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Abstract. After its rapid economic growth, China has been faced with the very
serious problem of atmospheric pollution, leading to major long-term atmospheric problems
in large cities. Air pollution not only a�ects normal lives of people, but also has
a huge negative impact on their bodies, causing diseases, impacting productivity, and
inuencing their creativity. In the previous research studies, the inuence of environmental
variables has been ignored in the discussions of the e�ciency of innovation. Accordingly,
this study combines energy consumption, economics, environmental variables, innovative
research, and development capabilities to analyze and explore the relationship among
consumption, environment, economy, and innovative Research and Development (R&D)
capabilities. Dynamic Data Envelopment Analysis (DEA) was carried out to calculate
energy consumption e�ciency, R&D input e�ciency, innovation patent output e�ciency,
carbon dioxide emission e�ciency, and Air Quality Index (AQI) e�ciency for each city.
Also, the cities were compared for their potential of improvement. The results of the study
showed that 10 cities had the total e�ciency score of one, implying the improvement space
of zero, whereas the total e�ciency scores of the other 21 cities indicated that there was
still much room for improvement with big di�erences among the cities.
© 2020 Sharif University of Technology. All rights reserved.

1. Introduction

Innovation capability is considered to be the most
important ability for economic growth and social de-
velopment in the current century as it plays a vital role
in sustainable development and acquiring competitive
advantages for a nation or society. The development
of innovative industries brings forth many employ-
ment opportunities and promotes the adjustment of
industrial structure. Pro�t-oriented cities generally
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shift from traditional industries with high energy con-
sumption and high pollution to high-tech, low-emission
industries so as to achieve their own green, sustainable
economic structure and economic growth model. After
its rapid economic growth, China has been facing a
very serious problem of atmospheric pollution with
major long-term atmospheric issues appearing in large
cities. Air pollution not only a�ects normal lives of the
people, but also has a greater negative impact on their
bodies, causing diseases, impacting productivity, and
inuencing their creativity.

To evaluate the performance of cities or countries
in urban economic growth and energy consumption,
most research studies have focused on energy consump-
tion and carbon emissions, e.g., [1-18]. Some have
conducted studies of the e�ciency of urban energy
and environmental assessment using sewage, sulfur
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dioxide, etc. as indicators for measuring environmental
pollution, e.g., Vardanyan and Noh [19], Rao et al. [20],
Long et al. [21], Bi et al. [22], Wu et al. [13], Bian et
al. [23], and Wang et al. [24].

Some scholars analyze the impact of heating
emission on air quality and explore how to use new
technologies or methods in order to reduce air pollu-
tion. Li et al. [25] used the Air Quality Index (AQI)
heating model to analyze the relationship between AQI
and heating system as well as energy conversion in
building space through regression model. Li et al. [26]
provided a method to accurately quantify the impact
of heat emission on air quality in China. Xu et al. [27]
made observations to assess the impact of air pollution
of Beijing in winter and summer on energy demand.
Tong et al. [28] proposed natural ventilation to reduce
building energy consumption and maintain a healthy
indoor environment. Bidokhti et al. [29] established
a framework to observe emissions and urban climate
change as well as to mitigate and adapt to climate im-
pacts in Tehran. Ahmadzadehtalatapeh [30] proposed
a solar assisted desiccant evaporative cooling system
for o�ce buildings providing energy and reducing
pollution. Meanwhile, many scholars have suggested
that air pollution causes problems for human health.
Liao et al. [31] collected data for the Yangtze River
Delta region during 2013{2016 to investigate the air
quality and health e�ects. The results showed that
public health risks were the highest and O3 pollution
accounted for 70% of the public health problem. Li
et al. [32] believed that heating emission would lead
to deterioration in environmental quality and human
health. He used the heating impact index to evaluate
66 major cities in China and found that when AQI was
45%, the pollution time was 39%. Khreis et al. [33]
estimated the number of asthma cases caused by NO2
and NOx each year in Bradford, England, and found
that the increase in the number of asthma cases per
year was related to air pollution by tra�c. Maji et
al. [34] used the exposure-response functions model to
assess the relationship between PM2.5 and mortality
in 161 cities in China. The results showed that the
number of premature deaths associated with PM2.5
was 652,000.

There are certainly many scholars who have
conducted in-depth research on innovation e�ciency.
For example, Laitinen [35] noted that creativity and
development capability of a �rm could be appropriately
quanti�ed by the number of patents. Urpelainen [36]
collected data for 22 Organization for Economic Co-
operation and Development (OECD) countries dur-
ing 1991{2007 using statistical analysis to explore
the impact of export orientation on energy e�ciency
innovation. Their empirical results indicated that
export orientation had large positive e�ects on energy
e�ciency innovation.

Bai and Li [37] used data for 30 regions in
China during 1998{2008 in an empirical analysis to
explore the impact of government research expenditure
on innovation e�ciency, stating that Research and
Development (R&D) funding from local government
had a signi�cantly negative impact on regional inno-
vation e�ciency. Chen and Guan [38] collected data
for all regions in China and employed the relational
network data analysis envelopment model to analyze
the innovation e�ciency of each region. Bai [39] ap-
plied stochastic frontier methods to estimating regional
innovation e�ciency in China and to investigating the
major factors a�ecting e�ciency scores. Moon [40]
gathered data about the electronic equipment industry
of South Korea using the fuzzy Data Envelopment
Analysis (DEA) model to analyze innovation e�ciency
of the industry. They found out that improving
innovation e�ciency could lead to saving 28.7% of the
input.

Chen and Meng [41] combined the network Slacks
Based Measure (SBM) model with DEA window anal-
ysis to measure the trend and heterogeneity of tech-
nological innovation e�ciency based on data for 17
segments of the Chinese high-tech industry. Chen
and Kou [42] collected province-level regional data
and utilized the two-step hybrid analytical procedure
to analyze province-level regional innovation systems
of China. The empirical study showed that regional
innovation systems of China performed poorly in both
technological creation e�ciency and technological com-
mercialization. Suh and Kim [43] used the DEA
method to estimate innovative activity e�ciency of
service �rms. Wan et al. [44] gathered data for
industrial enterprises in China from 2006 to 2010 to
explore the impacts of technological innovation modes
on the eco-e�ciency of industrial enterprises. They
concluded that domestic independent innovation had
a signi�cantly positive impact on eco-e�ciency in the
Eastern region. Wang et al. [24] collected data about
energy companies in China from 2009 to 2013 and used
a two-stage DEA model to construct R&D e�ciency,
market e�ciency, and integrated innovation e�ciency
indicators for each energy company. The empirical
results showed that all companies performed well in
terms of R&D e�ciency and innovation e�ciency.

Kou et al. [45] proposed a new formulation ap-
proach to dynamic network DEA and evaluated the
innovation e�ciency of OECD countries in a multi-
period, multi-division context. Huang et al. [46] col-
lected 8601 Chinese �rm-year observations from 2007
to 2012 and adopted a two-stage approach to exploring
the impact of religion in social environment of a �rm on
corporate innovation and innovation e�ciency. Greco
et al. [47] gathered 43,230 European �rms to discuss
the relationship between public subsidies and open
innovation. The empirical results showed that local and
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national subsidies could improve innovation e�ciency.
Chen and Lei [48] used the panel quantile regression
model to study the impact of renewable energy and
technological innovations in 30 countries and explained
that technological innovations would a�ect countries
with relatively high CO2 emissions.

Review of the literature shows that the previous
research has mainly focused on the analysis of energy
consumption e�ciency, the inuence of heating emis-
sion on air quality, and how to use new technologies
or methods to reduce the impact of air pollution on
human health and in the area of R&D, only e�ciency
has been emphasized. Few studies have addressed the
relationship among R&D, energy consumption, and
air pollution in combination to establish a systematic
framework for exploring the correlation of economic
and social interactions and for providing more e�ective
government recommendations in policy making.

Thus, this study uses energy consumption, R&D,
patents, CO2 emission, and AQI for 31 cities in China
from 2013 to 2015 as input and output variables.
Using re-sampling to estimate various indicators in
2016, we employ the dynamic DEA model to calculate
energy consumption e�ciency, R&D input e�ciency,
innovation patent output e�ciency, carbon dioxide
emission e�ciency, and AQI e�ciency of each city and
further compare the cities to �nd out the space for
improvement.

2. Research method

The research method herein is combined with Tone's
method [49] in order to propose a re-sampling past-
present-future model and it utilizes the SBM dynamic
DEA model of Tone and Tsutsui [50]. First, we use the
re-sampling method to estimate the input and output
data in 2016 and then, 2013{2016 data are utilized to
conduct dynamic e�ciency analysis. The method is
described as follows.

2.1. Resampling past-present-future model
Both the radial and non-radial e�ciency measures
in DEA have errors in measurement. For example,
Simar and Wilson [51,52] proposed a bootstrap method
that considered repeated sampling to obtain the most
e�cient sample distribution. Tziogkidis [53] stated
that the bootstrap DEA had signi�cant potential for
development and application. However, the method
still su�ers from some shortcomings. For example, the
characteristics of the input and output are not taken
into account, while the Decision-Making Units (DMUs)
are di�erent. The bootstrapping method, although it is
like a re-sampling method, treats existing observations
as maternal repeated sampling and in obtaining the
original data de�ciencies, it cannot explore the charac-
teristics of the data. Tone [49] set up a repeat sampling

method to eliminate DEA measurement error. The
method can also be used to predict the future e�ciency
value of a DMU. In addition, it uses past DMU input
and output data, (Xt; Y t)(t = 1; � � � ; T ), to predict
future DMU input and output values (XT+1; Y T+1)
and then, repeats sampling. DEA estimation can �nd
the DMU con�dence interval e�ciency value.

There are generally three methods for predicting
the input and output values of future DMUs:

1. Trend analysis;
2. Weighted average;
3. Average of trend and weighted average.

These three methods o�er basically negligible di�er-
ences. However, the correlation between input and
output achieved by the trend analysis method is higher
than those by the weighted average method and the
integrated average trend. Therefore, this study uses
trend analysis and repeated sampling methods to es-
timate the input and output values of DMUs in 2016
and the DMU con�dence interval e�ciency value.

2.2. Dynamic DEA
DEA uses the envelope (i.e., isoquant) to project the
input and output variables of all evaluated units in
space. Depending on whether the projection point
falls on the production boundary, a performance index
ranging from 0 to 1 is given as a judgment on whether
there is e�ciency between input and output. Charnes
et al. [54] proposed a Charnes, Cooper and Rhodes
(CCR) model which determined the architecture of
the DEA model and solved multiple inputs and mul-
tiple outputs in a linear programming model on a
�xed scale of return. However, the scale of change
in the production process seems to be the norm in
practice and cannot be considered as a �xed scale of
compensation. Hence, Banker et al. [55] added the
convexity limit of the linear combination, replaced the
assumption of constant returns to scale with variable
returns to scale, and o�ered the well-known BCC DEA
model. Contrary to the CCR and Banker, Charnes and
Cooper (BCC) models, Tone [56] proposed using slacks
as non-radial and non-oriented estimation methods to
solve the problem in which inputs or outputs could
not be adjusted by equal proportions for reaching the
most e�cient problem. They called it the SBM model.
The e�ciency value calculated by this model has the
following characteristics:

1. Unit invariance: The e�ciency value of the
evaluated unit does not change with the unit of
measurement of input and output items;

2. Monotone: The rate of oversupply or output
shortage is decreasing and monotone, that is, the
input or output slacks gradually decrease.

SBM model:
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where � is a non-radial slack indicator; m and s are the
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represent the input slacks and output slacks; and X�
and Y � represent values of the e�ciency boundary of
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Tone and Tsutsui [50] extended the model to the
SBM dynamic DEA model. They used carry-over as a
dynamic period link and classi�ed inputs and outputs
as desirable (good), undesirable (bad), discretionary
(free), non-discretionary (�xed), etc. The dynamic
DEA model is divided into input-oriented, output-
oriented, and non-oriented types.

We assess Overall E�ciency (OE) and Term
E�ciency (TE) through the non-oriented SBM dy-
namic DEA approach in this study. Each period has
independent input and output in every DMU and there
is a carry-over link from period t to t+ 1 so as to �nd
the change across two periods.
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T periods (t = 1; 2; � � � ; T ). The DMUs have multiple
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period t + 1 herein. The carry-over is guaranteed by
Eq. (2):
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Eq. (2) is the connection equation between t and t+ 1.
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The non-oriented TE (��) follows the following:
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3. Empirical study

3.1. Data and variables
Figure 1 illustrates the framework of the inter-temporal
e�ciency measurement and variables. According to
the basic production theory, employees, R&D, and
energy are de�ned as input factors; Gross Domestic
Production (GDP) is used as the output factor in the
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Figure 1. Structural diagram of the dynamic Data Envelopment Analysis (DEA).

evaluation; and CO2, AQI, and patents are de�ned
as carry-over intermediates, which are outputs of the
current period and can be used as inputs to the next
period.

3.2. Data sources and description
The study uses panel data for 31 cities that represent
the most developed cities in China. Economic and
social development data by cities for the years from
2013 to 2016 are collected from the Statistical Yearbook
of China, Demographics and Employment Statistical
Yearbook of China, and City Statistical Yearbooks.
Data for the air pollutants are collected from China
Environmental and Protection Bureau Annual Reports
and China Environmental Statistical Yearbook.

The 31 sample cities are all capital cities that
have the greatest pools of population and the highest
aggregations of industries in the regions. The cities
together represent the air pollution emission situation
in China. The variables (see Table 1) are explained as
follows.

Input variables:

� Labor input (em): The number of employees in
each city by the end of each year (unit: person);

� Energy consumption (com): The total energy
consumption in each city (unit: 100 million tons),
including coal, oil, natural gas, and the total con-
sumption of primary electricity and other energy;

� R&D expenditure: Depreciation of the assets
used in the R&D process, the raw materials con-
sumed, the wages and welfare expenses, the rent

incurred during the development process, and the
borrowing costs.

Output variable:

� GDP: Market value of all �nal products (products
and services) produced in the economic activity in a
certain period (one quarter or one year). GDP is the
core indicator of national economic accounting and
an important indicator for measuring the economic
status and development level of a country or region.
It consists of the gross output of the primary, sec-
ondary, and tertiary industries calculated at current
prices (unit: 100 million CNY). This study uses the
GDP of each city to measure its economic status
(unit: 100 million Yuan RMB).

Carry-over variables:

� Patent (Pat): The protected exclusive rights
owned by the pioneers of certain inventions. It is a
document issued by a government agency or regional
organization representing several countries on the
basis of an application, including the content of
inventions and creations. In a certain period of time,
a legal status is allowed in which patented inventions
are created in general. It can only be implemented
with the permission of the patent owner. We use
the number of patent documents issued by each city
in each year as an indicator of the innovation of the
city;

� Carbon emissions (CO2): CO2 emissions data
for each city are estimated from energy consump-
tion. CO2 is seen as the primary cause of the

Table 1. Input and output indices.

Input variable Desirable output Carry-over

Labor input (em) Gross Domestic
Production (GDP)

AQI

Energy consumption (com) CO2

R&D expenditure Patent (Pat)
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changes in global temperature and the rise in the
sea level. Among greenhouse gas emissions, carbon
dioxide is the main component; accordingly, CO2
emissions are used as an indicator for each city;

� AQI: A non-linear dimensionless index that quan-
titatively describes air quality. Larger values of the
index indicate higher levels of air quality. On the
other hand, darker color of the representation shows
that air pollution is more serious and has greater
harm to human health. The major pollutants
are �ne Particulate Matter (PM2.5), PM10, SO2,
NO2, O3, CO, etc. (PM2 .5 and PM10 are the
24-hour average concentration). PM2.5 refers to
atmospheric particulate matters with a diameter of
less than 2.5 micrometers calculated in the unit
of micrograms/cubic meter. SO2 refers to sulfur
dioxide. It is released naturally by volcanic activity
and produced as a by-product of the burning of
fossil fuels contaminated with sulfur compounds.
NO2 refers to Nitrogen Dioxide (NO2) and is within
a group of highly reactive gases known as oxides
of nitrogen or nitrogen oxides (NOX). It is an
intermediate in the industrial synthesis of nitric acid
and millions of tons of it are produced each year.
At higher temperatures, it is a reddish-brown gas
with a sharp, biting odor and is one of the most
prominent air pollutants. AQI is considered with
the maximum value in the Individual Air Quality

Index (IAQI) for each pollutant. When the AQI is
greater than 50, the corresponding pollutant is the
primary one and pollutants with IAQIs greater than
100 are considered excessive.

3.3. Statistical description of input and output
data

For the years from 2013 to 2016, input variables include
energy consumed, labor input, and R&D expenditure.
On the other hand, output variables are GDP, patents,
CO2, and AQI, de�ned as carry-over intermediates.
The outputs of the current period can be used as inputs
to the next period.

As can be seen in Table 2 and Figure 2, the
rise in the maximum value of the index of patents
is the highest over time among all input and output
indicators. On the other hand, the di�erence between
the maximum and minimum values of this index is
considerably great. The maximum GDP and R&D
costs in each city grow rapidly and the gap between the
maximum and minimum R&D costs is relatively large.
The di�erence between the maximum and minimum
values of GDP is smaller than the gap of patents. The
average of the two indicators shows an upward trend.
Changes in other indicators are relatively at. We
observe that the averages of energy consumption and
employed population have increased slightly from 2013
to 2016. The maximum values of CO2 emissions and

Table 2. Statistics of the indices.

2013em 2014em 2015em 2016em 2013com 2014com 2015com

Max 635.57 652.2 681.76 702.7 11345.69 11084.63 11387.44
Min 20.41 21.09 21.16 20.57667 171 191.1 156.38

Average 123.80226 126.50968 135.9597 140.9146 3715.788 3758.6002 3735.649
SD 141.93629 147.07432 157.9371 165.1526 2479.046 2519.9475 2586.888

2016com 2013R&D 2014R&D 2015R&D 2016R&D 2013GDP 2014GDP

Max 11314.34 1487.4 1652.8 1801.2 1970.4 21602.12 23560.94
Min 158.2067 2.3 2.4 3.1 3.4 304.87 347.45

Average 3731.844 382.65806 420.435484 456.56452 493.792473 6365.28355 6951.2813
SD 2653.622 417.46728 461.677069 507.05184 552.511548 5280.10857 5782.6045

2015GDP 2016GDP 2013pat 2014pat 2015pat 2016pat 2013CO2

Max 25123.45 26950.167 62671 74661 94031 108481 28820.04
Min 289.46 298.51667 46 48 232 0.94031 496.86

Average 7479.8477 8046.7017 14336.74 14103.58 18540.45 20340.267 9772.36
SD 6215.9718 6700.6092 15202.87 16076.01 20606.31 23469.376 6551.864

2014CO2 2015CO2 2016CO2 2013AQI 2014AQI 2015AQI 2016AQI

Max 29498.79 29607.344 30096.0313 292 164 133 122.33333
Min 444.6 406.588 359.077333 75 41 39 0.00292

Average 9661.05 9474.7576 9338.45137 149.96774 92.0967742 85.516129 44.74203
SD 6445.519 6617.2677 6650.65642 51.414498 25.9805819 22.4353853 29.37955
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Figure 2. Statistical analysis of input and output indices from 2013 to 2016.

Figure 3. Total e�ciency scores of cities during 2013{2016.

AQI have increased over time, but the mean values of
these two indicators have shown a downward trend.

3.4. Empirical analysis and results
3.4.1. Total city e�ciency scores and evaluation
In Table 3 and Figure 3, we can see that there are big
di�erences between total e�ciencies of the cities. The
cities with the e�ciency score of one include Beijing,
Changsha, Guangzhou, Hangzhou, Hefei, Huhehot,
Nanjing, Nanning, Shanghai, and Tianjin, indicat-
ing that the room for improvement in these cities
is zero. Cities with e�ciency scores below 0.2 are
Haikou, Lanzhou, Lhasa, Taiyuan, Urumqi, Xining,

and Yinchuan. The room for improvement in total
e�ciency of these seven cities is very large. Cities
with OE scores of around 0.4 include Changchun,
Harbin, Jinan, Kunming, Nanchang, and Shenyang.
The e�ciency of these cities is only slightly higher than
that of the above-mentioned seven cities and they still
have room for improvement. There are also cities that
have room for improvement, but with a small space,
namely Chengdu, Fuzhou, Wuhan, and Zhengzhou.

From the viewpoint of time, there are some cities
whose OE is declining. These cities are Lanzhou,
Shenyang, Xining, Harbin, Haikou, Jinan, Xining, and
Yinchuan. With the changes of Chengdu, Chongqing,
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Table 3. Total e�ciency of the cities from 2013 to 2016.

DMU Overall score Rank 2013(1) 2014(1) 2015(1) 2016(1)

Beijing 1 1 1 1 1 1
Changchun 0.4017 18 0.4165 0.4532 0.3274 0.4281
Changsha 1 1 1 1 1 1
Chengdu 0.8488 13 0.8101 1 1 0.6295
Chongqing 0.5569 14 0.5323 0.5963 0.6056 0.4961
Fuzhou 0.5316 15 0.7024 0.7055 0.4711 0.3605
Guangzhou 1 1 1 1 1 1
Guiyang 0.2242 23 0.2168 0.1955 0.2727 0.2264
Harbin 0.4034 17 0.4887 0.4085 0.3992 0.3327
Haikou 0.0995 27 0.114 0.1067 0.0946 0.0845
Hangzhou 1 1 1 1 1 1
Hefei 1 1 1 1 1 1
Huhehaote 1 1 1 1 1 1
Jinan 0.4005 19 0.4653 0.3929 0.3864 0.3648
Kunming 0.2983 22 0.3028 0.341 0.3103 0.2379
Lanzhou 0.1103 26 0.1422 0.1091 0.1093 0.0804
Lhasa 0.019 29 0.0118 0.0096 0.1847 0.1726
Nanchang 0.3872 20 0.3406 0.3749 0.383 0.4647
Nanjing 1 1 1 1 1 1
Nanning 1 1 1 1 1 1
Shanghai 1 1 1 1 1 1
Shenyang 0.3656 21 0.4359 0.4025 0.3611 0.2671
Shijiazhuang 0.2107 24 0.2114 0.209 0.2287 0.1932
Taiyuan 0.0096 31 0.1816 0.0393 0.0457 0.0018
Tianjin 1 1 1 1 1 1
Wuhan 0.9236 12 0.7961 0.9136 1 1
Urumqi 0.1355 25 0.1499 0.1158 0.1552 0.1247
Xian 0.5185 16 0.498 0.5061 0.5218 0.5526
Xining 0.0187 30 0.0305 0.0246 0.0161 0.0118
Yinchuan 0.0634 28 0.099 0.0567 0.0531 0.04
Zhengzhou 0.9261 11 0.761 0.9936 1 1

Fuzhou, and Kunming over time, their total e�ciency
has �rst risen and then declined. The total e�ciency
of cities such as Changchun, Guiyang, and Urumqi
uctuates greatly. There are also some cities where
total e�ciency has risen over time, such as Xian,
Nanchang, and Wuhan.

3.4.2. Evaluation of the e�ciency scores of cities for
energy consumption, patents, CO2 emissions,
and AQI

Based on the total e�ciency scores of cities, we can
state that di�erent cities have a great room for e�-
ciency improvement. In the following, we look at the
changes in the e�ciency scores of the major input and
output indicators for each city. Through re-sampling,

we estimate various input and output indicators of
each city in 2016 and then, calculate their e�ciency
scores through the dynamic DEA method, as shown
in Table 4. Table 4 and Figure 4 present the scores of
energy consumption e�ciency, patent e�ciency, carbon
dioxide e�ciency, and AQI e�ciency for each city.
Also, their changes over time are given. Very large
di�erences can be observed between the indicators in
di�erent cities.

In terms of the di�erences in energy consumption
e�ciency, cities with the e�ciency score of one in-
clude Beijing, Changsha, Guangzhou, Hangzhou, Hefei,
Huhehot, Nanjing, Nanning, Shanghai, and Tianjin.
The room for improvement in energy consumption
e�ciency of these cities is naturally zero. Cities
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Table 4. Comparison of energy consumption e�ciency, patent e�ciency, CO2 emissions, and Air Quality Index (AQI)
e�ciency scores of the cities during 2013{2016.

Com pat CO2 AQI

DMU 2013 2014 2015 2016 2013 2014 2015 2016 2013 2014 2015 2016 2013 2014 2015 2016

Beijing 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1

Changchun 0.31 0.27 0.31 1 0.53 0.55 0.36 0.32 0.27 0.36 0.31 1 0.9 0.93 1 0.54

Changsha 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1

Chengdu 1 1 1 0.87 1 1 1 0.95 1 1 1 0.957 1 1 1 0.51

Chongqing 0.67 0.65 0.61 0.59 0.63 0.71 0.85 0.84 0.65 0.67 0.61 0.608 0.85 0.93 1 0.61

Fuzhou 0.71 0.67 0.59 0.63 0.73 0.79 0.44 0.4 0.67 0.71 0.59 0.671 1 0.82 0.95 0.22

Guangzhou 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1

Guiyang 0.24 0.23 0.22 0.21 0.22 0.2 0.31 0.32 0.23 0.25 0.27 0.294 1 0.91 0.91 0.48

Harbin 0.73 0.71 0.64 0.63 0.4 0.31 0.34 0.31 0.71 0.72 0.64 0.657 0.96 1 0.88 0.55

Haikou 0.71 0.59 0.49 0.4 0.08 0.07 0.08 0.07 0.59 0.71 0.49 0.489 0.95 1 0.91 0.74

Hangzhou 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1

Hefei 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1

Huhehaote 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1

Jinan 0.31 0.28 0.26 0.42 0.62 0.51 0.55 0.51 0.28 0.31 0.26 0.5 0.87 0.74 0.69 0.26

Kunming 0.4 0.38 0.44 0.45 0.32 0.36 0.34 0.36 0.38 0.4 0.44 0.457 1 0.8 0.87 0.18

Lanzhou 0.15 0.13 0.09 0.08 0.15 0.14 0.16 0.16 0.13 0.15 0.09 0.091 0.89 0.52 0.47 0.1

Lhasa 1 0.8 0.88 0.76 0.01 0.01 0.27 0.31 0.8 1 0.88 1 0.56 0.37 0.32 0.07

Nanchang 0.68 0.62 0.53 0.84 0.28 0.32 0.36 0.38 0.62 0.68 0.53 1 0.83 0.83 0.84 0.52

Nanjing 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1

Nanning 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1

Shanghai 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1

Shenyang 0.68 0.68 0.52 0.53 0.37 0.32 0.35 0.33 0.68 0.66 0.52 0.504 0.89 1 0.78 0.12

Shijiazhuang 0.31 0.32 0.29 0.27 0.26 0.27 0.28 0.29 0.32 0.3 0.46 0.439 0.39 0.35 0.41 0.05

Taiyuan 0.07 0.07 0.06 0.05 0.2 0.05 0.06 0 0.07 0.07 0.06 0.057 1 0.62 0.59 0.13

Tianjin 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1

Wuhan 0.94 0.9 1 1 0.81 0.91 1 1 0.9 0.99 1 1 0.71 0.99 1 1

Urumqi 0.29 0.27 0.25 0.22 0.14 0.13 0.19 0.19 0.27 0.29 0.25 0.252 0.88 0.52 0.5 0.11

Xian 0.62 0.58 0.55 0.49 0.64 0.63 0.73 0.73 0.58 0.62 0.55 0.485 0.76 0.81 0.84 1

Xining 0.09 0.08 0.07 0.07 0.04 0.04 0.02 0.02 0.08 0.09 0.07 0.077 0.48 0.27 0.27 0.06

Yinchuan 0.19 0.15 0.11 0.13 0.12 0.13 0.15 0.15 0.15 0.19 0.11 0.163 0.45 0.32 0.27 0.08

Zhengzhou 1 0.97 1 1 0.72 1 1 1 0.97 1 1 1 1 1 1 1

with the energy consumption e�ciency score of 0.4
or below are Changchun (except for 2016 with the
score of one), Guiyang, Jinan, Kunming, Lanzhou,
Shijiazhuang, Taiyuan, Xian, Xining, and Yinchuan.
This means that energy consumption of these 10 cities
can be greatly improved. In addition, the energy
consumption e�ciencies of the remaining eight cities,
namely Chongqing, Fuzhou, Harbin, Haikou, Nan-
chang, Shenyang, Urumqi, and Wuhan, are around

0.6 or above. Considering time, energy consumption
e�ciency of Wuhan from 2013 to 2014 is around 0.9,
rising to one in 2015 and 2016. For Chengdu, it is one
from 2013 to 2015, but declines to 0.87 in 2016. Cities
with declining energy consumption e�ciencies include
Chongqing, Harbin, Haikou, Lanzhou, Taiyuan, Xian,
Urumqi, Xining, and Yinchuan, indicating that they
still need to make further energy use and energy
structure adjustments. There are few cities where
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Figure 4. Consumed energy, patents, CO2, and Air Quality Index (AQI) e�ciency in cities during 2013{2016.

energy consumption e�ciency is on an upward trend.
The overall trend of Kunming and Wuhan is rising.
However, Kunming and Wuhan have lower e�ciency
values in 2014. In 2013, 2015, and 2016, energy
consumption e�ciency of Wuhan is one.

In terms of patent e�ciency, cities with the e�-
ciency score of one are Beijing, Changsha, Guangzhou,
Hangzhou, Hefei, Huhehot, Nanjing, Nanning, Shang-
hai, and Tianjin, indicating no need for improvement
in patent e�ciency. However, there are many cities
with patent e�ciencies below 0.4, namely Guiyang,
Harbin, Haikou, Kunming, Lanzhou, Lhasa, Nanchang,
Shenyang, Shijiazhuang, Taiyuan, Xian, Xining, and
Yinchuan. Most of these cities are located in the
western highlands of China or the old industrial bases
in the northeast and their patent e�ciency has great
room for improvement. In addition, patent e�ciency
score of Chongqing exceeds 0.8 in 2015 and is greatly
improved in 2016. The patent e�ciency score of
Urumqi in the �rst two years is slightly higher than
0.6, but it hits 0.7 in the following two years.

The four-year patent e�ciency score of Wuhan
exceeds 0.8 and in the last two years, it reaches one.
For Zhengzhou, it is about 0.7 in 2013 and reaches one
in the following years. Chengdu falls from one in the
�rst three years to 0.95 in 2016. From the point of
view of time, cities where patent e�ciency is declining
are Changchun, Fuzhou, Jinan, Shenyang, and Xining.

The cities showing an upward trend are Chongqing,
Guiyang, Kunming, Lhasa, Nanchang, Shijiazhuang,
Wuhan, Urumqi, and Zhengzhou. Most of them are
second-tier western cities that have rapidly developed
in recent years. This means that the innovation output
of these cities has signi�cantly increased.

In terms of CO2 emissions, cities with e�ciency
scores below 0.4 include Changchun, Guiyang, Jinan,
Lanzhou, Shijiazhuang, Taiyuan, Xian, Xining, and
Yinchuan, meaning that they still have much room for
improvement in carbon emission e�ciency. Chongqing,
Fuzhou, Haikou, Harbin, Nanchang, Shenyang, and
Urumqi take slightly higher positions than the previous
nine cities and still have much room for improvement.
Cities with the e�ciency score of one are Beijing,
Changsha, Guangzhou, Hangzhou, Hefei, Huhehot,
Nanjing, Nanning, Shanghai, and Tianjin.

Considering the progression of time, carbon diox-
ide e�ciency of Chengdu is one in the �rst three years,
but it drops to 0.9 or more in 2016. Wuhan and
Zhengzhou rise from about 0.9 in 2013 to one in the
next three years. The e�ciency score of Changchun
in the �rst three years is below 0.4. However, its
e�ciency score in the last year is one. CO2 emissions
of Lhasa show some uctuations to less than one in
2013 and 2015, but hit one in 2014 and 2016. In
general, cities with declining trends include Chongqing,
Harbin, Haikou, Lanzhou, Shenyang, Taiyuan, Xian,
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Urumqi, and Xining. On the other hand, Changchun,
Guiyang, Jinan, Kunming, Shijiazhuang, Wuhan, and
Zhengzhou show an upward trend in e�ciency, indicat-
ing that they are better controlling CO2 emissions.

In terms of AQI e�ciency, cities with an e�ciency
score of one include Beijing, Changsha, Guangzhou,
Hangzhou, Hefei, Huhehot, Nanjing, Nanning, Shang-
hai, Tianjin, and Zhengzhou. Cities with a lower AQI
score (less than 0.6) are Lanzhou, Lhasa, Shijiazhuang,
Taiyuan, Xian, Xining, and Yinchuan. Moreover, the
e�ciency scores of these cities have dropped rapidly
since 2013, falling below 0.2 in 2016. This shows
that their AQI e�ciency scores are lower than 0.6 for
most of the time. More governance measures are thus
needed for control and improvement. The e�ciency
of Changchun, Chongqing, Fuzhou, Guiyang, Harbin,
Haikou, Kunming, Nanchang, Shenyang, and Urumqi
varies from 0.8 to one.

In terms of time series, the e�ciency scores of
Changchun, Chengdu, Chongqing, and Nanchang have
an increasing trend and are higher than 0.8 in the
�rst three years, but decline in 2016 to lower than
0.6. AQI e�ciency of Urumqi rises each year up to
2016. Also, the score for Wuhan reaches one in 2015
and keeps the same value in 2016. Harbin and Haikou
show a rise in 2014, but fall in 2015 and 2016. These
cities need to pay more attention to improving the
e�ciency of AQI through the development of inno-
vative and economic processes. Over time, the eight
cities of Guiyang, Jinan, Lanzhou, Lhasa, Taiyuan,
Xian, Xining, and Yinchuan exhibit declining e�ciency
scores. For Fuzhou and Kunming, AQI e�ciency in
2015 is higher than that in 2014, but in 2016 it drops
again. Harbin, Haikou, and Shenyang in 2014 have
AQI e�ciency scores higher than 2013, but their scores
begin to decline afterwards. Only AQI e�ciency scores
of Wuhan and Urumqi continue to rise. It is noteworthy
that, except for the eight cities with e�ciency scores
of one as well as Wuhan and Urumqi, which follow a
rising trend, the AQI e�ciency scores of all cities in
2016 are signi�cantly lower than those in the previous
years. There are many cities in 2016 with room for
improvement in AQI e�ciency as their scores drop to
around 0.2 or below, including Fuzhou, Guiyang, Jinan,
Kunming, Lanzhou, Lhasa, Shenyang, Taiyuan, Xian,
Xining, and Yinchuan.

4. Conclusion

Innovative Research and Development (R&D) capa-
bilities are the most important factors in economic
activities and the driving force of social development.
However, scholars in the past have paid greater atten-
tion to the impact of innovative (R&D) capabilities
only on economic activities and ignored this impact on
the environment. This study combined the variables

of energy consumption, economy, environment, and
innovative (R&D) capabilities; collected data for 31
cities in China; and used the dynamic SBM DEA
model to explore urban e�ciency as well as e�ciency
of variables. After considering input and output indi-
cators such as energy consumption, R&D investment,
patent output, CO2 emissions, and Air Quality Index
(AQI), this paper calculated the total e�ciency scores
of 31 cities in China and presented the scores for each
indicator. The scores showed large di�erences among
cities. Our �ndings were the following.

From the point of view of total e�ciency, 10 cities
have the score of one, meaning no need for e�ciency im-
provement. However, the total e�ciency scores of the
other 21 cities show large room for improvement and
there are big di�erences among them. Among these
cities, 13 have total e�ciencies less than 0.4. With the
progression of time, the Overall E�ciency (OE) score of
each city changes and we observe signi�cant di�erences.
The total e�ciency of eight cities continues to decline,
while in four cities it �rst rises and then declines. In
addition, total e�ciency of three cities is uctuating.
Finally, only three cities have rising e�ciency over
time. The e�ciency scores for various input and output
indicators of the cities are also very di�erent. The
development of these various indicators with time in
di�erent cities has a broad spectrum. Some cities show
an upward trend in some indicators while others show
a downward trend. Among the indicators, the number
of patents in each city has grown rapidly, but there are
still wide di�erences among the cities.

From the perspective of energy consumption,
there are 10 cities with the energy consumption e�-
ciency score of one and 18 cities with e�ciency scores
of around 0.6 or below. Among the 18 cities, 10
have energy consumption e�ciencies lower than 0.4.
These cities thus have signi�cant room for improve-
ment. There are few cities with e�ciency scores that
continue to rise over time and only three cities show
uctuations. In addition, there are at least nine cities
whose energy consumption e�ciency scores continue
to decline, indicating that their energy consumption
structure still needs more measures to be taken.

From the perspective of innovative R&D capabili-
ties, the cities with the patent e�ciency score of one are
exactly those with the energy consumption e�ciency
score of one. However, there are 14 cities whose patent
e�ciencies are lower than 0.4. There are �ve cities
whose patent e�ciency has continued to decline and
nine cities whose patent e�ciency has continued to
rise with time. This shows that many cities have
achieved good results in the �eld of innovation ability
enhancement.

From the perspective of environmental variables,
in CO2 e�ciency, 10 cities have the e�ciency score of
one. However, nine cities have CO2 e�ciency scores
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lower than 0.4 and seven cities have CO2 e�ciency
scores of about 0.6. All the 16 cities have a signi�cant
room for improvement. With the progression of time,
nine cities have continued to decline in CO2 e�ciency
and seven cities have continued to rise. This means
that many cities have also made signi�cant progress in
CO2 emission control, but there are still some cities
that need to take on more measures to control this
pollution.

In terms of AQI e�ciency, 11 cities have the
e�ciency score of one. However, 11 other cities have
AQI e�ciency scores below 0.6, but their e�ciency
scores are all higher than 0.2. The AQI e�ciency
scores of the other cities have been higher at around
0.8 from 2013 to 2015, but the estimated �gures in
2016 show a signi�cant decline. Eleven cities have more
obvious room for improvement with regard to their
AQI e�ciency scores. The AQI e�ciency scores of two
cities have continued to rise, but those of eight cities
have continued to decline with time. In 2016, the AQI
e�ciency scores of all cities have dropped signi�cantly
and for many cities, they have fallen below 0.6. There
are 11 cities in 2016 with e�ciency scores dropping to
around 0.2 or below.

The results of this study suggest that, considering
the relatively large di�erences between cities, policies
should be formulated to optimize the industrial struc-
ture and to explore di�erent industrial advantages,
factor endowments, geographic features, demographic
characteristics, and cultural characteristics of each city.
New technologies can be applied to the use of clean
energy and the clean use of traditional energy sources.
Priority should be given to the control and prevention
of environmental pollution, e.g., by increasing R&D in-
vestment as well as improving and optimizing industrial
and energy structures. Policymakers must also pay
close attention to air pollution and carbon emissions,
and formulate policies and measures that are more
conducive to the green, ecological, and sustainable
economic and social development of all the big cities
of China.

Acknowledgement

This study is supported by the National Natural
Science Foundation of China (No. 71773082), Sichuan
Province Philosophy and Social Sciences Project (No.
2016SC16A006), and Sichuan Science Project (No.
2017ZR0033).

References

1. Hu, J.L. and Wang, S.C. \Total factor energy e�ciency
of regions in China", Energy Policy, 34(17), pp. 3206{
3217 (2006).

2. Kumar, S. \Environmentally sensitive productivity

growth: A global analysis using Malmquist-Luenberger
index", Ecological Economics, 56, pp. 280{293 (2006).

3. Gomes, E.G. and Lins, M.P.E. \Modeling undesirable
outputs with zero sum gains data envelopment analysis
models", Journal of the Operational Research Society,
59, pp. 616{623 (2007).

4. Zhou, P., Ang, B.W., and Poh, K.L. \Measuring envi-
ronmental performance under di�erent environmental
DEA technologies", Energy Economics, 30(1), pp. 1{
14 (2008).

5. Yeh, T.-l., Chen, T.-y., and Lai, P.-y. \A comparative
study of energy utilization e�ciency between Taiwan
and China", Energy Policy, 38, pp. 2386{2394 (2010).

6. Zhang, X.P., Cheng, X.M., Yuan, J.H., and Gao,
X.J. \Total-factor energy e�ciency in developing coun-
tries", Energy Policy, 39, pp. 644{650 (2011).

7. Choi, Y., Zhang, N., and Zhou, P. \E�ciency and
abatement costs of energy-related CO2 emissions in
China: A slacks-based e�ciency measure", Applied
Energy, 98, pp. 198{208 (2012).

8. Wang, K., Wei, Y.-M., and Zhang, X. \Energy and
emissions e�ciency patterns of Chinese regions: A
multi-directional e�ciency analysis", Applied Energy,
104, pp. 105{116 (2013).

9. Lin, B. and Yang, L. \E�ciency e�ect of changing
investment structure on China's power industry", Re-
newable and Sustainable Energy Reviews, 39, pp. 403{
411 (2014).

10. Zhou, C., Chung, W., and Zhang, Y. \Measuring
energy e�ciency performance of China's transport
sector: A data envelopment analysis approach", Expert
System with Application, 41(2), pp. 709{722 (2014).

11. Pan, X., Liu. Q., and Peng, X. \Spatial club conver-
gence of regional energy e�ciency in China", Ecological
Indicators, 51, pp. 25{30 (2015).

12. Wang, Z. and Feng, C. \A performance evaluation of
the energy, environmental, and economic e�ciency and
productivity in China: an application of global data
envelopment analysis", Applied. Energy, 147, pp. 617{
626 (2015).

13. Wu, J., Lin, L., Sun, J., and Ji, X. \ A comprehensive
analysis of China's regional energy saving and emission
reduction e�ciency : from production and treatment
perspectives", Energy Policy, 84, pp. 166{178 (2015).

14. Liou, J.-L., Chiu, C.-R., Huang, F.-M., and Liu, W.-
Y. \Analyzing the relationship between CO2 emission
and economic e�ciency by a relaxed two-stage DEA
model", Aerosol and Air Quality Research, 15, pp.
694{701 (2015).

15. Meng, F., Su, B., Thomson, E., Zhou, D., and Zhou,
P. \Measuring China's regional energy and carbon
emission e�ciency with DEA models: A survey",
Applied Energy, 183, pp. 1{21 (2016).

16. Wang, Q., Chiu, Y.H., and Chiu, C.R. \Non-radial
metafrontier approach to identify Carbon Emission
Performance and intensity", Renewable and Sustain-
able Energy Reviews, 69, pp. 664{672 (2017).



968 Y. Li et al./Scientia Iranica, Transactions E: Industrial Engineering 27 (2020) 956{969

17. Du, K., Xie, Ch., and Ouyang, X. \A comparison of
carbon dioxide (CO2) emission trends among provinces
in China", Renewable and Sustainable Energy Reviews,
73, pp. 19{35 (2017).

18. Feng, Ch., Zhang, H., and Huang, J.-B. \The approach
to realizing the potential of emissions reduction in
China: An implication from data envelopment anal-
ysis", Renewable and Sustainable Energy Reviews, 71,
pp. 859{872 (2017).

19. Vardanyan, M. and Noh, D. \Approximating pollution
abatement costs via alternative speci�cations of a
multi-output production technology: a case of the US
electric utility industry", Journal of Environmental
Management, 80, pp. 177{190 (2006).

20. Rao, X., Wu, J., and Zhang, Z. \Energy e�ciency
and energy saving potential in China: an analysis
based on slacks-based measure model", Computers and
Industrial Engineering, 63(3), pp. 578{584 (2012).

21. Long, X., Oh, K., and Cheng, G. \Are stronger
environmental regulations e�ective in practice? The
case of China's accession to the WTO", Journal of
Cleaner Production, 39, pp. 161{167 (2013).

22. Bi, G.B., Song, W., and Zhou, P. \Does environmental
regulation a�ect energy e�ciency in China's thermal
power generation? Empirical evidence from a slacks-
based DEA model", Energy Policy, 66, pp. 537{546
(2014).

23. Bian, Y., Liang, N., and Xu, H. \E�ciency evaluation
of Chinese regional industrial systems with undesir-
able factors using a two-stage slacks-based measure
approach", Journal of Cleaner Production, 87, pp.
348{356 (2015).

24. Wang, Q., Hang, Y., Sun, L., and Zhao, Z. \Two-
stage innovation e�ciency of new energy enterprises
in China: A non-radial DEA approach", Technological
Forecasting and Social Change, 112, pp. 254{261
(2016).

25. Li, H., You, Sh., Zhang, H., Zhang, W., Zheng, X.,
Jia, J., Ye, T., and Zou, L. \Modelling of AQI related
to building space heating energy demand based on
big data analytics", Applied Energy, 203, pp. 57{71
(2017).

26. Li, H., You, Sh., Zhang, H., Zhang, W., and Zou,
L. \Investigating the environmental quality deterio-
ration and human health hazard caused by heating
emissions", Science of the Total Environment, 629, pp.
1209{1222 (2018).

27. Xu, X., Gonz�alez, J.E., Shen, Sh., Miao, Sh., and
Dou, J. \Impacts of urbanization and air pollution on
building energy demands - Beijing case study", Applied
Energy, 225, pp. 98{105 (2018).

28. Tong, Zh., Chen, Y., Malkawi, A., Liu, Zh., and
Freeman, R.B. \Energy saving potential of natural
ventilation in China: The impact of ambient air
pollution", Applied Energy, 179, pp. 660{668 (2016).

29. Bidokhti, A.A., Shariepourb , Z., and Sehatkashanic,
S. \Some resilient aspects of urban areas to air pollu-
tion and climate change, case study: Tehran, Iran",

Scientia Iranica, Transactions A, Civil Engineering,
23(5), 1994{2004 (2016).

30. Ahmadzadehtalatapeh, M. \Solar assisted desiccant
evaporative cooling system for o�ce buildings in Iran:
An annual simulation model", Scientia Iranica, Trans-
actions B, Mechanical Engineering, 25(1), pp. 280{298
(2018).

31. Liao, Zh., Gao, M., Sun, J., and Fan S, \The impact
of synoptic circulation on air quality and pollution-
related human health in the Yangtze River Delta
region", Science of the Total Environment, 608, pp.
838{846 (2017).

32. Li, H., You, Sh., Zhang, H., Zhang, W., Lee, W.-L.,
Ye, T., and Zou, L. \Analyzing the impact of heating
emissions on air quality index based on principal
component regression", Journal of Cleaner Production,
171(10), pp. 1577{1592 (2018).

33. Khreis, H., Hooghf, K.de., and Nieuwenhuijsen, M.J.
\Full-chain health impact assessment of tra�c-related
air pollution and childhood asthma", Environment
International, 114, pp. 365{375 (2018).

34. Maji, K., Dikshit, A.K., Arora, M., and Deshpande,
A. \Estimating premature mortality attributable to
PM2.5 exposure and bene�t of air pollution control
policies in China for 2020", Science of the Total
Environment, 612, pp. 683{693 (2018).

35. Laitinen, E.K. \A dynamic performance measurement
system: evidence from small Finnish technology com-
panies", Scandinavian Journal of Management, 18, pp.
65{99 (2002).

36. Urpelainen, J. \Export orientation and domestic elec-
tricity generation: E�ects on energy e�ciency innova-
tion in select sectors", Energy Policy, 39(9), pp. 5638{
5646 (2011).

37. Bai, J. and Li, J. \Regional innovation e�ciency in
China: The role of local government", Innovation:
Management, Policy & Practice, 13(2), pp. 142{153
(2011).

38. Chen, K. and Guan, J. \Two-stage innovation e�-
ciency of new energy enterprises in China: A non-
radial DEA approach", Regional Studies, 46, pp. 341{
355 (2012).

39. Bai, J. \On regional innovation e�ciency: Evidence
from panel data of China's di�erent provinces", Cam-
bridge, 47(5), pp. 773{776 (2013).

40. Moon, H.S. \The relative e�ciency analysis of in-
novation activities with uncertainty: The case of
Korean electronic equipment industry", Innovation:
Management, Policy & Practice, 15(3), pp. 305{314
(2013).

41. Chen, J. and Meng, L. \Research on technological in-
novation e�ciency of China's high-tech industry based
on network SBM model and DEA window analysis",
Proceedings of 2013 4th International Asia Conference
on Industrial Engineering and Management Innova-
tion (IEMI2013), Springer Berlin Heidelberg (2014).



Y. Li et al./Scientia Iranica, Transactions E: Industrial Engineering 27 (2020) 956{969 969

42. Chen, K. and Kou, M. \State of an innovation system:
theoretical and empirical advance towards an innova-
tion e�ciency index", The Annals of Regional Science,
52(2), pp. 627{657 (2014).

43. Suh, Y. and Kim, M.S. \State of an innovation
system: Theoretical and empirical advance towards
an innovation e�ciency index", International Journal
of Services Technology and Management, 20(4{6), pp.
267{289 (2015).

44. Wan, L., Luo, B., Li, T., Wang, Sh., and Liang, L.
\E�ects of technological innovation on eco-e�ciency
of industrial enterprises in China", Nankai Business
Review International, 6(3), pp. 226{239 (2015).

45. Kou, M., Chen, K., and Wang, S. \Measuring ef-
�ciencies of multi-period and multi-division systems
associated with DEA: An application to OECD coun-
tries' national innovation systems", Expert Systems
with Applications, 46, pp. 494{510 (2016).

46. Huang, D., Lu, D., and Luo, J.H. \Corporate innova-
tion and innovation e�ciency: does religion matter?",
Nankai Business Review International, 7(2), pp. 150{
191 (2016).

47. Greco, M., Grimaldi, M., and Cricelli, L. \Hitting the
nail on the head: Exploring the relationship between
public subsidies and open innovation e�ciency", Tech-
nological Forecasting and Social Change, 118, pp. 213{
225 (2017).

48. Chen, W. and Lei, Y. \The impacts of renewable
energy and technological innovation on environment-
energy-growth nexus: New evidence from a panel
quantile regression", Renewable Energy, 123, pp. 1{
14 (2018).

49. Tone, K. \Resampling in DEA", GRIPS Discussion
Paper, National Graduate Institute for Policy Studies,
pp. 13{23 (2013).

50. Tone, K. and Tsutsui, M. \Dynamic DEA: A slacks-
based measure approach", Omega, 38, pp. 145{156
(2010).

51. Simar, L. and Wilson, P.W. \Sensitivity analysis of
e�ciency scores: How to bootstrap in nonparametric
frontier models", Management Science, 44(1), pp. 49{
61 (1998).

52. Simar, L. and Wilson, P.W. \A General methodology
for bootstrapping in non-parametric frontier models",
Journal of Applied Statistics, 27(6), pp. 779{802
(2000).

53. Tziogkidis, P. \Bootstrap DEA and hypothesis
testing", Cardi� Economics Working Papers, No.
E2012/18 (2012).

54. Charnes, A., Cooper, W.W., and Rhodes, E. \Measur-
ing the e�ciency of decision making units", European

Journal of Operational Research, 2(6), pp. 429{444
(1978).

55. Banker, R.D., Charnes, A., and Cooper, W.W. \Some
models for estimating technical and scale ine�ciencies
in data envelopment analysis", Management Science,
30(9), pp. 1078{1092 (1984).

56. Tone, K. \A slacks-based measure of e�ciency in data
envelopment analysis", European Journal of Opera-
tional Research, 130, pp. 498{509 (2001).

Biographies

Ying Li is an Associate Professor in Business School,
Sichuan University, China. She received her MA degree
in Development Studies from Rotterdam Erasmus Uni-
versity, the Netherlands, and her PhD degree in Busi-
ness Administration from Sichuan University, China.
Her recent research interests include air pollution and
its economic and social impacts, environmental pollu-
tion and creativity, sports and hospitality management,
etc. She has published about 20 academic papers in
Chinese and international journals.

Yung-ho Chiu is a Professor in the Department
of Economics at Soochow University, Taiwan. In
1994, he received his PhD degree in Economics from
University of Mississippi, USA. His current research in-
terests include �nancial management, banking analysis,
risk management, hospitality management, production
management, Chinese economy research, operations
research, and green economics. He has published more
than 80 academic papers in various Taiwanese and
international periodicals, including European Journal
of Operational Research, Omega, Energy Policy, Re-
newable & Sustainable Energy Reviews, etc.

Liang Chun Lu is a PhD candidate in Economics
Department at the Business School of Soochow Uni-
versity, Taiwan. In 2009, he received his EMBA
degree from the same university. His research interests
include energy e�ciency, environmental pollution, CO2
emission, forest resource e�ciency and its economics,
health, and social impact.

Haoxuan Liu holds a BSc degree in Administration
in Human Resource Management from the Business
School of Sichuan University, China. His current
research interest is urban/rural public policy and so-
ciology with focus on topics such as urban innovation,
sustainable urban system, and ful�llment of compul-
sory education in rural areas.




