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Abstract: Mariculture areas are an important non-renewable natural resource and continuously
improving their efficiency is important for increasing mariculture output and adjusting its structure.
The aim of this study was to measure the mariculture area production efficiency (MAPE) considering
undesirable outputs, further analyze its spatiotemporal disparities, and analyze the reasons for the
differences observed during the period from 2008 to 2019. The super-efficiency Engel–Blackwell–
Miniard (S-EBM) model and global Malmquist–Luenberger (GML) index was selected to analyze the
technical efficiency and productivity of MAPE from both the static and dynamic aspects, and the Theil
index was used to decompose the regional differences. The results showed that the MAPE showed
fluctuation and an increasing trend overall; the production efficiency and technical progress showed
a fluctuating rising trend, and technical progress had a significant driving effect on the production
efficiency; and intra-regional differences were the main factors that cause the differences in MAPE.
The findings suggest the increase of scientific and technological investment in mariculture, changes
in mariculture methods, the establishment of environmental monitoring centers in mariculture areas,
and the sharing of information technology between regions to achieve sustainable development.

Keywords: global Malmquist–Luenberger index; mariculture area production efficiency; spatiotemporal
disparities; super-efficiency EBM model; Theil index

1. Introduction

The ocean is a major component of the global life support system and a valuable
resource that helps to achieve the sustainable development of human society [1]. With the
rapid increase of the global population, environmental pollution, and shortages of resources,
food problems are becoming increasingly serious [2,3]. Due to economic development
and the improvement of living standards, people are not satisfied with merely solving
the problem of food quantity, but are also paying more attention to the pursuit of high-
quality food [4,5]. Therefore, many coastal countries have focused their strategic vision
on the ocean, and protein extraction from the ocean has become a hot industry in relation
to solving food security issues at present and in the future [6]. According to the Global
Aquaculture Production database, the global mariculture production in 2019 reached
57,872.179 kilotons. Although the current growth rate has slowed down, production has
always maintained a growth trend. The mariculture production in China ranks first in the
world and is developing rapidly, increasing from 10 kilotons in 1950 to 36,403.631 kilotons
in 2019, accounting for 3.17% and 62.9% of the world’s mariculture production, respectively.
Therefore, as a powerful mariculture country, China’s research on mariculture is of great
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significance, and can provide guidance and reference for other coastal countries or regions
to develop and utilize mariculture sea areas.

In recent years, China’s mariculture is facing severe challenges; for instance, the overall
mariculture area has decreased year by year, and the ecological environmental pollution in
mariculture areas has become increasingly serious [7]. According to the Report on the State
of the Fishery Eco-Environment in China, from 2015 to 2018, the emissions of the major
mariculture areas in China exceeded standards to a large extent, with inorganic nitrogen
and active phosphate exceeding 52% in the detected area [8]. This development reduces
the productivity of polluted sea areas and also affects the sustainable development of
mariculture. In this context, continuously improving mariculture area production efficiency
(MAPE) has become the key to increasing mariculture production and ensuring food
security under the constraints of the marine ecological environment.

As the world’s attention to the ocean increases, China is also paying more and more
attention to ocean research [9–13], and relevant studies have been conducted from the
perspective of mariculture areas [14,15]. A mariculture area is defined as a non-renewable
key resource element for mariculture and seafood production is similar to grain produc-
tion [16]. That is, grain is produced using cultivated land resources, whereas seafood is
produced using mariculture areas. The mariculture area is equivalent to the cultivated
land in grain production, and the production processes are similar. China is a country
with a large population, and since ancient times, agriculture has been the foundation
of the country [17,18]. China’s cultivated land research has been more in-depth [19–21],
and relatively speaking, the number of specific studies on mariculture areas is relatively
small, and the research content relating to the ocean primarily focuses on the entire marine
economy or marine industry [22–25]. Collectively, these studies put more emphasis on the
importance of cultivated land development and utilization, and the whole sea area, but no
previous study has considered the use of mariculture sea areas from the perspective of sea
area resources.

Therefore, to fill the knowledge gap noted above, China’s east coast was selected
as the study area in this research to evaluate the MAPE of China from 2008 to 2019 and
further explore its temporal and spatial disparities. This study is based on the existing
research methods, considering the undesirable output of mariculture areas, which is a
multi-output situation, using the super-efficiency Engel–Blackwell–Miniard (S-EBM) model
and the global Malmquist–Luenberger (GML) index to measure and analyze the technical
efficiency and productivity of MAPE from both the static and dynamic perspectives. The
main aims of this study were to measure the MAPE, to further analyze its temporal and
spatial differences, and to analyze the reasons for the differences through the Theil index.
The results of this research will be helpful for improving the production efficiency and
realizing the voluntary and sustainable development of mariculture areas, and may provide
guidance for the development and utilization of sea areas and relevant decision-making.

The remainder of this paper is organized as follows. In Section 2, we briefly review the
existing literature on mariculture, focusing on production efficiency and methods. Section 3
introduces the methodology used for evaluating and analyzing MAPE. Section 4 presents
the input and output indicators, as well as the data processing methods. The results of the
empirical study on the China’s east coast MAPE over 2008–2019 are presented in Section 5,
followed by the conclusions and discussion in Section 6.

2. Literature Review
2.1. Research on Mariculture

The research literature on mariculture mainly focuses on mariculture development,
policy, efficiency evaluation, etc. Salayo et al. [26] defined mariculture in the Philippines as
the cultivation of finfish, shellfish, seaweed, and other commodities in cages, pens, stakes,
and rafts in the marine environment and assessed the biophysical and socio-economic
background of mariculture. Yu et al. [6] analyzed the evolution of China’s mariculture
policy and divided it into three stages: the mariculture production period, mariculture
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integrated management period, and mariculture sustainable development period, and
analyzed the characteristics of the evolution of China’s mariculture policy accordingly.
Yu et al. [27] used a measurement model based on over-relaxation and the GML index to
measure the mariculture efficiency scores and their changes in nine coastal provinces of
China from 2004 to 2016, and found that the efficiency of mariculture had increased by
6.45% from 2004 to 2016, and technological progress was the main driving force.

2.2. Research on Methods of Efficiency

Efficiency evaluation methods are a hot topic in the efficiency field and there are gen-
erally three methods for measuring efficiency: the single-index method [28,29], stochastic
frontier analysis (SFA) [30,31], and data envelope analysis (DEA) [32–35]. Since DEA and
SFA methods are currently used more commonly, the following literature mainly focus on
efficiency evaluation approaches using these two methods.

The SFA method uses the construction of a production function to construct the
production frontier and the deviation is decomposed into technical inefficiency and random
error [36]. The result is less affected by the specific features of the sample and is more reliable
and stable. In recent years, SFA has become popular in efficiency evaluation. Shabanzadeh-
Khoshrody et al. [37] used the Tornqvists–Theil (TTP) index, SFA, and the matching method
to analyze the effects of the Baft dam construction on the efficiency and productivity of
downstream agricultural land. Van Nguyen et al. [38] examined the sensitivity of technical
and scale efficiency estimates in stochastic frontier analysis, using data from an Australian
fishery. Wang et al. [39] used the SFA model to evaluate the performance of soil and water
conservation in consideration of changes in local environmental managers.

Different from the SFA parameter method, DEA is a non-parametric evaluation method,
and the DEA method is mature in the study of efficiency measurement. Wang et al. [40]
constructed a fully fuzzy DEA and used the large datasets of 264 Chinese cities over
2009–2018 to evaluate the urban circular economy. Some scholars have begun to pay atten-
tion to the spatiotemporal differences in production efficiency [41–43]. Given the increas-
ingly severe environmental problems, some scholars have begun to focus on undesirable
outputs [44–46]. Wang et al. [47] used the DEA model to calculate the ecological efficiency
of China, considering undesirable outputs. Saber et al. [48] calculated the eco-efficiency for
each of four impact categories (i.e., terrestrial, freshwater, and marine ecosystems, as well
as human health) and analyzed differences in eco-efficiency between 200 paddy farms in
Iran. Nabavi-Pelesaraei et al. [49] used the method of life cycle assessment (LCA) and DEA
to measure the environmental efficiency of different systems and evaluated the possibility
of the application of solar energy technology in the production of sunflower oil in Iran.

2.3. Research on Efficiency Measurements of Mariculture

From the perspective of efficiency measurements of mariculture, some scholars have
used different methods to study this field. Singh et al. [50] used SFA to study the economic
efficiency of aquaculture in southern Tripura. Nielsen et al. [51] used DEA to analyze the
impact of the new environmental water purification system on the efficiency of freshwater
aquaculture in Denmark. Ji et al. [52] and Wang et al. [53] used the economic loss of pollu-
tion as an undesired output and a DEA model to measure the efficiency of aquaculture and
the mariculture industry in China. Vassdal et al. [54] used the Malmquist productivity index
to measure the total factor productivity (TFP) of the marine salmon produced in Norway.

2.4. Literature Summary

At present, the efficiency evaluation of mariculture is a research hotspot, and there
are several studies available for research. We classify and summarize these literatures
and present a table summarizing the related studies (Table 1). Although the efficiency of
mariculture has been studied, the production efficiency of the aquaculture area has not been
explored to a large extent, and there is still a lack of comprehensive and effective evaluations.
Mariculture research mainly focuses on qualitative analysis, whereas quantitative analysis
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on production efficiency measurement is rare. The methods used in these studies are
singular, and previous studies have not considered the combination of static and dynamic
methods when comprehensively considering environmental constraints. Thus, it is urgently
required to develop a method for MAPE.

Table 1. Summary of the related studies.

Field Content Example Year Contribution

Mariculture

Development Salayo et al. [26] 2012 Assessed the biophysical and socio-economic
background of mariculture.

Policy Yu et al. [6] 2020 Analyzed the evolution of China’s mariculture policy,
and divided it into three stages.

Efficiency Yu et al. [27] 2020 Measured the mariculture efficiency scores and their
changes in nine coastal provinces of China.

Methods of
efficiency

SFA

Shabanzadeh-Khoshrody
et al. [37] 2016

Analyzed the effects of the Baft dam construction on
the efficiency and productivity of downstream

agricultural land.

Van Nguyen et al. [38] 2021 Examined the sensitivity of technical and scale
efficiency estimates in stochastic frontier analysis.

Wang et al. [39] 2022 Evaluated the performance of soil and
water conservation.

DEA

Wang et al. [40] 2021 Evaluated the urban circular economy.

Wang et al. [47] 2020 Calculated the ecological efficiency of China
considering the undesirable output.

Saber et al. [48] 2021 Calculated the eco-efficiency for each of four
impact categories.

Nabavi-Pelesaraei et al. [49] 2021 Measured the environmental efficiency of
different systems.

Efficiency
measurement of

mariculture

SFA Singh et al. [50] 2008 Studied the economic efficiency of aquaculture in
southern Tripura.

DEA

Nielsen et al. [51] 2011
Analyzed the impact of the new environmental water

purification system on the efficiency of freshwater
aquaculture in Denmark.

Ji et al. [52] 2015 Measured the efficiency of aquaculture.
Wang et al. [53] 2017 Measured mariculture industry in China.

Vassdal et al. [54] 2011 Measured the TFP of the marine salmon
produced in Norway.

3. Materials and Methods
3.1. The S-EBM Model with Consideration of Undesirable Outputs

Currently, the methods for measuring efficiency primarily include SFA and DEA.
The SFA model considers the effect of random errors on efficiency but relies on stricter
assumptions and is mainly applicable to multiple inputs and single outputs. The DEA
model is a non-parametric method that calculates the relative efficiency of a decision-
making unit (DMU) by constructing the production frontier of the data and is the most
commonly used among the two methods [55]. The traditional DEA model considers only
the radial distance and ignores the influence of slack variables; therefore, it cannot measure
efficiency by additionally considering undesirable outputs accurately [56]. In response
to this problem, Tone [57] proposed the slacks-based measure (SBM) model, which takes
into account the effects of slack variables on efficiency measurements, while avoiding
the deviation caused by the difference in radial and angle distances and solving the high
efficiency problem of the traditional DEA estimation approach. A disadvantage of this
method is that it cannot handle a situation in which the input and output are both radial
and non-radial. The Engel–Blackwell–Miniard (EBM) model was developed based on this
model and can handle mixed radial situations (both radial and non-radial values) and
calculate the non-radial values of inputs and outputs [58].
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When the DEA model is used for analysis, there are often multiple DMUs that are
evaluated as effective. Especially when the number of input and output indicators is large,
the number of effective DMUs will increase. In the traditional DEA model, the maximum
efficiency value is 1. At this point, the effective DMU efficiency value is equal, and it is
difficult to further distinguish the level of DMU efficiency value. In order to solve this
problem, Andersen et al. proposed a “super-efficiency model”, which can eliminate the
evaluated DMU from the reference set, so the efficiency value of the evaluated DMU is
obtained by referring to the frontier of the other DMU [59]. The effective DMU value is
generally greater than 1, so the effective DMU can be distinguished. Therefore, in this
paper we use the S-EBM model to measure the MAPE.

Taking provinces as DMUs, in this study we construct the set of production possibilities
for MAPE, as shown in formula (1). Assuming that there are t periods (t = 1, · · · , T)
and n DMUs (n = 1, · · · , N), each DMU has m (m = 1, · · · , M), j (j = 1, · · · , J) and
p (p = 1, · · · , P) species of the input xm, the desirable output yj and the undesirable output
bp, respectively. In Formula (1), λ is the weight of each DMU in establishing the set of
production possibilities.

P =


(xt, yt, bt)

∣∣∣∣ T
∑

t=1

N
∑

n=1
xt

nmλt
n ≤ xt

m;
T
∑

t=1

N
∑

n=1
yt

njλ
t
n ≤ yt

j;
T
∑

t=1

N
∑

n=1
bt

npλt
n ≤ bt

p;

T
∑

t=1

N
∑

n=1
λt

n = 1; λ ≥ 0

 (1)

On this basis, the S-EBM model is constructed, and the model is expressed as follows [60]:

γ∗ = min
θ,η,λ,s− ,s+

θ − εx
M
∑

m=1

ω−m s−m
xkm

ϕ + εy
J

∑
j=1

ω+
j s+j
ykj

+ εb
P
∑

p=1

ωb−
p sb−

p

bpk

s.t.
T
∑

t=1

N
∑

n=1
xt

nmλt
n + s−m = θxkm, m = 1, . . . , M

T
∑

t=1

N
∑

n=1
yt

njλ
t
n − s+j = ϕykj, j = 1, . . . , J

T
∑

t=1

N
∑

n=1
bt

npλt
n + sb−

j = ϕbkp, p = 1, . . . , P

T
∑

t=1

N
∑

n=1
λ1 + λ2 + . . . + λn = 1

λ ≥ 0, s− ≥ 0, s+ ≥ 0

(2)

where γ∗ is the objective function and k is the number of DMUs; m, n, and b represent the
number of inputs, desirable outputs, and undesirable outputs, respectively; s−m , s+j , and

sb−
p represent the slack variables of inputs, desirable outputs, and undesirable outputs,

respectively; ω−m , ω+
j , and ωb−

p represent the weights of input indicators, desirable outputs,
and undesirable outputs, respectively; θ is the planning parameter of the radial part; and
εx is the key parameter.

3.2. GML Index

The S-EBM model proposed in this study can measure the MAPE and perform static
analysis; however, it cannot measure the trend change of the efficiency value in the time
series and cannot perform dynamic analysis [61]. However, the GML index is an im-
provement of the traditional Malmquist–Luenberger index, which makes it possible to
compare the efficiency across time periods and can make up for the defects of the S-EBM
model [62,63]. The GML index belongs to dynamic analysis, which can analyze the changes
in TFP and the effects of technical efficiency and technological progress. Therefore, in
this study we combine it with the GML index analysis method to analyze the production
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efficiency in different years. Therefore, based on the static analysis of MAPE conducted
using the S-EBM model, in this study we further use the GML index to dynamically analyze
the TFP of MAPE for different years. The GML index from period t to period t + 1 is
expressed as follows:

GMLt
t+1 (xt, yt, bt, xt+1, yt+1, bt+1) =

1 + θG(xt, yt, bt)
1 + θG(xt+1, yt+1, bt+1)

=
1 + θt(xt, yt, bt)

1 + θt+1(xt+1, yt+1, bt+1)
×
[

1 + θG(xt, yt, bt)
1 + θt(xt, yt, bt)

×
1 + θt+1(xt+1, yt+1, bt+1)
1 + θG(xt+1, yt+1, bt+1)

]
= GMLECt

t+1 ×GMLTCt
t+1

(3)

where GMLt
t+1, GMLECt

t+1, and GMLTCt
t+1 represent the changes in input-output effi-

ciency, technical efficiency, and technical progress from period t to period t + 1, respectively.
A GMLt

t+1 value above 1 indicates an increase in production efficiency, and a decrease in
efficiency otherwise.

3.3. Theil Index

The Theil index is an important method for measuring regional differences. It can
decompose regional differences into intra- and inter-regional differences and measure the
contribution rate of the two differences to the overall difference. Therefore, it not only
reflects the evolution process of intra- and inter-regional differences, but also the main
factors that cause the total difference [64]. The formulas are as follows:

T = ∑
i
(

Ci
C
) ln(

Ci/C
Xi/X

) (4)

Tw = ∑
j
(

Cj

C
)Twi =∑

j
∑

i
(

Cj

C
)(

Cji

Cj
) ln(

Cji/Cj

Xji/Xj
) (5)

Tb = ∑
j
(

Cj

C
) ln(

Cj/C
Xj/X

) (6)

T = Tw + Tb = ∑
j
(

Cj

C
)Twi + Tb (7)

Ew =
Tw

T
(8)

Eb =
Tb
T

(9)

where T indicates the Theil index of MAPE, Tw the intra-regional Theil index, Tb the inter-
regional Theil index, Ci the efficiency of the i-th province, C the total efficiency of regions,
Cj the total efficiency of the j-th region, X the number of regions, and Ew and Eb represent
the contribution rates of inter- and intra-regional differences, respectively.

4. Data and Variables
4.1. Variable Selection

MAPE reflects the production capacity of sea areas. In terms of input indicators,
combined with the existing research and considering data availability, the input indicators
include the resource input, labor input, capital input, fish fry, and feed inputs. The collected
or constructed data are as follows:

(1) Resource input: The “breeding sea area” in the China Fishery Statistical Yearbook
is selected as the variable for resource inputs.

(2) Labor input: The “labor engaged in marine aquaculture” in the China Fishery
Statistical Yearbook is selected as the variable for the labor input.
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(3) Capital input: The “capital deposit of mariculture” is selected. Since these data are
not clearly stated in the Statistical Yearbook, the “capital deposit of mariculture” is estimated
using the perpetual inventory method, based on Fan et al. [65]. The formula is as follows:

Ki,t+1 = Ii,t+1 + (1− δ)Ki,t (10)

The capital deposit of the base year is:

Kit = Iit/(git + δ) (11)

where Ki,t represents the capital deposit of the i-th region in the t period, I the fixed
investments, δ the depreciation rate, and git the geometric mean of the fixed assets.

(4) Output: The output indicators include both the desirable and undesirable outputs.
To better measure the MAPE and eliminate the impact of the differences in the aquaculture
structure on desirable output, in this study we take the mariculture production value as the
desirable output indicator and use 2008 as the base year to deflate the mariculture produc-
tion value from 2008 to 2019. Undesirable output mainly refers to pollutants discharged
during mariculture. Based on Ji et al. [66], the output of nitrogen (N), phosphorus (P), and
chemical oxygen demand (COD) equivalent pollutants from mariculture are selected as
undesirable outputs in this study. The specific calculation formula is as follows:

Eu,n = ∑
i,j

Yi,nwi,j,nei,j,u,n (12)

wi,j,n =
ωj,nri,j

∑
j

ωj,nri,j
(13)

Cn = EN,n +
EP,n

0.2
+

ECOD,n

20
(14)

where Eu,n represents the pollutant u (u = N, P, or COD) from mariculture production in the
n area, Yi,n indicates the output of the i-th seafood in the n-th region, wi,j,n the proportion
of the j-th breeding method used in the n-th region to produce the i-th seafood type, ei,j,u,n
the pollution production coefficient of the n-th region using the j-th breeding method to
produce the i-type seafood, ωj,n the ratio of the j-th breeding method to the total output,
Cn the equivalent pollutants in the n-th area, and ri,j represents whether the 0 or 1 variable
can be used.

4.2. Study Area

China’s east coast (18◦10′–43◦26′ N, 104◦29′–125◦46′ E) is located in eastern China,
adjacent to the Bohai Sea in the north, the Yellow Sea and the East China Sea in the Middle
East, the South China Sea in the south; facing Japan, North Korea, and South Korea across
the sea in the north; Taiwan Province across the Taiwan Strait in the southeast; and Vietnam,
Philippines, Brunei, and Malaysia across the sea in the south. In this study, we selected
10 coastal region as the sample: Liaoning Province, Hebei Province, Tianjin Municipality,
Shandong Province, Jiangsu Province, Zhejiang Province, Fujian Province, Guangxi Zhuang
Autonomous Region, Guangdong Province, and Hainan Province (Figure 1). Due to data
availability and completeness, this study does not include Shanghai, Taiwan, Macau, and
Hong Kong. As these areas have been engaged in mariculture for a long time, the 10 coastal
region represent all the activities involved in China’s mariculture production, and the study
of the production efficiency of their sea areas can fully reflect the overall MAPE situation.
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Figure 1. Study area map.

4.3. Data Sources

To ensure integrity and uniformity of the data, the related data for 2008–2019 were
calculated to determine production efficiency. All relevant data are from the 2009–2020
China Fishery Statistical Yearbook. In order to remove the effects of price changes, we set
2008 as the base year and adjusted the mariculture production value to a constant price.
The descriptive statistics of the variables are shown in Table 2. As shown in Table 2, there
are large differences in the input–output indicators of the 10 coastal regions.
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Table 2. Descriptive statistics.

Statistics

Desirable Output Undesirable
Output Input

Mariculture
Production Value

(100 Million CNY)

Equivalent
Pollutants (Tons)

Mariculture Area
(Hectare)

Capital Deposit of
Mariculture

(100 Million CNY)

Mariculture Labor
(10 Thousand

People)

Maximum 6719.58 34,387.98 942 05 1228.59 225,139.00
Minimum 23.82 37.89 813.00 5.32 621.00

Mean 1886.96 4877.85 208,518.81 243.55 88,599.88
Median 1297.42 2073.36 134,103.00 128.05 61,106.00

Standard deviation 1671.88 6785.38 234,478.53 301.28 66,168.46

5. Results
5.1. Statistic Analysis of MAPE
5.1.1. Temporal Disparity Analysis of MAPE

Using MaxDEA7 software, MAPE can be calculated using the S-EBM mode. See Table 3
for details. The efficiency is divided into four grades [67]: the low-efficiency area (efficiency
within (0, 0.7)), lower-efficiency area (efficiency within (0.7, 0.8)), medium-efficiency area
(efficiency within (0.8, 1)), and high-efficiency area (efficiency greater than or equal to 1).
From Table 3, the spatiotemporal differences in the MAPE vary greatly, and a specific
analysis is presented below.

Table 3. Mariculture areas’ production efficiency.

Province 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019

Liaoning 0.706 0.788 0.801 0.642 0.849 0.536 0.615 0.523 0.47 0.424 0.387 0.542
Hebei 0.566 0.588 0.794 0.634 0.638 0.579 0.619 0.609 0.588 0.522 0.53 0.773
Tianjin 1.081 1.212 1.134 0.925 1.055 1.2 1.157 1.166 1.2 1.136 1.123 1.1

Shandong 0.867 1.017 1.044 1.118 1.097 0.921 1.006 0.924 0.806 0.823 0.707 1.02
Jiangsu 1.224 1.229 1.127 1.328 1.278 1.315 1.26 1.29 1.319 1.295 1.313 1.243

Zhejiang 0.71 0.751 0.882 0.927 1.052 1.032 1.034 1.045 0.913 1.119 1.058 1.076
Fujian 1.023 0.888 0.89 0.853 0.923 0.88 0.843 0.856 0.88 1.051 1.009 1.008

Guangdong 1.136 1.131 1.086 1.084 1.092 1.02 1.013 1.014 1.015 1.072 1.072 1.082
Guangxi 1.09 1.083 1.077 0.557 0.71 0.502 0.861 0.85 1.053 1.001 1.036 1.043
Hainan 1.072 1.088 1.103 1.136 1.131 1.146 1.162 1.18 1.203 1.104 1.138 1.129
Average 0.947 0.977 0.994 0.920 0.982 0.913 0.957 0.945 0.944 0.954 0.937 1.001

According to the average value of MAPE from 2008 to 2019 (Table 3), the overall
MAPE fluctuates and increases. The overall level of MAPE is relatively high, namely, in
the medium–high-efficiency areas. In 2008, the efficiency was 0.947 and then increased
continuously. From 2010 to 2013, efficiency was in a state of falling volatility, and then
from 2014 to 2019, the average efficiency recovered and entered the high-efficiency area in
2019. Overall, the MAPE has generally shifted from a medium-efficiency area to a high-
efficiency one. The reason for this is that the early stage of the study was at the beginning
of the country’s advocacy of marine construction and marine development. As such, with
the development of mariculture in various regions, the scale of mariculture continued
to expand, and the maricultural area and capital investment increased rapidly, which
promoted the MAPE. However, with the expansion of the scale, there are still problems
such as extensive mariculture methods, more undesirable output, and serious pollution of
sea areas, resulting in MAPE staying in the middle-efficiency stage. Therefore, the pollution
treatment capacity of undesirable outputs has not been fully utilized, thereby presenting a
lower mariculture efficiency [16,25]. In the latter part of the study period, China advocated
building an environmentally friendly society and paid more attention to the treatment of
undesirable outputs during the breeding process, which resulted in increased efficiency.
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5.1.2. Spatial Disparity Analysis of MAPE

As shown in Table 3, the MAPE changed significantly from 2008 to 2019. In 2008,
among the 10 regions, Tianjin, Jiangsu, Guangdong, Fujian, and Hainan were highly
efficient, whereas the other regions were in the low- or medium-efficiency areas. The
overall efficiency level was medium and the spatial pattern was characterized by high
efficiency in the south and central regions and low efficiency in the north regions. In 2013,
the number of regions that reached effective efficiency decreased to five compared with the
beginning of the study, whereas the efficiencies of Guangxi and Fujian provinces were low.
The overall pattern reflects low efficiency in the north and south and high efficiency in the
central regions. In 2019, the overall MAPE improved greatly and the regional differences
narrowed. Among them, Liaoning and Hebei showed a low efficiency, whereas the other
regions showed efficiencies above 1, which achieves an efficient MAPE state. The overall
spatial pattern shows a highly efficient state in the south and a low one in the north.

As shown the box chart of MAPE from 2008 to 2019 (Figure 2), the variance in the
MAPE was very different for each province. Among these, the variances of Liaoning,
Guangxi, Shandong, and Zhejiang were large, indicating that the MAPE in these regions
was unstable over the 12 analyzed years and the gap between the years was significant.
Guangdong, Hainan, and Jiangsu showed relatively small variances, indicating stable
MAPE, and the MAPE in these regions was always at a high level, as can be seen in the
box chart. Regions with relatively stable production efficiencies should maintain a good
development level. Conversely, more attention should be paid to the proportion of the
production input in mariculture areas and appropriate adjustments should be made.
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Figure 2. Box chart of MAPE during 2008–2019.

5.1.3. Inter-Provincial Evolution Type Analysis of MAPE

Based on the above analysis, the temporal and spatial differences in MAPE vary
greatly. Referring to Sun et al. [68] and the degree of efficiency fluctuations of regions, in
this study we divided the 10 coastal regions into high-efficiency stable, medium-efficiency
fluctuating, and low-efficiency fluctuating types. For the high-efficiency stable type, the
average MAPE is greater than 1; for the medium-efficiency fluctuating type, it fluctuates
between 0.9 and 1; and for the low-efficiency fluctuating type, it is below 0.9. Therefore, the
evolution characteristics of the efficiency of each province can be obtained (Figure 3).
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Figure 3. Evolution types of mariculture areas’ production efficiency; (a). High-efficiency stable type;
(b) Medium-efficiency fluctuating type; (c) Low-efficiency fluctuating type.
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The high-efficiency stable type includes Jiangsu, Guangdong, Tianjin, and Hainan
provinces (Figure 3a). Among these, the mariculture industry in Guangdong, and Jiangsu is
relatively developed, the structure of their mariculture is reasonable, the scale of mariculture
areas is large, and the development of mariculture is emphasized. Additionally, these four
provinces are all located in the core areas of the coastal economic areas, thus being able to
attract talent and create supporting facilities for mariculture. These provinces also have
high levels of scientific and technological development, and the treatment of environmental
pollution is more scientific, which leads to a higher production efficiency of mariculture.
The main reason for the high production efficiency in Tianjin is that the exploitation of the
ocean is relatively weak, and the scale of the mariculture area is relatively small, which
results in less sea area pollution. Hainan has a vast sea area and abundant sea resources,
and the good marine environment leads to the province requiring less input and producing
more value output. Additionally, the province attaches great importance to the treatment
of pollution.

The medium-efficiency fluctuating type includes Shandong, Zhejiang, Fujian, and
Guangxi (Figure 3b). The MAPE of Shandong and Zhejiang was relatively low at the
beginning of the study period, and the production efficiency fluctuated and increased since
then, indicating that the productivity of the mariculture areas of these regions has great
potential. Shandong, Fujian, and Zhejiang belong to the areas with the early development
of mariculture, strong output strength, a rapidly developed economy, and a high level of
scientific and technological development. However, due to the large scale of mariculture,
there are more undesired outputs brought about by mariculture, which led to low efficiency
in the early stage of the research. Since the implementation of the Twelfth Five-Year
Guidelines of China, these areas have actively responded to the call of national policies,
strengthening the construction and investment in mariculture areas, and strengthening
the treatment of environmental pollution, which have greatly improved the MAPE. With
the local government’s management and control of the production environment of the
mariculture area, the efficiency has been improved. The main reason for the medium
production efficiency in Guangxi is that economic development is relatively backward, but
the local government has attached significant importance to the development of mariculture,
increased inputs in mariculture, and has guaranteed sufficient financial, labor, and material
resources to the development of mariculture.

The low-efficiency fluctuating type includes Hebei and Liaoning provinces (Figure 3c).
In Hebei and Liaoning provinces, the foundation of mariculture is relatively poor, the
method of mariculture is extensive, and the structure is unreasonable. Moreover, Hebei
has a low-level economy, science, and technology, and the unreasonable treatment of un-
desirable outputs has resulted in a low MAPE. As the scale of mariculture expanded, the
pollution caused by mariculture in Liaoning intensified. The production efficiency showed
slow growth due to the pursuit of large-scale production and the neglect of undesirable
outputs. Subsequently, the MAPE continued to increase in recent years based on techno-
logical innovation, policy preferences, economic advantages, and increased investment in
mariculture. Sun and Ji [69] also reached a similar conclusion when they found that the
factor input bias of technological progress is not satisfactory, and technological innovation
and reduced dependence on resources and environment can improve the factor allocation
of the mariculture industry.

5.2. Dynamic Analysis of MAPE
5.2.1. The GML and Decomposition Indexes

By calculating Formula (3), the GML trend of China’s mariculture areas and its de-
composition index from 2008 to 2019 can be drawn (Figure 4). Based on this analysis, the
GML of mariculture areas is in a state of fluctuation. The GML increased from 1.035 in
2008–2009 to 1.574 in 2011–2012, and then decreased to 0.950 in 2014–2015. Over the next
four years, GML has been fluctuating. During the 12 years from 2008 to 2019, the average
GML was 1.039, indicating that the production efficiency was slowly increasing. Regarding
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the GMLTC, from 2008 to 2019, the average change index was 1.021, indicating that the
technical progress showed a fluctuating rising trend. At the same time, the change trend of
the GMLTC is generally consistent with the change trend in GML, indicating that technical
progress has a significant driving effect on the production efficiency. Yu et al. [27] also
reached a similar conclusion when they found that the mariculture efficiency in China in-
creased by 6.45% from 2004 to 2016, and technological progress was the main driving force
for this. For the GMLEC, from 2008 to 2019, it increased from 1.038 to 1.125, and the change
trend was reversed with the GML. Based on the above analysis, China attaches great impor-
tance to technological inputs and innovations in mariculture areas and constantly promotes
technical progress, thus leading to an increase in the promotion of production efficiency.
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5.2.2. Spatiotemporal Characteristics of the GML and Decomposition Indexes

By decomposing the GML, in this study we obtained the GML and its decomposi-
tion for each province (Table 4). The GML values of nine regions were greater than one,
indicating that the production efficiency was generally on the rise from 2008 to 2019 in
various regions, except for Liaoning province. For the GMLEC, the efficiency indexes of
Guangdong and Liaoning provinces were below one, and others were above one, showing
a pattern of high technical efficiency in the center and south and of low technical efficiency
in the north. All 10 regions had technical progress indexes above one, and the differences
among them were small. Based on the analysis, Shandong, Liaoning, Hebei, Fujian, Guang-
dong, and Hainan were mainly technology-driven provinces, whereas the others showed
a combination of technological progress and technological efficiency. In general, eight of
the 10 mariculture areas had three indexes higher than one, and the increase in GML was
mainly due to the efficiency of technical progress.

Table 4. Spatial differences in the GML and decomposition indexes.

Province GML GMLEC GMLTC

Liaoning 0.985 0.974 1.011
Hebei 1.053 1.020 1.032
Tianjin 1.065 1.019 1.045

Shandong 1.023 1.002 1.021
Jiangsu 1.005 1.003 1.002

Zhejiang 1.072 1.050 1.021
Fujian 1.015 1.000 1.015

Guangdong 1.022 0.999 1.023
Guangxi 1.113 1.100 1.012
Hainan 1.032 1.005 1.027
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Four time sections were selected from 2008 to 2009, 2012 to 2013, 2015 to 2016, and 2018
to 2019 to analyze the spatiotemporal characteristics of the GML and its decomposition
indexes from 2008 to 2019, considering undesirable outputs.

(1) The GML index (Figure 5): From 2008 to 2009, the GML values of Tianjin, Shandong,
Liaoning, Hebei, and Zhejiang were greater than 1, indicating that the production efficiency
of these regions increased. In other regions, the GML was less than one and the production
efficiency showed a downward trend. In terms of space and geography, production
efficiency showed an upward trend in the north and central region and a downward
trend in the south. From 2012 to 2013, the GML values of Hainan, Guangxi, Hebei, and
Zhejiang were less than one, indicating that the production efficiency showed a downward
trend. From 2015 to 2016, all values, except for the production efficiency in Liaoning,
Shandong and Zhejiang, showed a downward trend, whereas the other regions showed an
upward trend, with slight increases. From 2018 to 2019, the production efficiency in Jiangsu,
Shandong, Guangdong, Fujian, and Zhejiang showed a downward trend, whereas the rest
showed a slight increase; in general, the north and south regions showed an upward trend.
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(2) The GMLTC index (Figure 6): From 2008 to 2009, the change index of GMLTC
in Tianjin, Hebei, and Fujian was greater than one, showing an upward trend. The other
regions showed different degrees of decline. Namely, the spatial pattern of the technological
progress showed an upward trend in the central and north region and a downward trend in
the south. There was a major change from 2012 to 2013, with the exception of Hainan and
Zhejiang, which showed a slow downward trend, whereas the other regions experienced a
sharp increase. In terms of space and geography, there was a downward trend in the south
and central region and an upward trend in the north. Except for Guangxi, Tianjin, Fujian,
and Zhejiang, the GMLTC of which remained less than one from 2015 to 2016, all other
regions showed an upward trend, and the increase was relatively small. During 2018–2019,
the GMLTC index of Liaoning, Hebei, Shandong, and Jiangsu decreased significantly, and
only the indexes of Guangxi, Hainan, and Tianjin were greater than one, indicating that
the technological progress of these three regions had increased. On the whole, the GMLTC
index showed a trend of increasing first and then decreasing, and the changes in the south
and north regions were more obvious, and the changes in the middle were smaller.
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(3) GMLEC index (Figure 7): From 2008 to 2009, in addition to Guangxi, Guangdong,
and Fujian, the GMLEC index of other regions was greater than one, indicating that
technical efficiency showed an upward trend. The indexes of Hebei, Jiangsu, Zhejiang,
and Hainan were close to one, indicating that there was no significant change in technical
efficiency during the research phase. From 2012 to 2013, Liaoning, Hebei, Shandong, and
Guangxi showed a significant downward trend, whereas the other regions showed little
change. From 2015 to 2016, only the GMLEC of Liaoning, Shandong, Hebei, and Zhejaing
showed a downward trend, whereas the indexes of other regions showed an upward trend.
From 2018 to 2019, Liaoning, Hebei, and Shandong showed a significant upward trend,
whereas Tianjin, Jiangsu, Fujian, and Hainan showed a slow downward trend. Overall,
technical efficiency showed a trend of first decreasing and then increasing, and the change
in the technical efficiency index in the northern region was more obvious.
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5.3. Spatial Difference Decomposition of MAPE

Based on the above analysis, there were significant spatiotemporal disparities in terms
of MAPE in China’s east coast from both static and dynamic perspectives. To explore
the structure and causes of the differences in production efficiency among regions, in this
study we used the Theil index to decompose the differences in MAPE [70], as per Figure 8.
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Overall, the MAPE in the coastal regions differed significantly from 2008 to 2019, and
the Theil index fell rapidly from 0.026 in 2008 and 0.023 in 2009 to 0.009 in 2010, and the
difference between regions reached the lowest value. Since then, it tortuously increased to
0.005 in 2018. The overall trend is represented by a decline, followed by an increase, and
then a decrease, indicating that the differences in MAPE first decreased and then increased,
and finally decreased. To further explore the causes of the differences and to narrow them
in MAPE, in this study we analyzes these structural differences and condense the 10 regions
into three regions based on existing research [71]. Among them, the circum-Bohai Sea
region includes the Liaoning, Hebei, Tianjin, and Shandong provinces; the Yangtze River
Delta region includes the Jiangsu, Zhejiang, and Fujian provinces; and the Pearl River Delta
region includes the Guangdong, Guangxi, and Hainan provinces.
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Figure 8. Theil indexes of MAPE from 2008 to 2019.

By calculating Formulas (8) and (9), the decomposition results of the Theil index
for the regional groups can be obtained (Table 5). From 2008 to 2019, the relationship
between the intra- and inter-regional difference contribution rates of MAPE changed
significantly. The intra-regional difference contribution rate increased from 66.37% to
87.67% and then decreased to 64.06%, whereas the inter-regional difference contribution
rate decreased from 33.63% to 12.33% and then increased to 35.92%, which means that the
role of the intra-regional differential contribution rate first strengthened and then weakened,
and the inter-regional difference contribution rate first weakened and then strengthened.
From 2009 to 2014, the contribution rate of intra-regional differences exceeded 80.00%,
indicating that intra-regional differences occupied an absolute dominant position in the
overall differences. Although it was still dominated by intra-regional differences, the
situation changed significantly in 2018, with the contribution rate falling to 50.59%. Then,
in 2019, the contribution rate of intra-regional differences increased. Overall, intra-regional
differences were always the dominant factor for MAPE differences. This is similar to
the results of agricultural studies. Pang et al. [72] examined the regional differences and
spatiotemporal patterns of the carbon emission intensity of agriculture production, and the
results showed that the overall differences were caused by intra-regional differences.

At the same time, the main factors causing intra-regional differences also changed.
The intra-regional differences in the circum-Bohai Sea region showed an upward trend,
whereas the Pearl River Delta region was in a relatively stable state of development but
showing a downward trend, with the greatest degree of decline being from 28.73% at the
beginning of the study period to 11.74% at the end of the study period. In general, from
2008 to 2019, the intra-regional differences in the circum-Bohai Sea region were the main
reason for the overall intra-regional differences, whereas the Yangtze River Delta was the
secondary factor. However in 2011, the intra-regional differences in the Yangtze River Delta
region became the main factor influencing the overall intra-regional differences, followed
by the circum-Bohai Sea region and the Pearl River Delta region. Analyzing the Theil index
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of MAPE, we note that intra-regional differences are the main factor causing the differences
in MAPE, but the contribution of the inter-regional differences to the overall difference
is increasing.

Table 5. Contribution rate of the Theil index decomposition from 2008 to 2019.

Year
Intra-Region (%)

Sum of Intra-Region (%) Inter-Region (%)
Circum-Bohai Sea Region Yangtze River Delta Region Pearl River Delta Region

2008 37.24% 28.73% 0.40% 66.37% 33.63%
2009 56.09% 27.79% 0.28% 84.17% 15.83%
2010 36.45% 42.36% 3.24% 82.05% 17.95%
2011 30.83% 19.05% 37.79% 87.67% 12.33%
2012 40.11% 15.45% 30.61% 86.17% 13.83%
2013 41.16% 10.33% 33.10% 84.60% 15.40%
2014 55.82% 17.38% 9.37% 82.56% 17.44%
2015 52.97% 14.54% 8.81% 76.32% 23.68%
2016 51.67% 14.74% 2.37% 68.78% 31.22%
2017 49.95% 3.22% 0.63% 53.79% 46.21%
2018 45.17% 4.89% 0.52% 50.59% 49.41%
2019 51.19% 11.74% 1.15% 64.08% 35.92%

6. Conclusions and Discussion
6.1. Main Conclusions and Policy Implications

This study analyzed the spatiotemporal disparities of MAPE from both static and
dynamic perspectives. Using the S-EBM model and considering undesirable outputs,
the MAPE of 10 coastal regions in China as the measurement object was measured and
analyzed statically from 2008 to 2019. The GML index was further used to dynamically
depict the production efficiency, and the Theil index was used to analyze the main reasons
for the spatial differences in MAPE. The main conclusions are as follows.

Based on the static analysis, the MAPE showed fluctuations and increased from 2008
to 2019, and the overall level of MAPE was relatively high, namely, in the medium-high
efficiency area. The efficiency of each province differed greatly and the overall spatial
pattern was high in the center and south and low in the north. Based on the analysis of
the spatiotemporal differentiation, the efficiency evolution can be divided into three types:
high-efficiency stable, medium-efficiency fluctuating, and low-efficiency fluctuating.

Based on the dynamic analysis, regarding the GML and GMLTC, the production
efficiency and technical progress showed a fluctuating rising trend, and technical progress
had a significant driving effect on the production efficiency. The GML of production
efficiency in the north and south region showed an upward trend, the GMLTC in the south
and north regions were more obvious, and the changes in the middle were smaller, and the
GMLEC in the northern region was more obvious.

Based on the Theil index and its contribution rate, the differences in MAPE first de-
creased and then increased, and finally decreased. The role of the intra-regional differential
contribution rate first strengthened and then weakened, and the inter-regional first weak-
ened and then strengthened. Intra-regional differences were the main factors that caused
the differences in MAPE and the intra-regional differences in the circum-Bohai Sea region
were the main reason for the overall intra-regional differences.

Based on these results, there are several policy implications for improving the MAPE
in China. First, attention should be paid to the balanced development of each region, and
regions with low production efficiency should further increase scientific and technological
investment in mariculture, and seek more reasonable mariculture methods; second, the
government should establish a monitoring center for the pollution of mariculture areas
to strengthen supervision and guidance; furthermore, policies for exchange and cooper-
ation among different mariculture areas need to be introduced to promote information
sharing and technical exchange, to narrow regional differences in MAPE, and to achieve
sustainable development.
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6.2. Limitations and Discussions

These empirical results are of great significance for understanding how to strengthen
the sustainable development and utilization of mariculture areas from the perspective of
production efficiency. Reducing undesirable output and narrowing regional differences
are the preferred strategies to improve the MAPE. This can be reflected indirectly through
measurement of the input-output indicators of MAPE and the further analysis of the spa-
tiotemporal disparities. Beyond that, there should be some limitations and discussion about
our proposed models and findings that provide useful directions for the future research.
A limitation of this study was that it ignored more possible relevant factors other than
the region, such as mariculture structure and mariculture mode. The regression analysis
with the efficiency score as the dependent variable should comprehensively consider the
impact of other influencing factors on the MAPE. In addition, an environmental control
group should be added, and the expected and unexpected data should be compared and
analyzed in future research. Furthermore, in our study we took 10 coastal regions as
samples, with a small number and a relatively broad range. We are considering extending
the sample to coastal prefecture-level cities in the future, and the research results may be
more representative. Of course, if the data are available, coastal regions of other countries
will also be an object of our study. Such research is more intuitive and interesting and can
provide help for the sustainable development of mariculture areas.
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COD Chemical oxygen demand
DEA Data envelope analysis
DMU Decision-making unit
EBM Engel–Blackwell–Miniard
GML Global Malmquist–Luenberger
GMLEC Global Malmquist–Luenberger technical efficiency
GMLTC Global Malmquist–Luenberger technical progress
LCA Life cycle assessment
MAPE Mariculture area production efficiency
N Nitrogen
P Phosphorus
SBM Slacks-based measure
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SFA Stochastic frontier analysis
TFP Total factor productivity
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