industries (Pipkin and Fuentes, 2017; Zhu 
et  al.,  2019). In the first step, urban technological 
innovation is regressed on the dummy variable rep-
resenting the LCCP participation status of cities and 
control variables. In the second step, urban energy 
efficiency is used as the dependent variable and tech-
nological innovation as the explanatory variable to 
test the impact of technological innovation on urban 
energy efficiency. The empirical specification is pre-
sented in Eqs. (7)–(9):

where innovationit represents the level of technologi-
cal innovation in city i in year t , which is captured 
by the number of innovation patent applications in the 
cities. The data are collected from the website of the 
State Intellectual Property Office (2004 to 2016).

We used the same method to examine the media-
tion effects of transforming the industrial structure 
through upgrading and rationalizing the indus-
trial structure (Zhang et  al., 2019). The Theil index 
(see Appendix 1 for details) represents the indus-
trial structure rationalization of industrial structure 
(Zheng et al., 2021); industrial structure upgrades are 
increases in the ratio of the value of the tertiary sector 
to the secondary sector.

Data, variables, and descriptive statistics

Data

The data used in this study were collected from the 
official statistical yearbook published by National Sta-
tistical Bureau. Specifically, we gathered data from 

(7)
innovationit = �0 + �1lccpprogramit

+ �2Controlit + Ai + Tt + �it

(8)
EEit = �0 + �1innovationit + �2Controlit + Ai + Tt + �it

(9)
EEit = �0 + �1lccpprogramit + �2innovationit

+ �3Controlit + Ai + Tt + �it

the China City Statistical Yearbook (2004–2016), 
the China Energy Statistical Yearbook (2004–2016), 
and the National Oceanic and Atmospheric Admin-
istration (NOAA) of the United States (2004–2016) 
(https://​www.​noaa.​gov/). To focus on the real effects 
of program participation, we deflated the nominal 
variables using 2004 prices. The data span 17 years, 
from 2004 to 2016, and include 249 cities.3 There 
were gaps in the data on 44 cities, including Sansha, 
Danzhou, Hong Kong, Macau, and all cities in Tibet 
and Taiwan. Therefore, these cities are excluded from 
the analysis.

Measurement of key variables

We employed Eqs.  (1) and (2) to calculate energy 
efficiency. The desirable output includes GDP, and 
the undesirable outputs include SO2 emissions (i.e., 
industrial sulfur dioxide (SO2) emissions), smoke 
emissions (i.e., industrial fumes emissions), and 
wastewater emissions (i.e., industrial wastewa-
ter discharge). We selected these variables draw-
ing upon the literature in this field (Bi et  al., 2014; 
Guo & Yuan, 2020). The city-level GDP is used as 
the desirable output variable. The undesirable out-
put comprises pollutants resulting from energy con-
sumption. We have three input variables for calcu-
lating energy efficiency: labor, capital stock, and 
energy consumption. Specifically, labor is defined 
as the number of people employed by the secondary 
and tertiary industries. The capital stock is measured 
based on total fixed-asset investment calculated using 
the perpetual inventory method, as detailed capital 
input data are unavailable. The variable representing 
energy consumption is estimated from the Defense 

3  The three batches of pilot cities are listed in Table  7 in the 
Appendix. We chose the first two batches of pilot cities for our 
research. There are two reasons for this: first, the data on indus-
trial waste gas, sulfur dioxide, and dust data for some variables 
are only available up to 2016; second, there are differences in the 
administrative levels included in the third batch of pilot cities; 
for example, Gongqingcheng, Yining, Sunk, and Qiongzhong 
belong to county-level administrative units, while the other cit-
ies belong to prefecture-level cities, and the two types of cities 
may have large differences in various characteristics, which are 
not suitable for comparison with other cities. Therefore, the third 
batch of pilots was not included in the scope of the study.
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Meteorological Satellite Program (DMSP)/Opera-
tional Linescan System (OLS) night-time lighting 
data.

Due to a lack of energy consumption statistics 
at the municipal level in China, we were unable 
to obtain the energy consumption of various cities 
directly. Power consumption is generally regarded as 
an alternative indicator of energy consumption; how-
ever, the data on this indicator is not accurate (Yang 
& Wei, 2019). Nighttime lights can approximate 
the energy and power consumption of an area. In 
fact, using nighttime data to study energy consump-
tion dates back to the 1980s (Foster, 1983; Welch, 
1980). Since then, advances have been made to use 
these data better. For example, Elvidge et  al. (1997) 
and Elvidge et  al. (2001) constructed logit models 
to examine correlations between regional light gray-
scale values and regional electric energy consumption 
using the DMSP/OLS nighttime light data. Letu et al. 
(2009) validated the feasibility of nighttime light data 
in estimating electricity consumption by analyzing 
the correlation between electricity consumption and 
nighttime light intensity in Asian countries. Since 
2010, Chinese scholars have focused on using time-
series nighttime lighting data to construct accurate 
inverse models of electricity consumption for spatial 
and temporal dynamics of energy consumption (He 
et al., 2014; Shi et al., 2018).

In this paper, we did not directly use nighttime 
lighting data to replace electricity or energy con-
sumption data for prefecture-level municipalities. 
Instead, we obtained total energy consumption data 
for each province from the statistical yearbooks. The 
details are presented in Eq. (12) in Appendix 1.

Following previous studies (Yang et al., 2016; Yu 
& Zhang, 2021), we chose six commonly used con-
trol variables in the DID model. They are as follows: 
(1) per capita GDP, measured as the natural loga-
rithm of per capita GDP, to represent the economic 
development of each prefecture-level city; (2) SO2 
emissions, measured as the natural logarithm of the 
industrial sulfur dioxide emissions, to represent vari-
ous sources of pollution in different cities; (3) energy 
consumption, measured using the Nighttime Light 
data; (4) population density, measured by the natural 
logarithm of average population per square kilometer 
of each city’s administrative area; (5) industrial struc-
ture, proxied by the proportion of the industrial value-
added to the GDP in each city; and (6) foreign direct 

investment (FDI), measured by the natural logarithm 
of the FDI denominated in RMB, using the relevant 
RMB-USD exchange rate.

Descriptive statistics

Table  1 presents the definitions and descriptive sta-
tistics of the variables. The average yearly energy 
efficiency per city over the sample period was 0.863, 
with a standard deviation of 0.127, a minimum of 
0.469, and a maximum of 1.243. This points to sig-
nificant differences in energy efficiency across cities, 
which provides a basis for examining the impact of 
the LCCP program on energy efficiency. We found 
that fewer than half of the cities are nearing the end of 
their participation in the LCCP program. Thus, there 
are opportunities to optimize the program and glean 
insights to inform future climate-friendly endeavors.

The average per capita GDP was 9.853, with a 
standard deviation of 0.705. We also found significant 
differences in FDI across cities. Specifically, on aver-
age, the FDI was 11.414; it ranged from a minimum 
of 6.3031 to a maximum of 15.321, indicating a con-
siderable range across the cities. The average popula-
tion density was also widely dispersed, ranging from 
3.616 to 7.213 (Tan et al., 2008). In addition, the bot-
tom panel of Table 1 reports the variables used in the 
heterogeneity and mediation analyses.

Results and discussions

Impacts of the LCCP program on energy efficiency

Table 2 presents the regression results for the impacts 
of the LCCP program on energy efficiency. Three dif-
ferent specifications were considered. In Model (1), 
we did not include the six control variables but con-
trolled for the year- and city-fixed effects. In Model 
(2), we included the control variables and year fixed 
effects but did not consider the city fixed effects. In 
Model (3), we included the control variables and 
controlled for both year-fixed effects and city-fixed 
effects. The Akaike Information Criterion (AIC) is 
used to identify the appropriate model: accordingly, 
Model (3) is chosen for the analysis—it is associated 
with the lowest AIC.

The results show that the coefficient of the LCCP 
program was positive and statistically significant, 
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suggesting that the LCCP program significantly 
improved energy efficiency. In other words, on aver-
age, the LCCP pilot cities use energy more efficiently 
than non-pilot cities. Two reasons can help explain the 
findings. First, comprising a comprehensive suite of 
environmental regulation policies at the city level, the 
LCCP program promoted the use of clean energy and 
materials, the adoption of advanced technology and 
equipment, and the optimization of production pro-
cesses. The government launched a series of environ-
mental regulation policies within the LCCP program 
to regulate the production behaviors of enterprises and 
increase the cost of polluting the environment. Higher 
costs and stringent regulatory requirements encour-
aged enterprises to adopt green technologies (Shao 
et al., 2020), such as updating equipment and adopting 
energy-saving technologies, thus improving energy 
efficiency. Second, enterprises generating consider-
able pollution due to high energy consumption seized 
to operate, as they could not conform to environmen-
tal protection regulations. This led to a reallocation of 
factors of production to enterprises that met environ-
mental standards. Access to more capital and labor 
spurred innovation within these enterprises, leading to 
improvement in energy efficiency.

The coefficients of control variables also show 
some interesting findings. For example, the coef-
ficient of per capita GDP is positive and statistically 
significant, suggesting that the higher the level of eco-
nomic development, the larger the effect of the LCCP 
program on energy efficiency. At the same time, the 
coefficient of SO2 emissions is negative and statisti-
cally significant at the 1% level. This indicates that the 
LCCP program was less effective in improving energy 
efficiency in cities with high levels of SO2 emissions. 
Wu and Lin (2022) have found similar results. The 
coefficient of energy consumption is significant and 
positive—the higher the energy consumption of an 
area, the more successful the LCCP program is in 
increasing its energy efficiency. That areas consuming 
more energy stand to benefit more from the program 
is a welcome sign and bodes well for the program 
as a whole, as such areas are also likely to generate 
more pollution. The program’s success in high energy-
consumption areas may be attributed to economies of 
scale in energy production: large energy infrastructure 
is more efficient than smaller ones. The coefficient of 
FDI is negative and statistically significant, suggesting 
that an increase in FDI is associated with lower energy N
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efficiency. This may reflect the transfer of foreign pol-
lution-intensive industries to China. This reasoning is 
consistent with the pollution haven hypothesis.

Diagnostic tests

Results of the parallel test

Figure  1 illustrates the results of the parallel trend 
test. It shows that before the implementation of the 
LCCP program (from d_6 to d_1 on the x-axis), the 
energy efficiency between the pilot cities and non-
pilot cities was not significantly different.4 Thus, the 
parallel trend condition is satisfied. Figure  1 also 
shows that in the first two years of the program (i.e., 

d1 and d2 along the x-axis), the pilot and non-pilot 
cities still had no significant difference in energy effi-
ciency. From the third year onwards (i.e., d3), energy 
efficiency is notably different across pilot and non-
pilot cities. Technological innovation, an important 
driver of energy efficiency, is complex and often 
gradual. Thus, the effects of innovation become do 
not become evident immediately. It can take some 
years before it bears fruit (Wang & Wang, 2020). 
Previous research has also shown that the implemen-
tation of the LCCP program had a significant impact 
on carbon emission efficiency and industrial super-
erogation after 2012 (Zheng et al., 2021). Our results 
are consistent with prior research on this subject.

Results of the placebo test

Figure  2 illustrates the results of the placebo test, 
showing the mean values of regression estimates after 
random assignment. It demonstrates that the average 
cost of all estimated coefficients of the LCCP pro-
gram was almost zero. The findings indicate that the 
LCCP program had no significant effect on energy 
efficiency from the perspective of random sampling 
experiments. Therefore, the regression results in this 
study are unlikely to be driven by unknown factors.

In general, our findings in Figs.  1 and 2 confirm 
that there was no significant difference between the 
treatment group (i.e., pilot cities) and the control 
group (i.e., non-pilot cities) before the implementation 
of the LCCP program. Therefore, the DID approach 
employed in the “Impacts of the LCCP program on 
energy efficiency” section is appropriate to estimate 
the impact of the program on energy efficiency.

Robustness checks

The baseline regression results suggest that the LCCP 
program improved the energy efficiency of the pilot cit-
ies. We confirmed this result using the parallel trend 
test and the placebo test. To be sure, the parallel trend 
test indicated that there was no significant difference 
between pilot cities and non-pilot cities before the 
implementation of the LCCP program. However, even 
if the parallel-trend condition is satisfied, it does not 
mean that the LCCP program improved energy effi-
ciency. The changes in energy efficiency may have been 
affected by other a multitude of factors: changes in the 
attitudes of people; policies implemented in some cities 

Table 2   Impacts of the LCCP program on energy efficiency: 
DID estimates

*, **, and *** indicate 10%, 5%, and 1% significance levels, 
respectively

Variable Energy efficiency

Model (1) Model (2) Model (3)

LCCP program 0.032*** 0.051*** 0.026***
(0.007) (0.005) (0.007)

Per capita GDP 0.029*** 0.013***
(0.005) (0.005)

SO2 emissions  − 0.009***  − 0.022***
(0.003) (0.007)

Energy consump-
tion

0.007** 0.044**
(0.003) (0.017)

Population density 0.004 0.095
(0.003) (0.059)

Industrial structure  − 0.001** 0.001
(0.0006) (0.0007)

FDI  − 0.009***  − 0.009***
(0.002) (0.003)

Year fixed effects Yes Yes Yes
City fixed effects Yes No Yes
AIC  − 5,384.456  − 5,199.641  − 5,416.925
Constant 0.728*** 0.612*** 0.234

(0.023) (0.039) (0.455)
Observations 3237 3186 3186
R-squared 0.410 0.288 0.431

4  The coefficient in Fig. 1 is not statistically significant when 
the confidence interval contains zero.
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and not in others; and a greater awareness of the envi-
ronmental problems arising from inefficient energy use. 
Therefore, we conducted a placebo test by randomly 
generating a treatment group to determine whether 
the improvements in energy efficiency ascribed to the 
LCCP program were, in fact, due to other factors.

Elimination of interference from other policies

Our focus is on examining the impact of the LCCP 
program on energy efficiency from 2004 to 2016. 
However, the LCCP was not the only program 
designed to address environmental quality in China 
implemented during this period. The possible effects 
of other environmental policies pursued during this 
time interval, particularly area-based environmen-
tal policies, are indeed relevant to our results. It 
bears emphasis that other policies and pilots, includ-
ing New Energy Vehicles Pilot (NEVP), Air Quality 
Monitoring Standards (AQMS), and Special Emission 
Limits for Air Pollutants (SELAP), were also imple-
mented during the same period.5 In 2011, various 

departments jointly issued a notice on pilot Sub-
sidies for Private Buyers of New Energy Vehicles. 
Pilots were proposed for 26 cities, a subset of which 
also participated in the LCCP program. In 2012, 
the Ministry of Environmental Protection issued the 
First-Stage Monitoring Implementation Plan for New 
Air Quality Standards, to increase compliance with 
measures designed to improve the air quality in the 
Beijing-Tianjin-Hebei region, the Yangtze River 
Delta, the pearl River Delta, and other key regions, 
as well as in municipalities directly under the Central 
Government and provincial capital cities. In 2013, 
the Ministry of Environmental Protection released 
the Notice on the Implementation of special Emission 
Limits of Air Pollutants, which stipulates the scope of 
key monitoring areas.

These policies may also have affected energy 
efficiency, and this possibility should be considered 
to study the effects of the LCCP program. Follow-
ing Zhang et al. (2022), to control for the effect of 
the NEVP, an interaction term NEVPi × Postt was 
included in the regression model (3), where NEVPi 
is a dummy variable equal to 1 for cities participat-
ing in the NEVP and 0 otherwise.  Postt is also a 
dummy variable capturing the year during which 
the NEVP was implemented; it is assigned a value 
of 1 for every year from 2012 onward. Similarly, we 
also included two interaction terms, AQMSi × Postt 

Fig. 1   Parallel trend 
analysis

5  The list of cities for the NEVP, AQMS, and SELAP were 
obtained from the Chinese government’s websites: http://​www.​
gov.​cn/​gzdt/​2010-​06/​04/​conte​nt_​16207​35.​htm; https://​www.​mee.​
gov.​cn/​gkml/​hbb/​bgt/​201205/​t2012​0524_​230080.​htm; and https://​
www.​mee.​gov.​cn/​gkml/​hbb/​bgg/​201303/​t2013​0305_​248787.​htm.
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and SELAPi × Postt , into the regression model 
Table 6.

Column 2 of Table 6 presents the empirical results. 
The results show that the coefficients of the three pol-
icy variables are statistically insignificant. Besides, 
the coefficient of the LCCP program is still signifi-
cant and positive at the 1% level after controlling for 
the potential effects on the energy efficiency of other 
policies (NEVP, AQMS, and SELAP). These findings 
confirm that specific regional policies do not engen-
der an upward bias in the impact of the LCCP pro-
gram on energy efficiency.

Results of the PSM‑DID model

The DID method requires that the pilot cities and 
non-pilot cities be selected randomly; otherwise, the 
method yields biased results. However, the practi-
cal realities do not lend themselves well to random 
selection. In fact, the LCCP pilot cities are selected 
for specific reasons: a city may have a strong repre-
sentation holding sway or high energy consumption 
(Fu et al., 2021). To address the potential selectivity 
bias, we employed the PSM-DID method to study the 
impact of the LCCP program on energy efficiency. 
The results, which are presented in the last column of 
Table  6 in Appendix 2, show that the coefficient of 

the LCCP program is positive and statistically signifi-
cant. This result confirms the positive effects of the 
LCCP program on energy efficiency.

Heterogeneous effects

Considering that different regional properties may 
affect our results, we also examine the impacts of 
the LCCP program on energy efficiency in different 
regions with different resource endowments. Col-
umns 2–4 of Table  3 show the effects of the LCCP 
program on energy efficiency regionally. The esti-
mates reveal that the LCCP program had a positive 
and significant impact on energy efficiency in the 
eastern parts of China. In comparison, the program’s 
impact on the energy efficiency of central and western 
parts of China was insignificant. These findings stand 
to reason. Eastern China is the most economically 
developed region in the country; it is technologically 
advanced and has the most educated people. Thus, 
the region is well-positioned to absorb new ideas and 
adapt to change, allowing government policies to gain 
traction relatively quickly. Furthermore, industrial 
agglomeration in eastern China is likely to have con-
tributed to energy efficiency in the region (Li et  al., 
2020; Liu et al., 2017). This accords with Q. Zheng 
and Lin (2018), who found that industrial agglomera-
tion positively affected industrial energy efficiency. 

Fig. 2   Distribution of 
estimates obtained from the 
randomization test
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Zhao and Lin (2019) found that promoting industrial 
agglomeration improved energy efficiency even when 
industrial agglomeration was low.

Our results are consistent with Lin et  al.(2021), 
who concluded that the high-tech industry in eastern 
China is significantly more energy efficient than the 
rest of the country. In contrast, traditional industries 
dominate in central and western China, while high-
tech industries occupy a higher proportion in eastern 
China. These factors could explain why the LCCP 
program was less effective in China’s central and 
western regions than in its eastern region in improv-
ing energy efficiency.

Cities in regions endowed with natural resources 
attract resource-intensive industries. Having down-
stream and administrative operations nearby upstream 
activities is advantageous on many accounts. Fur-
thermore, proximity to natural resources may also 
increase the dependence on resource-intensive indus-
tries, contributing to high energy consumption and 
low energy efficiency. Therefore, we investigate the 
heterogeneous effects of the LCCP program on the 
energy efficiency of cities based on their resource 
endowments. To this end, we classified our sample 
cities into resource-based and non-resource-based cit-
ies following the National Sustainable Development 
Plan for Resource-Based Cities (2013–2020) issued 
by the State Council of China in 2013.

The findings are reported in the last two columns 
of Table 3. The results show that the LCCP program 
had a positive and significant impact on the energy 
efficiency of non-resource-based cities but had no 
significant impact on resource-based cities. Previous 

studies have found that the majority of high-tech sec-
tors, such as communications equipment, computers, 
and other electronic devices, are not energy-intensive 
(Arslan et  al., 2022). The cities hosting these sec-
tors are well-positioned to improve energy efficiency. 
Some previous studies have argued that over-reliance 
on resource-based industries in the local economy 
have stifled economic growth and innovation (Zhang 
et al., 2009). Moreover, studies have confirmed these 
results for different regions in China (Cheng et  al., 
2020). This result chimes with the resource curse 
hypothesis—an abundance of resources may stifle 
growth and development, preventing resource-rich 

Table 3   Regional 
differences

*, **, and *** indicate 10%, 
5%, and 1% significance 
levels, respectively. The 
classification of resource-
based cities and non-
resource-based cities is 
based on the “National 
Sustainable Development 
Plan for Resource-based 
Cities (2013–2020)” issued 
by the State Council in 
2013

By geographical locations By resource endowment

Variable East Central West Resource-based cities Non-
resource-
based cities

LCPP program 0.062*** 0.004 0.009 0.001 0.063***
(0.013) (0.023) (0.011) (0.014) (0.014)

Control variables Yes Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes Yes
City fixed effects Yes Yes Yes Yes Yes
Constant 0.359*** 0.285 0.570*** 0.524*** 0.431***

(0.122) (0.209) (0.127) (0.130) (0.099)
R-squared 0.259 0.010 0.141 0.047 0.232
Observations 1572 960 654 1236 1950

Table 4   Mediation effects of technological innovation

*, **, and *** indicate 10%, 5%, and 1% significance levels, 
respectively

Energy effi-
ciency

Innovation Energy 
efficiency

Innovation 0.021** 0.018**
(0.009) (0.009)

LCCP program 0.242*** 0.027*
(0.031) (0.015)

Control vari-
ables

Yes Yes Yes

Year fixed 
effects

Yes Yes Yes

City fixed effects Yes Yes Yes
Constant  − 0.316 0.7.469***  − 0.235

(0.676) (1.391) (0.678)
Observations 3186 3186 3186
R-squared 0.130 0.284 0.131
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regions from reaching their full socio-economic 
potential. These cities usually lack the incentives to 
transition from resource-intensive industries. Such 
transitions are slow and expensive, making them all 
the more difficult. This is not conducive to improving 
energy efficiency. On the other hand, non-resource-
based cities are not tethered to the resource sector. 
Thus, they can adapt to programs and initiatives and 
assimilate technologies designed to improve energy 
efficiency. The results highlight the importance of 
considering how dependent cities are on natural 
resources when formulating low-carbon policies.

Mechanism analysis

Mediation effects of technological innovation

Table  4 presents the results capturing the mediation 
effects of technological innovation on energy effi-
ciency. Column 2 of Table  4 shows that the coeffi-
cient of innovation was positive and statistically sig-
nificant at the 5% level, suggesting that technological 
innovation significantly improved energy efficiency. 
When firms increase energy use, they generate more 
emissions and consequently pay higher environmen-
tal taxes and fines and lose the opportunity to receive 
subsidies. Firms innovate and invest in research and 
development to improve energy efficiency to avoid 
these consequences.

Column 3 of Table 4 shows that the LCCP program 
significantly increased technological innovation, and 
the effect is statistically significant at the 1% level. 

When faced with environmental regulations, firms 
reduce emissions by implementing environmentally 
friendly practices and policies and adopting green 
technologies. However, this may increase production 
costs and dissuade firms from investing in research 
and development, which is critical to effecting lasting 
change. Also, because of the inherent risk in innova-
tion, firms may struggle to raise capital to fund their 
projects. Thus, to encourage innovation and research, 
the government should introduce targeted fiscal and 
tax policies conducive to developing low-carbon 
industries and support innovative enterprises through 
subsidies and other means. The market-based incen-
tives of the LCCP program are mainly used to inter-
nalize the cost of controlling pollution through mar-
ket-based instruments such as subsidies and carbon 
trading (Bergquist et al., 2013), which, in turn, moti-
vate enterprises to improve energy efficiency through 
technological innovation. Energy-efficient companies 
can sell their excess carbon emission allowances to 
finance their investment in innovative technologies. In 
addition, government subsidies in market-based pol-
icy instruments can reduce the risk that technological 
innovation entails and alleviate financial constraints 
for enterprises, thus creating an environment suitable 
for research and innovation (Shao & Chen, 2022).

Mediation effects of rationalizing and upgrading 
the industrial structure

Table  5 shows the mediation effects of rational-
izing and upgrading the industrial structure on 

Table 5   Mediation 
effects of rationalizing and 
upgrading the industrial 
structure

*, **, and *** indicate 10%, 
5%, and 1% significance 
levels, respectively

Energy efficiency Energy efficiency Upgrades Energy efficiency

Rationalization  − 0.013
(0.009)

Upgrades 0.220*** 0.217***
(0.040) (0.040)

LCCP Program 0.018*** 0.028*
(0.007) (0.015)

Control variables Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes
City fixed effects Yes Yes Yes Yes
Constant  − 0.388  − 0.534 0.273  − 0.430

(0.677) (0.670) (0.308) (0.672)
Observations 3182 3186 3186 3186
R-squared 0.128 0.138 0.774 0.138
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energy efficiency. The results show that industrial 
structure rationalization did not affect energy effi-
ciency significantly but did (see columns 2 and 5 of 
Table  5). Therefore, we further analyzed the impact 
of the LCCP program on upgrades to the industrial 
structure. The results are presented in Column 4 
of Table  5. They show that the program promoted 
upgrades to the industrial structure. The last column 
of Table 5 shows that, even after controlling for the 
effects of these changes, the coefficient of the LCCP 
program is still positive and significant. This result 
suggests that the LCCP program improved energy 
efficiency regardless of upgrades to the industrial 
structure. That is not to say that such changes cannot 
improve energy efficiency. Rather, on the contrary, 
they are likely to do so. Command-and-control instru-
ments in the LCCP program are designed to eliminate 
outdated production capacity, set up new industries, 
and establish emission standards. Strict environ-
mental regulation policies increase the cost of emis-
sions and pollution control for enterprises and raise 
the costs to enter and operate in industries that are 
unfriendly to the environment, thus paving the way 
for a transition to cleaner industries (Yu & Wang, 
2021).

Conclusions and policy implications

The rapid economic development globally has 
increased energy consumption, contributing to envi-
ronmental degradation and climate change, rais-
ing questions about the sustainability of economic 
growth. Recognizing the gravity of the problem, 
China launched the Low Carbon City Pilot (LCCP) 
program in 2010 to reduce carbon emissions. This 
paper is devoted to analyzing how effective this pro-
gram has been in improving energy efficiency, which 
is critical to its success. The study analyzed panel data 
from 249 Chinese cities over the period 2004–2016, 
using the difference-in-differences approach. The 
instrumental variable and propensity-score-matching-
difference-in-differences (PSM-DID) methods are 
used to confirm the robustness of the results, and the 
Super Slacks-Based Malmquist-Luenberger index is 
used to measure energy efficiency.

The results are promising, showing that the LCCP 
program significantly improved energy efficiency. 
The results were robust across the three modeling 

frameworks. The LCCP program improved energy 
efficiency via technological innovation and upgrades 
to the industrial structure. Disaggregated analyses 
showed that the program was more effective in cities 
in the eastern part of China and those not located in 
resource-based areas. Emissions tended to increase 
with energy consumption, and participating cities 
with higher energy consumption experienced more 
considerable improvements in energy efficiency—this 
bodes well for the program, as it was more successful 
in cities that most needed it. The program was also 
more effective in cities with higher per capita income. 
On the other hand, higher foreign direct investment 
and sulfur dioxide emissions lessened its effective-
ness. Technological innovation and upgrades to the 
industrial structure mediated the positive effects of 
the LCCP program.

These findings have practical implications. First, 
they underscore the value of subsidies and tax incen-
tives to encourage research and development and 
spur green innovation. This will expedite a transition 
to clean technologies, boost local economies, and 
improve living standards. As technologies advance, 
traditional approaches to saving energy, such as 
planned power outages, will become passe. Second, 
they highlight the importance of customizing the pro-
gram to regional needs—the LCCP program has been 
less effective in China’s western and central regions. 
Third, the findings bring foreign direct investment 
into sharper focus, pointing to its potential downsides. 
Foreign direct investment tempered the effectiveness 
of the LCCP program. This is plausibly a manifes-
tation of the pollution haven hypothesis—advanced 
economies transfer production processes to devel-
oping countries to circumvent strict environmental 
regulations. Thus, screening criteria for FDI to ensure 
its consistency with ecological sustainability should 
be evaluated. Fourth, the findings show that cities 
in resource-rich regions have not benefitted as much 
from the program. These cities warrant special atten-
tion. Sustained efforts and long-term investments 
are in order as successful energy transitions happen 
gradually.

Consider the main result: the LCCP program 
improves energy efficiency. This is uplifting and 
encouraging—pro-environment programs are achiev-
ing their objectives. We propose that these programs 
be vetted, improved further, and scaled, so future 
iterations can prove even more beneficial to China’s 
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efforts to tackle climate change. We showed that the 
LCCP program improved energy efficiency by pro-
moting technological innovation and motivating 
upgrades to the industrial structure—these may be the 
proximate causes underpinning the improvements in 
energy efficiency and deserve attention in their own 
right. Accordingly, China’s government would be 
well-advised to nurture innovation and facilitate and 
reward efforts to upgrade the industrial structure in 
the country. Because innovation is inherently risky 
and private enterprises may be unwilling to expose 
themselves to the risk, the government may step in to 
cover the risk to spur innovation; this could be done 
in partnership and consultation with venture capital 
firms, which have experience in identifying promis-
ing ideas.

Last, we want to draw attention to some limita-
tions of this study. First, we concentrated on two 
channels through which the LCCP program can 
influence energy efficiency: technological innova-
tion and industrial structure. Other channels, such as 
governance, corruption, business friendliness, and 
fiscal autonomy of the provinces, were not exam-
ined. We leave examinations to future research. Sec-
ond, the third batch of the LCCP program cities was 
not included in this paper, as the requisite data were 
unavailable. Thus, the results are not up-to-date. It 
would be insightful to re-estimate the models above 
to include data from the latest batch of cities. In fact, 
we propose that the performance of initiatives such as 
the LCCP program be monitored regularly. Third, the 
accuracy and granularity of the data on energy con-
sumption are foundational to studying the effective-
ness of initiatives such as the LCCP program. We 
have used data on total energy consumption for each 
province. The correspondence between these data and 
those on the energy consumption of specific indus-
tries may not be strong; more detailed data on energy 
consumption, for example, energy consumed in areas 
with the same postal code would be more insightful. 
As and when these data become available, studies that 
use them will improve our understanding of how well 
pro-environment policies and programs perform. We 
want to acknowledge that despite our results being 
robust to using alternate model specifications, they 

are not entirely devoid of the effects of confounding 
factors, especially of the effects of other contempo-
raneous environmental policies designed to improve 
energy efficiency.
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Appendix 1
The Theil index can be expressed as

where Hin

Hi

 represents the proportion of the industrial n 
in region i of GDP and Lin

Li
 is the proportion of employ-

ees in the n industry in the region i . When the value 
of the Theil index equals 0, it means that the indus-
trial structure is in equilibrium; otherwise, it means 
that it deviates from the equilibrium state. The for-
mula used in calculating capital input is as follows:

where Kt represents the capital stock of period t, It 
indicates the total fixed-asset investment of period t, 
and � is the depreciation rate. The formula used in 
calculating energy consumption is as follows:

where Eit is the energy consumption of province i in 
period t, kt is the coefficient of period t, and DNit is 
the sum of grey values of all grids in province i in 
period t.

ArcGIS 10.0 was used to calculate the sum of DN 
value of each prefecture-level city in mainland China, 
and the simulated energy consumption of each city 
could be inversely calculated according to the final 
model results established by Eq. (12).

(10)Theil =

n∑
i=1

(
Hin

Hi

)
ln(

Hin∕Hi

Lin∕Li
)

(11)Kt = (1 − �)Kt−1 + It

(12)Eit = ktDNit
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Appendix 2

Table 6   Robustness checks

*, **, and *** indicate 10%, 5%, and 1% significance levels, respectively. We considered the 
interference of three policies, including New Energy Vehicles Pilot, Air Quality Monitoring 
Standards, and Special Emission Limits for Air Pollutants

Variable DID PSM-DID

LCCP program 0.026** 0.031**
(0.012) (0.015)

NEVP 0.001
(0.007)

AQMS 0.004
(0.003)

SELAP 0.003
(0.005)

Control variables Yes Yes
Year fixed effects Yes Yes
City fixed effects Yes Yes
Constant  − 18.149* 0.011

(10.701) (1.297)
Observations 3186 3123
R-squared 0.238 0.223

Table 7   Batches of the LCCP program cities

Time of implementation of the 
LCCP program

East Central West

First batch of pilot cities (2010) Tianjin, Hangzhou, Shenzhen, 
Xiamen, Baoding

Nanchang Chongqing, Guiyang

Second batch of pilot cities 
(2012)

Beijing, Shanghai, Shiji-
azhuang, Qinhuangdao, 
Suzhou, Huai’an, Zhenjiang, 
Ningbo, Wenzhou, Nanping, 
Qingdao, Jiyuan, Guangzhou

Jincheng, Jilin City, Daxingan-
ling, Chuzhou, Jingdezhen, 
Ganzhou, Wuhan

Hulunbeier, Guilin, Guangyuan, 
Zunyi, Kunming, Yan’an, 
Jinchang, Urumqi

The third batch of pilot cities 
(2017)

Nanjing, Changzhou, Jiaxing, 
Jinhua, Chuzhou, Sanming, 
Jinan, Yantai, Weifang, 
Zhongshan, Shenyang, 
Dalian, Chaoyang, Sunk, 
Sanya, Qiongzhong

Hefei, Huaibei, Huangshan, 
Liuan, Yicheng, Gong-
qingcheng, Ji’an, Fuzhou, 
Changyang, Changsha, Zhu-
zhou, Xiangtan, Chenzhou

Wuhai, Liuzhou, Chengdu, 
Yuxi, Pu’er, Lhasa, Ankang, 
Lanzhou, Dunhuang, Xining, 
Yinchuan, Wuzhong, Changji, 
Yining, Hotan, Xinjiang Corps
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Table 6, 7, 8, 9
The list of low-carbon pilot cities is compiled by 

the author from the official website of the National 
Development and Reform Commission.

The DID approach can address the endogeneity 
arising from the fact that the pilot cities are not ran-
domly chosen. It does so by matching the pilot and 
non-pilot cities with relatively similar characteristics. 
However, several factors may have influenced the 
selection of the pilot cities. The factors include the 
socioeconomic conditions of the cities, the influence 
of the cities’ officials on decisions related to the LCCP 
program, and whether cities have energy-intensive 
industries with high carbon footprints. Differences 

in energy efficiency over time are expected to arise 
due to such factors. To address this issue, following 
Broner et  al. (2012) and Hering and Poncet (2014), 
we use the ventilation coefficient as the instrumental 
variable in our regressions. This instrumental variable 
is suitable for the following reasons: first, the ventila-
tion coefficient reflects the meteorological conditions 
that influence the speed of dispersion of pollutants 
in the air.6 In general, given a fixed concentration of 
pollutants, cities with smaller ventilation coefficients 
tend to adopt more stringent environmental regula-
tions and have a higher probability of being selected 
as low-carbon pilot cities. Cities, where air pollut-
ants dissipate slowly, are more likely to be chosen as 
participants in the LCCP program—for given local 
carbon emissions, the carbon concentration in the air 
remains higher for longer (Broner et al., 2012). Sec-
ond, as the ventilation coefficient is determined by 
large-scale weather systems, it can be considered an 
exogenous variable.

Table 8 in the Appendix presents the results esti-
mated using the extended regression models (ERMs). 
We consider two estimation settings: the estimates in 
Model 1 do not include the control variables while 
the estimates in Model 3 do. The results presented in 
columns 2 and 4 (i.e., Stage 1 in Model 1 and Stage 
2 in Model 2) reflect the impact of the ventilation 
coefficient on the LCCP program, indicating that the 
ventilation coefficient is significantly and positively 
correlated with the likelihood of being selected for 
the LCCP program. The results presented in columns 
3 and 5 show that the LCCP program significantly 
increases energy efficiency, confirming the robustness 
of our estimates in Table 2.

Energy efficiency, defined as the ratio of service 
output to energy use (or input), can be calculated 
in two ways: total factor energy efficiency and sin-
gle factor efficiency (Hong et  al., 2022). Single-fac-
tor energy efficiency is usually measured by energy 
intensity. Total-factor efficiency considers the impact 
of multiple inputs and outputs. In this section, we first 
measure the total-factor energy efficiency of cities 
by changing the combination of undesirable outputs 

Table 8   Impacts of the LCCP program on energy efficiency: 
additional regression models estimates

*, **, and *** indicate 10%, 5%, and 1% significance levels, 
respectively

Variable Model 1 Model 2

Stage 1 Stage 2 Stage 1 Stage 2

LCCP program 0.113*** 0.060***
(0.011) (0.036)

Control variables No No Yes Yes
Year fixed effects Yes Yes Yes Yes
City fixed effects Yes Yes Yes Yes
Ventilation × post 0.136*** 0.136***

(0.000) (0.009)
Observations 3237 3237

Table 9   Robustness test of changing the method of measuring 
energy efficiency

*, **, and ***respectively indicate significance levels of 10%, 
5%, and 1%

Variable Energy efficiency Energy effi-
ciency (single 
factor)

LCCP program 0.033***  − 0.025***
(0.014) (0.006)

Control variables Yes Yes
Year fixed effects Yes Yes
City fixed effects Yes Yes
Constant 0.297 1.183*

(1.233) (0.618)
Observations 3186 3186
R-squared 0.253 0.989

6  We utilized the wind speed at 10  m height and boundary 
layer height (as a proxy for the mixing height for a global grid 
of 75°*75°cells) obtained from the ERA-Interim database to 
match the cities using latitudes and longitudes obtained from 
world-gazetteer.com.
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to test the robustness of the baseline results. We con-
sider capital, labor, and energy consumption as inputs 
and the real GDP as the output and replace undesir-
able outputs with industrial sulfur dioxide and indus-
trial fumes emissions. The higher the index value, the 
higher the energy efficiency. The results in Column 2 
of Table  9 show that after replacing the proxy vari-
able of undesirable outputs, the regression coefficient 
of the core dependent variable is positive and statisti-
cally significant.

We also consider single-factor energy efficiency as 
an alternative way to calculate energy efficiency. Cur-
rently, the calculation methods of energy efficiency 
mainly include single-factor indicator and total-fac-
tor indicator; single-farcor energy efficiency is also 
called energy intensity, which is generally expressed 
by the level of energy consumption per unit of gross 
domestic product (Z. Li et  al., 2022). This method 
is also used in energy efficiency calculations by the 
International Energy Agency (2020) and the National 
Bureau of Statistics of China. The estimation results 
are shown in Column 3 of Table 9. We observe that 
implementing the LCCP program improved the 
energy efficiency of the pilot cities, thus confirming 
the robustness of our results.

We explained the reasons for not using the SFA 
model in this section. Specifically, the SFA is a typi-
cal representative of parametric methods in frontier 
analysis, which requires the determination of the 
specific form of the production frontier. Compared 
with non-parametric methods, its biggest advantage 
is that it takes into account the influence of stochas-
tic factors on output. DEA is a linear programming 
approach to measure efficiency; it is a non-parametric 
method that does not need to know the specific form 
of the production frontier, but only needs to know the 
input–output data, DEA can easily handle the case 
where the decision unit is multiple outputs.

The complexity of the basic assumptions and 
model extensions of the SFA and DEA models are 
different. The basic assumptions of the SFA model 
are more complex and require consideration of the 
production function, the specific form of the distribu-
tion of the technical inefficiency term, which directly 
leads to the difficulty of further model extensions. 
Because of the complex form of the density function 
of the synthetic error term, the corresponding likeli-
hood function is more complex, which brings a lot of 
computational difficulties to the parameter estimation, 

so it is difficult to further analyze the heteroskedas-
ticity and other situations or do further model exten-
sions. The main advantage of DEA is that it does not 
need to consider the specific form of the production 
frontier, only input–output data are required, and the 
model is easy to do other forms of extensions. The 
Super SBM-ML index differs from the traditional 
DEA model in that it uses the furthest distance to the 
frontier function type, which takes into account the 
influence of the slack variables on the efficiency value 
and provides a more accurate measure of the effi-
ciency value. The super-efficiency model improves 
the traditional DEA that can only distinguish invalid 
units (when the efficiency value is less than 1) and 
can distinguish the advantages and disadvantages 
between efficient and effective values, reflecting the 
data results more comprehensively.
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