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Abstract: The operation process of the Chinese provincial industrial system consists of four stages,
namely the production (P) stage, wastewater treatment (WWT) stage, solid waste treatment (SWT)
stage, and sulfur dioxide treatment (SDT) stage. Based on this structure, a four-stage data envel-
opment analysis (DEA) model is developed to evaluate the eco-efficiency, production efficiency,
wastewater treatment efficiency, solid waste treatment efficiency, and sulfur dioxide treatment effi-
ciency of provincial industrial systems in China, considering the undesirable output and variable
returns to scale (VRS). Based on the objective data from 2011 to 2015, the following conclusions are
drawn: Firstly, the eco-efficiency of the Chinese provincial industrial system has not been significantly
improved during the study period, and the average eco-efficiency score is low, only 0.3805. Secondly,
the reasons for the low eco-efficiency of the industrial system are different in the Eastern, Central,
Western, and Northeastern regions. Thirdly, compared with the P stage, industrial WWT stage, and
SWT stage, the efficiency of SDT stage is still relatively weak.

Keywords: data envelopment analysis; industrial system; wastewater; solid waste; sulfur dioxide

1. Introduction

Since its reform and opening up, and with the rapid development of industrialization,
the Chinese economy has made remarkable achievements. However, behind this achieve-
ment, China has paid a huge energy and environmental price. The extensive economic
development model with high energy consumption and high emissions has brought energy
shortages and environmental pollution to China. As the world’s largest energy consumer
and greenhouse gas emitter, China accounts for 23% of the world’s energy consumption,
according to data released by the BP Statistical Yearbook of World Energy. Only 29.3% of
China’s 338 major cities meet the air quality standards recommended by the Ministry of
Ecology and Environment, according to the 2017 China Environmental Status Bulletin [1].
For this reason, the Chinese government has taken drastic measures to control air pollution.
For example, The State Council issued the Air Pollution Prevention and Control Action
Plan (2013) and the Three-year Action Plan to Win the Battle against Blue Skies (2017).
Currently, air pollution in China has attracted widespread attention in policy making and
industrial research.

The industrial sector is one of the high energy consuming sectors in China, which
determines that the industrial sector plays an important role in reducing energy consump-
tion and environmental pollution. Chinese industrial energy consumption accounted for
65.6% of the country’s total energy consumption in 2017, according to data released by
the National Bureau of Statistics. The huge consumption of industrial fossil energy will
discharge a large amount of industrial wastewater, solid waste, and sulfur dioxide, which
is one of the main culprits of smog. According to the China Environmental Statistics Year-
book, industrial wastewater emissions accounted for 27.1% of total wastewater emissions
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in 2015, and industrial sulfur dioxide emissions accounted for 83.7% of total sulfur dioxide
emissions. The discharge of a large number of industrial pollutants is not only harmful to
human health, but also detrimental to sustainable development strategies.

Industrial eco-efficiency is defined as the efficiency level of ecological resources to
meet the needs of industrial development, aiming at the unification of economic efficiency
and environmental benefits to achieve sustainable development of industrial economy
and society. The concept of eco-efficiency was developed by the World Business Council
for Sustainable Development. Eco-efficiency can be defined as the ratio of economic
value to environmental impact [2]. It involves producing more goods and services with
fewer resources, with less impact on the environment [3]. Eco-efficiency is defined as
the ratio of environmental performance measurement index to financial performance
measurement index. From this perspective, the goal is to achieve the lowest negative
environmental impact with the lowest consumption of economic resources [4]. One of
the basic characteristics of previous studies on the efficiency of industrial systems is that
the industrial system is regarded as a “black box” structure, in which resources such as
energy, capital, and labor are invested to obtain industrial emissions and GDP output
without considering its internal structure, which often results in exaggerated efficiency
results [5]. Because processes of industrial operations are often accompanied by a variety
of undesirable industrial pollutants, these pollutants are an important goal of emission
reduction. However, many different industrial pollutants are generated, and the process for
reducing these is not the same; therefore, to ignore these different characteristics, inhibits
accurate exploration of the eco-efficiency of the industrial system, and limits the ability
to provide valuable information for energy conservation and emissions reduction targets.
According to the characteristics of different links of production and pollution control in
the industrial system, the Chinese provincial industrial system includes P stage, WWT
stage, SWT stage, and SDT stage, and its structure is shown in Figure 1. In Figure 1, the P
stage inputs energy, capital, and labor, producing industrial added value, wastewater, solid
waste, and sulfur dioxide. Among them, wastewater, solid waste, and sulfur dioxide need
to be treated through various treatment stages and then discharged. Wastewater treatment,
solid waste treatment, and sulfur dioxide treatment all require additional investment in
treatment. Wastewater and sulfur dioxide are treated and then discharged, while solid
waste is treated by recycling and comprehensive utilization to reduce environmental
pollution. Therefore, to improve the eco-efficiency of the entire industrial system, the
efficiency of these four interrelated sub-stages must be improved simultaneously. Based on
the above considerations, this paper mainly discusses the following questions:

â Has the eco-efficiency of the Chinese provincial industrial system been improved
from 2011 to 2015? How efficient are the sub-stages?

â Which sub-stages are the causes of low efficiency?
â What are the differences in efficiency among the four regions? What are the charac-

teristics of efficiency at different stages in the same system and in different years?
Therefore, this paper evaluates the efficiency of Chinese provincial industrial sec-
tors from 2011 to 2015 by combining the network SBM-DEA model and efficiency
decomposition method, in order to provide necessary guidance for policy making
and sustainable development of industrial economy.
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2. Literature Review

At present, the concepts of energy conservation and emission reduction, clear water
and green mountains have become more and more common across society. As one of the
representative sectors of high energy consumption and high emissions, how to improve the
energy and environmental efficiency of industrial enterprises has attracted more and more
attention from the industry and academia. Generally speaking, the efficiency evaluation of
industrial sectors is mainly carried out at the regional and industry levels. For example,
reference [6] used a DEA based method to evaluate the energy and environmental efficiency
of 30 regions in China and found that the energy and environmental efficiency of Chinese
industry was poor. Reference [7] applied the Malmquist index (MI) method to evaluate
the performance of industrial energy conservation and emission reduction in more than
200 Cities in China. Reference [8] used DEA to evaluate provincial environmental efficiency
in China from 2004 to 2012. Reference [9] used the input-oriented ZSG-DEA model to
explore the carbon emission quota efficiency of 39 industries in China in 2020.

There are two main methods to study the efficiency of industrial sectors. The first is
parametric method represented by stochastic frontier method (SFA). For example, refer-
ence [10] used SFA to evaluate the GHG efficiency of 26 industries in China at the industry
level and analyzed its influencing factors. Reference [11] proposed a hybrid method using
logarithmic average divided by index, symmetric component, and SFA to estimate the
energy saving potential of industrial sectors. Reference [12] quantitatively measured the
total factor carbon emission performance and carbon emission reduction potential of 39
industrial sectors in the Beijing–Tianjin–Hebei region from 2010 to 2016 by using SFA
method. However, a great limitation of these studies lies in the fact that the functional
form of industrial production technology must be given compulsorily in advance, that is, a
certain functional relationship between input and output, and different functional forms
may lead to different evaluation results, which is a deficiency of SFA method for industrial
system efficiency evaluation. The other is the more widely used non-parametric method
represented by DEA, which makes up for the shortcomings of the SFA method. It does not
need to specify a certain functional relationship between input and output. This method
was first proposed by [13] in 1978. Since then, more and more research on methods, model
innovation, and different application scenarios based on this method have been carried out,
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including [14,15]. For the research on energy and environment using DEA method, please
refer to the review of [16].

Research on efficiency evaluation of industrial systems using traditional DEA or its
extended model mostly regard the evaluated system as a “black box” structure without
considering its internal situation. Reference [17] used the super-efficiency DEA model to
evaluate the eco-environmental benefits of cities in the Yellow River Basin from 2008 to
2017, and discussed the temporal and spatial evolution characteristics of regional economic
benefits and the factors affecting regional economic benefits. Reference [18] used the data
of 42 thermal power plants in China in 2020 to construct a multi-dimensional index eval-
uation system of carbon emission efficiency from three aspects: energy, economy, and
environment. The super-efficiency slacks-based measure (SBM) model with undesirable
output is used to identify and distinguish several efficient decision units and the efficiency
improvement path of inefficient thermal power plant is discussed. Reference [19] used non-
parametric DEA and fractional regression model to analyze the evolution of eco-efficiency
in 27 countries of the European Union (EU) from 2008 to 2018, providing a high level of
attention to the relationship between economic growth and environmental performance in
the EU. Reference [20] extends the previous framework for efficiency analysis, introducing
a new slacks-based measure of efficiency called the scale directional distance function
(SDDF) approach, used to measure the eco-efficiency of Malaysia’s manufacturing industry.
Reference [21] uses DEA methodology to calculate environmental efficiency across the
28 member states of the European Union (EU). For more studies in this field, please refer
to [22–28]. To determine the causes of inefficiency in industrial systems, it is necessary to
consider the internal structure of industrial systems. Therefore, reference [29] developed a
network DEA model for evaluating organizational performance and its component per-
formance. The proposed network DEA model has aroused the research interest of many
scholars, and many new network DEA expansion models have been developed successively,
such as network SBM model and dynamic network SBM model of [30,31], additive network
DEA efficiency decomposition model of [32], and network DEA efficiency decomposition
method of [33]. Reference [34] extended the traditional two-stage network DEA model to
the uncertain two-stage network DEA model. Reference [35] proposed a common weight
network DEA model when the production system contains multiple interrelated processes.
The two-stage DEA model is a kind of network model. Reference [36] used two-stage DEA
model to construct an index system to measure the mining technology innovation efficiency,
mining eco-efficiency, and mining comprehensive efficiency of 30 provinces in China. Ref-
erence [37] simulated the operation process of the electric power industry through the
network structure, introduced the dynamic slacks-based measure method, and evaluated
the operation efficiency of the whole industry and each stage in each period. Reference [38]
proposed a two-stage efficiency evaluation model of Chinese regional industrial system
based on SBM-DEA. The model decomposed efficiency into production efficiency and
emission reduction efficiency, which can simultaneously estimate the efficiency of the entire
regional industrial system, production stage, and emission reduction stage. However, this
study did not consider the differences in the treatment processes of different industrial
pollutants in the treatment stage, and could not further find out the cause of low efficiency
in the internal stage of the system. Reference [39] separated the energy production sector
from the energy consumption sector and proposed an adjusted energy efficiency evaluation
network DEA model, which was then applied to the energy efficiency evaluation of provin-
cial industrial sectors in China. Reference [40] established a network SBM model to evaluate
the environmental performance of the Chinese industrial system. Reference [41] proposed
a two-stage game DEA method, using centralized and Stackelberg game models to measure
the cost efficiency (CE) of Iran’s power grid. Reference [42] extended the existing two-stage
network DEA model that distinguishes pure energy efficiency from economic efficiency to
investigate whether energy efficiency has a positive relationship with corporate financial
performance in South Korea. Reference [43] used a dynamic network DEA (DNDEA) model
to evaluate the performance of Taiwan’s machine tool industry from 2010 to 2014. Using
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data from fiscal 2011 and 2017, reference [44] analyzed the efficiency of the Italian urban
water sector using an extended parallel network DEA model. These studies considered the
internal structure of the industrial system, but did not carry out a further analysis of the
sub-stage, so they could not further find out the deeper reasons for the inefficiency of the
system. In view of this, this paper reexamines the internal structure of the industrial system
on the basis of these scholars’ research, proposes a new network SBM model according
to the characteristics of the system structure, and evaluates the efficiency of the Chinese
provincial industrial system. The research route is shown in Figure 2.
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3. Materials and Methods
3.1. Materials

This paper selects 30 provincial-level regions in mainland China as research objects
(DMU). Tibet was excluded from the study due to a lack of data on industrial pollutants.
The study covered the period from 2011 to 2015, China’s 12th Five-Year Plan period. The
industrial system will be divided into four interconnected stages, which is different from
previous studies, such as [45–47]. In order to study the efficiency of China’s provincial
industrial systems, the input and output indicators and data sources selected in this paper
are explained as follows based on previous research.

In the P stage, net fixed assets (NFA) indicator was selected to represent capital input,
and the data came from China Industrial Statistics Yearbook or Economic Census Yearbook
of provinces and autonomous regions. NFA is usually used as an input of regional efficiency
evaluation [1,38,48]. As an indicator of energy input, total energy consumption (TEC) comes
from China Energy Statistical Yearbook, Statistical Yearbook of Provinces and Autonomous
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Regions, and China Statistical Yearbook. In terms of labor input, the annual average number
of all employees (Labor) is used, and the data are mainly from China Industrial Statistical
Yearbook, Statistical Yearbook of Provinces and Autonomous Regions, and China Statistical
Yearbook. The desirable output indicator in the P stage is industrial added value (IAV),
and relevant data can be found in China Statistical Yearbook and Statistical Yearbook of
Provinces and Autonomous Regions. Labor and TEC are used as the other two inputs in
the P stage, and IVA is used as a desirable output in the stage. Similar literature can also
be referred to [1,49–53]. Industrial wastewater production (WWP), solid waste production
(SWP), and sulfur dioxide production (SDP) [47] are undesirable outputs in the P stage,
but also intermediate outputs. They are both the output of the production stage and the
input of the pollutant treatment stage, as shown in Figure 1. The data are obtained from
China Environmental Statistics Annual Report, and a few missing data are obtained by
calculating the mean value before and after two years.

In the WWT stage, the amount of WWP in the P stage and the investment in industrial
wastewater treatment (WWTI) will be the input of this stage, whereas the output is the
discharge of industrial wastewater (WWD). In the SWT stage, SWP and investment in solid
waste treatment (SWTI) are the input factors, and the desirable output is the comprehensive
utilization of solid waste (CUSW) [54]. In the SDT stage, the amount of SDP in the P
stage and the investment in industrial sulfur dioxide treatment (SDTI) will be put into
use, and the emission of sulfur dioxide (SDE) [49] will be taken as an undesirable output
indicator. When measuring the performance of an industrial system, industrial waste gas,
industrial wastewater, and solid waste are usually considered, as per [46,55]. In this paper,
for the convenience of data acquisition, industrial sulfur dioxide will be used as a proxy
variable of industrial waste gas. In the corresponding industrial waste treatment stage, the
treatment investment of different pollutants is the main input variable in the treatment
stage. Different from WWD and SDE in nature, CUSW belongs to the desirable output,
and it is expected that its value should be as large as possible. The above data of WWTI,
SWTI, and SDTI are all from China Statistical Yearbook, while the data of industrial WWD,
industrial SDE, and CUSW are from China Environmental Statistical Yearbook. The input
and output variables are summarized in Table 1. Descriptive statistics of the data are shown
in Table 2.

Table 1. Input and output variables.

Stage Variables Units

P stage

Input
TEC Tons of standard coal
NFA 100 million RMB
Labor 10 thousand people

Output

WWP 10 thousand tons
SWP 10 thousand tons
SDP 10 thousand tons
IAV 100 million RMB

WWT stage
Input WWP 10 thousand tons

WWTI 10 thousand RMB

Output WWD 10 thousand tons

SWT stage
Input SWP 10 thousand tons

SWTI 10 thousand RMB

Output CUSW 10 thousand tons

SDT stage
Input SDP 10 thousand tons

SDTI 10 thousand RMB

Output SDE 10 thousand tons



Sustainability 2022, 14, 5264 7 of 24

Table 2. Descriptive statistics of input–output variables.

Variables 2011 2012 2013 2014 2015

TEC
Mean 9519.76 9839.53 10,040.77 10,034.48 10,113.38
S.D. 6776.94 6911.25 6971.24 6789.89 7021.00

NFA
Mean 7620.88 8544.48 9681.50 10,909.13 11,512.69
S.D. 5600.50 6122.66 6850.72 7845.07 8310.72

Labor
Mean 307.99 329.01 326.13 332.30 325.61
S.D. 324.68 324.33 336.83 340.11 339.35

WWP
Mean 193,500.43 175,805.00 164,136.33 166,590.97 148,157.67
S.D. 186,764.96 157,573.71 153,180.45 161,277.87 134,160.48

SWP
Mean 10,749.07 10,955.97 10,911.33 10,841.23 10,889.30
S.D. 9643.47 9638.67 9295.08 9397.88 9345.74

SDP
Mean 199.49 205.08 210.67 211.03 211.38
S.D. 130.24 128.10 128.17 139.77 153.89

IAV
Mean 7706.05 7887.71 8394.35 9000.06 8813.73
S.D. 6788.58 6193.52 6608.49 6784.07 7335.40

WWTI
Mean 52,560.40 46,750.90 41,345.77 38,158.37 39,430.30
S.D. 55,971.97 50,618.07 37,782.89 37,154.28 41,037.18

WWD
Mean 76,946.03 73,850.13 69,933.30 68,433.23 66,483.33
S.D. 63,158.96 59,455.30 55,184.61 52,872.77 52,147.66

SWTI
Mean 10,454.00 8272.93 4894.20 5020.87 5473.83
S.D. 14,273.25 12,737.38 7286.86 7327.01 7772.17

CUSW
Mean 6506.90 6748.50 6863.63 6810.77 6626.57
S.D. 4891.62 4864.50 4938.01 5093.70 5085.69

SDTI
Mean 70,541.03 85,898.87 213,621.40 263,082.73 173,926.73
S.D. 58,888.34 72,150.54 158,025.80 256,241.65 156,311.93

SDE
Mean 67.24 63.72 61.17 58.01 51.89
S.D. 39.61 37.20 35.71 33.48 29.54

3.2. Methods

According to the structure of industrial system, this paper refers to the study of [33]
and expands its network SBM model to evaluate efficiency. Considering that it is impossible
for all the pollutants produced in the production system to be purified and treated in each
treatment system, the non-cooperative network SBM model is adopted in this paper, which
assumes that the amount of pollutants treated in each treatment stage is less than or equal
to the amount produced in the P stage. In the past, there were two main methods to deal
with the modeling of undesirable outputs: one was the method of non-data transformation,
which mainly includes the processing of undesirable outputs as input indicators [56] and
the method of direction distance function (DDF) [57]; second, through the method of
data transformation, the undesirable output is transformed to the desirable output for
processing, mainly including linear transformation [58] and nonlinear transformation [59].
It is easy to use to treat the undesirable outputs as input factors, which is very helpful to
study the operating efficiency of the system. This paper adopts this method to deal with the
undesirable outputs. To facilitate modeling, the industrial system structure is generalized
as shown in Figure 3. In this paper, 30 provincial regional industrial systems in China are
taken as evaluation objects (DMU), and the network SBM model used to measure their
efficiency is assumed as follows. The relevant modeling process can be referred to in the
studies of [1,46,47].
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For ∀DMUj, j = 1, 2, . . . , n. In the P stage, input resource Xij(i = 1, . . . , I) produces
desirable output Yrj(r = 1, . . . , R) and undesirable intermediate output Zuj(u = 1, . . . , U),
Zvj(v = 1, . . . , V), Zwj(w = 1, . . . , W). In the WWT stage, input Xaj(a = 1, . . . , A) processes
Zuj(u = 1, . . . , U) to produce an undesirable output Yuj(u = 1, 2, . . . , U). In the SWT
stage, input Xbj(b = 1, . . . , B) will treat Zvj(v = 1, . . . , V) to obtain the desirable output
Yvj(v = 1, 2, . . . , V). In the SDT stage, input Xcj(c = 1, . . . , C) with Zwj(w = 1, . . . , W)
to produce an undesirable output Ywj(w = 1, 2, . . . , W). According to the measurement
method of efficiency, DEA model can be divided into three types: input-oriented model,
output-oriented model, and non-oriented model. Input-oriented focuses on reducing input
factors as much as possible to achieve efficiency without reducing output, while output-
oriented focuses on increasing output level as much as possible without increasing input
factors to achieve efficiency [60]. To avoid bias, our model adopts a non-oriented form,
attempting to measure efficiency from both input and output.

Based on the above assumptions, the efficiency evaluation model with VRS and
undesirable outputs is
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R
∑

r=1

s+r
Yr0

+
U
∑

u=1

s−u
Yu0

+
V
∑

v=1

s+v
Yv0

+
W
∑

w=1

s−w
Yw0

) (1)

s.t.

P stage



n
∑

j=1
γjXij = Xi0 − s−i , ∀i,

n
∑

j=1
γjYrj = Yr0 + s+r , ∀r,

n
∑

j=1
γj = 1,

(2)
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WWT stage



n
∑

j=1
λjXaj = Xa0 − s−a , ∀a,

n
∑

j=1
λjYuj = Yu0 − s−u , ∀u,

n
∑

j=1
λj = 1,

(3)

SWT stage



n
∑

j=1
ηjXbj = Xb0 − s−b , ∀b,

n
∑

j=1
ηjYvj = Yv0 + s+v , ∀v,

n
∑

j=1
ηj = 1,

(4)

SDT stage



n
∑

j=1
µjXcj = Xc0 − s−c , ∀c

n
∑

j=1
µjYwj = Yw0 − s−w , ∀w

n
∑

j=1
µj = 1

(5)

Stage link



n
∑

j=1
γjZuj ≥

n
∑

j=1
λjZuj, ∀u,

n
∑

j=1
γjZvj ≥

n
∑

j=1
ηjZvj, ∀v,

n
∑

j=1
γjZwj ≥

n
∑

j=1
µjZwj, ∀w,

(6)

γj, λj, ηj, µj, s−i , s−a , s−b , s−c , s+r , s−u , s+v , s−w ≥ 0, ∀j, i, a, b, c, r, u, v, w. (7)

γj, λj, ηj, µj represent the intensity variables of corresponding stages, respectively, s−i , s−a , s−b
and s−c represent the slack variables of corresponding inputs Xij, Xaj, Xbj and Xcj, respec-
tively. Moreover, s+r , s−u , s+v and s−w represent the slack variables of corresponding outputs
Yrj, Yuj, Yvj and Ywj. If s1−

u , s1−
v , s1−

w , s2+
u , s2+

v and s2+
w are used to represent the slack variables

related to intermediate output, respectively, then

n
∑

j=1
γjZuj = Zu0 − s1−

u , ∀u,

n
∑

j=1
γjZvj = Zv0 − s1−

v , ∀v,

n
∑

j=1
γjZwj = Zw0 − s1−

w , ∀w,

n
∑

j=1
λjZuj = Zu0 + s2+

u , ∀u,

n
∑

j=1
ηjZvj = Zv0 + s2+

v , ∀v,

n
∑

j=1
µjZwj = Zw0 + s2+

w , ∀w.

(8)

According to the efficiency decomposition method, the efficiency calculation formula
of the four stages of the system is as follows

θP =

1− 1
I

(
I

∑
i=1

s−i
Xi0

)
1 + 1

R+U+V+W

(
R
∑

r=1

s+r
Yr0

+
U
∑

u=1

s1−
u

Zu0
+

V
∑

v=1

s1−
v

Zv0
+

W
∑

w=1

s1−
w

Zw0

) (9)
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θWWT =

1− 1
U+A

(
U
∑

u=1

s2+
u

Zu0
+

A
∑

a=1

s−a
Yu0

)
1 + 1

U

U
∑

u=1

s−u
Yu0

(10)

θSWT =

1− 1
B+V

(
B
∑

b=1

s−b
Xb0

+
V
∑

v=1

s2+
v

Zv0

)
1 + 1

V

V
∑

v=1

s+v
Yv0

(11)

θSDT =

1− 1
W+C

(
C
∑

c=1

s−c
Xc0

+
W
∑

w=1

s2+
w

Zw0

)
1 + 1

W

W
∑

w=1

s−w
Yw0

(12)

4. Results
4.1. Eco-Efficiency Analysis

By applying the collected data to the model and formula established in this paper, the
industrial eco-efficiency and stage efficiency of Chinese provincial industrial system under
non-cooperative conditions can be calculated. The results are shown in Tables A1–A5.

According to the results of Tables A1 and A2, it can be found that during the whole
study period, only Hainan province has an eco-efficiency score of 1, while the industrial eco-
efficiency of other provinces is less than 1. Hebei Province and Beijing rank second and third,
respectively, with scores of 0.7715 and 0.6832. The industrial P efficiency, WWT efficiency,
SWT efficiency, and SDT efficiency of Hainan province are all 1. During the 12th Five-Year
Plan period, Hainan province, guided by the spirit of the CPC Central Committee, persisted
in establishing an ecological province, focused on improving environmental quality, set
a red line for ecological protection, and made solid progress in pollution reduction. The
ecological and environmental quality of the province maintained a good momentum. On
the basis of the plans of the CPC Central Committee and The State Council for ecological
civilization construction, and based on the actual conditions of Hainan province, supporting
laws and regulations for ecological civilization construction have been implemented, such
as The Implementation Rules for Investigation of Responsibility for Ecological Environment
Damage by Party and Government Officials in Hainan Province and the Construction Plan
for Ecological Environment Monitoring Network in Hainan Province. The empirical results
show that these policies and measures have achieved good results. During the 12th Five-
Year Plan period, the production of industrial solid waste in Hainan province showed an
overall upward trend. In 2015, the comprehensive utilization of industrial solid waste
increased by 37.7% compared with 2010, a significant increase compared with 2010 [61]. In
2015, the total amount of wastewater discharged in Hainan province decreased by 2% from
the previous year, which is inseparable from the implementation of environmental policies
and increased investment in cleaner production and industrial wastewater treatment [62].
In addition, the environmental Kuznets curve shows that the environmental pollution
degree of a country or region is relatively low when the level of economic development is
low. During the 12th Five-Year Plan period, the industrial economic aggregate of Hainan
province is still small and still in the stage of low industrialization level [63]. Therefore,
according to the environmental Kuznets curve, the industrial environmental pollution
degree of Hainan Province is relatively low, thus achieving a good ecological efficiency
score. From 2011 to 2015, the industrial system of Hebei province operated efficiently in
the stages of production, wastewater treatment, and solid waste treatment, but the average
efficiency of sulfur dioxide treatment was relatively low, scoring only 0.2933. It can be seen
that the main reason for ecological inefficiency of the industrial system in Hebei province
during the 12th Five-Year Plan period is the low efficiency of the industrial sulfur dioxide
treatment stage, which is similar to the research results of [47]. Beijing has a good level
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of economic development and technological innovation system, but at the same time, the
degree of environmental pollution is relatively high, as can be seen from the northern
sandstorms and severe smog in recent years. When the pollution control technology cannot
keep up with the pollution degree of the environment or when economic development is
too fast, it will lead to the decline of the efficiency of pollution control. The results also show
that the whole industrial system is eco-efficient only when the P efficiency, WWT efficiency,
SWT efficiency, and SDT efficiency are all 1. Yunnan and Ningxia were the two regions
with the lowest eco-efficiency of the industrial system, with efficiency scores of 0.1707 and
0.1504, respectively. In Yunnan, for example, due to the low level of industrial enterprises
in the region for science and technology, pollution source treatment and terminal treatment
ability is limited, the main pollutant emissions continue to rise, leading to ethnic minority
areas in Yunnan with an imbalance in the relationship among economy, resources, and
environment. This led to a relatively low level of eco-efficiency during the evaluation
period of the industrial enterprises in the region [64].

In addition, the average eco-efficiency of China’s provincial industrial systems from
2011 to 2015 was only 0.3805, and nearly 77% of provincial industrial systems had an
average eco-efficiency score below 0.5. This result indicates that the eco-efficiency of
China’s provincial industrial system is generally low, and there is still a great potential for
improvement. The same result can also be found in the study of [65]. For a long period
of time in the past, China’s economy adopted the economic development mode of high
energy consumption and high emissions [66], which consumed a large amount of energy
resources and caused a large number of industrial pollutant emissions. Therefore, the
government should adopt more active policies and measures to promote the upgrading of
industrial structures, improve the technological level of industrial development, reduce
energy consumption, and strive to improve the eco-efficiency of industrial sectors.

4.2. Stage Efficiency Analysis

At the P stage, more than 80% of provincial industrial systems had a production
efficiency score greater than 0.6 during the study period. Among them, Hainan, Hebei, and
Zhejiang provinces are highly efficient in industrial production. The average industrial
productivity score during the survey period was 0.7909. Fifteen provincial industrial
systems had industrial productivity scores higher than the average productivity during
the study period. According to the results of Table A1, the provincial-level regions with
production efficiency less than 0.6 include Xinjiang, Guizhou, Yunnan, Ningxia, Gansu,
and Inner Mongolia, all of which belong to the Western region. Western China has a large
area with sparse population, relatively weak industrial base, single industrial industry, and
backward industrial production technology, all of which lead to generally low industrial
production efficiency in Western China [67]. Inner Mongolia Autonomous Region scored
the lowest in production efficiency, with a production efficiency of 0.4949.

According to the results of Tables A1 and A3, it can be found that the WWT of
industrial systems in Hebei and Hainan operated efficiently during the study period.
In the stage of industrial WWT, Hebei and Hainan are always at the forefront of WWT
efficiency. Shaanxi had the lowest efficiency of industrial wastewater treatment, with a
5-year average score of 0.0355. Of the 30 provincial industrial systems, only four districts
scored more than 0.5 for industrial WWT efficiency, while the rest averaged less than 0.5 for
industrial WWT efficiency. It can be seen that during the research period, the efficiency
of industrial WWT in many areas is still very low [68]. Taking Chongqing as an example,
the industrial WWT efficiency from 2011 to 2015 was 0.1577, 0.4402, 0.3881, 0.1462, and
0.1045, respectively, and the average WWT efficiency was only 0.2473. The results in
Tables A1 and A4 show that the industrial systems in Hebei and Hainan have also been at
the forefront of efficiency in SWT during the study period. Meanwhile, Tianjin and Shanxi
also performed well in SWT, showing high efficiency in four out of five years. Chongqing
has the worst performance in industrial SWT, with an average efficiency score of 0.0564 in
five years, much lower than the average (0.3990), indicating that there is a huge room for
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improvement in industrial SWT. However, only the industrial system in Hainan province
operated with the most efficient SDT during the study period, as shown in Tables A1 and A5.
Other provincial industrial systems are inefficient at the SDT stage. Average industrial
SDT efficiency was higher than average in 11 districts (0.2899). The top three in efficiency
were Hainan, Beijing, and Qinghai, with scores of 1.0000, 0.8387, and 0.6487, respectively.
Inner Mongolia Autonomous Region had the lowest average efficiency of industrial sulfur
dioxide control, with a score of 0.0429. Based on the above results, it can be seen that most
of the Central and Western regions have low industrial eco-efficiency, most provinces have
poor performance in industrial waste treatment, and industrial pollutant control policies
fail to meet expectations, which is consistent with the research results of [69]. On the one
hand, it may be due to the backward industrial waste treatment technology and equipment.
On the other hand, the treatment of industrial pollutants is still mainly terminal treatment,
not from the source of pollution to consider energy conservation and emission reduction,
the lack of advanced technical support, and sufficient financial support.

5. Discussion
5.1. Regional Efficiency Comparison

According to the regional classification standards of the National Bureau of Statistics
(2011), the 31 provincial-level administrative regions in mainland China are divided into
four major regions, namely, Eastern, Central, Western, and Northeastern regions. See
Table 3 for details.

Table 3. Regional division in China.

Regions Province

Eastern Beijing, Tianjin, Hebei, Shanghai, Jiangsu, Zhejiang, Fujian,
Shandong, Guangdong, and Hainan.

Central Shanxi, Anhui, Jiangxi, Henan, Hubei, and Hunan

Western Inner Mongolia, Guangxi, Chongqing, Sichuan, Guizhou, Yunnan,
Tibet, Shaanxi, Gansu, Qinghai, Ningxia, and Xinjiang

Northeastern Liaoning, Jilin, and Heilongjiang

According to the efficiency calculation results in the previous section and the regional
division criteria in Table 3, the efficiency scores of each region are summarized and the
Figures A1–A3 are drawn.

According to Figure A1, among the four regions, P stage efficiency was the highest
throughout the study period. As can be seen from Figure A1a, the fluctuation of average
industrial production efficiency in the Eastern region was not obvious from 2011 to 2015,
whereas Figure A1b–d showed surprisingly similar trends of average industrial production
efficiency in the Central, Western, and Northeastern regions during the study period.
This indicates that the industrial production system in the Eastern and the other three
regions have technological heterogeneity, while the industrial production system in the
Central, Western, and Northeastern regions has technological homogeneity; the industrial
production technology similarity between the Western region and the Northeastern region
is particularly obvious. Similarities can also be found across the period of study, with the
Eastern, Central, and Northeastern areas showing relatively similar change trends in the
field of industrial WWT efficiency, whereas the Western region shows certain differences.
Overall, however, the four major areas of industrial WWT efficiency demonstrated a certain
decline during the study, which is probably due to the regional industrial production scale
increasing. The industrial WWT technology has not made great progress on the basis of the
expansion of production scale, therefore, the WWT capacity per unit scale output presents
a downward trend. In terms of SWT, the efficiency of SWT is stable and rising in the
Eastern region, while it is stable and decreasing in the Central and Northeastern regions,
whereas the efficiency of SWT in the Western region shows a V-shaped change. This
suggests that the Eastern region’s industrial system in SWT technology is mature and stable.
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Meanwhile, Central and Northeast industrial SWT technology could not keep up with the
expansion of industrial production, showing signs of backward technology. In the Western
region, the industrial SWT technology is not very mature or stable overall, its industrial
production scale is relatively similar, and there was no technological breakthrough. From
the perspective of industrial SDT, in the Eastern, Central, and Northeastern regions of
China the efficiency of industrial SDT rose first and then declined, and the overall trend of
industrial SDT efficiency in Western China is M-shaped, which shows general stability.

Figure A2 shows the efficiency of different industrial stages in different regions. As
can be seen from Figure A2a, the variation trends of average P efficiency in the four
regions are similar to some extent, especially in the Central, Western, and Northeastern
regions. Figure A2b shows a similar trend of average WWT efficiency in Central China and
Northeastern China, while the average SWT efficiency and SDT efficiency are significantly
different among the four regions, as shown in Figure A2c,d. Figure A3 is the regional
eco-efficiency over time and the change trend of average figure. You can see similarities in
the ecological industrial system efficiency of Eastern and Central regions, and Western and
Northeastern industrial eco-efficiency show the same change trend. Meanwhile, Eastern
and Central ecological industrial system efficiency is generally higher than that of the
Western and Northeastern regions. The most efficient of industrial ecology is found in
the Eastern region, whereas the industrial eco-efficiency in Western China is generally
low. The Eastern region is the Chinese economy’s most active region, where economic
development level is higher, with greater capital, technology, and talent, more sound
investment and financing systems, perfect technical innovation system, and abundant
talent reserve system. Therefore, in the Eastern region, the industrial economy, industrial
production, and industrial pollution treatment efficiency are the best of the four regions.
Take 2015 as an example, the annual industrial output value of the Eastern region reached
13.6889 billion yuan, far higher than that of the Central region (5.9126 billion yuan), the
Western region (4.7786 billion yuan), and the Northeastern region (2.0612 billion yuan). It
is even higher than the IAV of the Central, Western, and Northeastern regions combined
(12.7523 trillion yuan). According to the data collected in this paper, in 2015, under the
situation that the total industrial economic aggregate and IAV of the Western region were
in a weak position, the annual total industrial SDP of the Western region was 23.532 million
tons, higher than the Eastern region of 19.4840 million tons and the Central region of
16.7390 million tons. The amount of industrial SWP in the Western region was also higher
than that of the Eastern region (85.4688 million tons) and the Central region (85.2288 million
tons). One possible reason is that some manufacturing industries eliminated from the
Eastern region were transferred to the Central and Western regions, leading to more energy
consumption and pollution emissions, thus resulting in lower eco-efficiency [47]. On the
one hand, the Northeastern area, subject to the size of its industrial economy which is
relatively small, only consists of three provincial industrial systems. On the other hand,
the Northeastern area is characterized by old industrial bases, an unreasonable industrial
structure, and backward production technology, which hinder efforts to improve efficiency.
The results also reflect that the strategy to revitalize the Northeast’s old industrial bases
has not reached the expected target. In addition, it can also be seen from Figure A3 that
the eco-efficiency of China’s provincial industrial systems is generally low. The average
industrial eco-efficiency of the Eastern region achieved the highest score of 0.5290, while
that of the Western region had the lowest score at only 0.2602. For this purpose, the
provincial government should make greater efforts to improve the industrial investment
and financing system, more actively creating an atmosphere of industrial production
technology innovation where industrial enterprises are encouraged to increase investment
in industrial pollution treatment technology research and development, while at the same
time providing a proactive fiscal policy and prudent monetary policy, establishing and
improving the carbon tax system reform, and actively piloting “carbon trading” policy, to
ensure industrial production efficiency and low emission of industrial pollutants.
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5.2. Stage Efficiency Difference

As can be seen from the above results, the P efficiency of the provincial industrial
system (0.7909) is much higher than the WWT efficiency (0.2510), SWT efficiency (0.3990),
and SDT efficiency (0.2899). The same conclusions can be found in the studies of [47,52].
In recent years, the Chinese government has been emphasizing the importance of indus-
trial pollution control. Although a large amount of money has been invested in energy
conservation and emission reduction to relieve environmental pressure, the awareness
and technology of industrial wastewater, solid waste, and sulfur dioxide control are still
relatively backward, resulting in low efficiency of industrial pollution control. Therefore, it
is urgent for governments at all levels to adopt stricter policies to enhance public awareness
of environmental protection and encourage industrial enterprises to research and develop
new pollution control technologies and equipment to improve the treatment efficiency
of industrial pollutants. From the perspective of the whole industrial system, the low
efficiency of industrial pollutant treatment is the main reason for the low eco-efficiency of
the industrial system.

The differences in the treatment efficiency of industrial wastewater, solid waste, and
sulfur dioxide can reflect the level of pollutant control in provincial industrial systems.
Therefore, it is necessary to analyze the efficiency differences of the three pollutant treat-
ment stages. According to Figure A4, from 2011–2015 Shanxi and Shandong province
demonstrated greater solid waste treatment efficiency than wastewater and sulfur dioxide
treatment efficiency, suggesting that the two provincial systems had higher levels of indus-
trial SWT compared with the treatment of industrial wastewater and sulfur dioxide. At the
same time, in order to improve the efficiency of the industrial ecology of the region, they
should pay close attention to the treatment of industrial wastewater and sulfur dioxide. For
example, investment and financing policies and technological research and development
could be moderately inclined to WWT and SDT, so as to comprehensively improve the
control level of regional industrial pollutants. In the Hebei province, of the three waste
treatment types, SDT efficiency is the least efficient, with an average SDT efficiency of
0.2933. Hebei province should intensify efforts to improve the level of its industrial SDT, the
government should provide policy support in this regard, and enterprises should increase
research and development of industrial SDT technology and purchase new equipment.
The industrial eco-efficiency of Hebei province will be greatly improved by making up the
shortcomings of industrial SDT. The WWT efficiency of Qinghai province is the highest
among the “three industrial wastes” in each year during the study period, and the SWT effi-
ciency is the lowest. It can be seen that the main reason for the low industrial eco-efficiency
of Qinghai province is the low level of SWT. In order to realize the strategy of “ecological
province”, Qinghai province should make great efforts to improve the processing capacity
of industrial solid waste and improve the comprehensive utilization rate of industrial solid
waste. Therefore, increasing investment in industrial solid waste treatment is a feasible
path. According to Figure A4, only the industrial system of Hainan province achieved an
industrial SDT efficiency score of 1 every year. Fujian, Hunan, and Guangdong province
demonstrated the highest levels of industrial SDT efficiency in each year of the study period
except for 2012. These results show that these three areas of the industrial system have
relatively good sulfur dioxide management, but the efficiency of SDT is still low across the
whole country. This suggests that in addition to the Hainan province, which is a provincial
industrial system that maintains a good industrial SDT level every year, China’s provincial
industrial system’s industrial SDT is still insufficient. Therefore, in order to realize the
desired quality of hills and green ecological environment, industrial air pollution problems
must be solved. The above analysis can help some provincial industrial systems find
“appropriate medicine” to improve their industrial eco-efficiency, so as to improve their
industrial eco-efficiency in a targeted way and provide certain guidance and suggestions
for relevant policy makers.
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6. Conclusions

Under the framework of SBM method, a four-stage SBM model for eco-efficiency
evaluation of the Chinese provincial industrial system is established in this paper. Generally
speaking, the operation process of any industrial system includes the production stage
and the pollutant treatment stage, which can be subdivided into WWT stage, SWT stage,
and SDT stage, thus forming a four-stage network system. According to the model, the
eco-efficiency and pollutant treatment efficiency of each stage can be obtained respectively.
The proposed approach, which takes into account the internal structure of the industrial
system and the differences between the pollutant treatment stages, can provide detailed
information on the causes of inefficiency in provincial industrial systems. Based on the
proposed method, an empirical study is conducted on the efficiency of 30 provincial
industrial systems in China, and the following conclusions are drawn.

Firstly, the eco-efficiency of the provincial industrial system has not been significantly
improved from 2011 to 2015, and the average eco-efficiency score is only 0.3805, which still
has great potential for improvement. The main reason for this low efficiency is the low
efficiency of pollutant treatment, especially the low efficiency of WWT and SDT.

Secondly, the reasons for the low eco-efficiency of the industrial system in the Eastern,
Central, Western, and Northeastern regions are different. The low efficiency in the Eastern
and Central regions is mainly caused by the low efficiency of WWT, while the low efficiency
in the Western and Northeastern regions is mainly caused by the low efficiency of SWT.

Thirdly, compared with WWT and SWT, China’s provincial industrial system is still
relatively weak in SDT. To achieve a high-quality ecological environment with clear water
and green mountains, we must focus on solving the problem of industrial air pollution. For
a long time in the past, China’s economy has adopted the economic development mode
of high energy consumption and high emissions, which has consumed a large amount of
energy resources and caused a large number of industrial pollutant emissions. On the one
hand, this is a result of the industrial waste treatment technology and equipment being
backward. On the other hand, industrial pollutant treatment is still given priority to, with
little attention to terminal handling, pollution source, energy conservation and emissions
reduction, as well as a lack of advanced technology support and abundant capital support.
Efforts to attain eco-efficiency are therefore not obvious during the study period, and the
average eco-efficiency score is low. The Eastern region is the most active region of China’s
economy, with higher levels of economic development, capital, technology, and talent of
the population. Meanwhile, the Western region does not have these advantages, and the
Eastern region outsources some of its manufacturing industry to the Western region, leading
to more energy consumption and pollution emissions, resulting in the Western region’s
lower industrial eco-efficiency score. On the one hand, Northeastern China is restricted by
its relatively small scale of industrial economy; on the other hand, Northeastern China is
an old industrial base, and its unreasonable industrial structure and backward production
technology hinder the improvement of efficiency. This result also reflects that the strategy
of revitalizing the old industrial base in Northeastern China has not reached the expected
goal. To this end, provincial governments should improve the industrial investment
and financing system, encourage technological innovation in industrial production, and
industrial enterprises should increase research and development investment in industrial
pollutant treatment technology to ensure high efficiency of industrial production and low
emissions of industrial pollutants.

To realize the sustainable development of the industrial sector, it is necessary for
the industrial sector to pay attention to the improvement of eco-efficiency. In the whole
industrial production system, the production process and pollutant treatment process are
equally important. While improving the efficiency of industrial production and solid waste
treatment, governments at all levels and industrial enterprises should pay more attention
to improving the efficiency of industrial wastewater and sulfur dioxide treatment. Given
that WWT and SDT efficiency in most provinces of China are much lower than P and SWT
efficiency, the government should formulate flexible policy measures to encourage indus-
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trial enterprises to introduce new equipment and technology to improve pollution control
efficiency, especially the treatment efficiency of industrial wastewater and sulfur dioxide.

To improve industrial eco-efficiency, industrial enterprises in different provinces can
strengthen technological innovation cooperation and complement each other’s advantages.
For example, Hebei has the best efficiency in P stage (1.0000), WWT stage (1.0000), and
SWT stage (1.0000), but its SDT efficiency (0.2933) is not satisfactory (the results are similar
to those of [47]). Therefore, in order to improve eco-efficiency, Hebei local government
should pay more attention to the improvement of industrial sulfur dioxide treatment effi-
ciency. Moreover, local governments in Hebei can introduce advanced waste gas treatment
equipment and experience from SDT efficient provinces such as Beijing and Hainan.

This study did not consider the change trend of eco-efficiency and stage efficiency of
each provincial industrial system with different periods during the study period, that is, it
did not consider the system impact of dynamic effect, which is a limitation of this study.
In addition, the linkage between the four internal stages of the industrial system has not
been studied, nor has the situation of shared resources among the stages been considered,
which is a possible research direction in the future. In addition, there may be technological
differences among different DMU, and it is also worth studying to consider the efficiency
level under the premise of technological heterogeneity.
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Appendix A

Table A1. Average efficiency of provincial industrial systems from 2011 to 2015.

Provinces Eco P WWT SWT SDT

Beijing 0.6832 0.9424 0.5305 0.5955 0.8387
Tianjin 0.5201 0.9515 0.1746 0.8024 0.4536
Hebei 0.7715 1.0000 1.0000 1.0000 0.2933
Shanxi 0.5516 0.8898 0.2530 0.8654 0.3951

Inner Mongolia 0.1870 0.4949 0.0801 0.2688 0.0429
Liaoning 0.3809 0.9217 0.2804 0.3299 0.1826

Jilin 0.2925 0.7926 0.2051 0.1432 0.1899
Heilongjiang 0.2603 0.6607 0.1648 0.2019 0.1576

Shanghai 0.5689 0.9674 0.4954 0.5287 0.4593
Mean 0.3805 0.7909 0.2510 0.3990 0.2899

http://www.stats.gov.cn/english/
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Table A1. Cont.

Provinces Eco P WWT SWT SDT

Jiangsu 0.4576 0.8937 0.1439 0.8338 0.2607
Zhejiang 0.3798 1.0000 0.0816 0.5854 0.1468

Anhui 0.4151 0.7663 0.1665 0.8110 0.1719
Fujian 0.2056 0.8110 0.0429 0.0643 0.1245
Jiangxi 0.3836 0.7787 0.1984 0.2138 0.5207

Shandong 0.3665 0.6980 0.1011 0.9369 0.0848
Henan 0.4468 0.9000 0.1582 0.6360 0.3677
Hubei 0.2526 0.7575 0.1585 0.0812 0.1565
Hunan 0.2808 0.8319 0.1493 0.0854 0.2151

Guangdong 0.3369 0.9314 0.1803 0.0692 0.3459
Guangxi 0.2726 0.7623 0.1152 0.0894 0.2786
Hainan 1.0000 1.0000 1.0000 1.0000 1.0000

Chongqing 0.2971 0.7648 0.2473 0.0564 0.5089
Sichuan 0.2583 0.6527 0.0928 0.2939 0.1832
Guizhou 0.2056 0.5866 0.1970 0.1194 0.0911
Yunnan 0.1707 0.5817 0.0429 0.0894 0.1057
Shaanxi 0.2001 0.7562 0.0355 0.0990 0.1038
Gansu 0.2308 0.5291 0.0948 0.3894 0.1423

Qinghai 0.6417 0.9753 0.9791 0.1972 0.6487
Ningxia 0.1514 0.5396 0.1067 0.0811 0.1248
Xinjiang 0.2464 0.5897 0.0528 0.5035 0.1013

Table A2. Provincial industrial eco-efficiency and production efficiency from 2011 to 2015.

Province
Eco-Efficiency P Efficiency

2011 2012 2013 2014 2015 2011 2012 2013 2014 2015

Beijing 1.0000 0.7079 0.6044 0.3031 0.8006 1.0000 1.0000 1.0000 0.7120 1.0000
Tianjin 0.1386 0.6930 0.7513 0.5757 0.4419 0.7575 1.0000 1.0000 1.0000 1.0000
Hebei 0.8499 0.8092 0.8019 0.6950 0.7014 1.0000 1.0000 1.0000 1.0000 1.0000
Shanxi 0.4743 0.6531 0.6272 0.7155 0.2880 0.8485 0.9520 1.0000 1.0000 0.6483

Inner Mongolia 0.3933 0.1856 0.1234 0.0939 0.1390 0.6725 0.5555 0.5213 0.1464 0.5787
Liaoning 0.5757 0.4381 0.4235 0.2129 0.2541 1.0000 1.0000 1.0000 0.6083 1.0000

Jilin 0.2652 0.3944 0.3460 0.1602 0.2967 0.6336 0.9950 1.0000 0.3344 1.0000
Heilongjiang 0.3393 0.4562 0.2237 0.1280 0.1541 0.5963 0.9093 0.8707 0.2734 0.6539

Shanghai 0.7293 0.7223 0.6245 0.4868 0.2816 1.0000 0.9760 1.0000 0.9980 0.8630
Jiangsu 0.2296 0.5318 0.5471 0.5359 0.4436 0.4686 1.0000 1.0000 1.0000 1.0000

Zhejiang 0.5181 0.4631 0.4075 0.2608 0.2497 1.0000 1.0000 1.0000 1.0000 1.0000
Anhui 0.4068 0.5041 0.5663 0.1814 0.4168 0.5853 0.9304 1.0000 0.4130 0.9030
Fujian 0.1503 0.3008 0.2555 0.1236 0.1977 0.6428 0.9960 1.0000 0.5176 0.8987
Jiangxi 0.2891 0.7147 0.5082 0.1639 0.2420 0.6904 1.0000 1.0000 0.3222 0.8808

Shandong 0.3155 0.3599 0.4011 0.4048 0.3511 0.4271 0.7883 0.7556 0.7634 0.7557
Henan 0.5890 0.6711 0.3738 0.4174 0.1830 1.0000 1.0000 1.0000 0.7988 0.7013
Hubei 0.1878 0.3186 0.3310 0.1616 0.2639 0.4920 0.9239 0.9393 0.5013 0.9312
Hunan 0.1942 0.3804 0.3769 0.1776 0.2748 0.5451 1.0000 1.0000 0.6145 1.0000

Guangdong 0.3486 0.3146 0.4126 0.3604 0.2482 0.6571 1.0000 1.0000 1.0000 1.0000
Guangxi 0.2158 0.3453 0.4309 0.1275 0.2432 0.6615 0.8568 1.0000 0.2932 1.0000
Hainan 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000

Chongqing 0.2220 0.5133 0.3183 0.2432 0.1884 0.6755 0.9060 0.8930 0.4856 0.8639
Sichuan 0.1727 0.2746 0.2731 0.1442 0.4271 0.4330 0.7572 0.8444 0.4400 0.7888
Guizhou 0.2032 0.2698 0.2095 0.1209 0.2245 0.4660 0.7201 0.7137 0.1803 0.8529
Yunnan 0.1687 0.2529 0.1738 0.1028 0.1553 0.5417 0.8140 0.7176 0.1491 0.6860
Shaanxi 0.1630 0.2486 0.2556 0.0899 0.2433 0.6149 1.0000 1.0000 0.2760 0.8904
Gansu 0.2820 0.1651 0.1707 0.1339 0.4021 0.5093 0.7408 0.7271 0.1244 0.5437

Qinghai 0.5520 0.8882 0.5976 0.6758 0.4950 0.8766 1.0000 1.0000 1.0000 1.0000
Ningxia 0.2507 0.1944 0.1212 0.0703 0.1203 0.4662 0.6830 0.7307 0.0930 0.7251
Xinjiang 0.3309 0.3540 0.1406 0.2261 0.1805 0.5613 1.0000 0.6728 0.1789 0.5354

Mean 0.3852 0.4708 0.4132 0.3031 0.3303 0.6941 0.9168 0.9129 0.5741 0.8567



Sustainability 2022, 14, 5264 18 of 24

Table A3. Provincial industrial WWT efficiency from 2011 to 2015.

Province 2011 2012 2013 2014 2015

Beijing 1.0000 1.0000 0.0848 0.2754 0.2922
Tianjin 0.1666 0.2968 0.2456 0.1136 0.0505
Hebei 1.0000 1.0000 1.0000 1.0000 1.0000
Shanxi 0.2406 0.6592 0.1509 0.1629 0.0517

Inner Mongolia 0.1946 0.0915 0.0415 0.0446 0.0283
Liaoning 0.2906 0.4065 0.4187 0.1350 0.1510

Jilin 0.1562 0.2880 0.3081 0.1846 0.0887
Heilongjiang 0.2070 0.3917 0.1382 0.0651 0.0219

Shanghai 1.0000 1.0000 0.3909 0.0419 0.0444
Jiangsu 0.0569 0.2234 0.1739 0.2364 0.0287

Zhejiang 0.1504 0.1045 0.0759 0.0627 0.0144
Anhui 0.1466 0.2396 0.3250 0.0593 0.0622
Fujian 0.0524 0.0755 0.0546 0.0177 0.0143
Jiangxi 0.1518 0.5274 0.2558 0.0278 0.0290

Shandong 0.0427 0.0889 0.1382 0.1917 0.0441
Henan 0.1782 0.2497 0.1582 0.1566 0.0482
Hubei 0.0894 0.1629 0.3581 0.1120 0.0700
Hunan 0.0776 0.2641 0.2501 0.0866 0.0683

Guangdong 0.1545 0.2049 0.3003 0.2320 0.0095
Guangxi 0.0766 0.1267 0.2437 0.0182 0.1108
Hainan 1.0000 1.0000 1.0000 1.0000 1.0000

Chongqing 0.1577 0.4402 0.3881 0.1462 0.1045
Sichuan 0.0610 0.1061 0.2159 0.0488 0.0319
Guizhou 0.5956 0.2036 0.0490 0.0526 0.0842
Yunnan 0.0876 0.0298 0.0587 0.0210 0.0173
Shaanxi 0.0258 0.0342 0.0487 0.0283 0.0403
Gansu 0.1404 0.0907 0.0764 0.0511 0.1156

Qinghai 0.8957 1.0000 1.0000 1.0000 1.0000
Ningxia 0.2201 0.1562 0.0738 0.0349 0.0486
Xinjiang 0.0893 0.0865 0.0484 0.0100 0.0300

Mean 0.2902 0.3516 0.2690 0.1872 0.1567

Table A4. Provincial industrial SWT efficiency from 2011 to 2015.

Province 2011 2012 2013 2014 2015

Beijing 1.0000 0.2435 0.7194 0.0148 1.0000
Tianjin 0.0122 1.0000 1.0000 1.0000 1.0000
Hebei 1.0000 1.0000 1.0000 1.0000 1.0000
Shanxi 1.0000 1.0000 1.0000 1.0000 0.3270

Inner Mongolia 0.9016 0.1723 0.0036 0.1774 0.0893
Liaoning 1.0000 0.2642 0.1719 0.1656 0.0476

Jilin 0.2730 0.1089 0.0402 0.0395 0.2543
Heilongjiang 0.7375 0.1500 0.0356 0.0303 0.0560

Shanghai 1.0000 0.3925 0.2652 0.7455 0.2403
Jiangsu 0.1765 0.9926 1.0000 1.0000 1.0000

Zhejiang 0.9141 1.0000 0.7477 0.0395 0.2256
Anhui 1.0000 0.9176 1.0000 0.1376 1.0000
Fujian 0.0639 0.2038 0.0104 0.0166 0.0271
Jiangxi 0.2517 0.4296 0.1360 0.0876 0.1643

Shandong 1.0000 0.7167 1.0000 1.0000 0.9677
Henan 1.0000 1.0000 0.0735 1.0000 0.1064
Hubei 0.1099 0.1015 0.0355 0.0241 0.1348
Hunan 0.1146 0.1916 0.0134 0.0132 0.0942
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Table A4. Cont.

Province 2011 2012 2013 2014 2015

Guangdong 0.1422 0.0662 0.0191 0.0342 0.0843
Guangxi 0.1899 0.1353 0.1013 0.0087 0.0116
Hainan 1.0000 1.0000 1.0000 1.0000 1.0000

Chongqing 0.0401 0.1452 0.0102 0.0239 0.0626
Sichuan 0.2923 0.0971 0.0402 0.0396 1.0000
Guizhou 0.0159 0.1569 0.2248 0.0711 0.1281
Yunnan 0.1573 0.2132 0.0095 0.0064 0.0605
Shaanxi 0.1090 0.0865 0.0209 0.0260 0.2524
Gansu 0.7034 0.0153 0.0806 0.1478 1.0000

Qinghai 0.2335 0.5527 0.0286 0.0625 0.1089
Ningxia 0.3139 0.0351 0.0045 0.0063 0.0454
Xinjiang 1.0000 0.2849 0.0058 0.8929 0.3337

Mean 0.5251 0.4224 0.3266 0.3270 0.3941

Table A5. Provincial industrial SDT efficiency from 2011 to 2015.

Province 2011 2012 2013 2014 2015

Beijing 1.0000 0.6643 0.6954 0.8340 1.0000
Tianjin 0.1802 0.6220 1.0000 0.4227 0.0433
Hebei 0.5096 0.3467 0.4071 0.1189 0.0841
Shanxi 0.0813 0.1828 0.6110 1.0000 0.1003

Inner Mongolia 0.0465 0.0690 0.0446 0.0349 0.0197
Liaoning 0.2765 0.2080 0.2470 0.0750 0.1064

Jilin 0.1231 0.3578 0.1753 0.1940 0.0995
Heilongjiang 0.0644 0.4189 0.0684 0.1842 0.0520

Shanghai 0.1579 0.5206 1.0000 0.4643 0.1538
Jiangsu 0.3395 0.1862 0.3652 0.2583 0.1545

Zhejiang 0.3060 0.1053 0.1734 0.1164 0.0331
Anhui 0.1722 0.1608 0.2523 0.1935 0.0809
Fujian 0.1020 0.1200 0.1500 0.1768 0.0738
Jiangxi 0.2143 1.0000 1.0000 0.2713 0.1181

Shandong 0.1163 0.1139 0.0951 0.0615 0.0371
Henan 0.5133 0.7418 0.4526 0.0801 0.0505
Hubei 0.1348 0.2095 0.2127 0.1237 0.1020
Hunan 0.1539 0.1742 0.4363 0.2091 0.1022

Guangdong 0.7427 0.1137 0.4291 0.3202 0.1238
Guangxi 0.1116 0.4051 0.5371 0.2664 0.0726
Hainan 1.0000 1.0000 1.0000 1.0000 1.0000

Chongqing 0.4123 0.7945 0.1607 1.0000 0.1770
Sichuan 0.0550 0.2569 0.2182 0.1593 0.2263
Guizhou 0.0415 0.1275 0.0629 0.1574 0.0665
Yunnan 0.0443 0.1640 0.0678 0.2024 0.0501
Shaanxi 0.0613 0.1142 0.1923 0.1044 0.0467
Gansu 0.0389 0.1413 0.0843 0.2017 0.2453

Qinghai 0.3125 1.0000 0.6523 1.0000 0.2787
Ningxia 0.1197 0.1950 0.1029 0.1341 0.0721
Xinjiang 0.0467 0.2501 0.0653 0.0994 0.0450

Mean 0.2493 0.3588 0.3653 0.3155 0.1605
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