Pol. J. Environ. Stud. Vol. 29, No. 6 (2020), 4109-4122
DOI: 10.15244/pjoes/118747

		

ONLINE PUBLICATION DATE: 2020-05-18

			

		

		

Original Research

Measurements and Factors of Biased Technological
Progress in China’s Marine Economy
Wang-lin Kang1, Yu-kun Zou1, Lei Wang2,3*, Xin-min Liu4
College of Economics and Management, Shandong University of Science and Technology, Qingdao, P.R. China
2
School of Economics, Ocean University of China, Qingdao, P.R. China
3
Marine Development Studies Institute of OUC, Key Research Institute of Humanities and Social Sciences at
Universities, Ministry of Education, Qingdao, P.R. China
4
School of Management, Qingdao Agricultural University, Qingdao, P.R. China

1

Received: 14 october 2019
Accepted: 4 March 2020
Abstract
A new technology may be biased towards saving energy, or reducing pollution emission or
increasing economic output. It is necessary for the high-quality development of marine economy to
promote environment-based technological progress. The purpose of this paper is to estimate the biased
technological progress and its influencing factors of China’s marine economy from 2002 to 2016. We
used a DEA-Malmquist model to measure the biased technological progress. Then we further analyzed
influencing factors of biased technological progress. Our research found that the TFP of the marine
economy was basically growing, and this growth was mainly due to a positive impact of technological
progress. In general, the technological progress of marine economy is gradually biased towards energy
conservation and emissions reduction. Furthermore, technological progress in the Yangtze River Delta
are more conducive to energy conservation. The marine economic production in the Pan-Pearl River
Delta is more inclined to promote production growth, while tit is most concerned about environmental
protection in the Bohai Rim region. In addition, factors such as environmental regulation, economic
level, FDI and industrial scale have different impacts on biased technological progress of marine
economy. The results show that the directive regulations have a greater impact on the input-biased
technological progress, while the incentive regulations have a greater impact on the output-biased
technological progress. Therefore, this study has important guiding significance for energy conservation
and emission reduction of marine economy in China. And the green development path of China’s marine
economy can provide a reference for the development of European blue economy.

Keywords: biased technological progress, marine economy, total factor productivity, environmental
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Introduction

Since the 1990s, marine competition between
countries has been a hot topic, and marine economy
has occupied an increasingly important position in the
economy of coastal states. With the development of
economy, the concept of blue economy has received
more attention [1]. The European Union has released
the EU Blue Economy Report (2018), which points out
that the EU’s blue economy has strong momentum and
become an important engine for the EU’s economic
growth [2]. Similarly, the Chinese government has
proposed a strategy for building the “21st Century
Maritime Silk Road”. It is a major strategy for China
to adapt to the new situation of economic globalization
and expand the convergence of interests with countries
and regions. The Global Ocean Technology Innovation
Index Report (2018) released by China shows that
the top ten countries in the global ocean technology
innovation index are: the United States, Germany,
Japan, France, China, South Korea, Australia, the
Netherlands, Norway and the United Kingdom. China’s
ranking has risen steadily and has already ranked
among the top five. Hence the development of China’s
marine economy is of great importance to the global
marine economy.
In 2018, China’s total marine production reached
1.26 trillion dollars, accounting for 9.3% of GDP.
Among them, the added value of marine first, second
and third industries accounted for 4.4%, 37.0%, and
58.6% of the total value of marine production. The
data shows that China’s marine economy will achieve
high-quality development in many aspects. Particularly,
technological innovation can promote the high-quality
development of marine economy. But previous studies
of marine economic growth have been based on
neutral technological progress in neoclassical growth
theory [3-4]. In fact, in actual production processes,
technological progress tends to use different factors,
and it is biased. Due to the different preferences for
factors, different biased technological progress are often
presented. In addition, there are some problems with
the current development of the marine economy, such
as the reduction of resources and the deterioration of
environment [5]. Green-biased technological progress
about energy conservation and emission reduction
can stimulate the high-quality development of ocean
economy. Hence, it is necessary to analyze the bias of
ocean economic technology and its influencing factors
under the restrictions of energy and environment.
In the past decade, quite a few scholars have analyzed
the marine economic growth in different countries,
including Korean, England, China, etc [6-9]. Their
research shows that the ocean economy plays a huge
role in the national economy. At the same time, the rapid
development of marine economy cannot be separated
from technological progress [10]. Research by Morrissey
et al. shows that the marine technology industry
occupies an important position in the development of

the Irish marine economy [11]. However, their study did
not consider the undesired output of pollution emissions,
ignoring the environmental pollution caused by marine
economic production. Study by Sarker et al. shows
that pollution and human interference are the main
challenges for the further development of Bangladesh’s
blue economy [12]. Neglecting the constraints of
environmental and resource lead to overestimation of
real productivity growth [13]. The experience of the
United States’ marine economic development shows
that effective management decisions will promote the
development of ocean economy and environment [14].
What’s more, by introducing Malmquist-Luenberger
productivity indexes into a three-stage DEA model, it
was found that technology inefficiency was the major
cause of the inefficiency in China’s marine economy
[15]. However, they did not regard environment-biased
technological progress as a research focus. In general,
biased technological progress, which was in the
context of the reduction of marine resources and the
deterioration of marine environment, was rare in extant
literature. Zapelloni et al. proposed that technological
improvements could promote a circular economy and
improve the marine environment [16].
In fact, Hicks’ wage theory has the concept of
“inducing innovation”, while the idea of biased
technological progress is alike. And technological
innovation has a positive effect on maximizing the use
of production inputs [17]. Hence, several studies paid
close attention to the path of technical advancement
affecting the income gap between labour and capital
[18-19]. However, Acemoglu [20-22] established
a theoretical framework for biased technological
change and proposed the concept of environmentbiased technological progress. The environment-biased
technological change could save a large number of
scarce resources and reduce pollution emissions. Some
scholars have focused their attention on the biased
technological progress between inputs [23-26]. With
the increasing awareness of energy saving and emission
reduction, many authors take energy and pollution
emissions into account when analyzing the biased
technological progress to reflect the restrictions of
energy and environment [27-29]. For example, Song et
al. proposed a method to measure the abilities of energy
conservation and emission reduction [30]. Further,
Li et al. measured input-biased and output-based
technological progress based on water resources for 30
areas in China [31]. They found that continuous growth
of total factor productivity (TFP) was mainly driven by
green-biased technological progress. In short, previous
researches lack an analysis of biased technological
progress of marine economy.
Based on a DEA-Malmquist model, we measure
the biased technological progress of China’s 11 coastal
areas from 2002 to 2016 to support the high-quality
development of marine economy. And we combine the
dynamic changes of inputs and outputs to judge the
bias of technological progress is energy conservation,
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or economic production, or environmental protection.
China will continue to promote the high-quality
development of marine economy and actively improve
the construction of marine economic system. Further,
we analyze the relevant influencing factors of biased
technological progress. The determination of these
influencing factors has policy implications for energy
saving and emission reduction. Different technological
advances tend to directly affect the allocation of
resources in marine economic activities and have
different impacts on the marine environment. Thus,
defining the influencing factors can contribute to the
high-quality development of China’s marine economy.
This paper makes up for the shortcomings of the
previous literature from two aspects. Firstly, a new
technology may be biased towards resource conservation,
or reducing pollution emissions or increasing economic
output. In the past, the discussion of technological
progress in the literature was mostly based on input
orientation, focusing on technology advancement biased
towards a certain production factor to optimize resource
allocation, while ignoring output-biased technological
progress. Therefore, we divide the biased technological
progress into energy conservation-biased, emission
reduction-biased, and production-biased technological
progress, which makes up for the shortcomings of
previous literature that ignore the research of outputbiased technological progress. This classification
has important significance for green technological
innovation and provides a healthy development path
for China’s marine economy. Secondly, this study fully
considers the influence of environmental regulation on
the biased technological progress of marine economy.
At the same time, the different influences of directive
or incentive environmental regulations on the inputbiased and output-biased technological progress are
studied. Different from the influence of environmental
regulations on the biased technological progress in the
industrial field [32], this study shows that directive
regulations can influence input-based technological
progress, while incentive regulations are not conducive
to promoting output-biased technological progress.

Methods and Data
DEA-Malmquist model
There are usually two methods for measuring biased
technological progress in previous studies, one is a
parametric method and the other is a nonparametric
method [33]. One of the common nonparametric
methods is the DEA model. It has the advantage of
allowing multiple inputs and outputs to be considered
simultaneously, without the need to presuppose the
form of the production function. Due to the diversity
of production forms and the many influencing factors
of technological progress, we chose DEA model as the
main research method of this paper.
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We assume that the number of decision-making
unit (DMU) is K. Every DMU produces N inputs,
x = (x1, x2,..., xN) ∈ R N+; M outputs, y = (y1, y2, ..., yM)
∈ R M+. In fact, in the face of environmental regulations
and limited resources, companies often want to
increase expected output while reducing environmental
emissions. In order to determine whether technological
advancement is biased towards promoting production
or reducing pollution, this study included positive
environmental output in y. Then on the basis of the
traditional direction distance function, the output
distance function at period t is built as follows:
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Dit x t , y t = inf θ : x t , y t θ ∈ P t (x ) = sup θ : x t , θy t ∈ P t ( x )

−1

(1)
…where, Pt(x) is the production possibility set. Further,
under the condition that the scale return is unchanged,
Dit(xt, yt) can be acquired by solving the equation as
follows:

(2)
…where, λkt is non-negative weight variables.
Similarly, we can obtain Dit+1(xt+1, yt+1), Dit(xt+1, yt+1) and
Dit+1(xt, yt) by solving similar linear equations. Therefore,
we estimate the growth rate of TFP by the Malmquist
index method according to researches of Färe et al.
[34] and Weber et al. [27], as shown in the following
equation:

(3)
Further, the MI index can be broken down into the
technical efficiency change (EC) and the technological
change (TC) as follows:

(4)
We further decompose the TC index to obtain the
output-biased technological change (OBTC), the inputbiased technological change (IBTC), and the magnitude
of technological change (MATC) as follows:
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Table 1. Biased technical progress and changes in factor mix.
Factor mix
(x1/x2)t+1>(x1/x2)t
(x1/x2)t+1<(x1/x2)t
(x1/x3)t+1>(x1/x3)t
(x1/x3)t+1<(x1/x3)t
(y1/y2)t+1>(y1/y2)t
(y1/y2)t+1<(y1/y2)t

Biased technological progress
IBTC>1

Use more energy, reduce labor

IBTC<1

Use more labor, reduce energy

IBTC>1

Use more labor, reduce energy

IBTC<1

Use more energy, reduce labor

IBTC>1

Use more energy, reduce capital

IBTC < 1

Use more capital, reduce energy

IBTC>1

Use more capital, reduce energy

IBTC<1

Use more energy, reduce capital

0BTC>1

Promote economic production

0BTC<1

Reduce pollution emissions

0BTC>1

Reduce pollution emissions

0BTC<1

Promote economic production

(5)
…where, MATC reflects the change of the production
frontier and belongs to the category of neutral technical
progress. OBTC reflects the promotion of technical
progress to different proportions of multiple outputs,
and when there is a single output, OBTC = 1. The IBTC
reflects changes in the marginal rate of substitution of
various inputs by technological progress. When IBTC>1,
input-biased technological progress has a positive effect
on TFP.

Fig. 1. Types of biased technological progress.

It is worth noting that OBTC and IBTC only show
the impact on TFP growth. By observing the OBTC
and IBTC indices, it is not possible to understand the
direction of specific technological progress. Thus, we
use the method built by Weber et al. [35] to judge the
specific bias of technological progress. This method
determines the bias of technological progress by
comparing the changes in the ratio of two factors
in different periods. So we have compared biased
technological progress between energy and labor,
between energy and capital, and between marine
economic production and environmental output.
If the marginal substitution rate of input factors
does not change, it is expressed as Hicks’ neutral
technological progress. Similarly, if the marginal rate of
transformation between two output factors is constant,
the technological progress on the outputs is neutral.
The specific process of judging the bias of technical
progress is shown in Table 1. x1, x2, x3, y1, and y2 in
Table 1. represent energy consumption, labour, capital,
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marine economic production, and environmental output,
respectively.
According to Table 1, we propose different
types of biased technological progress, as shown in
Fig. 1. When the input-biased technological progress
is characterized by a bias toward reducing energy
consumption, it is defined as the energy conservationbiased technological progress. Similarly, there may
be two cases of output-biased technological progress:
promoting production or reducing pollution. When the
output-biased technological progress shows a reduction
in emissions, it is defined as the emission reductionbiased technological progress. Otherwise, it is defined
as the production-biased technological progress. This
classification of biased technological progress helps to
further analyze the dynamics of technological progress
in China’s marine economic development.

Factors of Biased technological progress
There may be spatial effects in the biased
technological progress of the marine economy in 11
coastal areas. Drawing on the research results of the
space panel model by Fischer et al. [36], to analyze the
influencing factors of biased technological progress, the
following space panel model is used:

(6)
…where, Biased Technological Progress includes
IBTC and OBTC. Xit is the control variable (the
influencing factor in this paper is the control variable),
which indicates the influencing factors of the biased
technological progress in each region. αi and νt are
time-invariant and time-varying individual effects,
respectively. εit is a random error term. ρ and λ are the
space after term coefficients and the spatial error term
coefficients, respectively, which are used to measure
the spatial effect. ρ reflects the influence of changes in
a region’s variables on its neighboring regions, while
λ reflects the extent to which changes in variables in
adjacent regions affect the region. If ρ = 0, model (6) is
a spatial error model (SEM). When λ = 0, the model (6)
is a spatial lag model (SLM). In addition, Wij is a spatial
weight matrix, and we use the reciprocal of the distance
between the provincial capitals as the spatial weight.

Indicator selection
In this study, we select three input and two output
indicators to estimate the TFP of marine economy and
judge the biased technological progress. The sample data

Fig. 2. Three groups of 11 coastal regions.

for this study include data of 11 coastal areas in China
from 2002 to 2016. The data are from the China Marine
Statistical Yearbook (2003-2017), the China Energy
Statistical Yearbook (2003-2017), the China Statistical
Yearbook (2003-2017) and the China Environment
Statistical Yearbook (2003-2017). These data systems
have been widely used to estimate economic efficiency
in various fields.
In order to better analyze the regional differences
in the biased technological progress of China’s marine
economy, we divided 11 coastal areas into three groups:
Bohai Rim, Yangtze River Delta, and Pan-Pearl River
Delta. The Bohai Rim includes Liaoning, Shandong,
Tianjin, and Hebei. The Yangtze River Delta consists of
Zhejiang, Jiangsu, and Shanghai. Finally, the Pan-Pearl
River Delta includes Fujian, Guangxi, Guangdong, and
Hainan. Fig. 2. shows the geographical location of the
study area. Table 2. shows the basic characteristics of 11
coastal regions in 2016. Among them, total investment
in fixed assets in the whole country shows the size of
the investment in fixed assets. The more investment in
fixed assets, the greater potential for local development.
As can be seen from Table 2, Shanghai has the
highest GDP per capita. It is not only one of China’s
economically developed regions, but also a region with
developed marine economies. Guangxi has the largest
area but the lowest level of economic development.
These basic characteristics are closely related to the
development of the local marine economy.
We use the marine capital stock, marine labor and
energy consumption as three input indicators of the
marine economic production process. This study uses
the method proposed by Zhang et al. [37] to estimate
the marine capital stock. We assume that the capital
stock in 2002 is the original capital stock, and estimate
the annual capital stock of 11 coastal areas during
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Table 2. The basic characteristics of 11 coastal regions in 2016.
Region

Area (104 km2)

Population
(104 people)

GDP per capita
(103 USD/person)

Total Investment in Fixed
Assets in the Whole
Country (109 USD)

Tianjin

1.13

1562

16.44

182.56

Hebei

18.77

7470

6.15

453.57

Liaoning

14.59

4378

7.26

95.60

Shanghai

0.63

2420

16.65

96.51

Jiangsu

10.26

7999

13.84

709.47

Zhejiang

10.20

5590

12.13

432.52

Fujian

12.13

3874

10.67

331.96

Shandong

15.38

9947

9.82

761.76

Guangdong

18.00

10999

10.57

475.77

Guangxi

23.60

4838

5.43

260.53

Hainan

3.40

917

6.34

55.58

the study period according to kt = (1 – δ)k + It. Here kt
represents the fixed capital stock, It is the annual actual
capital investment, and δ is the capital depreciation rate
of 10.96% [13]. Based on this, we have obtained the
stock of marine capital. In addition, we use the average
annual marine-related employment as an indicator of
labor input. Besides capital and labor input, we also add
energy consumption of the marine economy to describe
the TFP to fully reflect the efficiency of resource
utilization. Since there is no specific data on the energy
consumption of the marine economy, we estimate it
based on the proportion of local GOP in GDP.
This study uses economic output and environmental
output as output indicators. From the perspective
of economic efficiency, we choose GOP as the
expected output, which is a common indicator to

measure the marine economic efficiency. Moreover,
the environmental output is environmental emission
composite index, which includes marine industrial
waste water discharge, marine industrial solid waste
production and chemical oxygen demand emission
in marine industrial waste water. We empower
these three indicators through an improved entropy
assessment method [15]. Further, we calculate the
weighted sum of these three indicators. Finally, in order
to obtain a positive environmental output indicator,
the environmental comprehensive index is obtained
by calculating the reciprocal of the sum value. The
specific calculation process is in the Appendix. We
use the environmental composite index as an indicator
to measure environmental output. The greater the
environmental composite index is, the lower the

Table 3. The characteristics of marine economy of 11 coastal regions.
Region

Marine Capital Stock
(109 USD)

Marine Labor Force
(104 people)

Energy Consumption
(105 tons)

GOP
(109 USD)

Environmental
Composite Index

Tianjin

74.59

160.54

180.65

29.77

65.58

Hebei

39.97

87.53

149.04

13.11

6.59

Liaoning

82.71

295.77

252.06

25.17

8.43

Shanghai

96.03

192.28

288.50

53.35

32.89

Jiangsu

78.94

176.24

172.63

31.64

9.59

Zhejiang

93.22

386.91

210.32

39.21

14.33

Fujian

103.29

391.85

218.59

42.26

15.15

Shandong

176.86

482.24

486.26

65.92

8.04

Guangdong

143.80

761.86

415.08

86.62

10.39

Guangxi

18.18

103.95

40.11

6.22

13.47

Hainan

16.88

121.62

35.18

5.78

161.37
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degree of environmental degradation. And the marine
economic characteristics of each region are described in
Table 3.
The following factors may have different effects
on the biased technological progress of marine
economy. First of all, environmental regulations (ER)
in various regions will have an impact on the local
biased technological progress of marine economy.
According to Song et al. [32], environmental regulations
are usually divided into directives (such as pollution
taxes) and incentive regulations (such as the handling
of pollution). Therefore, we choose two indicators to
measure the impact of environmental regulations. We
use the sewage fee income, ER1, and the environmental
governance investment, ER2. The large values of
ER1 and ER2 indicate that the local environmental
supervision is strong. Since the bias of technological
progress is not only affected by environmental
regulations, the coefficient of ER1 and ER2 cannot be
judged in advance. The second is the economic level
(EL). EL is defined as the ratio of each region’s GOP to
the national GOP to measure the level of local economy.
Generally, the more developed the economy, the greater
the research and development of technology. Therefore,
it is initially judged that the biased technological
progress and the economic level are positively
correlated. The third is foreign direct investment (FDI).
It is determined by the ratio of FDI investment to GDP
in every coastal area. Foreign direct investment often
leads to technology spillovers. At the same time, FDI
is also an important source of environmental pollution.
Therefore, we cannot judge the positive or negative
coefficient of this index. The last one is industrial scale
(IS). It is measured by the proportion of the secondary
industry to the GDP in every coastal area. Industry
is an important source of environmental pollution in
coastal areas. Therefore, we regard the industrial scale
as the influencing factor of the biased technological
progress of the marine economy, and then explore its
role in the direction of technical progress. To eliminate

the dimensional problems of different variables and to
avoid heteroscedastic problem, we use the logarithm of
the variables involved in the model.
The descriptive statistics for all data are shown in
Table 4.

Results and Discussion
TFP growth and biased technological
progress
Fig. 3 reveals the trend of TFP growth from 2002 to
2016 in China’s coastal areas. As shown in Fig. 3, the
MIs between 2002 and 2016 are basically greater than
1, indicating that the TFP of marine economy increases
generally, although its growth rate fluctuates. This is
consistent with the research of Ding et al [15]. The MI
was in a declining stage in 2006-2008, probably because
the Eleventh Five-Year Plan made the government
begin to focus on the healthy development of China’s
marine economy, rather than blindly pursuing economic
growth. At the same time, the global financial crisis
in 2008 also caused a certain impact on China’s marine
economy. In addition, there was a brief decline in total
factor productivity in 2010-2011. The trends of TC
and MI are similar, as the increase of marine
economic TFP is mainly owing to the positive effect of
technological progress rather than the improvement of
technical efficiency. In addition, the MI and TC indices
showed dramatic fluctuations between 2006 and 2011.
This may be because China’s environmental regulatory
policy has achieved certain results, and technological
innovation has been further developed. In short, as
shown in Fig. 3, the growth of China’s marine economic
TFP increases over the sample period. And TCs have
an important role in promoting the growth of total
factor productivity. Even in some periods, technological
progress can also reduce the negative impact of
inefficiency.

Table 4. Descriptive statistics of inputs, outputs and influencing factors.

Inputs

Outputs

Variable

Description of Variable

Mean

Max

Min

SD

Capital

Marine Capital Stock (109 USD)

84.04

476.78

1.37

80.75

Labor

Marine Labor Force (104 people)

287.35

868.50

69.37

200.13

Energy

Energy Consumption (10 tons)

222.58

755.99

7.21

163.57

Expected Output

GOP (10 USD)

36.28

169.74

0.81

32.90

Environmental Output

Environmental Composite Index

31.44

229.60

3.21

47.12

Environmental
Regulations (ER)

Sewage Fee Income (10 USD)

104.23

358.72

1.74

82.28

Environmental Governance Investment (10 USD)

362.78

2022.86

1.43

331.82

Ratio of Each Region’s GOP to National GOP (%)

9.09

25.59

0.66

6.26

Ratio of FDI to GDP (%)

76.63

584.94

11.63

70.95

Ratio of Secondary Industry to GDP (%)

47.31

60.13

20.75

8.51

Economic Level (EL)
Influencing
factors
Foreign Direct Investment
(FDI)
Industrial Scale (IS)

5

9

6

6
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Fig. 3. MI, EC and TC indices during the period of 2002-2016.

Fig. 4. OBTC, IBTC and MATC indices during the period of
2002-2016.

By further decomposing TCs, we can better
analyze the biased technological progress of the
marine economy. Fig. 4 shows the decomposition of
TCs, including IBTC, OBTC, and MATC. As shown
in Fig.4, IBTC and OBTC show resemble trends. In
turn, the MATC fluctuates relatively sharply. This
means that scale changes are still important to marine
economy. These results are showing no difference with
before studies that early marine economy is seriously
dependent on the expansion of efficiency. Meanwhile,
the constant changes in the government’s environmental
policies have led to continued volatility in the IBTC and
OBTC indices over the study period.
Fig 5. provide a discussion about the spatial
distribution of the Malmquist productivity index. This
study only covers 11 coastal areas, so according to the
MI index, we divide them into three grades to analyze
the spatial structure of marine economy. First, MIs in
2002 are identified as 1, and then we select some special
time points during the study period to determine the
spatial distribution. With the continuous development
of China’s marine economy, it has become more and
more similar to the development of national economy.
In particular, a series of policies formulated by the
Chinese government have pointed out the direction for
the development of marine economy. Therefore, we
select the starting times of the 11th Five-Year Plan and
the 12th Five-Year Plan as dividing points, and divide
the research period into 2002-2006, 2006-2011 and
2011-2016, so as to deeply analyze the changes of TFP
in various coastal areas.

Kang W.-L., et al.
As shown in Fig 5., during the period of 2002-2006,
Hebei, Tianjin, Shanghai, and Guangdong were in highvalue areas. Shandong, and Zhejiang were in mediumvalue areas, while Liaoning, Jiangsu, Fujian, Guangxi,
and Hainan were in low-value areas. The early marine
economy was only a small part of the national economy
in China. The development level of marine economic
was low and the technology was not developed. Thus,
the low-pollution traditional industries such as the
marine salt industry and fisheries were the main marine
industries in the coastal areas during the period of
2002-2006. Early marine economic production also
has less pollution and damage to the environment. The
rapid development of the marine economy in Hebei,
Tianjin, Shanghai, and Guangdong positively affects
by the inland economy. However, the development of
marine economy in Hainan is relatively special, mainly
because tourism is its pillar industry. Although tourism
has less pollution, as main industry it has led to a lack
of incentives for productivity growth in Hainan. During
the period of 2006-2011, the spatial distribution of
the MI has changed a lot. Fujian has become a highvalue area, probably owing to the rapid development
of local international trade. The marine economy in
Hebei and Shandong has shown a slow development,
which means that the contradiction between the rapid
expansion of the marine economy and environmental
pollution has become increasingly severe. In 2011-2016,
the government proposed a sustainable development
path for the marine economy. Marine resources and
environmental protection have become the focus of work
in various coastal areas. Thus, Shandong, Jiangsu, and
Zhejiang became high-value areas. At the same time,
China’s new normal has led to a slowdown in economic
growth. Hebei, Tianjin, and Guangdong must actively
respond to the pressure of marine economic growth.
Because their marine economic efficiency is reduced
by the cost of resources and environmental governance.
Through the above analysis, we can find that most of
China’s 11 coastal areas belong to high-value areas
and medium-value areas, and the spatial distribution of
marine economic productivity is relatively stable.
At the same time, as shown in Fig 6., the growth
of the marine economy in various coastal areas mainly
depends on technological progress. Due to the special
nature of its industrial structure, Hainan’s marine
economy is still driven by efficiency. This is why it
is a low-value area. These findings are not completely
consistent with the research by Ding et al. [4], which
may be due to the different study periods and choice
of indicators. But the overall growth trend and regional
imbalances in China’s marine economy do exist.
As can be seen from the foregoing, if the inputbiased technological progress index is not less than 1,
it means that technological progress will at least not
reduce productivity. According to Table 5, except for
Hebei, the IBTCs of other coastal areas are greater
than 1, indicating that the input-biased technological
progress has promoted the improvement of marine
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Fig. 5. MI in China’s coastal areas.

Fig. 6. EC and TC indices in China’s coastal areas.

economic productivity in most coastal areas. As a
developed area of marine economy, Shanghai’s inputbiased technological progress has positively affected the
growth of TFP with a growth rate of 9%. In addition,
from the perspective of output factors, due to the
existence of environmental output’s special attributes,
we can not make the output-biased technological
progress index greater than 1 as a one-sided pursuit
of technological progress. If the OBTC index is
greater than 1, it indicates that technological progress
contributes to the different proportions of multiple
outputs, including the separate effects on economic
and environmental outputs. Whether the output-biased
technological progress exerts a positive or negative
impact on the marine economy can be determined after
analyzing the output ratios in different periods and
obtaining the specific bias of the technological progress.

But overall, output-biased technological advances have
contributed to marine economic productivity in 11
coastal areas between 2002 and 2016. In addition, the
MATC index in most regions is greater than 1, except
for Shanghai, Guangdong, and Hainan. This indicates
that technological scale effects still exist in most coastal
areas. Therefore, attention must be paid to all coastal
areas, and differences of marine economic development
in various regions cannot be ignored.

Specific biased analysis of technological
progress
The IBTC and OBTC indices cannot directly
show the specific bias of technological progress.
Only by combining the analysis of relevant input and
output factors can we determine the factors that are
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Table 5. Comparison of regional biased technological change.
Region

IBTC

OBTC

MATC

Tianjin

1.015

1.005

1.0363

Hebei

0.999

1.001

1.0249

Energy conservation-biased

Production-biased
0.84

0.8
0.69
0.7

0.61

0.6
0.5

Liaoning

1.002

1.000

1.0335

Shanghai

1.093

1.013

0.9962

Jiangsu

1.009

1.000

1.0318

0.2

Zhejiang

1.012

1.000

1.0437

0.1

Fujian

1.021

1.001

1.0290

Shandong

1.016

1.000

1.0288

Guangdong

1.033

1.000

0.9932

Guangxi

1.006

1.002

1.0165

Hainan

1.089

1.059

0.8075

Mean

1.027

1.007

1.0363

saved or used in the production. As highlighted in
Section 2, A specific biased technological progress can
be determined by judging the factor ratios at different
times. Table 6 summarizes the specific types of biased
technological progress.
We analyzed the two indicators in the input
(Energy/Labor and Energy/Capital) and got the
following conclusions. As a whole, IBTC reveals that
technological progress of China’s marine economy is
biased towards using energy and saving labor during
the study period. This is largely due to the relatively
abundant resources of China, so the scale of use of
rich elements is expanded. Second, the input-biased
technological progress used energy, conserved capital
between 2002 and 2006, while using capital and saving
energy during the period of 2006-2016. These changes
indicate that with the rapid growth of economy, capital
elements are continuously enriched, and the awareness
of building a resource-saving society is gradually
strengthened. The proportion of energy conservationbiased technological progress in Fig. 7 is relative to
labor and capital, so we can compare the different types
of the biased technological progress in the three groups

Emission reduction-biased

0.9

0.5

0.46

0.48

0.39
0.4

0.31

0.3

0

0.16

Bohai Rim

Yangtze River Delta

Pan-Pearl River Delta

Fig. 7. Proportion of DMUs in different biased technological
progress.

of regions. Fig. 7 reveals that the technological progress
in the Yangtze River Delta is more in favor of saving
energy than that in other regions. but the differences are
not obvious.
We compared the ratios of two outputs (GOP/
Environmental Composite Index) in different periods
and analyzed them with the OBTC index to judge the
type of output-biased technological progress. We have
gained some important conclusions. Technical progress
was more biased towards promoting production in
the period of 2002-2016. Despite this, the proportion
of emission reduction-biased technological advances
has gradually increased. This is closely related to the
introduction of relevant policies and the continuous
increase of investment in environmental governance
by the state. Fig. 7 shows that production-biased
technological progress accounts for the largest
proportion. The technological progress in the Pan-Pearl
River Delta region is more inclined to promote the
growth of production, while the Bohai Rim pays most
attention to environmental protection compared to the
Yangtze River Delta and the Pan-Pearl River Delta.
The industries in Liaoning and Shandong are relatively
developed, so the government pays more attention
to environmental pollution. Strict environmental
regulations have prompted these regions to show
emission reduction-biased technological progress.
However, coastal tourism in the Pan-Pearl River Delta

Table 6. Proportion of DMUs in specific bias of technological change in different periods. (%).
Technological change

IBTC

OBTC

Specific bias

2002-2006

2006-2011

2011-2016

Energy conservation-biased

30

31

31

Labor conservation-biased

70

69

69

Energy conservation-biased

41

76

73

Capital conservation-biased

59

24

27

Emission reduction-biased

16

27

40

Production-biased

84

71

60

Technical neutral

0

2

0
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Table 7. Spatial correlation test results.
Variable

Moran’s I

Z

p-value

IBTC

-0.036

-3.639

0.000

OBTC

-0.019

-1.804

0.036

is relatively developed and the environmental quality
is relatively high. Therefore, increasing the economic
output of the marine economy has become the
development focus of the Pan-Pearl River Delta.

Analysis of Influencing Factors for Biased
Technological Progress
Before applying the spatial panel model, we first
examined the spatial correlation of the explanatory
variables. Moran’s I is employed to analyze the spatial
effects among 11 coastal regions based on their
biased technological progress. The results are listed in
Table 7. The IBTC’s Moran’s I value is -0.036 and
p-value is 0. At the same time, the Moran’s I value
of OBTC is -0.019 and p-value is 0.036. It can be
seen that the biased technological progress in each
region does have a spatial correlation and a significant
negative spillover effect, so a spatial panel model can be
established for research.
The Hausman test determines that the spatial panel
model of random effects is more suitable for this study.
Among the random effects, the commonly used spatial
models mainly include spatial lag model (SLM) and
spatial error model (SEM). The results of the SLM and
SEM tests are shown in Table 8.
According to Table 8, the results of SLM and SEM
are basically similar, indicating that the regression
results have certain robustness. The sewage fee income
has a negative correlation with IBTC, which indicates

that the IBTC index declines when sewage fee income
is too high in a particular province. The governance
investment and the input-biased technological progress
also show a negative correlation, but it does not pass the
significant test. This may be because pollution control is
mainly to use existing technologies and less to develop
new technologies. At the same time, these results also
reveal that directive environmental regulations tend to
affect input-biased technological progress more easily
than incentive environmental regulations. Economic
level influences the IBTC index. Governments in
regions with a higher economic level tend to encourage
technical innovations that promote the rational use
of inputs. A high-quality economic environment will
promote technological progress. The result for FDI in
terms of input-biased technological progress is negative.
This result reflects that the inflow of foreign capital is
not conductive to input-biased technological progress.
This is mainly because foreign investors are more
likely to use cheap labor in China, and they do not pay
attention to technological progress. At the same time,
the richness of China’s resources is higher than that of
foreign countries. Therefore, foreign direct investment
will not bring about the improvement of technology.
The correlation among industrial scale and IBTC
indices is negative, indicating that industrial scale can
not promote input-biased technological progress. The
larger the industry, the higher the income, the lower
the sensitivity to prices, resulting in poor innovation
awareness.
The regression results of each variable on IBTC and
OBTC are mainly similar. Specifically, the economic
level increases the output-biased technological progress,
whereas sewage fee income, governance investment,
foreign direct investment and industrial scale, decrease
it. Table 8 reflects that all influencing factors, except
for the sewage fee income and economic level have
significant effects on OBTC. In addition, governance

Table 8. Results of the spatial panel model.
SLM

SEM

IBTC

OBTC

IBTC

OBTC

lnER1

-0.0188***

-0.0017

-0.0172***

-0.0015

lnER2

-0.0039

-0.0091***

-0.0016

-0.0092***

lnEL

0.0213***

0.0048*

0.0195***

0.0048*

lnFDI

-0.0027

-0.0044

-0.0001

-0.0040

lnIS

-0.0552**

-0.0341***

-0.0584*

-0.0326**

Constant

0.2247**

0.1529***

0.2425**

0.1482***

ρ

40.5100***

7.6401

-

-

λ

-

-

43.6342***

7.7345

R

0.3715

0.3722

0.3489

0.3721

Log-likelihood

289.7674

381.4613

288.8612

381.4211

2

Notes: ***, **, and * indicate statistical signiﬁcance at the 1%, 5%, and 10% levels, respectively.
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investment has a greater impact on OBTC than on
IBTC. Output-biased technological progress is more
susceptible to governance investments in marine
environment than to sewage charges. At the same time,
the government’s increased investment in environmental
pollution control will inhibit output-biased technological
advances. Contrary to the findings of Song et al. [32],
we find that incentive environmental regulations have a
stronger effect on output-biased technological progress
of marine economy than directive environmental
regulations do. This shows that the government should
adhere to the principle of source governance when
formulating environmental policies in China. The
effects of the sewage fee income and the foreign direct
investment on the output-biased technological progress
are negative, indicating that these indicators cannot
directly accelerate the green development of the marine
economy.

Conclusions
The paper attempts to estimate the input-biased
and output-biased technological progress of China’s
marine economy from 2002 to 2016. Energy and marine
environment are two factors that constrain the highquality development of marine economic. To study
the development of marine economy, it is necessary
to consider the problems of energy and pollution.
Especially, innovation is the main driving force to
promote the high-development of marine economy.
Therefore, this paper uses a DEA model to measure
the biased technological progress of 11 coastal areas in
China. We further identified specific biased factors for
technological progress and then analyzed its influencing
factors.
We find that the TFP of marine economy is
gradually increasing, and this growth is mainly
driven by technical progress. The biased technological
progress has promoted the sustainable development
of China’s marine economy. In addition, the inputbiased technological progress in most coastal areas
can promote the productivity of marine economy, but
it is more likely to overuse energy. The OBTC index
shows that many coastal regions prefer to increase
economic output and aggravate pollution. However, the
emission reduction-technological progress has received
increasing attention. In addition, the three regions focus
on different types of biased technological progress.
For instance, the technological progress in the Yangtze
River Delta is more conducive to saving energy than
that in other regions Technological progress in the PanPearl River Delta is more biased towards promoting
production, while the Bohai Rim pays most attention
to environmental protection compared to the Yangtze
River Delta and the Pan-Pearl River Delta. In general,
the technological progress of marine economic is
gradually becoming conducive to the conservation of

energy and the reduction of pollution. Factors such as
environmental regulation and industrial scale in various
regions have a significant negative impact on biased
technological progress, while the economic level has
a significant role in promoting biased technological
progress. Among them, the directive's regulations have
a greater impact on the development of input-biased
technology, while the incentive regulations have a
greater impact on the development of output-biased
technological progress.
The conclusions of this paper can bring certain
policy implications. With its high-quality development,
the marine economy should rely on green technology
to achieve healthy growth. In order to implement
the strategy of maritime power and promote the
development of the marine economy, the State Oceanic
Administration of China has compiled the “Thirteenth
Five-Year Plan” for the development of the nation’s
marine economy. It is proposed to promote the
optimization and upgrading of marine industry, promote
the innovative development of the marine economy
and strengthen the construction of marine ecological
civilization. Thus, Green technology innovations
that promote energy conservation and environmental
protection should be encouraged. In addition, since
environmental regulation will have an important impact
on the development of biased technology, policy makers
should fully consider the different roles of directives
and incentive regulations when formulating policies.
Only by adhering to the principle of “governance from
the source” can we truly promote environmentally
biased technological progress and reduce pollution
emissions, thereby accelerating the green development
of marine economy. Especially, As China’s economy
has moderated to a new normal and economic growth
has slowed down, it is more important to promote
the coordinated development of the economy and the
environment. Also, China must be devoted to improving
energy conservation-biased and emission reductionbiased technological progress and simultaneously
realize both technological progress and environmental
protection. For instance, the green technology in the
Pan-Pearl River Delta region is relatively mature, and
its green technology should be encouraged to gradually
spread to other regions.
The EU’s Limassol Declaration explicitly proposed
a blue economy for wise, sustainable and inclusive
growth. In 2019, Chinese President Xi Jinping clearly
put forward the concept of building a “Marine Destiny
Community”. It is in the same vein as the “Community
of Human Destiny” and aims to build an efficient and
fair global ocean governance system. Hence, promoting
the development of biased technology towards energy
conservation and emission reduction can promote the
steady implementation of Europe’s blue economy plan.
And the green development path of China’s marine
economy can provide reference for the development of
European blue economy.
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Appendix
This paper attempts to use an entropy method to
determine the index weight by its degree of variation.
The environmental comprehensive index constructed by
the entropy method is used as the environmental output.
The detailed process is as follows:
First, all indicators are dimensionless.

X ij' =

4.

X ij
m

∑X
i =1

5.

ij

…where, Xij = (xij)m×n is the data matrix of the original
indicator. xij is the value of the jth indicator of region i.
Then, X'ij = (x'ij)m×n.

ej =

2.
3.

1 m '
∑ X ij ln xij' , e j ≥ 0
ln m i =1

6.
7.
8.

e 'j = 1 − e j
…where, ej, e'j is the entropy and difference coefficient of
index j. The larger e'ij, the more important the indicator
j is in the comprehensive evaluation. Then we calculate
the weight of the indicator j by the following formula.

wj =

e 'j
n

∑e
j =1

9.

10.
11.

'
j

Finally, we can calculate
comprehensive index as follows:

12.

the

environmental
n

Environmental Comprehensive Index = (∑ X ij' W j ) −1

13.

The greater the environmental comprehensive
index, the smaller the pollution emissions from marine
economic production.

14.

j =1

15.
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