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Abstract
It is of great significance to improve Total Factor Energy Efficiency (TFEE) for China‘s energy
saving, emission reduction and ecological protection. This paper focuses on the calculation and
decomposition of TFEE of eight economic regions in China considering the effects of undesirable
outputs. The TFEE values of the eight economic regions in China are calculated via the input-oriented
radial CRS super-efficiency SBM model. In order to overcome the shortcomings of the traditional ML
index, this paper firstly builds an improved ML index using MinDS function, then decomposes the
TFEE values through Zofio decomposition analysis method, and then identifies the driving factors
of TFEE via Tobit model, and finally clarifies the path of improving TFEE in the economic regions.
The findings show that the TFEE values of the eight economic regions in China are basically higher in
the southeast and lower in the northwest. The dominant factor affecting the TFEE values in the eight
economic regions is industrial structure, followed by technological development level. The research
conclusions of this paper can provide reference for the formulation of policies for energy conservation
and ecological protection.
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Introduction
In recent years, energy efficiency, carbon emission
reduction and ecological protection have been the hottest
issues globally. China‘s high-speed growth of economy
is at the cost of inefficient consumption of fossil energy,
with releasing large quantities of greenhouse gases
such as carbon dioxide, which leads to the continuous
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deterioration of the ecological environment [1-3].
For China, the inefficient use of fossil energy is an
critically important cause of carbon emission increase
and ecological deterioration. So, improving China‘s
energy efficiency can help reduce the consumption of
fossil energy, and accordingly reduce carbon emissions
and improve the ecological environment. Therefore, it
is of great positive significance to study China‘s energy
efficiency.
In 2017, China‘s GDP reached 82.71 trillion RMB
[4], its energy consumption reached 3132.2 million tones
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oil equivalent, accounting for 23.2% of the world‘s total
(Total North America 20.5%; Total Europe, 14.6%),
and China was still the largest energy consumer in
the world [5]. According the BP’s forecasting, despite
slowing energy demand growth, China still consumes
around one quarter of world energy in 2040. China’s
share in global energy demand will rise from 23% in
2016 to 24% in 2040, while its growth contributes 27%
to the world’s net increase [5].
China is not only the largest energy consumer,
but also the largest carbon emitter. In 2017, China‘s
carbon dioxide emission reached 9232.6 million tones,
accounting for 27.6% of the world‘s total. China‘s
carbon dioxide emission exceeded the total emission of
North America, also overnumbered the total emission of
Europe, and was slightly lower than the total emission
of G7 (the seven most developed countries in the world)
[6]. Detailed information on carbon emissions can be
found in Table 1.
China‘s ecological environment has also been
seriously deteriorated due to the excessive use of fossil
energy. In recent years, Chinese central government
has also been committed to solving the problems of
ecological deterioration, and has formulated national
plans for this purpose. China regulated the energy
consumption intensity per unit GDP as a binding index
in its“11th Five-Year Plan”; declared the total energy
consumption should be reasonably controlled in its „12th
Five-Year Plan“; and proposed the implementation of
the „double control“ action of total energy consumption
and consumption intensity in its „13th Five-Year Plan“.
In conclusion, it is urgent to study how to improve
the total factor energy efficiency (TFEE) in China in
order to implement the major measures of the national
energy strategy and for the sustainable development of
the economy and society.
According to the geographical location, China can
be divided into eight major economic regions, namely,
the northeast region, the northern coastal region, the
eastern coastal region, the southern coastal region,
the middle reaches of the Yellow River, the middle
reaches of the Yangtze River, the southwest region,
and the northwest region. In order to seek rapid, stable
and balanced economic development, China has been
Table 1. Shares of the Global CO2 Emissions in 2017.
Country

Share

Country

Share

China

23.2%

Italy

1.0%

US

15.2%

Russia

4.6%

Canada

1.7%

Japan

3.5%

UK

1.2%

Total North America

18.3%

Germany

2.3%

Total Europe

12.4%

France

1.0%

Total G7

25.9%

(Note: The G7 countries include US, UK, France, Germany,
Italy, Canada, and Japan.)

implementing the strategies of „take-off of the eastern
region, development of the western region, revitalization
of the northeast region, and rise of the central region“
since 2010, setting different development goals and
formulating different support policies for different
regions. The significance of studying TFEE of the eight
economic regions in China can be understood from the
following aspects.
(a) Relieve the pressure of energy shortage. China
is a country with relative energy shortage. Improving
energy efficiency can greatly reduce energy demand
and relieve the pressure of energy shortage, which is
conducive to the implementation of the national energy
security strategy. (b) Reduce carbon emissions. China
is facing pressures from international communities
to reduce carbon emissions, and has set a carbon
emission reduction target for 2030. At the Paris Climate
Conference in 2015, Chinese government solemnly
pledged to reduce its carbon intensity by more than
60% by 2030 compared with 2005. Improving energy
efficiency can reduce carbon emissions and contribute
to the realization of China‘s carbon emission reduction
target. (c) Improve the ecological environment. Due
to the extensive use of fossil energy (especially coal),
the ecological environment is deteriorating and severe
toxic haze frequently occurs in many areas of China.
Improving energy efficiency can reduce the consumption
of fossil energy and help improve the ecological
environment. (d) Provide policy recommendations. It
is beneficial to study the total factor energy efficiency
(TFEE) of different economic regions for the central
government to carry out macro-control and formulate
more scientific energy policies at the national level.
Meanwhile, it is helpful to optimize the energy
structure and the industrial structure, enhance regional
competitiveness, and realize the sustainable development
of economy and society at the regional level.
Generally speaking, the study of energy efficiency
can be divided into two stages: single factor energy
efficiency stage and total factor energy efficiency
(TFEE) stage. Patterson and Shi et al. are the
representative scholars in single factor energy research
[7-8]. Patterson [7] first gave the definition of energy
efficiency and pointed out that "energy intensity"
can most directly reflect energy efficiency. Shi [8]
characterized energy efficiency by the reciprocal of
energy intensity. Because of the defects of single factor
energy efficiency, Hu and Wang [9] put forward the
concept of total factor energy efficiency (TFEE), that is,
"the ratio of actual output to maximum possible output
under the condition of constant energy and other inputs;
or the ratio of target energy consumption to actual
energy consumption under the condition of constant
outputs".
As for the study of total factor energy efficiency
(TFEE), researchers mainly focus on the measurement
of energy efficiency and the analysis of influencing
factors. The main research methods include index
decomposition method [10-13], data envelopment
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analysis (DEA) [14-18], stochastic frontier analysis
(SFA) [19-23] and Tobit model [24-27], etc. With
the deterioration of the environment, more and
more attention has been paid to the study of TFEE
considering undesirable outputs [28-32].
In terms of calculation methods, more and more
researchers chose DEA method to calculate TFEE
because of the strict assumptions for using SFA, as
well as its inconvenience to calculate. However, the
traditional DEA method has a serious defect. If several
decision-making units are efficient simultaneously, then
the traditional DEA model cannot further distinguish
the differences between these efficient decision-making
units. Therefore, Anderson and Petersen [33] introduced
a super-efficient DEA model. The influencing factors
of TFEE mainly involve energy consumption structure
[34-35], industrial structure [36-37], environmental
regulation [36,38], energy price [39], international
trade [37, 40-41], technological progress [39], human
resources [42], and economic ownership [43], etc.
It can be proved that DEA efficiency is equivalent
to the Pareto efficiency of the corresponding multiobjective programming. The productivity index is
generally used as an alternative of TFEE in academia.
Malmquist index (M index) [44-46] and Malmquist
Luenberger index (ML index) [47-50] are the most
commonly used indicators to measure the productivity
index. ML index is much more widely used because
of its feasibility to deal with undesirable output. The
TFEE of the eight major economic regions involves
undesirable outputs, so ML index is much more
appropriate for the research in this paper.
Although there are many references to TFEE home
and abroad, few sources have been found on TFEE in
China's eight economic regions. The main objective
of this paper is to take the eight economic regions as
a case to analyze the estimation, decomposition and
influencing factors analysis of TFEE. Firstly, we use
super-efficiency SBM model to calculate the TFEE
values of the eight economic regions; secondly, use
MinDS to calculate the ML index of China's eight
economic regions, and then decompose the ML index
via Zofio method; thirdly, the Tobit model is used to find
out the dominant factors affecting the TFEE of the eight
economic regions; and finally, discussions are made
and some recommendations are provided to improve
the TFEE of the eight economic regions. Relevant
research results show that the method used in this
paper are scientific and effective for the measurement,
decomposition and influencing factors analysis of TFEE
in China.

Methodology
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problems that Directional Distance Function (DDF)
model cannot calculate the amount of improvement and
unreasonable weak disposal of the undesirable output. It
can also correct the irrationality of SBM (Slacks-based
Model) in calculating efficiency by using the farthest
projection point on the front surface. In addition, Wang
et al. [52] believed that the results from MinDS model
are more meaningful for policy-making.
Suppose there are n decision-making units, and
each decision-making unit has m inputs, d desirable
outputs and u undesirable outputs. Define the input
variables for the t period as X t = (x1t, x2t, ..., xmt) ∈
Rm×n, the desirable variables as Y tG = (y1tG, y2tG, ..., ydtG)
∈ Rd×n, and the undesirable variables as Y tB = (y1tB, y2tB,
..., yutB) ∈ Ru×n. Assume the decision-making unit to be
estimated is DMU0t = (x0t, y0tG, y0tB), then MinDS model
can be expressed as follows:

(1)
Formula (1) is a two-level programming model, in
which sa0tx–, sb0ty+, sc0ty– represent the slack variables of
the inputs, the desirable outputs, and the undesirable
outputs in the first level programming in the t period,
respectively. ŝa0tx–, ŝb0ty+ and ŝc0ty– represent the slack
variables of the inputs, the desirable outputs, and the
undesirable outputs in the second level programming
in the t period, respectively. M is a sufficiently large
positive number. According to the reference [53], the
comprehensive efficiency of the t period is defined as
Formula (2):
−
1 m tx−
( sa 0 + sˆatx0 ) / xat 0
∑
m a =1
+
−
−
1 u
+ sˆbty0 ) / ybtG0 + ∑ ( scty0 + scty0 ) / yctB0
u c =1

1−
tB
S0t ( x tj , y tG
j , yj ) =

1+

1 d ty +
∑ (sb0
d b =1

(2)

MinDS Model

Constructing ML Index

The MinDS model proposed by Aparicio et al. [51]
has many advantages. For example, it can solve the

The Malmquist index proposed by Färe does not
consider the undesirable outputs. In this paper, we use
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MinDS function to construct the ML index considering
the undesirable outputs. The ML index is shown as
Formula (3):
1

t +1
t

ML

tB
tB

2
S0t ( x tj , y tG
S0t +1 ( x tj , y tG
j , yj )
j , yj )
=  t t +1 (t +1)G (t +1) B × t +1 t +1 (t +1)G (t +1) B 
, yj
) S0 ( x j , y j
, yj
) 
 S0 ( x j , y j

(3)
At present, productivity decomposition models
mainly include FGLR decomposition, FGNZ
decomposition, RD decomposition and Zofio
decomposition, in which Zofio decomposition is the
most complete and in-depth ML decomposition method.
Zofio [54] further decomposed technology change
(TECH) into pure technology change (PTC) and scale
technology change (STC). The Zofio decomposition
formula is as follows:
MLtt +1 = EFFCtt +1 × TECtt +1
= PECtt +1 × SECtt +1 × TECtt +1
=PECtt +1 × SECtt +1 × PTCtt +1 × STCtt +1

(4)

...where,
EFFCtt +1 =

tB
S0,t CRS ( x tj , y tG
j , yj )
1
S0,t +CRS
( x tj+1 , y (jt +1) G , y (jt +1) B )

(5)
1

t +1
t

TEC

1
tB
1
 S0,t +CRS
( x tj , y tG
S0,t +CRS
( x tj+1 , y (jt +1)G , y (jt +1) B )  2
j , yj )
= t
×

t
tG
tB
t
t +1
( t +1) G
, y (jt +1) B ) 
 S0,CRS ( x j , y j , y j ) S0,CRS ( x j , y j

(6)
PECtt +1 =

SECtt +1 =

S

t +1
j

(x , y

tB
S0,t CRS ( x tj , y tG
j , yj )
tB
S0,t VRS ( x tj , y tG
j , yj )

×

( t +1) G
j

,y

( t +1) B
j

)

(7)

1
S0,t +VRS
( x tj+1 , y (jt +1) G , y (jt +1) B )
1
S0,t +CRS
( x tj+1 , y (jt +1) G , y (jt +1) B )

(8)
1

t +1
t

PTC

Tobit Model
In order to study the impacts of various factors
on energy efficiency, panel data regression analysis
is needed. Tobit model is often used for regression
analysis of the influencing factors of energy efficiency,
because it can deal with restricted dependent variables
and truncated dependent variables. Tobit model is as
follows:
Y = max{0, α + β X + ε }

(11)

...where Y is the truncated dependent variable vector;
X is the independent variable vector; α is the intercept
term vector; β is the regression parameter vector;
Perturbation term ε ~ N(0, σ2) .
In Tobit regression model, the efficiency values are
truncated discrete data. When the dependent variable
obeys partially continuous distribution or partially
discrete distribution, the result obtained from ordinary
least squares (OLS) estimation is biased. So, maximum
likelihood estimation is generally used to estimate
the parameters in Tobit model. The specific operation
process of maximum likelihood estimation can be
referred to literature [56].

Results and Discussion
Data Description

tB
S0,t VRS ( x tj , y tG
j , yj )
t +1
0,VRS

deviation of technology from the optimal scale. If ML
index is greater than 1, then it represents progress; if
ML index is less than 1, then it represents retrogression;
and if ML index is equal to 1, then it represents no
change [55].

tB
 S0,t VRS ( x tj , y tG
S0,t VRS ( x tj+1 , y (jt +1) G , y (jt +1) B )  2
j , yj )
=  t +1
×

t
tG
tB
t +1
t +1
( t +1) G
, y (jt +1) B ) 
 S0,VRS ( x j , y j , y j ) S0,VRS ( x j , y j

(9)

(10)
Where, PEC, SEC, PTC and STC respectively
indicate the change of management level, the change
of scale economy, the change of technology, and the

Panel data from 2001 to 2016 of the eight major
economic regions in China are collected from the
Statistical Yearbooks issued by China‘s National Bureau
of Statistics. Several missing data are supplemented by
using interpolation or GM (1,1) forecasting. The input
variables in the model include capital, labor and energy,
and the output variables include one desirable output
(GDP) and two undesirable outputs (CO2 and SO2). In
this study, Tibet autonomous region is excluded due to
the lack of data. Descriptive statistics of indicators in 30
provincial administrative regions are shown in Table 2.
(1)
Capital. Organization for Economic Cooperation and Development (OECD) suggests measuring
efficiency and productivity with capital services.
Considering that it is very difficult to obtain capital
service data, this paper takes the whole society's asset
investment as a substitute index for capital service, as
with similar studies.
(2) Labor. This article uses the total number
of employees as labor input. The total number of
employees includes the numbers of people employed in
urban units, in private enterprises, and by individuals.

TFEE Measurement, Decomposition...
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Table 2. Descriptive Statistics of Index.
Labor

Capital

Energy

GDP

SO2

CO2

Mean

984.38

8252.59

16176.41

8361.64

749669.08

10888.83

Maximum

5595.00

53323

75954.00

47140

2023737.00

69434.00

Minimum

78.00

191.00

772.00

300.00

16958.00

399.00

Std. Dev.

793.63

9000.05

12289.29

7622.82

465200.05

9767.40

Skewness

2.17

1.92

1.57

1.93

0.51

2.13

Kurtosis

6.63

4.30

2.85

4.63

-0.61

5.80

(3) Energy. This paper selects total consumption
of energy as energy input. The total consumption of
energy includes coal consumption, coke consumption,
crude oil consumption, gasoline consumption, kerosene
consumption, diesel consumption, fuel oil consumption,
natural gas consumption, and electricity consumption.
All kinds of energies are converted into standard coal
in this study.
(4) GDP. This paper regards GDP as a desirable
output and uses 2001 as the benchmark to collate GDP
data.
(5) CO2. The CO2 emission mentioned in this paper
is energy-related emission. Since there is no official
figure of CO2 emission in China, this study uses CO2
emission coefficients of different kinds of energies
to calculate CO2 emissions, and then adds them up to
obtain the total CO2 emission.

Fig. 1. Changes in TFEE values of provinces in China.

(6) SO2. The SO2 emission data used in this paper
are directly selected from the official statistics released
by the China Bureau of Statistics.

Results Analysis
Firstly, the input-oriented radial CRS superefficiency SBM model is used to calculate the total
factor energy efficiency (TFEE) values of 30 provinces
in China. Since the data used in this study are panel
data, the TFEE values of all provinces can be calculated
by setting the Window width to 1 via the Window
method in MaxDEA, and then TFEE values over years
of the eight major economic regions can be obtained by
using the geometric averaging method. Secondly, the
ML index of China‘s eight major economic regions is
worked out, and Zofio decomposition is carried out on
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the ML index to find out the leading factors affecting
TFEE. TFEE values in 2001, 2008, 2016 and the TFEE
value of the geometric mean are shown in Fig. 1.
On the whole, TFEE in most provinces of China
showed a declining trend from 2001 to 2016, which is
close to the conclusions of Fan and Wang [57], and Tao
[58]. The decline in energy efficiency in the southern
coastal region may be due to the implementation of the
priority development strategy for coastal cities. The
inflation, energy constraint and labor supply imbalance
brought by the rapid economic development make
TFEE show a downward trend. The gradient transfer
of energy-intensive and polluting industries may be an
important reason for the decrease of TFEE in the central
and western regions. The energy-intensive and polluting
industries in the eastern region were constantly
shifting to the central and western regions, resulting
in even more unreasonable industrial structure, thus
leading to the continuing reduction of TFEE and the
deteriorating environment in the central and western
regions. Although the provinces in northwest China,
such as Xinjiang, Qinghai and Gansu, are rich in
energy resources, the extensive use of energy due to the
remote location, low technical level and lack of capital
investment, etc., hinders the improvement of TFEE and
even presents a downward trend.
In Fig. 1, six provinces’ TFEE geometric means
are greater than or equal to 1, namely Beijing, Hainan,
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Shanghai, Chongqing, Fujian and Guangdong. Eleven
provinces’ TFEE geometric means fall into the interval
[0.8, 1.0), namely Henan, Tianjin, Heilongjiang, Shanxi,
Hunan, Anhui, Shandong, Hebei, Jiangsu, Liaoning
and Zhejiang. Nine provinces’ TFEE geometric means
belong to the interval [0.6, 0.8), namely Sichuan,
Jilin, Guangxi, Hubei, Jiangxi, Yunnan, Guizhou,
Inner Mongolia and Xinjiang. Four provinces’ TFEE
geometric means are within the interval [0, 0.6), namely
Gansu, Shaanxi, Qinghai and Ningxia. Generally
speaking, provinces with the highest TFEE means are
mainly located in the eastern and southern regions,
provinces with the lowest TFEE means are mainly
located in the western regions, and the rest are scattered
in the eastern, central and western regions. It can be
concluded the basic characteristic of TFEE distribution
is that TFEE decreases gradually from the east to the
west in China. This conclusion is the same as that
obtained by Wang et al. [37] and by Li and He [42],
which is “the highest in the east, the second in the
middle and the worst in the west”.
Fig. 2 illustrates the changing trends of TFEE
in China‘s eight major economic regions over years
(2001-2016). According to the geometric means of
TFEE, ranked from the highest to the lowest, China‘s
eight major economic regions can be listed as following
order: Region4>Region2>Region3>Region1>Region6>
Region7>Region5>Region8. That is to say, the southern

Fig. 2. Trends of TFEE in China‘s Eight Economic Regions over years.
Note: Region 1 (R1), Northeast China, including Heilongjiang, Jilin and Liaoning; Region 2 (R2), the northern coastal region of China,
including Beijing, Tianjin, Hebei and Shandong; Region 3 (R3), the eastern coastal region of China, including Shanghai, Jiangsu and
Zhejiang; Region 4 (R4), the southern coastal region of China, including Fujian, Guangdong, Hainan; Region 5 (R5), the middle reaches
of the Yellow River, including Shaanxi, Shanxi, Henan, Inner Mongolia; Region 6 (R6), the middle reaches of the Yangtze River,
including Hubei, Hunan, Jiangxi, Anhui; Region 7 (R7), Southwest China, including Yunnan, Guizhou, Sichuan, Chongqing, Guangxi;
Region 8 (R8), Northwest China, including Gansu, Qinghai, Ningxia, Xizang, Xinjiang.
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Table 3. ML Index of the Eight Major Economic Regions (2002-2016).
Year

Region1

Region2

Region3

Region4

Region5

Region6

Region7

Region8

2002

0.9004

0.8848

1.0046

1.0653

0.9771

1.0024

0.9822

1.0152

2003

0.9606

0.9859

0.9892

0.9514

1.0388

1.0098

1.0283

0.9883

2004

0.9633

0.9847

1.0514

1.0350

0.9294

1.0138

1.0071

1.0081

2005

0.9804

0.9990

1.0229

1.0246

1.1001

1.0337

1.0276

1.0489

2006

0.9986

1.0026

0.9916

0.9661

1.0109

1.0215

1.0113

1.0405

2007

0.9908

1.0027

0.9988

0.9401

0.9926

0.9970

0.9388

1.0501

2008

1.0051

1.0224

0.9757

1.0200

0.9473

1.0056

1.0173

0.9929

2009

1.0075

1.0029

0.9919

0.9931

0.9685

1.0215

1.0549

0.9854

2010

1.0001

1.0030

0.9806

0.9921

1.0100

0.9989

0.9937

0.9841

2011

1.0065

0.9711

0.9864

1.0042

1.0194

0.9969

0.9984

0.9769

2012

0.9883

1.0145

0.9804

1.0071

1.0152

1.0209

1.0527

0.9775

2013

0.9315

1.0112

1.0158

1.0412

0.9534

1.0340

1.0456

1.0014

2014

0.9672

0.9970

1.0170

1.0250

1.0182

1.0107

0.9930

1.0112

2015

0.9900

0.9391

1.0372

1.0071

1.0379

1.0318

1.0779

0.9800

2016

0.9946

1.0905

0.9951

0.9321

0.9830

0.9958

1.0401

0.9862

means

0.9786

0.9932

1.0023

0.9996

0.9993

1.0129

1.0174

1.0028

coastal region has the highest TFEE value, followed by
the northern coastal region, the eastern coastal region,
the northeast region, the middle reaches of the Yangtze
River, the southwest region and the middle reaches of
the Yellow River. The TFEE value in the northwest
region is the lowest. In addition, except for Region1,
Region2 and Region3, TFEE values in other economic
regions tend to decrease over time.
Table 3 shows the ML index and the geometric
means of China‘s eight major economic regions over
years (2002-2016). As can be seen from Table 3, the
geometric means of Region3, Region6, Region7 and
Region8 are greater than 1; the geometric means of
other Regions are all less than 1. It indicates that, on
average, the energy efficiencies of Region 3, Region 6,
Region 7 and Region 8 are progressive, while those of
the other four economic regions are regressive.
Fig. 3 shows Zofio decomposition results of ML
index of the eight major economic regions, where PEC
represents pure efficiency change, PTC represents pure
technology change, SEC represents scale efficiency
change, and STC represents scale technology change.
As can be seen from Fig. 3, Region3, Region4, Region5,
Region6, Region7 and Region8 have progressed in pure
efficiency; Region1 and Region2 have regressed in pure
efficiency. In terms of pure technological change (PTC),
only Region2 grows, and other economic regions
decrease to some degree. As for scale efficiency change
(SEC), only Region2 and Region4 increase, while the
others decrease to different degrees. In terms of scale
technology change (STC), Region1, Region3, Region5

and Region8 increase, while the remaining regions
decrease. A conclusion can be drawn that, in general,
pure technological change (PTC) has a key impact on
the improvement of the energy efficiency in the eight
major economic regions. In line with our conclusion,
Qi and Tao [47] also concluded in their study that PTC
played a leading role in promoting energy efficiency.

Quantitative Analysis of Influencing Factors
In order to distinguish the dominant factors that
affect the total factor energy efficiency (TFEE) in

Fig. 3. ML Index and Decomposition of Eight Major Economic
Regions.
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Table 4. Descriptive Statistics of Variables.
TFEE

PGDP

COAL

SEC

TER

TECH

Mean

0.8560

2.9692

0.4598

0.4596

0.4192

0.0092

Median

0.8186

2.4544

0.4636

0.4749

0.4046

0.0035

Maximum

2.1781

11.8128

0.7618

0.5905

0.8023

0.1535

Minimum

0.3507

0.2983

0.0679

0.1926

0.2830

0.0001

Std. Dev.

0.2729

2.1677

0.1286

0.0783

0.0821

0.0196

Skewness

1.5061

1.2331

-0.2131

-1.1330

2.2914

5.1444

Kurtosis

6.7136

4.4562

2.9645

4.2561

9.7266

32.4475

China‘s eight major economic regions, Tobit model is
used for quantitative analysis.
The influencing factors of TFEE are examined
from the four aspects: the economic development
level, the energy consumption structure, the industrial
structure, and the technology development. The
economic development level is measured by GDP
per capita (abb. PGDP, unit: ten thousand Yuan per
capita, expected symbol „+“). The energy consumption
structure is measured by the proportion of coal in
energy consumption (abb. COAL, unit: %, expected
symbol „-“). The industrial structure is measured by
the ratio of the added value of the secondary industry
to GDP (abb. SEC, unit: %, expected symbol „-“), and
the ratio of the added value of the tertiary industry to
GDP (abb. TER, unit: %, expected symbol „+“). The
technology development is measured by the proportion
of technology market turnover in GDP (abb. TECH,
unit: %, expected symbol „+“). Descriptive statistics of
variables in the model are shown in Table 4.
The following Tobit regression equation is
established, and the regression results are shown in
Table 5.

of 5%. The regression coefficients of two variables
(COAL, SEC) are negative, and those of other variables
are positive. The positive and negative influences of
these five variables on TFEE are exactly the same as
expected.
From the regression results, TECH has the most
significant impact on TFEE, with a coefficient of
4.1826, and passes the significance test at the level
of 1%. It means that the proportion of technology
market turnover in GDP is positively related to TFEE.
If TECH increases by one unit, TFEE will increase by
4.1826 units.
The second important factor is TER, with a
coefficient of 0.4548. It indicates that the ratio of the
added value of the tertiary industry to GDP is positively
related to TFEE. If TER increases by 1 unit, TFEE will
increase by 0.4548 units.
The third relatively important influencing factor
is SEC with a coefficient of-0.3854. It shows that the
proportion of the added value of the secondary industry
in GDP is negatively related to TFEE. If SEC increases
by one unit, TFEE will decrease by 0.3854 units.
As for the influencing factor COAL, with a
coefficient of -0.0778, it means the proportion of coal in
energy consumption is negatively correlated with TFEE.
If COAL increases by 1 unit, TFEE will decrease by
0.0778 units. However, the significance level of COAL
is 0.4359, without passing the significance test, which
indicates that COAL does not play a significant role in
the regression equation, unlike the findings of Chen

TFEE = c + β1 PGDP + β 2 COAL + β 3 SEC + β 4TER + β 5TECH

(12)
As can be seen from Table 5, all the variables except
for COAL have passed the significance test at the level

Table 5. Regression Results of Tobit Model.
Coefficient

Std. Error

z-Statistic

Prob.

C

0.8152

0.2025

4.0259

0.0001***

PGDP

0.0083

0.0074

1.1290

0.0489**

COAL

-0.0778

0.0998

-0.7792

0.4359

SEC

-0.3854

0.2243

-1.7184

0.0157**

TER

0.4548

0.3088

1.4726

0.0000***

TECH

4.1826

0.8568

4.8818

0.0000***

Note: *** and ** indicate significant levels at the 1% and 5%,respectively.
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[20] and Li and He [42]. This seems to be inconsistent
with the general understanding of the public. In fact,
there is a deep-seated reason behind it. The current
energy consumption in China is dominated by coal.
For each province, the high proportion of coal is a
common influence, so its role is not highlighted in the
equation.
The coefficient of the last influencing factor PGDP
is 0.0083, the smallest one among all regression
coefficients (absolute values), which means that the
influence of GDP per capita on TFEE is also minimal
in comparison.
From the above analysis, it can be seen that the
dominant factors affecting TFEE in China‘s eight major
economic regions are the technological development
and the industrial structure, while the economic
development level and the energy consumption
structure are relatively less important. Although energy
consumption structure is not significant, it reflects the
abnormal structure of coal-based energy consumption
in China. Based on these results, the following targeted
recommendations are put forward.
(1) Pay close attention to the technological
development. Technology is the primary productive
force and also contributes to improving energy
efficiency. At the regional level, each economic
region should pay more attention to the development
of technology, continuously increase investments
in technological progress, and upgrade the existing
outdated industrial technologies as soon as possible.
At the national level, the central government should
formulate relevant policies to stimulate the enthusiasm
of local governments to develop technology. Through
the guidance of relevant policies, all provinces are
encouraged to devote themselves to knowledge
innovation and technological innovation, and improve
their technological level continuously, especially the
high-tech level.
(2) Adjust the industrial structure. All economic
regions should make efforts to develop the tertiary
industry and increase the proportion of the added
value of the tertiary industry in GDP gradually. In
the southern coastal region (Fujian, Guangdong and
Hainan) the tertiary industries are developed well.
Especially in Hainan province, tourism has vigorously
developed in recent years. It is mainly the rise of the
tertiary industry that makes the energy efficiency of
the southern coastal region rank first among the eight
major economic regions. The northwest region (Gansu,
Qinghai, Ningxia and Xinjiang) has harsh natural
conditions, the development level of its tertiary industry
lags behind obviously, and its total factor energy
efficiency (TFEE) is the lowest among the economic
regions. The northwest region should learn from
the southern coastal region in the efforts to develop
characteristic tourism vigorously, and optimize its
industry structure. Other economic regions should also
vigorously develop the tertiary industry in the process
of economic development, reducing the proportion of
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the secondary industry, and gradually optimize their
own industry structures.
(3) Improve the energy consumption structure.
China's energy endowment is characterized by more
coal, less oil and less gas, which determines that
China's energy consumption is generally dominated by
coal. Therefore, for each economic region, if it takes
the lead in developing and using clean and renewable
energy, then it will gain outstanding advantages.
Fortunately, China is currently working on the
application of integrated energy system, which can
effectively utilize all kinds of clean energy. Under this
background, photovoltaic power generation and wind
power generation can be vigorously developed in the
western economic region, and offshore wind power
generation can be promoted in the northern, eastern and
southern coastal regions. Other regions are rich in straw
resources and can vigorously develop biomass power
generation technology and biodiesel technology.

Conclusions
It plays an important role in China‘s energy
conservation, emission reduction and ecological
protection to study TFEE in China‘s eight major
economic regions. Based on the panel data, TFEE
values of 30 provinces over years are calculated via
super-efficiency SBM model. The results show that
TFEE values in China basically show the rule of low
in the west and high in the east. TFEE values in the
southern, northern and eastern coasts rank the top
three, followed by the northeast, the middle reaches of
the Yangtze River, the southwest and middle reaches
of the Yellow River, with the lowest TFEE value in the
northwest.
Zofio decomposition is carried out on ML index
of China‘s eight major economic regions. The results
show that
Region3, Region4, Region5, Region6,
Region7 and Region8 increase in the pure efficiency
(PEC); Region1 and Region2 deteriorate in the pure
efficiency (PEC). Only the pure technological change
(PTC) of Region2 is increasing, while those of other
economic regions are decreasing to varying degrees.
In terms of scale technology change (STC), Region1,
Region3, Region5 and Region8 are increasing, while
the rest are decreasing. From the above, it can be seen
that only the northern coastal region (including Beijing,
Tianjin, Hebei and Shandong) has seen their pure
technological changes increasing while the others have
seen the opposite. Therefore, it is of great significance
to improve pure technological changes for improving
TFEE in China as a whole.
In order to build Tobit regression model, we select
TFEE as a dependent variable, and GDP per capita
(PGDP), COAL‘s share in energy consumption (COAL),
the proportion of added value of secondary industry in
GDP (SEC), the proportion of added value of tertiary
industry in GDP (TER) and the proportion of technology
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market turnover in GDP as independent variables.
The model explores the dominant factors affecting
TFEE from four aspects: the economic development
level, the energy consumption structure, the industrial
structure, and the technological development. Results
show that the dominant factors affecting TFEE are the
technological development and the industrial structure,
while the economic development level and the energy
consumption structure have no significant influences.
The results are consistent with Zofio decomposition.
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