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Abstract: This paper employs directional distance function (DDF) and the global Malmquist–Luenberger
(GML) productivity index to measure the green total factor productivity (GTFP) growth of China’s
36 industrial sectors from 2000 to 2014. Based on this, this paper ascertains the determinants of GTFP
from the perspectives of institution, technology, and structure, and the determinant factors that affect
GTFP are empirically tested by a dynamic panel data (DPD) model. The research shows that, considering
energy consumption and environmental undesirable outputs, the industrial GTFP goes backwards by
0.02% per year on average, and the contributions of GTFP to output growth are far from the target value
of 50% in all industrial sectors, which indicates that the growth of industrial economy sacrifices resources
and environment to a certain degree. In terms of the determinant factors of GTFP, environmental
regulation does improve the GTFP, while environmental regulation is difficult to promote GTFP by
the route of technological innovation. Compared with technology importation, the driving effect
of independent research and development on GTFP is obvious, especially promoting the GTFP of
moderately and lightly polluting industries, while the driving effect in heavily polluting industries is
poor. Endowment structure and property right structure play a positive role in improving GTFP, but the
impacts of capital structure and energy structure on GTFP are poor.

Keywords: China’s industrial economy; green total factor productivity; determinants; directional
distance function; global Malmquist–Luenberger index; dynamic panel data model

1. Introduction

As the largest developing country in the world, since reform and opening up, China has created
phenomenal rates of growth with an average annual rate of 9.8% for 34 consecutive years [1]. It is
well known that China’s growth is mainly driven by input and investment, and huge investment has
entered into the industrial sectors, which makes the industrial economy become the engine of growth.
In the past 40 years, the industrial added value to GDP remained 37–45%, and the contribution of
industry to economic growth was over 40% [2]. However, the extensive expansion of industry has
caused resources exhaustion and environmental deterioration. For instance, we estimated that as the
main industry of energy consumption, industrial energy consumption accounts for more than 70% of
China’s total energy consumption, and industrial CO2 emissions contributes more than 80% of all
the CO2 emitted in China. The result is that China is becoming a big industrial country but still does
not turn into an industrial power. At present, China’s economy has entered into the “New Normal”,
which has three main characteristics: the economy has shifted gear from the previous high-speed to
medium-to-high speed growth, the economic structure is constantly being improved and upgraded,
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and the economy is increasingly driven by innovation instead of input and investment. Against this
background, China’s industrial economy is being confronted with internal and external constraints
and challenges. Domestically, the carrying capacity of resources and environment has reached its
limit. From abroad, China’s industry is facing new competition and challenges brought by the global
green industrial revolution. Therefore, it is essential to develop a new growth pattern that can
break the resources and environment constraints and improve sustainable industrial competitiveness.
The “green growth”, a term rarely heard before 2008, has burst onto the international policy scene
over recent years [3]. In fact, green growth comes from sustainable development which can be treated
as a short-term or medium-term strategy or tool to achieve the goals of sustainability. Actively
responding to the call for green growth by the United Nations, the OECD, the World Bank, etc.,
the Chinese government strongly promotes a low-carbon economy, green economy, and ecological
civilization in recent years. The Chinese “13th Five-Year Plan”, which was released in 2016, listed
“green development” as an explicit national strategy. In July 2016, China issued the “industrial green
development plan (2016–2020)”, which is the first guiding document for industrial green development
in the new period.

As the core issue in the age of sustainable development, there are many studies including
qualitative and quantitative analysis on green growth. One of the most important aspects in the
quantitative research is the assessment of sustainability, or more specifically, the measurement of
green growth. An appropriate measure of green growth is essential for assessing the effect of the
reform conducted by the government. The common approach to evaluate green growth is to establish
an evaluation index system which has been widely adopted by international organizations and
governments. For instance, OECD [4] established a green growth indicators system, which includes
four first-class targets, 15 secondary indicators and a number of tertiary indicators to monitor
the progress of green growth. The Chinese government constructed the green development index
system and published the Chinese green development index of 31 provinces in 2017 for the first
time. Within the assessment framework of green growth, scholars extended the relevant studies
to the industry. Chen et al. [5] constructed an evaluation index system of China’s industrial green
development, which criterion layer was made up of industrial green output, industrial green efficiency,
industrial green innovation, and industrial green policy. On this basis, an evaluation system comprised
of 12 secondary indices and 32 tertiary indices was developed.

Building a relatively perfect green growth index system involves the selection and quantification
of numerous indices, and therefore in the academic field, the more frequently used approach to evaluate
sustainable growth is measuring productivity. Because productivity is not directly observable, many
researchers are interested in estimating the total factor productivity (TFP). Traditionally, a rising share
of TFP in output growth was taken as the standard for judging whether the growth pattern had been
transformed to a sustainable growth model; i.e., the extensive growth pattern based on the continued
expansion of inputs was unsustainable and that only the intensive growth pattern, which relied on
TFP growth, was sustainable in the long run [6–9]. Since Chen et al. [10] initiated the study of China’s
industrial productivity, there was a big surge of TFP estimates in Chinese industry. The measuring
methods included the Solow residual method, C-D production function, translog production function,
stochastic frontier analysis (SFA), data envelopment analysis (DEA), etc. For example, Cao et al. [11]
estimated productivity growth for 33 Chinese industries covering 1982–2000. The study showed that
the main source of output growth was capital accumulation. TFP growth was 2.5% per year, and its
growth was quite varied—many energy industrial sectors showed negative growth rates while the
electrical machinery, paper and allied products, etc. had high growth rates exceeding 4% per year.
Chen et al. [12] estimated the TFP growth of China’s 38 industrial sectors from 1981 to 2008 and found
the aggregated growth rate of industrial productivity was 6.7%. Moreover, the light and high-tech
industrial sectors such as the manufacturing of apparel, cultural articles, computers and electronic
equipment, and transport equipment, grew rapidly in TFP with rates of 11.1%, 8.9%, 8.4%, 7.7%,
respectively, while slowly growing sectors were mostly heavy industries.
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Although it is reasonable to use TFP growth to explain the sustainable development of industry,
traditional TFP usually cannot reflect the value of natural resources and the negative externality
of environmental pollution (in the previous literature, most scholars estimated TFP based on
labour, capital, and good outputs, and few of them considered the resources and environmental
factors), which bring challenges for measuring TFP accurately and analysing sustainable development
scientifically [13]. In fact, resources and environmental factors have vital impacts on outputs, and
the rapid growth of China’s economy, especially its industrial economy, is at the expense of the high
intensity of resource consumption and environmental pollution to a large extent. This means that
using traditional TFP to guide the real economy might lead to policy failures. Superior to parametric
methods, DEA methods do not require setting the functional form of the model in advance and can
take various inputs and outputs into consideration [14]. Therefore, some researchers are beginning to
consider resources and environmental factors on the basis of traditional production factors. Chen [13]
pointed out that it was relatively easy to incorporate the resources into production function and that
most literatures used energy consumption as a new input factor. However, it was more complicated
to deal with environmental factors. The earlier studies only regarded environmental pollution as
a by-product of the production process, which made the good outputs and bad outputs impossible to
distinguish accurately [15]. Until Chambers et al. [16] and Chung et al. [17] put forward the directional
distance function (DDF), environmental pollution was treated as a kind of undesirable output, so that
the environmental factors that restricted the production process could be explained reasonably.
This approach simultaneously credits reductions in bads and increases in goods in the estimation of
a production frontier under the framework of DEA [18]. Correspondingly, Chung et al. [17] applied
DDF into the Malmquist model and developed the Malmquist–Luenberger (ML) productivity index.
The TFP growth measured by computing the change of the ML index could be called green total factor
productivity (GTFP) growth (the concepts of green total factor productivity, GTFP, green productivity,
and green TFP, are the same in this paper). The approach has been wide applied in the studies of
efficiency and productivity [19–24].

However, the conventional DDF and ML index have some drawbacks, and thus various
improved methods are being developed to meet the needs of research, such as the non-radial
DDF [25], the slack-based measure (SBM) [26–28], the Metafrontier ML index [29–31], the global
ML index [32,33], etc. Each improved method has their own advantages, and among them, the global
ML (GML) productivity index proposed by Oh [32] is circular and can overcome the potential linear
programming infeasibility problem in measuring cross-period DDFs, which has been widely used in
the studies of productivity growth under the constraints of energy and environment in recent years.
For example, Ananda and Hampf [34] applied the GML index, which accounted for undesirable
outputs to evaluate the productivity trends in the Australian urban water sector. Fan et al. [35] used
the GML index to estimate the total factor CO2 emission performance of 32 industrial sub-sectors
in China’s Shanghai city over 1994–2011. Tao et al. [36] employed the GML index to measure and
decompose green productivity growth for three major urban agglomerations in China. This paper
aims at the productivity estimates of China’s industry, and for the past few years, there have been
wide applications of DDF and its modified approaches to estimate the green productivity of China’s
industry, including the aggregate level, sector level, firm level analysis, etc., and we survey some
related literature in Table 1.
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Table 1. Green total factor productivity (GTFP) estimates for China’s industry in the literature. SBM:
slack-based measure; DDF: directional distance function; ML: Malmquist–Luenberger; DEA: data
envelopment analysis; GML: global ML.

Literature Methodology Data and Period GTFP
Growth (%) Growth Varied in Industries/Sectors (%)

Li and Tao [37] SBM-DDF and L index
19 pollution-intensive

sectors;
2004–2008

2.85 most pollution-intensive sectors showed
negative growth rates

Li et al. [38] SBM and ML index 36 industrial sectors;
2001–2010 −1.7

Non-ferrous metal mining (0.8), Tobacco
manuf. (0.3), etc. grew rapidly; Ferrous
metals smelting (−3.3), Non-ferrous metals
smelting (−3.5), etc. grew slowly

Zhang and Choi [39] metafrontier
non-radial M index

93 fossil fuel power
plants;

2005–2010
0.38

64 power plants showed an increase (the
highest growth rate was 6.2), whereas
29 plants, a decrease (the lowest growth
rate was −0.86)

Chen and Golley [18] DDF and ML index 38 industrial sectors;
1980–2010 1.8

Electronic equip.(8.4), Measuring inst.(5.4),
etc. grew rapidly; Non–metal mining(−0.1),
Fuel processing(−2.4), etc. grew slowly

Li and Lin [22] DDF and SS- ML index 36 industrial sectors;
1998–2011 3.18

growth rates range from 0.74 (gas prod.) to
10.53 (petroleum ext.); energy-intensive
sectors have much higher growth rates

Li and Lin [40] three-stage DEA and
ML index

28 manufacturing
sectors;

2006–2010
2.7

light and high-tech industry sectors have a
high growth of 3.67 and 3.07;
energy-intensive and emissions-intensive
sectors have a low growth of 1.38

Chen [23] DDF and ML index 36 industrial sectors;
2004–2013 −0.1 equipment manufacturing industries grew

rapidly with the rate of 1.9

Wang and Shen [41] GML index 36 industrial sectors;
2000–2012 −22.8

a notable difference between
pollution-intensive and clean production
industries: around −25.9 and −15

Zhu et al. [42]
slacks-based

global DEA and
GM index.

5 sectors of mining
and quarrying

industry;
1991–2014

71.7

the mining and processing of ferrous metal
ores, the mining and processing of
non-ferrous metal ores, and the mining and
processing of nonmetal ores grew rapidly

Because GTFP represents the quality contribution of industrial growth, which is the important
criterion of industrial green growth, the green productivity growth of China’s industry has attracted
strong interest by researchers. This paper has some common ground with the above literature,
such as focusing on the GTFP growth of Chinese industry, while our study improves the existing
research in the following aspects: firstly, compared with the studies of Li and Tao [37], etc., this study
analyses the GTFP growth covering China’s whole industrial sectors. The related studies based
on the sub-industries cannot reflect the overall trends of industrial GTFP and this study fill in this
gap. Secondly, as previously mentioned, the GML index based on DDF represents the development
and improvement of the ML index. This paper extends the study of Chen and Golley [18] and
adopts the GML index to measure the GTFP growth of China’s industry, which makes the GTFP
circular and transitive, and avoids the problems of spurious technical regress and linear programming
infeasibility. Thirdly, this paper better identifies the industry heterogeneity and constructs a more
complete framework for analysing the determinants of GTFP. In relation to the extant literature,
most studies adopt the assumption of homogenous industry, or simplify divide the industrial sectors
based on the existing categories, such as Chen [23], which does not take a closer look at industry
heterogeneity according to the feature of industrial pollutant emissions. This study insists on the
concept of industry heterogeneity and adopts a new index to divide industrial sectors by calculating
the intensity of industrial pollutant emissions which breaks the conventional categories of industrial
sectors. Meanwhile, based on the measured green productivity, the existing studies on the determinants
of GTFP are fragmented and lack systematic framework. This means different determinant factors
cannot be classified reasonably. To our knowledge, this paper is the first attempt to construct the
framework of the determinants of green productivity from the perspectives of institution, technology,
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and structure. Particularly, we investigate the role of structural factors based on the industrial-sector
level, which makes up for the deficiency of the existing studies only examining the total structural
effect but not examining the structural effect of each industrial sector.

In fact, the problems of resources and environment in the process of rapid growth not only appear
in China, but also appear in many developing countries, which are now at a stage of accelerated
industrialization. Until now, except Chinese scholars, researchers from developing countries seem
insufficiently concern about the issues of green productivity, and thus the transformation of industry
from traditional growth model to green growth model is not only important for China to achieve
higher quality growth, but also provide reference for other developing countries. The aim of our study
is to provide a quantitative reference for evaluating green growth level and designing effective green
growth policies by using China’s industry as a case study. Here, we put the energy consumption and
environmental undesirable outputs into the TFP measuring framework and adopt the DDF and GML
productivity index to measure the GTFP growth of 36 China’s industrial sectors from 2000 to 2014.
According to the measurement results, we analyse the characteristics of GTFP growth and investigate
the industry heterogeneity. Furthermore, we ascertain and examine the determinant factors of GTFP
based on the framework of institution, technology, and structure. The rest of this paper is organized as
follows. Section 2 introduces the methods of DDF and GML index and discusses the data. Section 3
gives and analyses the measuring results. Section 4 explores and tests the determinants of industrial
GTFP. Section 5 is the conclusion.

2. Method and Data

2.1. DDF and GML Productivity Index

Based on Fare et al. [43], the input–output technology structure, which includes the good outputs
and the bad outputs, is constructed; we call it green production technology. The production possibility
set (PPS) is shown as follows:

P(x) = {(y, b) : x can produce(y, b)}, x ∈ RN
+ , y ∈ RM

+ , b ∈ RW
+ , (1)

where the x = (x1, . . . xN) ∈ R+
N denotes the vector of inputs, the y = (y1, . . . yM) ∈ R+

M denotes the
vector of desirable outputs, and the b = (b1, . . . bW) ∈ R+

W denotes the vector of undesirable outputs.
The green production technology provides the production possibility frontier when considering

the undesirable outputs. On this basis, we can calculate the distance of each decision-making unit
(DMU) to the production possibility frontier by DDF. The form of DDF proposed by Chung et al. [17]
is expressed as:

→
D0(x, y, b; g) = sup{β : (y, b) + βg ∈ P(x)}, (2)

where g is the direction vector, and the β is the maximum possible multiple of good outputs y increase
and bad outputs b decrease. The DDF represents the maximum multiple of the expansion of the output
vector (y, b) under the input vector x and the direction vector g.

The corresponding Malmquist–Luenberger productivity index (MLPI) developed by Chung et al. [17]
can be used to measure the GTFP growth, which is measured by computing the change of the MLPI
between time t and t + 1. From the view of output, MLPI from time t to t + 1 is constructed as:

MLPIt+1
t =


[

1 +
→
D

t

0(xt, yt, bt; gt)

]
[

1 +
→
D

t

0(xt+1, yt+1, bt+1; gt+1)

] ×
[

1 +
→
D

t+1

0 (xt, yt, bt; gt)

]
[

1 +
→
D

t+1

0 (xt+1, yt+1, bt+1; gt+1)

]


1/2

. (3)

However, the geometric mean form of the MLPI has some drawbacks: it is not circular or transitive
and it may face problems of spurious technical regress and linear programming infeasibility when
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measuring cross-period DDFs [32,44]. Based on this, a global benchmark technology should be defined
as PG = P1 ∪ P2 ∪ P3 . . . PT , which is an improved version of the global Malmquist productivity index
(GMPI). As shown in Figure 1, the PG envelopes all contemporaneous benchmark technologies by
establishing a single reference PPS. Pastor and Lovell [45] first proposed the GMPI, and traditional
TFP growth can be measured by computing the change of GMPI. Moreover, GMPI can be decomposed
into technical efficiency change (GMECH) and technical progress change (GMTCH):

GMPIt+1
t =

→
D

G

0 (xt+1, yt+1)
→
D

G

0 (xt, yt)

, (4)

GMPIt+1
t = GMECHt+1

t ·GMTCHt+1
t =

→
D

t+1

0 (xt+1, yt+1)
→
D

t

0(xt, yt)

·


→
D

G

0 (xt+1, yt+1)/
→
D

t+1

0 (xt+1, yt+1)
→
D

G

0 (xt, yt)/
→
D

t

0(xt, yt)

.

(5)

Figure 1. The global Malmquist–Luenberger productivity index.

Due to the GMPI not incorporating the undesirable outputs, it is necessary to define a global DDF
based on the global benchmark technology:

→
D

G

0
(

xt, yt, bt; gt) = maxβ = max
{

β : (y + βy, b− βb) ∈ PG(x)
}

s.t.
T
∑

t=1

K
∑

k=1
zt

kyt
km ≥ (1 + β)yt

km m = 1, 2, . . . M;

T
∑

t=1

K
∑

k=1
zt

kbt
kw = (1− β)bt

kw w = 1, 2, . . . W;

T
∑

t=1

K
∑

k=1
zt

kxt
kn ≤ xt

kn zt
k ≥ 0 ; n = 1, 2 . . . N; k = 1, 2, . . . K

, (6)

where N is the amount of input factors, M is the amount of desirable outputs, W is the amount of
undesirable outputs, and zt

k is the weight of each cross-sectional observation.
Correspondingly, the global Malmquist–Luenberger productivity index (GMLPI) can be expressed

as follows:

GTFPt+1
t = GMLPIt+1

t =
1 +

→
D

G

0 (xt, yt, bt; gt)

1 +
→
D

G

0 (xt+1, yt+1, bt+1; gt+1)

, (7)
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similar to the GMPI, the GMLPI can be decomposed into two parts: a technical efficiency change index
(GMLECH), and a technical progress change index (GMLTCH), which can be calculated as

GMLPIt+1
t = GMLECHt+1

t × GMLTCHt+1
t , (8)

GMLECHt+1
t =

[
1 +

→
D

t

0(xt, yt, bt; gt)

]
[

1 +
→
D

t+1

0 (xt+1, yt+1, bt+1; gt+1)

] , (9)

GMLTCHt+1
t =

[
1 +

→
D

G

0 (xt, yt, bt; gt)

]
/
[

1 +
→
D

t

0(xt, yt, bt; gt)

]
[

1 +
→
D

G

0 (xt+1, yt+1, bt+1; gt+1)

]
/
[

1 +
→
D

t+1

0 (xt+1, yt+1, bt+1; gt+1)

] . (10)

The GMLPI is circular and transitive and can overcome the infeasibility problem. In this paper,
the GTFP growth is measured by computing the change of the GMLPI between time t and t + 1. In terms
of economic connotation, the GMLECH can reflect the institution innovation, experience accumulation,
scale economy, and other factors, and the GMLTCH can embody the innovation and improvement
of production technology and other factors. The GMLPI being larger (smaller) than 1 indicates the
growth (decline) of green total factor productivity. Similarly, the GMLECH being larger (smaller)
than 1 indicates the improvement (deterioration) of green technical efficiency, and the GMLTCH being
larger (smaller) than 1 indicates the progress (regression) of green technology.

2.2. Indices and Data

Measuring GTFP growth requires obtaining the indices of inputs, desirable outputs, and undesirable
outputs. As this paper discusses the growth of GTFP and its decompositions from the industrial
sector-level perspective, there is a special requirement for the availability of data and the consistency
of statistical calibre. The 41 double-digit industrial sectors are selected according to the standard of
Classification and Code Standard of National Economy Industry (GB/T4754-2011) issued by the China National
Bureau of Statistics. It is noted that we delete four sectors, i.e., “Processing of Timber, Manuf. of Wood”,
“Other Manuf.”, “Utilization of Waste Resources”, and “Repair Service of Metal Products, Machinery
and Equipment” due to their incompleteness of data. Moreover, we merge and split some sectors to
maintain the consistency of statistical calibre: the sectors of “Mining of Other Ores” and “Non-metal
Mining” are merged into the new sector “Non-metal Mining”; the sectors of “Manuf. of Automobiles”
and “Manuf. of Railway, Ship, Aerospace, and Other Transport Equipment” are merged into the sector
“Transport Equipment”; the sector “Manuf. of Rubber and Plastics Products” is split into the sectors of
“Rubber Manuf.” and “Plastics Products Manuf.”, and, finally, we set up the input-output panel data of
36 industrial sectors from 2000 to 2014 (see detailed data in Tables S1–S9).

Input factors: The annual average number of employees of each industrial sector is selected to
represent the labour input, and the original data come from the 2001–2015 China Industrial Statistical
Yearbook and China Economic Census Yearbook [46,47]. Considering that energy is the main resource of
industrial production and energy consumption is the main source of undesirable outputs, the energy
consumption of each industrial sector is selected to represent the resource input, and the original
data come from the 2001–2015 China Energy Statistical Yearbook [48] and the China National Bureau
of Statistics. It is reasonable to adopt the capital stock to reflect the capital input, but the data of
the capital stock of each industrial sector are not available through China’s official statistics. Many
scholars have done many studies on how to correctly estimate the industrial sector–level capital
stock [49,50]. This paper uses the perpetual inventory method (PIM) to estimate the capital stock of
China’s industrial sectors based on the relevant representative studies. The PIM is Kt =It + (1 − wt)
Kt−1, where Kt and Kt−1 denotes the capital stock in time t and t − 1, respectively. It denotes the
incremental fixed asset investment at 2000 constant price, wt denotes the depreciation rate. Firstly,
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industrial fixed asset investment in 2000 is used as the capital stock in the base period. Secondly,
the net added value of the fixed assets of two adjacent years is used as the incremental fixed asset
investment. On this basis, the price index of the investment of fixed assets is used as a deflator index
to adjust the sequence of investment to the 2000 constant price. Finally, referring to the methods of
Chen [51], Li and Tao [52], we determine the depreciation rate as follows:

(accumulated depreciation) t = (original value of fixed assets) t − (net value of fixed assets) t, (11)

(depreciation in this year) t = (accumulated depreciation) t − (accumulated depreciation) t−1, (12)

(depreciation rate) t = [(depreciation in this year) t]/[(original value of fixed assets) t−1]. (13)

Output factors: Output indices include desirable outputs and undesirable outputs. To measure the
desirable outputs, given that we put the energy consumption, which has the property of intermediate
input, into the framework of GTFP, we adopt total industrial output value, which also includes
the cost of intermediate input, to represent the desirable output. The original data come from the
2001–2015 China Industrial Statistics Yearbook [46]. Moreover, the producer price index published by
the China National Bureau of Statistics is used to deflate the total industrial output value to the
2000 constant price. Industrial emissions of carbon dioxide (CO2), industrial emissions of waste water,
industrial emissions of waste gas, and industrial production of solid waste are used as the undesirable
outputs. The original data of industrial pollutant emissions come from the China Environmental Statistics
Yearbook, the China Environment Yearbook, and the Annual Statistic Report on Environment in China [53–55].
Due to the CO2 data not being available, we estimate the CO2 emissions of 36 industrial sectors.
According to the method provided by Chapter 6, Volume 2 of the 2006 IPCC guidelines for national
greenhouse gas inventories [56]:

Ct =
3

∑
i=1

Ci,t =
3

∑
i=1

Ei,t × NCVi × CEFi × COFi × (44/12), (14)

where C represents the CO2 emissions (in units of 10,000 tons), and Eit(i = 1, 2, 3) represents the
consumption of three types of primary energy; i.e., coal (in units of 10,000 tons), crude oil (in units
of 10,000 tons), and natural gas (in units of 100 million cubic meters). NCV represents the average
lower heating value of the three energy sources released in the appendix of the 2015 China Energy
Statistics Yearbook [48]. CEF represents the carbon emission factor provided by the 2006 IPCC guidelines
for national greenhouse gas inventories [56]. It is noted that IPCC provides the carbon emission factor
of bituminous coal and anthracite but does not directly provide the carbon emission factor of coal;
thus, we set the weight of bituminous coal at 80% and the weight of anthracite at 20% to get the
carbon emission factor of coal by the weighted average method. COF represents the carbon oxidation
factor. The values of 44 and 12 are the molecular weights of carbon dioxide and carbon, respectively.
The above method is used to estimate the CO2 emissions of China’s industrial sectors from 2000 to
2014, and the parameters of CO2 emissions estimation are listed in Table 2.

Table 2. Parameters of CO2 emissions estimation.

Energy NCV CEF COF Standard coal conversion factor

Values Unit Values Units Values Units

Coal
Bituminous coal

20,908 kJ/kg

25.8

kg/106 kJ
0.99 0.7143 kg standard coal/kganthracite 26.8

Weighted average 26

Crude oil 41,816 20 1 1.4286

Natural gas 38,931 kJ/cubic
meter 15.3 1 1.3300 kg standard

coal/cubic meter
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Meanwhile, to further analyse the difference of GTFP growth among different types of industry,
the 36 industrial sectors are classified into heavily polluting industries, moderately polluting industries,
and lightly polluting industries. Specifically, first, we make the data of “waste water emissions of per
industrial output”, “waste gas emissions of per industrial output”, and “solid waste production of
per industrial output” dimensionless:

γ′i,n,t =
γi,n,t − γn,min

γn,max − γn,min
(i = 1 . . . 36; t = 1 . . . 15; n = 1, 2, 3), (15)

where i stands for the industrial sectors, n stands for the source of pollutants, t stands for the time,
γ stands for the pollutant emissions and γ′ stands for the corresponding standardized values; γn,max

and γn,min stands for the maximum and minimum values of pollutant emissions, respectively. Second,
the analytic hierarchy process (AHP) method is used to determine the weight of each pollutant.
The AHP method is a kind of qualitative and quantitative analysis of multiplicate objective decisions.
Dividing the three types of industry is based on the intensity of industrial pollutant emissions, and the
core is to determine the weights of the three indices, i.e., waste water, waste gas, and solid waste
in the system of industrial pollutant emissions. Determining the weights requires not only data
analysis, but also requires making reasonable qualitative comparison in line with the actual conditions
of China’s industrial development. Therefore, AHP is suitable for our study. In reality, industrial
pollutant emissions can be regarded as a decision target, and the waste water, waste gas, and solid waste
can be seen as the elements of criterion layer. Based on this, an k × k(k = 3) order comparison matrix
A = (anm) is developed according to the expert consultation. We invite experts in the field repeatedly
answer questions in accordance with the anm evaluation rules, namely considering the decision target,
pairwise comparisons on indices are made to determine which index is more important and to what
degree. The comparison matrix meets the following conditions: anm > 0; ann = amm = 1; anm = 1/amn.
For comparison matrix A, the maximum eigenvalue λmax and the corresponding eigenvector W of the
eigenvalue can be solved by the root value method:

wn = 3

√√√√ 3

∏
m=1

anm, n = 1, 2, 3, (16)

wn =
wn

3
∑

n=1
wn

, (17)

where wn is the n-th component of the eigenvector W, i.e., the weight. After the consistency test,
we determine the weight of waste water as 0.40, the weight of waste gas as 0.37, and the weight of
solid waste as 0.23. Based on this, the intensity of pollutant emissions of different industrial sectors in
each time is calculated as

ϕi,t =
3

∑
n−1

wnγ′i,n,t, (18)

where ϕi,t is the intensity of pollutant emissions of i-th industrial sector in time t. Finally, by calculating
the mean of the intensity of pollutant emissions from 2000 to 2014, we can get the categories of the
three types of industry. Industrial demarcation is presented in Table 3.
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Table 3. Three types of industry and corresponding industrial sectors.

Intensity of Industrial
Pollutant Emissions Categories Corresponding Industrial Sectors

0.1109 < φ < 0.4727 Heavily polluting industries (13)

Non-Ferrous Metal Mining, Electric Power and Heat Power, Paper
Manuf., Ferrous Metal Mining, Non-metallic Mineral Products Manuf.,
Ferrous Metals Smelting/Pressing, Coal Mining, Raw Chemical
Materials Manuf., Water Production and Supply, Chemical Fibres
Manuf., Non-ferrous Metals Smelting/Pressing, Processing of
Petroleum, Non-metal Mining

0.0110 < φ < 0.0847 Moderately polluting industries (13)

Beverages Manuf., Textile Manuf., Gas Production and Supply, Food
Processing, Foods Manuf., Medicines Manuf., Petroleum Extraction,
Rubber Manuf., Wood Processing, Leather Manuf., Metal Products
Manuf., Measuring Instruments Manuf., Special Machinery Manuf.

0.0030 < φ < 0.0099 Lightly polluting industries (10)
Transport Equipment, Tobacco Manuf., Furniture Manuf., Apparel
Manuf., General Machinery Manuf., Plastics Products Manuf., Printing,
Electronic Equipment, Electrical Equipment, Cultural articles

3. Measuring Results and Discussion

According to the data of inputs and outputs of China’s 36 industrial sectors during 2000–2014,
we calculate the growth of GTFP and its decompositions. To compare the green TFP growth with
the traditional TFP growth, the growth of traditional TFP and its decompositions are also measured.
Traditional TFP growth is measured by GMPI, and the TFP measuring framework only includes two
inputs, i.e., labor and capital, and one output that is the total industrial output value.

3.1. Green TFP Growth

The results of the growth of TFP and its decompositions (GMPI, GMECH, GMTCH) and the
growth of GTFP and its decompositions (GMLPI, GMLECH, GMLTCH) are reported in Table 4.
The GMLPI is the dynamic reflection of China’s industrial green growth; we can see that, during the
whole study period, the average value of GMPI is 1.0910, while the average value of GMLPI is 0.9998,
which means that China’s industrial TFP grows 9.1% per year on average, if we ignore resources
and environmental factors. If we have considered energy consumption and the pollutant emissions
correctly, the green TFP of China’s industry goes backwards by 0.02% per year on average, which
means that energy consumption and pollutant emissions have caused a loss of performance of the
industrial economy; i.e., China’s industrial growth is largely at the expense of energy consumption and
environmental pollution, which further demonstrates that most studies have overestimated China’s
industrial TFP growth. Furthermore, we divide the whole period into three periods, and calculate the
GTFP growth in 2000–2005, 2005–2010 and 2010–2014, respectively. As shown in Table 5, we find that
the average value of GMLPI in these three periods is 0.9964, 0.9967 and 1.0079, respectively. That means
that during 2000–2014, the whole industry had not achieved green growth, while in the three separate
periods, the GTFP presented an increasing trend, especially in 2010–2014, where industrial GTFP
achieved the growth of 0.79%. This indicates that, in the promotion of green growth strategy, energy
conservation and emission reduction policies have achieved positive results in the industrial sector,
so that China’s industrial growth is beginning to transform from an extensive pattern to intensive
pattern, and the GTFP growth has turned negative into positive. Comparing the traditional TFP growth
in the three periods, interestingly, traditional TFP growth is 11.78%, 7.61% and 7.70%, respectively. It is
found that traditional TFP achieved the fastest growth in 2000–2005, while in the same period the GTFP
growth was slowest (in fact went backwards by 0.36% per year on average), which simply proves the
emission growth of China’s industry is positive, and is therefore penalised in the “green” estimate.
In reality, from 2002, China’s heavy industries are promoted once again, and after 2010, China’s
industry gradually moves towards low-carbon and green growth. In terms of the decompositions,
overall, the GMLECH is larger than GMECH, while the GMLTCH is smaller than GMTCH. Meanwhile,
green TFP growth is mainly promoted by the improvement of GMLTCH, and the decline of green TFP
is mainly affected by the regression of GMLTCH. During the study period, the GMLECH decreases
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by 0.3% per year on average, while the GMLTCH increases by 0.27% per year on average. During
the periods of 2000–2005, 2005–2010 and 2010–2014, the GMLECH increased by −0.14%, −0.06%
and −0.78%, respectively; while GMLTCH increased by −0.22%, −0.28% and 1.59%, respectively.
Therefore, it was because of the promotion of green technical progress that the GTFP presented the
growing trend from 2010–2014. We explain this trend further as follows.

Figure 2a depicts green TFP growth in each period; overall, the GTFP has a rising trend with
fluctuation, while there was an obvious drop of GTFP in 2010–2013. The GMLECH increased in this
period but the GMLTCH declined; thus, the GTFP went backwards in this period and is affected by the
regression of GMLTCH. The reason for this could be that, after the economic crisis, despite short-term
policy stimulation, the industrial economy lacked motivation because the growth power had not been
transformed from the old pattern to the new pattern, and, given the strong constraints of energy
conservation and emission reduction, the industrial enterprises lacked the motivation for carrying
out technological innovation, which made GMLTCH go into reverse. With the continuous industrial
restructuring and transformation, the GTFP rebounded from 2013 to 2014, and the driving force of
this rebound was the accumulation of green technical progress. Therefore, under the constraints of
resources and environment, China’s industry should, on the one hand, improve the contribution of
the green technical efficiency through institution innovation and organisation innovation and, on the
other hand, strengthen the driving function of green technical progress and enhance research and
development (R&D) intensity and technological innovation to improve the sustainable competitiveness
of industry. In terms of the specific industrial sectors, from 2000 to 2014, on average, the traditional
TFP growth was higher than the GTFP growth was in most industrial sectors; the GTFP of 19 industrial
sectors had increased; the GTFP of two industrial sectors had not changed; and the GTFP of the other
15 industrial sectors had decreased. Although the detailed estimated results are different because
of the various measuring approaches, studying periods, data selections, etc., our main findings are
consistent with some relevant studies, such as Chen and Golley [18], which observed the trend of GTFP
growth from 1980 to 2010. They found industrial TFP grew at an average annual rate of 5.5% compared
with GTFP growth of 1.8%, and their findings also indicated that the rise and fall of GTFP growth
was driven by the rise and fall in technical change. In terms of the trends of GTFP growth, our study
is different from their findings: their research showed GTFP growth had declined since the peak of
4.2% in 2002 to 0.5% in 2010, and our research indicated that the growth of GTFP presented a rising
trend with fluctuation since 2000, and before experiencing an obvious drop of GTFP in 2010–2013
to peak at 1.91% during 2013–2014. The trend we obtained is consistent with Wang and Liu [57],
which showed that GTFP kept growing from 2004–2008, and expressed the trend of decreased first and
then increased during 2009–2012.

Table 4. The TFP (decompositions) and GTFP (decompositions) growth. GMPI: global Malmquist
productivity index; GMLPI: global Malmquist–Luenberger productivity index; GMECH: GMPI technical
efficiency change; GMLECH: GMPLI technical efficiency change; GMTCH: GMPI technical progress
change; GMLTCH: GMLPI technical progress change.

Industrial sectors GMPI GMLPI GMECH GMLECH GMTCH GMLTCH

Coal Mining 1.1050 0.9906 0.9627 0.9900 1.1478 1.0006
Petroleum Extraction 1.0068 0.9992 0.9012 0.9980 1.1171 1.0011
Ferrous Metal Mining 0.8817 0.9822 0.9071 0.9851 0.9719 0.9970
Non-Ferrous Metal Mining 1.0294 0.9874 0.9396 1.0000 1.0956 0.9874
Non-metal Mining 1.0847 1.0012 0.9857 0.9994 1.1004 1.0018
Food Processing 1.1006 0.9896 0.9671 0.9883 1.1381 1.0013
Foods Manuf. 1.1030 0.9952 0.9768 0.9936 1.1292 1.0015
Beverages Manuf. 1.1141 0.9919 0.9928 0.9902 1.1222 1.0017
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Table 4. Cont.

Industrial sectors GMPI GMLPI GMECH GMLECH GMTCH GMLTCH

Tobacco Manuf. 1.1442 1.0065 1.0000 1.0000 1.1442 1.0065
Textile Manuf. 1.1075 0.9903 0.9588 0.9890 1.1550 1.0013
Apparel Manuf. 1.0606 0.9950 0.9646 0.9895 1.0995 1.0056
Leather Manuf. 1.0410 0.9998 0.9813 0.9883 1.0609 1.0116
Wood Processing 1.0954 1.0007 1.0078 0.9980 1.0869 1.0026
Furniture Manuf. 0.9488 1.0000 0.9700 1.0000 0.9782 1.0000
Paper Manuf. 1.1453 0.9959 1.0079 0.9951 1.1364 1.0008
Printing 1.1009 1.0062 1.0188 1.0001 1.0806 1.0062
Cultural articles 1.0382 1.0000 0.9898 1.0000 1.0489 1.0000
Processing of Petroleum 1.0771 1.0022 0.9700 1.0000 1.1103 1.0022
Raw Chemical Materials Manuf. 1.1526 1.0014 0.9781 1.0007 1.1784 1.0007
Medicines Manuf. 1.1108 0.9957 0.9865 0.9939 1.1261 1.0018
Chemical Fibres Manuf. 1.1328 0.9925 1.0019 0.9914 1.1306 1.0011
Rubber Manuf. 1.0828 0.9969 0.9787 0.9946 1.1064 1.0023
Plastics Products Manuf. 1.0910 1.0020 0.9803 0.9965 1.1130 1.0055
Non-metallic Mineral Products Manuf. 1.1589 1.0019 0.9885 1.0012 1.1725 1.0008
Ferrous Metals Smelting/Pressing 1.1643 1.0004 0.9973 0.9998 1.1675 1.0006
Non-ferrous Metals Smelting/Pressing 1.1636 1.0087 1.0146 1.0078 1.1468 1.0010
Metal Products Manuf. 1.0949 0.9951 0.9639 0.9913 1.1358 1.0038
General Machinery Manuf. 1.1287 1.0037 0.9993 1.0008 1.1295 1.0029
Special Machinery Manuf. 1.1140 1.0035 0.9901 1.0009 1.1252 1.0026
Transport Equipment 1.1849 1.0057 1.0247 1.0032 1.1563 1.0025
Electrical Equipment 1.0911 1.0087 0.9799 1.0020 1.1135 1.0067
Electronic Equipment 1.1073 1.0130 1.0000 1.0000 1.1073 1.0130
Measuring Instruments Manuf. 1.0837 1.0035 1.0017 1.0000 1.0818 1.0035
Electric Power and Heat Power 1.1601 1.0179 1.0032 1.0000 1.1564 1.0179
Gas Production and Supply 1.0579 1.0012 0.9192 0.9994 1.1509 1.0018
Water Production and Supply 1.0747 1.0065 0.9509 1.0053 1.1302 1.0013
Heavily Polluting Industries, AVG 1.0994 0.9991 0.9771 0.9981 1.1253 1.0010
Moderately Polluting Industries, AVG 1.0851 0.9971 0.9708 0.9943 1.1178 1.0029
Lightly Polluting Industries, AVG 1.0878 1.0041 0.9926 0.9992 1.0959 1.0049
Whole Industry, AVG 1.0910 0.9998 0.9791 0.9970 1.1144 1.0027

The results reported in this table are the geometric mean from 2000 to 2014.

Table 5. The TFP (decompositions) and GTFP (decompositions) growth in different periods.

Periods 2000–2005 2005–2010 2010–2014 2000–2014

Indices

GMPI 1.1178 (11.78%) 1.0761 (7.61%) 1.0770 (7.70%) 1.0910 (9.10%)
GMLPI 0.9964 (−0.36%) 0.9967 (−0.33%) 1.0079 (0.79%) 0.9998 (−0.02%)

GMECH 0.9822 (−1.78%) 1.0111 (1.11%) 0.9367 (−6.33%) 0.9791 (−2.09%)
GMLECH 0.9986 (−0.14%) 0.9994 (−0.06%) 0.9922 (−0.78%) 0.9970 (−0.30%)
GMTCH 1.1380 (13.80%) 1.0643 (6.43%) 1.1498 (14.98%) 1.1144 (11.44%)

GMLTCH 0.9978 (−0.22%) 0.9972 (−0.28%) 1.0159 (1.59%) 1.0027 (0.27%)
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Figure 2. Dynamic evolution of GTFP and its decompositions in whole industry and three types of
industry. (a) Whole industry; (b) Heavily polluting industries; (c) Moderately polluting industries;
(d) Lightly polluting industries.

In terms of the three types of industry, the GTFP only grew in lightly polluting industries, and
the GTFP of the heavily and moderately polluting industries went backwards to a certain degree.
From 2000 to 2014, the GTFP growth in heavily polluting industries, moderately polluting industries,
and lightly polluting industries was −0.09%, 0.29%, and 0.41%, respectively, which means that the
lightly polluting industries not only consumed less energy and produced less emissions but also
achieved the coordinated development of economy, resources, and environment, while the growth
pattern was not transformed in the other two types of industry. Meanwhile, in terms of the GMLECH,
from 2000 to 2014, the three types of industry failed to achieve the improvement of technical efficiency,
and, in terms of GMLTCH, the three types of industry achieved technical progress, with the rankings
lightly polluting industries (0.49%), moderately polluting industries (0.29%), and heavily polluting
industries (0.10%). Combined with Figure 2b–d for further analysis, the trend of the growth of GTFP
and its decompositions in three types of industry was similar but exhibited differentiation since 2010.
The GTFP growth in heavily polluting industries was relatively weak, and the GTFP obviously went
backwards from 2012 to 2013 due to the decline of technical progress, which could be affected by
the short-term strong constraints of energy conservation and emission reduction that occupied the
R&D investment. The technical progress of moderately polluting industries achieved rapid growth
between 2013 and 2014, but the technical efficiency went down dramatically because the catch-up
effect was completely released which made GTFP go backwards at the end of the period. For lightly
polluting industries, the improvement of technical efficiency and technical progress was in the leading
position. Although the GTFP went backwards from 2011 to 2013 due to the decline of technical
progress, the GTFP achieved the fastest growth at the end of the period after adjustment.
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3.2. Green Growth Accounting

Table 6 reports the green growth accounting of 36 industrial sectors. We can see that there are
obvious differences of green growth among industrial sectors. The majority of the top 10 industrial
sectors with the fastest growth of output are the equipment manufacturing industrial sectors that
have high technology levels (these sectors are concentrated in the lightly polluting industries),
such as “Transport Equipment”, “Electronic Equipment”, “General Machinery Manuf.”, and “Special
Machinery Manuf.”. The GTFP growth of these sectors is at the forefront and the contributions of
their GTFP are relatively high, which demonstrates that the advanced manufacturing industry plays
a critical role in industrial transformation and upgrading. The only imbalance between output growth
and GTFP growth appears in the sector of “Ferrous Metal Mining”, which has the highest output
growth but a contribution of GTFP of only −6.5342; thus, the output growth depends more on the
inputs of labour, capital and energy. We can see that this sector has the highest growth of energy
consumption, with 13.37% average growth rate per annum.

Table 6. The green growth accounting (2000–2014).

Industrial sectors Output Capital Labour Energy GTFP Contribution rate of GTFP

Coal Mining 1.1684 1.1075 1.0145 1.0669 0.9906 −5.5701
Petroleum Extraction 1.0246 1.0757 1.0207 1.0052 0.9992 −3.3406
Ferrous Metal Mining 1.2725 1.2027 1.0764 1.1337 0.9822 −6.5342
Non-Ferrous Metal Mining 1.1455 1.1119 1.0074 1.0819 0.9874 −8.6375
Non-metal Mining 1.2012 1.1028 1.0351 1.0507 1.0012 0.5826
Food Processing 1.1795 1.1010 1.0711 1.0645 0.9896 −5.7724
Foods Manuf. 1.1827 1.0918 1.0596 1.0400 0.9952 −2.6454
Beverages Manuf. 1.1650 1.0584 1.0336 1.0467 0.9919 −4.9198
Tobacco Manuf. 1.1326 1.0027 0.9872 0.9827 1.0065 4.9122
Textile Manuf. 1.1423 1.0423 1.0011 1.0616 0.9903 −6.7880
Apparel Manuf. 1.1664 1.0889 1.0560 1.0733 0.9950 −2.9880
Leather Manuf. 1.1669 1.0918 1.0734 1.0825 0.9998 −0.1428
Wood Processing 1.2289 1.0944 1.0775 1.1079 1.0007 0.2918
Furniture Manuf. 1.2284 1.1350 1.1123 1.0947 1.0000 0.0000
Paper Manuf. 1.1677 1.0641 1.0142 1.0421 0.9959 −2.4650
Printing 1.1954 1.0608 1.0394 1.0606 1.0062 3.1990
Cultural articles 1.2484 1.1378 1.0934 1.0880 1.0000 0.0000
Processing of Petroleum 1.0985 1.0656 1.0304 1.0763 1.0022 2.2235
Raw Chemical Materials Manuf. 1.1889 1.0992 1.0264 1.0894 1.0014 0.7244
Medicines Manuf. 1.2003 1.1044 1.0591 1.0620 0.9957 −2.1449
Chemical Fibres Manuf. 1.1403 1.0194 1.0066 0.9981 0.9925 −5.3338
Rubber Manuf. 1.1768 1.0935 1.0192 1.0797 0.9969 −1.7623
Plastics Products Manuf. 1.1781 1.0730 1.0610 1.0939 1.0020 1.0992
Non-metallic Mineral Products Manuf. 1.2163 1.0919 1.0269 1.0723 1.0019 0.8808
Ferrous Metals Smelting/Pressing 1.1947 1.0852 1.0316 1.0970 1.0004 0.2309
Non-ferrous Metals Smelting/Pressing 1.2074 1.1251 1.0499 1.1097 1.0087 4.2084
Metal Products Manuf. 1.1998 1.1297 1.0626 1.1036 0.9951 −2.4480
General Machinery Manuf. 1.2134 1.0937 1.0394 1.0791 1.0037 1.7439
Special Machinery Manuf. 1.2151 1.1129 1.0394 1.0611 1.0035 1.6254
Transport Equipment 1.2714 1.1017 1.0576 1.0552 1.0057 2.1170
Electrical Equipment 1.2050 1.0994 1.0759 1.1040 1.0087 4.2594
Electronic Equipment 1.2365 1.0959 1.1155 1.1096 1.0130 5.4775
Measuring Instruments Manuf. 1.1903 1.0809 1.0470 1.0520 1.0035 1.8528
Electric Power and Heat Power 1.1731 1.0957 1.0142 1.0637 1.0179 10.3627
Gas Production and Supply 1.2226 1.1247 1.0350 1.0114 1.0012 0.5438
Water Production and Supply 1.0771 1.0640 0.9928 1.0504 1.0065 8.4681

The values of input variables and output variables are the geometric average growth rate of each industrial sector
from 2000–2014. The values of GTFP are the geometric mean of each industrial sector from 2000–2014. The method for
calculating the contribution rate of GTFP is the growth of GTFP accounting for the growth of total industrial output.

The majority of the last 10 industrial sectors with the slowest growth of output are the resources
sectors and the light & textile sectors (these sectors are concentrated in the heavily and moderately
polluting industries). The output growth in resources sectors such as “Petroleum Extraction” and
“Non-Ferrous Metal Mining” is slow, and the contributions of their GTFP are low, which shows
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the disadvantage of high energy consumption and high emissions and illustrates the necessity of
improving the technological innovation level and enhancing the constraints of energy conservation
and emission reduction. The output growth in light & textile sectors like “Chemical Fibres Manuf.”
and “Beverages Manuf.” is slow, and the contributions of their GTFP are negative, which indicates
that the energy consumption and pollutant emissions in these sectors are relatively low, while the
technological innovation and capability of organisational management are relatively poor, so that the
industrial development in these sectors lacks market competitiveness. The GTFP contributions of all
industrial sectors are far from the target of 50%, despite some industrial sectors having achieved rapid
GTFP growth, which means that the contributions of factors are higher than are the contributions
of green productivity in all industrial sectors. Therefore, China’s industrial growth is mainly driven
by factors and has not been driven by innovation. From the perspective of the growth of inputs,
the speed of labour growth in each industrial sector is relatively slow, while the speed of growth of
capital and energy in each industrial sector is still fast, which is not only the significant characteristic
of China’s industrial growth but also illustrates the fact that most industrial sectors still use either
a resource-oriented or a capital-oriented production pattern.

Based on this, this paper provides judgement of China’s industrial green growth: although the
GTFP increased during 2010–2014, and the GTFP in some sectors has achieved fast growth since the
beginning of the new century, we cannot make the conclusion that China’s industry has realised green
growth, considering that the industrial GTFP is no more than 1, the obvious heterogeneity of GTFP
among industrial sectors, and that the GTFP contributions to the output are relatively low. In fact,
we believe that the real green growth of China’s industrial economy is just starting out, and the green
growth in the new period still has great potential.

4. The Determinants of Industrial GTFP

China’s industry is still at the stage of transition from a traditional growth pattern to a green
growth pattern. During this process, industrial green growth is facing a series of institutional
obstacles, technological bottlenecks, and structural contradictions. Solving these problems can
cultivate new driving forces of China’s industrial green growth. Based on the above measured
industrial GTFP (it is necessary to adjust the measuring results to obtain the absolute value of GTFP:
according to Qiu et al. [58], the absolute value of GTFP is obtained through multiplication by GMLPI),
the determinants of industrial GTFP from the perspectives of institution, technology, and structure are
determined, and the determinant factors that affect GTFP are empirically tested by a dynamic panel
data (DPD) model based on GMM estimation.

4.1. Model and Variables

Panel data can be used to analyse individual dynamic behaviour through modelling. On the basis
of a panel data model, if the lagged item of a dependent variable is used as an independent variable,
it will be the DPD model. The independent variable is easily related to a random disturbance item in
the DPD model that will result in an endogenous problem. If a traditional estimation method is used,
biasness and nonconformity of parameter estimation will be generated. The differenced generalized
method of moments (DIF–GMM), proposed by Arellano and Bond [59], and the system generalized
method of moments (SYS–GMM), proposed by Arellano and Bover [60] and Blundell and Bond [61],
can be used to solve the endogenous problem. Based on that, DPD models based on GMM estimation
are established to test the determinants of GTFP, as follows:

GTFPit = λ0 + νGTFPit−1 + β1 INS + β2 INS2
it + β3TECit + β4 INSit·TECit + β5STRit + µi + εit (19)

GTFPit = λ0 + νGTFPit−1 + β1ERit(CCRit, EIRit) + β2ER2
it(CCR2

it, EIR2
it) + β3RDit

+β4ERit(CCRit, EIRit)·RDit + β5FIit + β6ERit(CCRit, EIRit)·FIit + β7ENit
+β8CAit + β9PRit + β10ESit + µi + εit

(20)
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where i denotes different industrial sector; t denotes the year; GTFP, INS, TEC, and STR denote
the variables of green total factor productivity, institution, technology, and structure, respectively;
µi denotes the individual effect and εit denotes the random error term. The aim of setting INS2 is to
test whether there is a turning point between GTFP and institution, and the aim of setting INS·TEC
is to test the indirect effect of institution on GTFP by the route of technology. Then, the determinant
factors are explained, and the selection of proxy variables and the data sources are also explained.

The first determinant is institution, INS, which includes three variables: command-control
environmental regulation (CCR), economic-incentive environmental regulation (EIR), and comprehensive
environmental regulation (ER). Environmental regulation is the most important policy system in China’s
formal environmental institution, while different scholars disagree about its effect. The traditional
hypothesis supposed that environmental regulation would lead to higher costs and damage the
productivity and competitiveness of enterprises [62,63]. However, Porter [64] and Porter and Van der
Linde [65] thought that, from the point of a dynamic long-term stage, strict and appropriate environmental
regulation would trigger an “innovation compensation effect”, which could make the regulated
enterprises improve the level of resource allocation, stimulate technological innovation, and promote
the environmental performance and productivity. In reality, the tools of environmental regulation
are abundant, and they can be roughly divided into three types: command-control environmental
regulation, economic-incentive environmental regulation, and public-participant environmental
regulation. Considering that the study object of this paper is industrial sectors, the command-control
environmental regulation and the economic-incentive environmental regulation are studied. Specifically,
the proxy variables of CCR are “emission standard-meeting rate of industrial wastewaters”, “emission
standard-meeting rate of industrial sulphur dioxide”, “emission standard-meeting rate of industrial soot”,
“emission standard-meeting rate of industrial dust”, and “comprehensive utilisation rate of industrial
solid wastes”. Moreover, the entropy method is used to combine the five variables into one. The proxy
variable of EIR is the emission charges of industrial waste water and waste gas, and the entropy method
is used to combine the two variables into one. Finally, the entropy method is used to further combine
CCR and EIR into ER.

The second determinant is technology, TEC, which includes two variables: independent R&D (RD)
and technology importation (FI). Independent R&D is one important route for technological innovation.
In addition, under economic globalisation, technology importation is the other important route for
technological innovation. For developing countries, introducing new knowledge, new inventions,
and new creations from abroad is an important way of narrowing the gap. Technological innovation is
not only an important driving force for traditional productivity growth but is also the key to promoting
growth of green productivity. Technological innovation plays an important role in optimising energy
structure, promoting resources conservation and recycling, and reducing pollution, etc. Based on
the industrial characteristics and the availability of data, “R&D expenditure” and “expenditure for
assimilation of technology” are used as the proxy variables of RD, and “expenditure for importing
foreign technology” and “expenditure for purchase domestic technology” are used as the proxy
variables of FI. Furthermore, we use entropy method to get the index of RD and FI.

The third determinant is structure, STR, which includes four variables: endowment structure (EN),
capital structure (CA), property right structure (PR), and energy structure (ES). Optimising structure is
an important way to realise the rational flow and optimal allocation of production factors, stimulate
industrial growth potential, and promote industrial innovation. Scholars seldom consider the industrial
internal structural factors when studying structural adjustment. Therefore, we study the structural
factors that impact GTFP from the perspectives of endowment structure, capital structure, property
right structure, and energy structure. EN is expressed by the ratio of capital to labour. The capital refers
to the capital stock, which has been estimated above, and the labour is expressed by the annual average
number of employees. CA is expressed by the total industrial output value by foreign direct investment
accounting for the total industrial output value. PR is expressed by the total industrial output value
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of state-owned and state-holding enterprise accounting for the total industrial output value. ES is
expressed by the proportion of total electricity consumption in the total energy consumption.

On this basis, China’s industrial panel data, which is composed of the above variables from 2000
to 2014 is constructed; the original data come from the China Statistical Yearbook [66], the China Industrial
Statistical Yearbook [46], the China Economic Census Yearbook [47], the China Energy Statistical Yearbook [48],
the China Statistical Yearbook of Science and Technology [67], the China Environmental Statistics Yearbook [53],
and the China National Bureau of Statistics. The statistical description of variables is shown in Table 7
(see detailed data in Tables S10–S17).

Table 7. Statistical description of variables. INS: institution; CCR: command-control environmental
regulation; EIR: economic-incentive environmental regulation; ER: environmental regulation;
TEC: technology; STR: structure; RD: independent R&D; FI: technology importation; EN: endowment
structure; CA: capital structure; PR: property right structure; ES: energy structure.

Dependent
Variable

Determinants
(Variables)

Determinant
Factors

(Variables)
Observations Mean Median Maximum Minimum Standard

Deviation

GTFP / / 540 0.9861 0.9966 1.3316 0.7744 0.0636

/ INS
CCR 540 0.0278 0.0281 0.0329 0.0180 0.0023
EIR 540 0.0278 0.0263 0.0410 0.0246 0.0036
ER 540 0.0278 0.0275 0.0353 0.0223 0.0021

/ TEC
RD 540 0.0278 0.0265 0.0430 0.0211 0.0046
FI 540 0.0278 0.0263 0.0483 0.0217 0.0046

/ STR

EN 540 15.4175 8.3960 139.1191 1.6457 18.6247
CA 540 0.2587 0.2520 0.8414 0.0002 0.1751
PR 540 0.2985 0.1850 0.9947 0.0030 0.2857
ES 540 0.1652 0.1688 0.3394 0.0263 0.0665

4.2. Results and Discussion

The Monte Carlo simulation experiment indicates that DIF–GMM is easily affected by weak
instrumental variables, while this problem is effectively solved by SYS–GMM through adding the
quantity of instrumental variables. As the endogenous problem can be better controlled, the biasedness
of estimation by SYS–GMM is less and its estimation value is more effective; thus, SYS–GMM is
adopted in this paper. For the DPD model, Windmeijer [68] modified the standard deviation of
two-stage estimation to make two-stage robust estimation better than one-stage robust estimation;
thus, two-stage estimation is adopted for equations to conduct iteration, and estimation results under
robust standard error are selected. The regression results in Table 8 are based on the full sample size,
and the regression results in Table 9 are based on the sample of three types of industry. From the
regression results of 15 equations set by the DPD model in Tables 8 and 9, the p values corresponding
to the Sargan statistic of all equations are above 0.05, i.e., the selected instrumental variables of each
equation are effective. The serial correlation test of the residual second-order indicates that the original
hypothesis “the disturbance term does not have autocorrelation” can be accepted. p values of the
coefficient joint test are all zero, indicating that the model is highly significant.
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Table 8. SYS–GMM estimation results of the determinants of GTFP.

Variables and Tests (1) (2) (3) (4) (5) (6)

GTFPit−1
0.4163 ***

(15.96)
0.4219 ***

(11.06)
0.3069 ***

(8.64)
−0.0068
(−0.19)

0.0919 **
(2.21)

0.0361
(0.94)

CCR 6.4482 ***
(3.83)

5.4738
(0.93)

CCR2 −0.225
(−1.41)

EIR 4.5758 ***
(3.57)

0.9562
(0.13)

EIR2 −0.1121
(−0.48)

ER 12.0266 ***
(4.94)

2.9768
(0.27)

ER2 −0.0604
(−0.20)

CCR·RD −0.1489
(−1.48)

CCR·FI −0.1761
(−1.49)

EIR·RD −0.0184
(−0.19)

EIR·FI 0.0244
(0.11)

ER·RD −0.1849 *
(−1.71)

ER·FI 0.0200
(0.08)

RD 6.6817 ***
(5.34)

5.3242 ***
(3.90)

4.7056 ***
(3.61)

5.1182
(1.48)

1.1015
(0.34)

6.4897 *
(1.75)

FI 0.9029
(0.62)

2.5612 **
(2.39)

0.6766
(0.46)

5.5404
(1.45)

−0.6388
(−0.09)

−0.7132
(−0.09)

EN 0.0001
(0.48)

0.0002
(0.85)

0.0004 **
(2.78)

0.0016 ***
(5.55)

0.0019 ***
(6.98)

0.0016 ***
(5.92)

CA −0.1280 ***
(−5.97)

−0.1569
(−6.07)

−0.1121 ***
(−5.32)

−0.0456
(−1.37)

−0.0570
(−1.38)

−0.0721 **
(−1.90)

PR 0.1595 ***
(10.02)

0.2028 ***
(13.23)

0.1986 ***
(11.31)

0.1816 ***
(7.27)

0.1311 ***
(5.29)

0.1742 ***
(7.29)

ES 0.4966 ***
(14.17)

0.5672 ***
(8.59)

0.5796 ***
(11.24)

0.0269
(0.38)

−0.1092 **
(−2.44)

−0.0176
(−0.31)

Sargan test 0.9679 0.9903 0.9584 0.9856 0.9909 0.9935

AR(1) −2.8255
[0.0047]

−2.5922
[0.0095]

−2.7281
[0.0064]

−2.7147
[0.0066]

−2.8567
[0.0043]

−2.8183
[0.0048]

AR(2) 1.6550
[0.0979]

1.4543
[0.1459]

1.6600
[0.0969]

1.1984
[0.2307]

1.3685
[0.1711]

1.1267
[0.2599]

Wald-test-p 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000

***, **, and * represent statistical significance at the 1%, 5%, and 10% levels, respectively. The Sargan statistic is
used to test whether there is an over-identified problem. AR (1), AR (2) is the serial correlation test of the residual
first-order and second-order. Wald is a coefficient joint test to check the significance of the overall model. The values
in () are z statistics, and the values in [] are p statistics.

In terms of the institution, the coefficients of CCR, EIR, and ER in the first three equations of Table 8
are significantly positive at the 1% level, which indicates that environmental regulation can improve
GTFP to a certain extent. Meanwhile, the coefficient of CCR is greater than is the coefficient of EIR,
which illustrates that the more favoured means by which industrial enterprises are required to deal
with environmental pollution is command-control environmental regulation; thus, the intensity of
economic-incentive environmental regulation needs to be strengthened. In the last three equations in
Table 8, which consider the quadratic terms, the monomial coefficients of CCR, EIR, and ER are positive,
and the quadratic terms are negative but not significant under SYS–GMM estimation, which shows that
there is no obvious turning point between environmental regulation and GTFP. The interaction items are
almost not significant, which means that environmental regulation is difficult to promote GTFP by the
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route of technological innovation. That is to say, the driving effect of China’s industrial environmental
regulation is more embodied in the terminal treatment that improves environmental performance.

Table 9. SYS–GMM estimation results of the determinants of GTFP in three types of industry.

Variables
and tests

Heavily Polluting Industries Moderately Polluting Industries Lightly Polluting Industries

(1) (2) (3) (4) (5) (6) (7) (8) (9)

GTFPit−1 −0.0423 −0.0437 −0.0366 −0.0361 0.0134 −0.0185 0.1038 0.1154 0.1003
(−0.57) (−0.58) (−0.49) (−0.37) (0.13) (−0.19) (0.98) (1.10) (0.95)

CCR 6.9159 *** 6.0988 *** 2.0795
(3.39) (3.30) (1.25)

CCR2 −0.1024 *** −0.0857 *** −0.0892 ***
(−7.20) (−6.76) (−7.69)

EIR 6.2152 ** −2.4775 −16.7271
(2.33) (−0.95) (−1.55)

EIR2 −0.1046 *** 0.1256 *** 0.1527 ***
(−6.89) (7.55) (3.94)

ER 5.6514 * 1.5355 −1.4967
(1.70) (0.54) (−0.49)

ER2 −0.1065 *** −0.1024 *** 0.1022 ***
(−6.05) (−6.63) (6.73)

RD 0.4023 0.5954 0.3920 3.1790 * 2.8251 3.0567 * 3.1664 ** 3.0397 * 3.0926 **
(0.25) (0.38) (0.24) (1.76) (1.53) (1.67) (2.02) (1.92) (1.97)

FI −0.3904 −0.4156 −0.3960 0.4557 0.5375 0.7276 0.2500 0.5691 0.2479
(−0.30) (−0.32) (−0.30) (0.25) (0.30) (0.40) (0.20) (0.46) (0.20)

EN 0.0017 *** 0.0017 *** 0.0018 *** 0.0002 0.0001 0.0001 0.0081 *** 0.0059 * 0.0077 ***
(3.36) (2.84) (3.09) (0.25) (0.09) (0.16) (2.85) (1.92) (2.73)

CA −0.0480 −0.0526 −0.0667 −0.2038 *** −0.1043 * −0.1795 *** 0.0556 0.1198 * 0.0712
(−0.43) (−0.43) (−0.55) (−4.34) (−1.86) (−3.63) (1.03) (1.80) (1.29)

PR 0.0808 ** 0.0761 ** 0.0823 ** 0.2310 *** 0.1190 * 0.2084 *** −0.0363 0.0235 −0.0244
(2.15) (2.05) (2.14) (4.38) (1.87) (3.72) (−0.58) (0.32) (−0.38)

ES −0.0535 −0.0350 −0.0694 −0.0085 −0.2376 −0.0194 0.2066 0.0702 0.1978
(−0.25) (−0.15) (−0.29) (−0.06) (−1.52) (−0.14) (1.32) (0.45) (1.28)

Sargan 0.9132 0.9211 0.8766 0.9100 0.8661 0.9210 0.8562 0.9038 0.9010

AR(2) 0.0877 0.1123 0.0910 0.2313 0.1123 0.0980 0.1233 0.2538 0.1981

Wald-test-p 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000

***, **, and * represent statistical significance at the 1%, 5%, and 10% levels, respectively.

In terms of the technology, the coefficients of RD are almost significantly positive, which indicates
that strengthening the ability of industrial independent R&D can improve the GTFP obviously, which is
related to China has increased investment in science and technology and made breakthroughs in key
technologies, such as green manufacturing, in recent years. The coefficients of FI are either almost
not significant or even negative, which shows that, compared with independent R&D, the driving
effect of technology importation on industrial green growth is weak. The possible reason for this is
that, the exporting countries or regions are reluctant to transfer their core technologies because they
want to obtain the competitive advantage and keep the monopoly position; in this case, expensive
technology importation cannot bring profitable growth. Meanwhile, it is easy to introduce some
backward technologies if the countries or regions cannot identify the advanced technologies that will
have some negative effects on resources and environment.

In terms of the structure, the EN plays a positive role in improving GTFP. On the one hand,
capital deepening tends to be synchronous with heavy industrialization, and heavy industry tends
to be synonymous with high energy consumption and high emission levels. On the other hand,
capital deepening can improve productivity, and, as the structure of capital and labour becomes
more reasonable, the positive effects of capital deepening may offset its negative environmental effect.
The coefficients of CA are negative, which shows that the FDI has an adverse impact on GTFP and
indirectly confirms that China might be the “pollution haven” in international industry specialisation,
so the FDI quality in China’s industrial sectors remains to be improved. The coefficients of the PR are
significantly positive, which means the reform of property right structure can improve the coordination



Sustainability 2018, 10, 1052 20 of 25

between industrial growth and the environment. The optimisation of property right promotes the
flow of factors, market competition, and resource allocation, and the joint development of state-owned
and other ownership enterprises is conducive to promoting GTFP. The coefficients of ES are not
stable, which may be associated with the structure of industrial energy consumption. In the past
15 years, the proportion of electricity consumption has been relatively low compared with fossil fuel
consumption, and the thermal power related to high energy consumption and high pollution has made
up the largest proportion of the electricity consumption.

From the view of industry heterogeneity, the determinant factors of industrial green growth
in three types of industry are examined in Table 9. Seen from the perspective of the driving
effect of environmental regulation, for the heavily polluting industries, ER has an inverted “U”
relationship with GTFP. The strict environmental regulation has a direct impact on pollutant emissions
and, thus, can improve GTFP in the short-term. However, with the intensity of environmental
regulation continually increasing, the management space and operating space of enterprises are
limited, which will constrain the GTFP. For moderately and lightly polluting industries, CCR has
an inverted “U” relationship with GTFP, while EIR has an “U” relationship with GTFP. The green
driving effect of CCR rises first and falls later, meaning that the standard of “one size fits all” is difficult
to motivate technological innovation for enterprises with low pollutant emissions in the long-term.
The effect of EIR on GTFP is the opposite; enterprises may increase costs at first, while making full use of
market mechanisms can effectively allocate the emission reduction costs in the long term, which gives
enterprises a strong internal motivation to conduct technological innovation and has a positive role
in improving GTFP. Seen from the perspective of the technology, although the coefficients of RD are
positive, they are not significant in heavily polluting industries. Heavily polluting industries are mainly
composed of resources-oriented enterprises, which may ignore the pushing effect of technological
innovation on GTFP. The moderately and lightly polluting industries are mainly composed of high-tech
and cleaner production enterprises, so the driving effect of RD on industrial green growth is stronger.
Meanwhile, the coefficients of FI in three types of industry are not significant. Seen from the perspective
of the structure, the coefficients of EN are significantly positive in heavily and lightly polluting
industries, while they are not significant in moderately polluting industries. The positive effect of EN
in heavily polluting industries may arise from the positive effect of productivity growth that offset
the negative effect of pollutant emissions, and the positive effect of EN in lightly polluting industries
may arise from the inflow of high-tech capital. The coefficients of CA are negative in heavily and
moderately polluting industries, while they are positive in lightly polluting industries. This means
that the environmental standard in heavily and moderately polluting industries is relatively low and,
to maintain international competitiveness, some enterprises are engaged in the production of polluting
industries. The coefficients of PR are significantly positive in heavily and moderately polluting
industries while they are not significant in lightly polluting industries, which is consistent with the
reform focus of state-owned enterprises. In China, most state-owned enterprises are concentrated in
heavily and moderately polluting industries, so the optimisation effect of property right structure is
more prominent in these two types of industry. The coefficients of ES are not significant in every type
of industry. This means that industrial energy structure is not reasonable, and that fossil fuels account
for a large share of electricity consumption and that low electricity consumption cannot effectively
improve the energy structure. In heavily and moderately polluting industries, thermal power occupies
the largest proportion of electricity consumption, which directly contributes to substantial coal-fired
pollutant emissions. In the long run, adjusting energy structure still has a long way to go.

Figure 3 summarizes the determinant factors of GTFP in three types of industry, which can
provide empirical evidence for the three groups to promote green productivity from the aspects
of institution, technology, and structure. It shows that, for heavily polluting industries, the key
determinants of green productivity lie in the institution and structure; in particular, designing
reasonable environmental regulation systems, avoiding blindly increasing the strength of regulations,
and optimizing the endowment structure and property structure correctly is important for promoting
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GTFP. However, it does not mean that the technology factors are not important. Instead, the heavily
polluting industries should pay more attention to the innovation of green technology, increase
investment in energy conservation and emission reduction, and promote the technology spillover. For
moderately polluting industries, institution, technology and structure are all the key factors influencing
green productivity; in particular, it is significant to reasonably use the two types of regulations, i.e.,
command-control regulation and economic–incentive regulation, promote the independent innovation,
and optimize capital structure and property right structure. Moreover, in the introduction of foreign
capital, the moderately polluting industries should strengthen the identification of the advanced
technologies. For lightly polluting industries, institution, technology, and structure are also the
determinants of green productivity. Specifically, the key point of designing environmental regulation
should focus on adopting the various economic-incentive regulation tools, promote the independent
green technology innovation, and attract more high-tech technological capital in order to improve
GTFP. Last but not least, the importance of optimizing energy structure should not be neglected by
the three types of industries, that means we should pay more attention to the unsatisfactory result of
the driving effect of energy structure for GTFP. Although in recent years, China’s investment scale
in cleaner energy is the largest and fastest in the world, its overall utilization and efficiency are still
relatively low. Therefore, it is it is crucial to develop new energy and renewable energy while reducing
the consumption of fossil energy for Chinese industry in the future.

Figure 3. The determinant factors of industrial GTFP in three groups.

5. Conclusions

5.1. Main Conclusions and Limitations

This paper incorporates energy consumption and environmental pollution into the calculation of
TFP growth. The directional distance function (DDF) and the global Malmquist–Luenberger (GML)
productivity index are used to measure the green total factor productivity (GTFP) growth of 36 of
China’s industrial sectors from 2000 to 2014. Based on this, the paper ascertains the determinants
of GTFP from the views of institution, technology, and structure, and the determinant factors that
affect GTFP are empirically tested by a GMM dynamic panel data model. The main conclusions are
as follows:

During the study period, China’s traditional industrial TFP grew by 9.1% while the GTFP went
backwards by 0.02% per year on average, which demonstrates that the prospect of industrial growth is
not optimistic when we add the resources and environment costs. GTFP growth is mainly promoted by
technical progress, and the decline of GTFP is mainly affected by the regression of technology. From the
perspective of heterogeneity, the GTFP of lightly polluting industries increases, while the GTFP in
the heavily and moderately polluting industries declines. In specific industrial sectors, the GTFP of
19 industrial sectors increases, the GTFP of two industrial sectors does not change, and the GTFP
of the other 15 industrial sectors decreases. In terms of green productivity contribution, the GTFP
contributions of all industrial sectors are far from the target of 50%.
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Environmental regulation improves GTFP to a certain extent; however, it is difficult to promote
GTFP by the route of technological innovation. Independent R&D improves the GTFP, especially
promoting the GTFP of moderately and lightly polluting industries, while it performs poorly in heavily
polluting industries. The driving effect of technology importation on industrial green growth is
weak, which may be related to the exporting countries monopolize core technologies and China’s
industry lacks identification of advanced technologies. The endowment structure plays a positive
role in improving GTFP, which features in the heavily and lightly polluting industries. The negative
effect of capital structure on industrial green growth implies the hypothesis of a “pollution haven”,
which features in heavily and moderately polluting industries. The green driving effect of property
right structure is obvious. With the proportion of state-owned enterprises declining and the pace of
structural reform of state-owned enterprises accelerating, property structure optimisation promotes
industrial green growth. The impact of energy structure on industrial green growth is poor, which
indicates the process of adjusting and optimising energy structure still has a long way to go.

Although the study has obtained some valuable results, there still exist some limitations.
First, due to the data limits, this study only explores GTFP from the macro perspective, namely we have
obtained some conclusions that reflecting the overall trend of industrial green productivity growth but
we cannot analyse the internal performance of a specific sector. After gathering sufficient data, we can
research the GTFP of some specific industrial sectors or industrial enterprises combining with the
overall industrial research, which will help to get more micro conclusions. Second, regional analysis
might be overlooked in this study. Future research can combine industrial analysis with regional
analysis, due to China’s industry, in which such aspects as output level, innovation ability, energy
conservation and emissions reduction, etc. have significant regional heterogeneity. Third, this study
ascertains the determinants of GTFP from the dimensions of institution, technology, and structure.
In each dimension, the consideration for the determinant factors is not quite comprehensive, especially
in the aspect of institution. Since it is difficult to measure institution objectively, this study only
investigates the different types of environmental regulation, while other institutional factors like
resource and environmental pricing mechanism, etc. have not been reflected in the empirical analysis.
Therefore, it is necessary to improve the research in developing and quantifying the determinants of
industrial GTFP.

5.2. Trajectory of Foreseen Investment

At the end of the paper, we want to briefly review and prospect the investment trajectory of
Chinese industry in recent years. Since the new century, the investment priorities of Chinese industry
have been concentrated on traditional heavy industries, such as the sectors of steel, petroleum, coal,
chemical industry, etc. In the last 10 years, the investment priorities have gradually transformed,
especially in the recent 5 years, in which the transformation and upgrading trend of Chinese industry
is obvious and new growth drivers are taking the place of old ones. On the one hand, Chinese industry
has further addressed overcapacity, so the investments in traditional raw materials sectors, such as
coal, steel, non-ferrous metals, etc. has fallen back. On the other hand, under the guidance of a series of
national plans and policies such as “Made in China 2025” and the “Guideline on Emerging Sectors of
Strategic Importance”, there is a big surge of the new technologies, new industries, new formats,
and new market bodies in Chinese industry, which has a profound impact on the investments.
First, high-tech industries and equipment manufacturing industries, such as the new generation
of information technology (internet, big data, artificial intelligence, etc.), railway transportation
equipment, additive manufacturing, and general aviation, etc. have become the new investment
highlights. Second, green industries have expanded rapidly, and the investments in the sectors of
energy conservation and environmental protection, resource recycling, new materials, new energy and
new energy vehicles has grown rapidly. Third, in the new round of technological revolution and green
revolution, new technologies have accelerated penetration to traditional sectors such as machinery,
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electronics, chemical, food, textile, etc. With the further integration of intelligent manufacturing and
green manufacturing, the related industrial investments will have a huge potential market.

Supplementary Materials: The following are available online at http://www.mdpi.com/2071-1050/10/4/1052/
s1, Tables S1–S17: The panel data for measuring the green total factor productivity growth of 36 of China’s
industrial sectors and conducting the empirical test of the determinant factors of GTFP.
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