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Fisheries contribute significantly to the global economy while playing a crucial role in 
environmental conservation, food security, and socio-economic development. Analyzing 
the operational efficiency of the fisheries industry not only enhances its economic and 
social benefits but strengthens the sector’s capacity for sustainable growth. This study 
initially evaluates the operational efficiency of Chinese fishery-listed companies using 
the DEA-BCC model and Malmquist index, both statically and dynamically, from 2012 to 
2022. It then investigates the impact of digital transformation on the operational 
efficiency of these companies using the Tobit regression model. The findings reveal that 
the mean values of comprehensive, technical, and scale efficiency for Chinese 
fishery-listed firms are below 1, with scale efficiency exhibiting particularly low mean 
values under static conditions. Additionally, during the observation period, these 
companies’ average total factor productivity decreased by 0.1% annually compared to the 
base period. From a dynamic perspective, the decline in total factor productivity can 
primarily be attributed to reduced technical efficiency resulting from decreased scale 
efficiency. Ultimately, it can be reasonably concluded that the operational efficiency of 
listed fishing firms can be significantly enhanced by implementing digital transformation. 
This underscores the potential of digitalization as a critical factor in advancing the 
fisheries sector, facilitating modernization, and enabling intelligent upgrading across the 
industry. 

INTRODUCTION 

Globally, some 40 million people are directly engaged in 
capture fisheries and aquaculture, and fisheries are not only 
a major economic source for many coastal communities but 
also one of the important sources of food supply globally. 
Global fisheries currently face significant challenges, in
cluding overfishing. To ensure the sustainable utilization of 
fisheries resources over the long term, the Food and Agri
culture Organization of the United Nations (FAO) has advo
cated for a “Blue Transition.” This approach promotes fish
eries and aquaculture through sustainable practices that 
minimize environmental impact while maximizing eco
nomic benefits and social well-being. Concurrently, coun
tries around the world are implementing various measures 
to protect fishery resources, such as establishing fishing 
quotas, creating marine protected areas, and enforcing fish
eries management policies. From China’s perspective, the 
further development of the fisheries economy is crucial for 

maintaining a positive cycle within its marine ecosystem, 
optimizing the utilization of marine resources, and ensur
ing steady economic progress. It is imperative to explore 
new modes of fishery development to transform the exist
ing development model of the fisheries industry and ad
dress issues such as resource depletion, an imperfect in
dustrial chain, and lagging technological innovation. The 
digital economy, characterized by the use of digital tech
nologies such as the Internet, big data, and cloud comput
ing, transcends temporal and spatial limitations, providing 
extensive data resources and technical support for fishery 
development. Industrial digitization accounts for 86.8% of 
the digital economy, indicating that globally, digital tech
nology and data resources are accelerating their integration 
into the real economy at a deeper level and in a wider range 
of fields and have become an important force driving eco
nomic growth. Notably, several listed companies in China’s 
fisheries sector have embarked on digitalization initiatives. 
For instance, CNFC Overseas Fisheries Co., Ltd. convened 

Corresponding author, L. Zhang, e-mail: 13181195216@163.com 

Corresponding author, Q. Jiang, e-mail: 664200157@qq.com 

a 

b 

Sun L, Zhang L, Jiang Q, Zhao Z. Digitalization and Operational Efficiency in Fisheries:
Evidence from China. Israeli Journal of Aquaculture - Bamidgeh. 2024;76(4):156-166.
doi:10.46989/001c.125259

https://orcid.org/0000-0003-2047-6113
https://orcid.org/0009-0009-4560-3300
https://orcid.org/0009-0004-6229-3627
https://orcid.org/0000-0001-5200-3172
https://doi.org/10.46989/001c.125259
https://doi.org/10.46989/001c.125259


a board meeting on August 29, 2023, to approve a “Pro
posal on the Establishment of a Wholly-Owned Subsidiary,” 
aimed at promoting the digitalization and upgrading of 
the company’s high-end fish industry chain. This initia
tive seeks to establish a tuna-based high-end fish “indus
try + digitalization” platform, ultimately positioning the 
new subsidiary as an international hub for high-end aquatic 
product trading, settlement, and pricing. The experience 
of exploring digital transformation within Chinese fishing 
companies provides a valuable foundation for this research. 
The extant literature on the operational efficiency of 

fishing businesses is limited in scope, with the majority 
of studies focusing solely on technical efficiency and em
ploying imprecise measurement indicators. Digital technol
ogy emerges as a powerful tool that not only facilitates the 
analysis of online data related to recreational fisheries but 
also enhances fisheries management through the real-time 
formulation of data-driven policies.1 It has been suggested 
that the digital economy may promote advancements in 
marine fisheries through innovative green technologies2; 
however, a comprehensive and effective evaluation system 
for measuring the input-output effectiveness of listed fish
ery companies remains undeveloped. 
The contributions of this paper are twofold: (1) By an

alyzing the impact of digital technologies (e.g., IoT, Big 
Data, Artificial Intelligence) on the operational efficiency 
of fishery firms, this research explores the integration of 
digitization with traditional business practices within the 
fisheries sector, thereby enriching the existing theoretical 
framework of fishery management. (2) The findings provide 
practical insights for achieving more accurate fishery man
agement, mitigating overfishing, and preserving marine 
ecosystems, which are essential for the long-term sustain
ability of resources and the natural environment and for the 
enduring development of the fishing industry. 

MATERIALS AND METHODS 

Domestic and international empirical studies on fishery ef
ficiency primarily rely on Data Envelopment Analysis (DEA) 
and Stochastic Frontier Analysis (SFA) models, often fo
cusing on the overexploitation of fishery resources to bal
ance fleet capacity with resource protection. Maravelias and 
Tsitsika3 conducted a DEA study in the eastern Mediter
ranean Sea and found an overcapacity in the current fleet. 
Similarly, Li and Xu4 used a DEA-Tobit two-stage analysis 
to assess China’s offshore fishing efficiency, revealing that 
while efficiency is generally high, most provinces are ex
periencing diminishing returns to scale. This suggests that 
the input of fishery resources has exceeded the optimal 
scale, leading to efficiency losses. 
Kim et al.5 applied the SFA method to evaluate the pro

duction efficiency of the gillnet fishery targeting sand 
sharks off South Korea’s east coast, uncovering inefficien
cies in the coastal gillnet fishing vessels. Meanwhile, Duy 
and Flaaten6 used DEA and a stochastic production frontier 
approach to calculate the technical efficiency of Vietnam’s 
offshore fishery, further contributing to the global under
standing of fishery efficiency. 

Numerous studies have emerged at the Chinese level ex
ploring fishery carbon emissions and the factors influenc
ing emission efficiency. The findings indicate significant 
variability in carbon sink efficiency across provinces, with 
narrowing differences in relative and absolute efficiency 
and economic value, showing continuous growth.7 Addi
tionally, a complex spatial correlation network has been ob
served, with regional differences in aquaculture structure, 
technology, infrastructure, and economic development 
contributing to the spatial correlation of fishery carbon 
emission efficiency.8 

Current research on the impact of digitization on marine 
fisheries largely focuses on micro-level perspectives. Spe
cific developments in information technology influence the 
maritime industry and its capacity for sustainable growth in 
the digital economy. Schoening et al.9 advocated using Im
age FAIR Digital Objects (iFDO) for gathering marine habi
tat data, while others identified key challenges in develop
ing efficient imaging analysis and monitoring tools, leading 
to improvements in Ocean Vision AI’s capabilities. Pan et 
al.10 explored the application of digital ocean technolo
gies, such as Geographic Information Systems (GIS), Re
mote Sensing (RS), and Virtual Reality, to coastal develop
ment, fisheries, and marine environments. 
In the European context, Nham et al.11 investigated the 

link between digitization and the sustainable extraction of 
marine minerals, concluding that digital technologies sig
nificantly impact the sustainability of marine resources and 
the blue economy. Fang et al. confirmed that the growth of 
China’s marine industry is closely tied to digital innovation. 
Tzachor et al.12 highlighted the potential of digital twins as 
a powerful tool for enhancing sustainability in ocean man
agement by preventing pollution, habitat destruction, and 
overfishing, while Brönner et al.13 emphasized the role of 
digital twins in providing accurate ocean condition predic
tions to facilitate real-time decision-making across marine-
related industries, including fisheries, shipping, and off
shore energy production. 
In summary, while existing literature extensively dis

cusses the relationship between digital technology and eco
nomic growth in marine fisheries, there is a lack of in-depth 
research on constructing a reasonable and effective evalu
ation system to measure the impact of digital transforma
tion on fishery enterprise operational efficiency. This study 
addresses this gap by analyzing a sample of listed Chinese 
fishery companies from 2012 to 2022. The study employs 
the DEA-BCC and Malmquist index models to evaluate op
erational efficiency and uses the Tobit model to investigate 
the relationship between operational efficiency and digi
tal transformation. Finally, it recommends that fishery en
terprises implement digitalization practices and optimize 
their operational efficiency. 

MODEL CONSTRUCTION 

In academic studies, the mainstream methods for measur
ing operational efficiency are primarily divided into Sto
chastic Frontier Analysis (SFA) and Data Envelopment 
Analysis (DEA). Since SFA can only evaluate operational 
efficiency in single-output, multi-input scenarios, it falls 
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short of capturing the complexities of real-world business 
operations, which often involve multiple outputs. As a re
sult, this study employs the DEA model as the principal 
analytical tool for evaluating the operational efficiency of 
companies within the fisheries industry. 
DEA is based on the concept of “relative efficiency eval

uation” and was first introduced by Charnes et al.14 with 
the DEA-CCR model, which operates under the assumption 
of constant returns to scale. Later, Banker and Cooper15 in
troduced the BCC model, which assumes variable returns to 
scale and decomposes technical efficiency into two compo
nents: pure technical efficiency and scale efficiency. Given 
the challenges fishery-listed companies face in adhering 
to constant returns to scale in real-world operations, this 
study adopts the DEA-BCC model, which accounts for vari
able returns to scale, to evaluate the static operational effi
ciency of these companies. 
The study employs the Malmquist index to assess the dy

namic changes in operational efficiency over time, provid
ing a more comprehensive evaluation of efficiency trends 
within the fisheries sector. Finally, the Tobit model is used 
for further analysis to explore the impact of digital trans
formation on the operational efficiency of listed fishery en
terprises. 

DEA-BCC MODEL 

Data Envelopment Analysis (DEA), as proposed by Charnes 
et al.,14 is a method for calculating the relative efficiency 
between sample data based on multiple input and output 
variables using linear programming. In this study, the DEA-
BCC model is adopted to assess the operational efficiency of 
Chinese-listed fisheries companies, considering the prac
tical reality of fluctuating returns to scale. The model is 
structured as follows: 

Where x denotes the number of inputs, y denotes the num
ber of outputs, n represents the number of decision-making 
units,  is the integrated efficiency index and , 
is the weight variable, the slack variable  and the surpuls 
variable  reflect the amount of output insufficiency and 
input redundancy, respectively.  = 1 indicates that DEA is 
effective, and vice versa, DEA is ineffective. The value of 
the comprehensive efficiency of DEA can be split into pure 
technical efficiency and scale efficiency. Comprehensive ef
ficiency = pure technical efficiency × scale efficiency. 

DEA-MALMQIUST INDEX MODEL 

The Malmquist index was first introduced by Malmquist 
(1953), and later applied by Caves et al. (1974) to measure 
changes in production efficiency. Building on this, Färe 
et al. combined the Malmquist index with DEA theory to 
establish a method for analyzing total factor productivity 

growth (TFPCH) across different time periods. This ad
dressed the limitation of the static DEA model, which can
not evaluate panel data or changes over time. 
The Malmquist index evaluates changes in efficiency by 

decomposing total factor productivity into two key compo
nents: the technical efficiency change index (EFFCH) and 
the technical progress index (TECH). Together, these in
dices form the total factor productivity change index (TF
PCH), providing a comprehensive view of both efficiency 
improvements and technological advancements over time. 
The model is constructed as follows: 

Where  is the efficiency value;  is the weight of input 
and output indicators of decision cell j;  is the input vec
tor of decision cell j,  is the output vector of decision cell 
j, p is the number of input indicators, and q is the num
ber of output indicators;  is the p-dimensional unit row 
vector, and  is the q-dimensional unit row vector; , 
and  are the input and output slack variables, respec
tively; and  is the non-Archimedean infinitesimal quan
tity. When  = 1 and , the decision 
unit k inputs and outputs are DEA effective; when  = 1 and 

, the decision unit k inputs and out
puts are weakly DEA effective; when  < 1, then the decision 
unit k is non-DEA effective, and needs to be adjusted for 
the input and output configuration. If n additional convex
ity constraints  that is the variable scale payoff 
BCC model. 
The Malmquist index model has been constructed based 

on the efficiency measurement results of the DEA model, 
with the objective of reflecting changes in operating effi
ciency in different periods. This approach allows for a com
prehensive dynamic analysis of the operating efficiency of 
listed fishery companies. This is because the DEA model’s 
analysis of the operating efficiency of listed fishery com
panies is a static analysis, which fails to reflect dynamic 
changes in the operating efficiency of listed fishery com
panies. The Malmquist index is a tool for calculating the 
change in total factor productivity, or the change in tech
nical efficiency of inputs and outputs for decision-making 
units under period t technology from period t to period t+1, 
and the change in technical efficiency of decision-making 
units under period t+1 technology from period t to period 
t+1. Total factor productivity change (TFPCH) can be ex
plained by technical efficiency change (EFFCH) and techni
cal progress (TECH) as follows: 

Where  and  represent the relative efficiency of in
puts and outputs of the decision-making unit with refer
ence to the technology level in period t and period t+1, 
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respectively. When M is greater than 1, total factor produc
tivity is growing from period t to period t+1; when M is 
equal to 1, it is stagnant, and when it is less than 1, it is de
clining. The total factor production change can be further 
broken down into the following equation, given that tech
nical efficiency is equal to the product of pure technical ef
ficiency and scale efficiency. 

TOBIT MODEL 

The range of efficiency values that can be calculated using 
the DEA model is restricted to values between 0 and 1. Re
gression analysis based on the maximum likelihood method 
(MLE) is typically performed for the constrained dependent 
variable using the Tobit model. This is a more precise and 
scientific approach to analyzing the primary factors influ
encing changes in the dependent variable. The specific 
form of the Tobit model is as follows: 

若

若

若

Where  is a vector of regression parameters,  is a vector 
of explanatory variables,  is a vector of explanatory vari
ables, and  is a vector of values taken by the explanatory 
variables. A typical form of the Tobit model is to set  to 0, 
and  to positive infinity ; and the stochastic perturba
tion term  obeys the normal distribution N(0, ) with an 
expectation of 0 and variance of . In this paper, the fol
lowing Tobit model is constructed: 

Where,  is the operating efficiency of the ith enter
prise listed in China’s fishery industry in the th year (the 
operating efficiency here refers to the comprehensive effi
ciency in the results measured by the BCC model), i=1, 2,…, 
7; t=2012, 2013,…, 2022;  is the stochastic perturbation 
term. 

DATA SOURCE AND VARIABLE SETTING 

The study focuses on the fisheries-listed firms in the in
dustry categorization standard established by the China Se
curities Regulatory Commission in 2012, selected based on 
their relevance to the research content (Table 1 ). It ex
cludes the ST and the enterprises with missing key variables 
and finally selects seven fishery-listed companies with rel
evant data from 2012 to 2022 as the research object of 
this paper. Data in this paper are all from the China Stock 
Market & Accounting Research Database (CSMAR), and the 
measurement software used includes DEAP2.1 and 
STATA17. 

INPUT-OUTPUT INDICATORS 

INPUT INDICATORS 

OUTPUT INDICATORS 

An enterprise’s productivity and economic efficiency can 
largely be assessed through an analysis of its production 
processes. By examining output, enterprises gain insights 
into their production capacity, market competitiveness, 
and the rationality of resource allocation, enabling in
formed business decisions. Return on assets (ROA) is a key 
indicator for comparing asset utilization efficiency across 
enterprises of different sizes or for the same enterprise over 
different periods. This metric helps evaluate performance 
relative to industry standards, providing a relatively objec
tive basis for comparison. 

1. Asset Inputs. Asset inputs are crucial to an enter
prise’s operation and development and vital in en
hancing its financial standing and competitive edge. 
This paper categorizes asset inputs based on the na
ture and purpose of the assets, selecting four key in
dicators: enterprise size, fixed asset ratio, number of 
employees, and R&D ratio. These indicators respec
tively represent total capital input, physical input, 
personnel input, and technology input. Logarithmic 
transformation is applied to address discrepancies in 
scale between enterprise size and the number of em
ployees to eliminate potential heteroskedasticity is
sues. 

2. Operating Condition. An enterprise’s operating con
dition can be evaluated through various financial 
metrics, including accounts receivable turnover, in
ventory turnover, current asset turnover, fixed asset 
turnover, and total asset turnover. These indicators 
provide insight into a company’s financial health, op
erational efficiency, and profitability. Among these, 
the current asset turnover ratio indicates how effi
ciently an enterprise converts its current assets into 
cash. A higher ratio suggests effective management 
of assets such as inventories and accounts receivable, 
minimizing waste and idleness. On the other hand, 
total asset turnover measures all assets’ ability to 
generate sales revenue. A higher ratio indicates more 
efficient asset utilization, which, in turn, enhances 
return on capital. This study focuses on two key ra
tios, total asset turnover, and current asset turnover, 
as they reflect both comprehensive asset utilization 
and short-term efficiency. 

3. Risk Profile. Enterprises are exposed to risks during 
daily operations, particularly related to insufficient 
liquidity or difficulty converting assets into cash. 
These risks can impair an enterprise’s ability to repay 
debts and affect its creditworthiness and operations. 
The liquidity and quick ratios are commonly used to 
evaluate an enterprise’s risk profile. These straight
forward calculations provide an early warning system 
by identifying potential financial challenges based on 
trends in these ratios. 
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Table 1. Basic information of listed fishery companies       

Company name Stkcd Year-
to-

market 

Business scope 

CNFC OVERSEAS 
FISHERIES CO., 

LTD. 

000798 1998 Marine fishing; processing and warehousing of aquatic products; sales of vessels, 
mechanical equipment, and materials related to fisheries; import and export 

business. 

ZHANGZIDAO 
GROUP 

CO., LTD. 

002096 2006 Aquaculture; fishing, sales; import and export business, contracting Sino-foreign 
joint venture business; cold storage; transportation; aquatic products acquisition. 

SHANDONG 
ORIENTAL 

OCEAN SCI-
TECH CO., LTD. 

002086 2006 Marine animal and plant breeding, nursery; food processing; prepackaged food 
wholesale and retail. Aquatic new technology, new results of research, 

promotion, and application; aquatic technology training, consulting services. 

BAIYANG 
AQUATIC 

GROUP, INC 

002696 2012 Investment in agriculture, fishery, food processing industry, environmental 
protection industry, education, and cultural industry, pharmaceuticals, medical 

devices, medical services; production, processing, and sales: compound feed, feed 
ingredients. 

SHANGHAI 
KAICHUANG 

MARINE 
INTERNATIONAL 

CO., LTD. 

600097 1997 Offshore fishing, marine, and freshwater aquaculture; processing and trading of 
aquatic products, food sales; fishing boats, fishery machinery, ship equipment and 
accessories; rope nets and related products, packaging cartons, daily necessities. 

DAHU 
AQUACULTURE 

CO., LTD. 

600257 2000 Ecological stocking of fish in lakes and reservoirs; production and processing of 
aquatic products, seedling breeding, brand marketing; R&D and promotion, 

transfer, consulting, and engineering construction of Great Lakes water 
environment treatment, water pollution treatment technology, ecological 

engineering, and restoration technology 

SHANDONG 
HOMEY 

AQUATIC 
DEVELOPMENT 

CO., LTD. 

600467 2004 Seawater aquaculture; aquatic products within the scope of the license, frozen 
food, processing, sales; health food “sea cucumber and American ginseng oral 

solution” production, sales 

On the other hand, the operational profit growth rate 
measures the degree of increase in operational profit over a 
specified period. Analyzing this growth rate offers insights 
into profitability trends, which are crucial for forecasting 
future financial health. A higher growth rate typically in
dicates strong growth potential and solid market position
ing. While ROA focuses on asset utilization efficiency, the 
operational profit growth rate emphasizes growth velocity. 
These indicators provide a comprehensive view of an enter
prise’s financial health and future development prospects 
(Table 2 ). 
This paper utilizes data from seven Chinese fisheries 

companies listed on the stock market, spanning 2012 to 
2022, as decision-making units (DMUs). To ensure reliable 
results, it is essential that the number of DMUs is at least 
three times the number of input and output indicators used 
in the data envelopment analysis (DEA) model. Further
more, the number of DMUs should ideally match the prod
uct of the number of input and output indicators. This 
study selects eight input and two output indicators, meet
ing the model’s basic requirements. 
Given the presence of negative and zero values in the 

original data, preprocessing is necessary to ensure the sci
entific accuracy and effectiveness of the efficiency mea
surement. Therefore, the data are preprocessed using Min-
Max standardization. The formula for this standardization 
is as follows: 

An enterprise’s productivity and economic efficiency can 
largely be assessed through an analysis of its production 
processes. By examining output, enterprises gain insights 
into their production capacity, market competitiveness, 
and the rationality of resource allocation, enabling in
formed business decisions. Return on assets (ROA) is a key 
indicator for comparing asset utilization efficiency across 
enterprises of different sizes or for the same enterprise over 
different periods. This metric helps evaluate performance 
relative to industry standards, providing a relatively objec
tive basis for comparison. 
On the other hand, the operational profit growth rate 

measures the degree of increase in operational profit over a 
specified period. Analyzing this growth rate offers insights 
into profitability trends, which are crucial for forecasting 
future financial health. A higher growth rate typically in
dicates strong growth potential and solid market position
ing. While ROA focuses on asset utilization efficiency, the 
operational profit growth rate emphasizes growth velocity. 
These indicators provide a comprehensive view of an en
terprise’s current financial health and future development 
prospects. 
This paper utilizes data from seven Chinese fisheries 

companies listed on the stock market, spanning 2012 to 
2022, as decision-making units (DMUs). To ensure reliable 
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Table 2. Selection of Input-Output Indicators for DEA Modeling        

Indicator name Notation Details 

Input 
indicators 

Enterprise Size X1 ln(total assets at the end of the period) 

Percentage of 
fixed assets 

X2 Total fixed assets/total net assets 

Number of 
Employees 

X3 ln(Number of employees+1) 

R&D ratio X4 R&D Expenditure/Total Revenue 

Total Assets 
Turnover 

X5 Operating Income/Average Total Assets 

Current Asset 
Turnover 

X6 Operating Income/Average Occupancy of Current Assets 

Liquid Ratio X7 Current assets/current liabilities 

Quick Ratio X8 Quick assets/current liabilities 

Output 
indicators 

Return on 
Assets 

Y1 Total EBITDA/Average Total Assets 

Operating Profit 
Growth Rate 

Y2 (Total operating profit of the current year - total operating profit of the 
previous year) / total operating profit of the previous year 

results, it is essential that the number of DMUs is at least 
three times the number of input and output indicators used 
in the data envelopment analysis (DEA) model. Further
more, the number of DMUs should ideally match the prod
uct of the number of input and output indicators. This 
study selects eight input and two output indicators, meet
ing the model’s basic requirements. 
Given the presence of negative and zero values in the 

original data, preprocessing is necessary to ensure the sci
entific accuracy and effectiveness of the efficiency mea
surement. Therefore, the data are preprocessed using Min-
Max standardization. The formula for this standardization 
is as follows (Table 3 ). 

RESULTS 

The empirical analysis in this paper consists of three main 
parts. First, a static analysis is conducted using the DEA-
BCC model to assess changes in three key efficiency indica
tors: comprehensive efficiency (Crste), technical efficiency 
(Vrste), and scale efficiency (Scale) for seven Chinese fish
ery-listed companies from 2012 to 2022. Second, a dynamic 
analysis is carried out using the Malmquist index to decom
pose the changes in total factor productivity (TFP) of these 
companies. Finally, the Tobit regression model is employed 
to examine the impact of digital transformation on the op
erational efficiency of listed fishery enterprises. 

STATIC ANALYSIS USING THE DEA-BCC MODEL 

The comprehensive efficiency, technical efficiency, and 
scale efficiency values of the seven fishery-listed companies 
were calculated using the static BCC model. The model pro
vides insights into their operational efficiency from 2012 to 
2022. The results are presented in Table 4. 
From a macro perspective, the average values of com

prehensive, technical, and scale efficiency for these com
panies over the 2012–2022 period are 0.957, 0.983, and 

Table 3. Tobit model control variables selection and       
definition  

Variable names Notation Details 

Debt to assets 
ratio 

DTR Total liabilities/total 
assets 

Gross profit 
margin 

Grossprofit (Sales Revenue - Cost 
of Sales) / Sales 

Revenue 

Cash flow ratio Cashflow (Money funds + 
marketable 

securities)/Current 
liabilities 

Capital 
intensity 

Cap Total Assets/Net 
Income 

Comprehensive 
leverage 

C1 Rate of change in 
earnings per share of 
common stock / Rate 

of change in sales 
volume 

Board size Board Ln (Number of Board 
of Directors + 1) 

Independent 
director ratio 

Indep (Number of 
independent 

directors / Total 
number of board of 

directors) 

0.973, respectively. The higher mean value of technical ef
ficiency compared to scale efficiency suggests that most de
cision-making units (DMUs) efficiently maximized outputs 
with the given level of inputs. However, the relatively lower 
scale efficiency indicates that these companies could bene
fit from improvements at the scale level. 
From a micro perspective, none of the seven listed en

terprises achieved a comprehensive efficiency score of 1, 
meaning they did not reach the DEA-efficient state. Orient 
Ocean and Baiyang had the lowest comprehensive effi
ciency values, indicating significant resource waste. In con
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Table 4. Mean value of operating efficiency of Chinese        
fishery-listed companies in 2012-2022     

Firm Crste Vrste Scale 

CNFC 0.992 0.996 0.996 

ZONECO 0.957 0.967 0.989 

ORIENT OCEAN 0.905 1.000 0.905 

BAIYANG 0.883 0.920 0.959 

KAICHUANG 0.994 1.000 0.994 

DAHU 0.974 1.000 0.974 

HOMEY 0.993 1.000 0.993 

MEAN 0.957 0.983 0.973 

trast, four of the seven enterprises achieved a technical ef
ficiency score 1, signifying that these DMUs have reached 
optimal technical efficiency under their current scale and 
resource allocation. In other words, they have maximized 
output or minimized inputs under the given technical con
straints. 
Further analysis revealed that four firms had Crste values 

lower than Scale, indicating the presence of diseconomies 
of scale. This suggests that these firms may benefit from 
downsizing or optimizing their resource allocation by re
assessing their input-output balance (Table 4 ). 

DEA-MALMQUIST INDEX DYNAMIC ANALYSIS 

The traditional DEA model overlooks the influence of over
all technological progress within the industry to which a 
decision-making unit (DMU) belongs. To address this, the 
present study extends prior research by examining Chinese 
fishery-listed companies’ total factor productivity (TFP) 
from 2012 to 2022. It employs the Malmquist index model 
to analyze the dynamic changes in efficiency growth among 
these firms. 
Regarding overall efficiency changes, the average total 

factor productivity of Chinese fishery-listed companies 
during this period was 0.989, implying a 0.1% annual de
cline relative to the base period. A year-by-year analysis of 
the data reveals that the Malmquist index was below 1 in 
most years, except for the periods 2012–2013, 2015–2016, 
2017–2018, and 2019–2020, indicating that total factor 
productivity declined in the other years compared to the 
previous year. 
By decomposing the Malmquist index into a technical ef

ficiency index and a technical progress index, it can be ob
served that technical efficiency decreased by 0.1% per year, 
while technical progress declined by 0.04% annually. This 
suggests that the decline in technical efficiency is the pri
mary cause of the reduction in total factor productivity. 
Using the relationship TFPCH = EFFCH * TECH = PECH * 
SECH * TECH, which further breaks down technical effi
ciency into pure technical efficiency and scale efficiency, it 
is evident that the mean value of pure technical efficiency 
remained at 1, while the mean value of scale efficiency was 
0.989, reflecting a 0.1% annual decrease compared to the 
base period. 

This analysis indicates that the decline in scale effi
ciency is the main factor contributing to the reduction in 
technical efficiency, which in turn leads to the overall de
crease in total factor productivity among fishery-listed 
companies (Table 5 ). 
As shown in Figure 1 , the annual average Malmquist in

dex and its decomposition for Chinese fishery-listed com
panies reveal different fluctuation patterns. The fluctua
tions in technical progress efficiency and total factor 
productivity (TFP) are more pronounced, and their trends 
remain closely aligned. In contrast, the fluctuation trends 
of technical efficiency and its components—pure technical 
efficiency and scale efficiency—are relatively stable. How
ever, during the final period, a significant decline in scale 
efficiency led to a noticeable drop in overall technical effi
ciency. 
In recent years, the productivity changes of Chinese fish

ery-listed companies have closely followed the efficiency 
changes associated with technological progress. To en
hance their performance, these companies should focus on 
increasing capital investment in research and development 
(R&D), supporting technological innovation and new prod
uct development, regularly reviewing and refining their 
production processes, and adopting more advanced manu
facturing technologies. By doing so, they can better align 
their productivity growth with technological advancements 
and improve overall efficiency. 
As shown in Table 6 , from 2012 to 2022, two Chinese 

fishery-listed companies—ZONECO and HOMEY—achieved 
total factor productivity (TFP) values greater than 1. Con
versely, five companies recorded TFP values below 1. Orien
tal Ocean experienced the most significant decline in TFP, 
with a decrease of 0.56% per year, while the TFP of the re
maining four companies ranged between 0.97 and 1. 
The decomposition results indicate that the average de

cline in total factor productivity is primarily attributable to 
a decrease in the scale efficiency index. This suggests that 
many decision-making units may not operate at their op
timal scale, leading to lower resource utilization efficiency 
among most fishery enterprises. 

TOBIT REGRESSION RESULTS 

DESCRIPTIVE STATISTICS OF VARIABLES 

As shown in Table 7 , the operational efficiency of Chinese 
fishery-listed companies exhibits a minimum value of 0.184 
and a maximum value of 1, with a mean value of 0.957. 
This indicates that, overall, the comprehensive efficiency 
of these companies is close to the effective threshold, al
though some enterprises remain ineffective. The digital 
transformation scores of the enterprises in the sample 
range from a minimum of 0 to a maximum of 2.833, high
lighting a significant gap in transformation levels among 
the companies. 
Regarding the control variables, there is considerable 

variation in capital intensity and comprehensive leverage 
among the enterprises, suggesting that they rely on capital 
to differing degrees during production. Some companies 
depend more on labor or asset-light operations. Addition

Digitalization and Operational Efficiency in Fisheries: Evidence from China

Israeli Journal of Aquaculture - Bamidgeh 162



Table 5. Annual average Malmquist index and decomposition of Chinese fishery-listed companies in 2012-2022             

Year Effch Techch Pech Sech Tfpch 

2012-2013 1.000 1.022 1.000 1.000 1.022 

2013-2014 1.000 0.972 1.000 1.000 0.972 

2014-2015 1.000 0.990 1.000 1.000 0.990 

2015-2016 1.000 1.010 1.000 1.000 1.010 

2016-2017 1.000 0.961 1.000 1.000 0.961 

2017-2018 1.000 1.011 1.000 1.000 1.011 

2018-2019 0.995 0.958 0.995 0.999 0.955 

2019-2020 1.005 1.143 1.004 1.001 1.150 

2020-2021 1.000 0.962 1.000 1.000 0.962 

2021-2022 0.890 0.927 1.000 0.890 0.901 

mean 0.989 0.996 1.000 0.989 0.989 

ally, while the overall risk level of the enterprises in the 
sample is relatively low, certain companies exhibit higher 
comprehensive leverage coefficients, indicating greater 
sensitivity to sales fluctuations and an increased risk pro
file. Other control variables show minimal differences in 
mean and median values, with standard deviations remain
ing within a reasonable range. 

REGRESSION RESULTS AND ANALYSIS 

The regression results presented in Table 8  reveal a signif
icantly positive effect of enterprise digital transformation 
on the operating efficiency of fishery-listed companies at 
the 1% level. The Z-statistic of 2.79 indicates that as the de
gree of digital transformation increases, the operating effi
ciency of these enterprises also improves. 

IN ANALYZING THE CONTROL VARIABLES 

Debt-to-Assets Ratio, Gross Profit Margin, and Indepen
dent Director Ratio: The operating efficiency of enterprises 
is significantly negatively correlated with these factors. A 
higher debt-to-assets ratio typically indicates a greater re
liance on debt financing, leading to increased interest pay

Fig. 1. Annual average Malmquist index and      
decomposition of Chinese fishery-listed companies      
during 2012-2022   

ments and higher financial costs. Additionally, if a company 
attempts to boost its gross profit margin by raising product 
prices, it may risk losing market competitiveness and sales 
volume. This approach can also divert management atten
tion from essential cost-control measures. Furthermore, in
dependent directors often come from varied backgrounds 
and may possess differing management philosophies, com
plicating decision-making. To ensure that independent di
rectors understand company operations and can provide ef
fective recommendations, enterprises may need to invest 
more in information sharing and communication, poten
tially increasing management costs. Consequently, opera
tional efficiency tends to decline as financial, product, and 
management costs rise. 
Cash Flow Ratios: The analysis shows a significant pos

itive correlation between firms’ operating efficiency and 
cash flow ratios. Adequate cash flow enables companies 
to capitalize on market opportunities more rapidly—such 
as investing in new projects, acquiring competitors, or ex
panding market share—while ensuring efficient utilization 
of cash resources and minimizing idle funds. 
Capital Intensity, Comprehensive Leverage, and Board 

Size: The study found that these three variables do not 
significantly influence operational efficiency. However, all 
three displayed positive coefficients, suggesting that in
creased capital investment can lower the cost per produc
tion unit as firms achieve economies of scale. Additionally, 
fixed interest payments on debt can amplify earnings per 
share growth relative to overall profit growth due to fi
nancial leverage, thereby enhancing a firm’s profitability. 
Moreover, an increase in board size may necessitate more 
discussions for corporate decision-making, enhancing the 
quality and robustness of those decisions. 
In summary, the findings highlight the crucial role of 

digital transformation in enhancing operational efficiency 
while also identifying key financial and managerial factors 
that influence performance in fishery-listed enterprises. 
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Table 6. Malmquist index and decomposition of operating efficiency of Chinese fishery-listed companies            

Firm Effch Techch Pech Sech Tfpch 

CNFC 1.000 0.977 1.000 1.000 0.977 

ZONECO 1.000 1.021 1.000 1.000 1.021 

ORIENT OCEAN 0.923 0.994 1.000 0.923 0.945 

BAIYANG 1.000 0.986 1.000 1.000 0.986 

KAICHUANG 1.000 0.998 1.000 1.000 0.998 

DAHU 1.000 0.987 1.000 1.000 0.987 

HOMEY 1.000 1.006 1.000 1.000 1.006 

MEAN 0.989 0.996 1.000 0.989 0.989 

Table 7. Tobit regression descriptive statistics for each variable        

VarName Obs Mean SD Min Median Max 

Crste 77 0.957 0.113 0.184 1 1 

Digital 77 1.106 0.945 0 1.099 2.833 

DTR 77 0.456 0.242 0.0930 0.427 1.576 

Grossprofit 77 0.178 0.105 -0.196 0.181 0.383 

Cashflow 77 0.0430 0.0583 -0.223 0.0410 0.244 

Cap 77 2.604 1.746 0.899 1.811 7.624 

C1 77 0.0330 0.401 -0.634 -0.0346 1.830 

Board 77 1.999 0.249 1.609 2.079 2.398 

Indep 77 0.390 0.0685 0.333 0.375 0.6 

Table 8. Results of Tobit regression     

Var. Comprehensive efficiency（Crste） （ ）

Coef. Std.err. z P>|z| 

Digital 0.055*** 0.020 2.79 0.005 

DTR -0.347*** 0.075 -4.63 0.000 

Grossprofit -0.356* 0.203 -1.76 0.079 

Cashflow 1.360*** 0.389 3.50 0.000 

Cap 0.022 0.015 1.47 0.141 

C1 0.068 0.061 1.11 0.269 

Board 0.005 0.097 0.06 0.956 

Indep -0.832** 0.330 -2.52 0.012 

DISCUSSION 

This study analyzes a sample of Chinese fisheries-listed 
companies from 2012 to 2022, employing the Data Envelop
ment Analysis-BCC (DEA-BCC) and Malmquist index mod
els to evaluate the companies’ operating efficiency. Addi
tionally, a Tobit model is utilized to empirically investigate 
the relationship between operating efficiency and digital 
transformation. The key findings are as follows: 
1. The mean values of comprehensive efficiency, tech

nical efficiency, and scale efficiency for Chinese fish
ery-listed companies from 2012 to 2022 are all below 
1, with the mean technical efficiency exceeding the 

mean scale efficiency. This indicates that companies 
should reevaluate their resource allocation strategies 
and adjust their inputs accordingly. 

2. The average total factor productivity of Chinese fish
ery-listed companies during this period is 0.989, sug
gesting a decline of 0.1% per year relative to the 
base period. Decomposing the Malmquist index re
veals that the primary reason for this decline is the 
reduction in scale efficiency, which adversely affects 
technical efficiency. 

3. Implementing digital transformation strategies can 
significantly enhance the operational efficiency of 
listed fishing companies. This underscores the signif
icance of digital transformation as a pivotal element 
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Based on these empirical findings, this paper offers the 
following recommendations to improve the operational ef
ficiency of fishery enterprises: 
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in modernizing and intelligently enhancing the fish
ing industry. Furthermore, the regression model indi
cates that improvements in the cash flow ratio of fish
ery enterprises can enhance operational efficiency, 
whereas increases in the debt-to-assets ratio, gross 
profit margin, and independent director ratio tend to 
decrease operational efficiency. 

• Addressing Scale Efficiency: The decline in the total 
factor productivity among firms in the fisheries sector 
is primarily due to reduced scale efficiency. Many en
terprises are operating with a Crste < Scale, suggest
ing an opportunity to optimize resource allocation or 
reduce the size of the enterprise effectively. This in
volves reconsidering the proportions of input factors 
and enhancing output levels. While optimizing pro
duction processes to boost efficiency, it is also es
sential to align the development stages of enterprises 
with prevailing market demands, timely adjust inter
nal organizational structures, and enhance organiza
tional flexibility and responsiveness. 

• Information and Logistics Management: Fishery en
terprises should establish a comprehensive informa
tion management system that integrates finance, 
purchasing, sales, inventory, and other aspects to en
able full-process digital management. At the logistics 
level, adopting intelligent logistics systems can help 
rationally plan transportation routes and schedules, 
reduce logistics costs, and accelerate goods turnover. 
Technologically, enterprises should invest in ad
vanced hardware, such as smart sensors and drones, 
to monitor and manage fishing grounds, vessels, and 
fishing activities. Additionally, increasing research 
and development investment in cutting-edge tech
nologies like the Internet of Things (IoT), big data 
analysis, and artificial intelligence (AI) can further 
improve operational efficiency. The creation of a uni
fied data management platform and associated soft
ware tools for the integration of disparate data 
sources, including meteorological and marine envi
ronmental information, will facilitate the analysis of 
market demand trends and the guidance of fishermen 
in adjusting the types and quantities of fish caught to 
prevent market saturation and price declines. The in
creased application of digital tools in the fishery will 
facilitate interactive mechanisms among information 
flow, logistics, and technology. 

• Integration of Precision Agriculture in Aquaculture: 
To achieve sophisticated management and effective 

resource utilization, the principles and methodolo
gies of precision agriculture should be integrated into 
regular operations. Additionally, computer simula
tion technologies can help assess the ecological im
pacts of fishing activities, thereby mitigating adverse 
effects on the marine environment. 

Submitted: September 30, 2024 CST. Accepted: October 15, 
2024 CST. Published: November 18, 2024 CST. 

This is an open-access article distributed under the terms of the Creative Commons Attribution 4.0 International License 

(CCBY-4.0). View this license’s legal deed at http://creativecommons.org/licenses/by/4.0 and legal code at http://creativecom

mons.org/licenses/by/4.0/legalcode for more information. 

Digitalization and Operational Efficiency in Fisheries: Evidence from China

Israeli Journal of Aquaculture - Bamidgeh 165



REFERENCES 

1. Lennox RJ, Sbragaglia V, Vollset KW, et al. Digital 
fisheries data in the Internet age: Emerging tools for 
research and monitoring using online data in 
recreational fisheries. Fish and Fisheries. 
2022;23:926-940. doi:10.1111/faf.12663 

2. Jiang Y, Huang L, Liu Y, Wang S. Impact of digital 
development and technology innovation on the 
marine fishery economy quality. Fishes. 
2024;9(7):266. doi:10.3390/fishes9070266 

3. Maravelias CD, Tsitsika EV. Economic efficiency 
analysis and fleet capacity assessment in 
Mediterranean fisheries. Fisheries Research. 
2008;93(1-2):85-91. doi:10.1016/j.fishres.2008.02.013 

4. Li L, Xu LL. Research on accounting and 
influencing factors of offshore fishing efficiency. 
Science-Economy-Society. 2013;31(3):100-104. https://
kns.cnki.net/kcms2/article/
abstract?v=Dm4VI7mKrXOHwXuIpg7xnrxnJzujvp858
bKW4eruQs3gy3bKuCCO0vHmGaFZb-
LO_4-C1Tv08RnRu6njQbmFbvrR17Y3JxUdOecqVYlbj
xUVqphmjNOq3qDURW3XV-e-
XXZb1cKJnpE5zdDtuE8CIVetL5IlCWe2vOwvQpV28O
HdsAOaOwocRqzLx9WfRu2M&uniplatform=NZKPT
&language=CHS 

5. Kim DH, Lee KH, Bae BS, et al. Productive 
efficiency of the sandfish Arctoscopus japonicus 
coastal gillnet fishery using stochastic frontier 
analysis. Fisheries Science. 2011;77(1):35-40. 
doi:10.1007/s12562-010-0308-5 

6. Duy NN, Flaaten O. Efficiency analysis of fisheries 
using stock proxies. Fisheries Research. 
2016;181:102-113. doi:10.1016/j.fishres.2016.04.006 

7. Sun K, Cui XX, Su ZX, et al. Spatial and temporal 
evolution of the economic value of mariculture 
carbon sinks in China and analysis of influencing 
factors. Geography Research. 2020;39(11):2508-2520. 
https://kns.cnki.net/kcms2/article/
abstract?v=Dm4VI7mKrXPVS11dvhOUeyIwgUtaN0W
24bG6QZvIbA4vnKW02nyXsHVGZzAig4yBPeuvVWIe
qVEgdzU9Z2BXJxe8HWvQR8Hd119mnHtnAtYdhzeFg
zXmzwSUdGlfZjR7iBvLZBW4nBa5ks6UNmG9PjYHE4
EdOLmEs6VYqOJ8rV89pEfCgfaw15aArspWR90lFGc-9
lDNgBQ=&uniplatform=NZKPT&language=CHS 

8. Jia WH, Chen XL, Di QB. Spatial correlation 
network structure of fishery carbon emission 
efficiency and its influencing factors in China. China 
Agricultural Resources and Zoning. Published online 
2023:1-14. http://kns.cnki.net/kcms/detail/
11.3513.S.20231212.1051.002.html 

9. Schoening T, Durden JM, Faber C, et al. Making 
marine image data FAIR. Scientific Data. 
2022;9(1):1-9. doi:10.1038/s41597-022-01491-3 

10. Pan XQ, Mei YY, Guo W, Long T. Analysis of 
status and development trends of digital ocean. In: 
Proceedings of the 2013 Fourth International 
Conference on Digital Manufacturing & Automation. ; 
2013:219-223. doi:10.1109/icdma.2013.51 

11. Nham NTH, Hoa TTM, Ha L. Influences of 
digitalization on sustaining marine minerals: A path 
toward sustainable blue economy. Ocean & Coastal 
Management. Published online 2023. doi:10.1016/
j.ocecoaman.2023.106589 

12. Tzachor A, Hendel O, Richards CE. Digital twins: 
A stepping stone to achieve ocean sustainability? npj 
Ocean Sustainability. 2023;2:16. doi:10.1038/
s44183-023-00023-9 

13. Brönner U, Sonnewald M, Visbeck M. Digital 
twins of the ocean can foster a sustainable blue 
economy in a protected marine environment. The 
International Hydrographic Review. 2023;29(1):26-40. 
doi:10.58440/ihr-29-a04 

14. Charnes A, Cooper WW, Rhodes E. Measuring the 
efficiency of decision making units. European Journal 
of Operational Research. 1978;2(6):429-444. 
doi:10.2139/ssrn.1990233 

15. Banker RD, Cooper ACW. Some models for 
estimating technical and scale inefficiencies in data 
envelopment analysis. Management Science. 
1984;30(9):1078-1092. doi:10.1287/mnsc.30.9.1078 

Digitalization and Operational Efficiency in Fisheries: Evidence from China

Israeli Journal of Aquaculture - Bamidgeh 166

https://doi.org/10.1111/faf.12663
https://doi.org/10.3390/fishes9070266
https://doi.org/10.1016/j.fishres.2008.02.013
https://kns.cnki.net/kcms2/article/abstract?v=Dm4VI7mKrXOHwXuIpg7xnrxnJzujvp858bKW4eruQs3gy3bKuCCO0vHmGaFZb-LO_4-C1Tv08RnRu6njQbmFbvrR17Y3JxUdOecqVYlbjxUVqphmjNOq3qDURW3XV-e-XXZb1cKJnpE5zdDtuE8CIVetL5IlCWe2vOwvQpV28OHdsAOaOwocRqzLx9WfRu2M&uniplatform=NZKPT&language=CHS
https://kns.cnki.net/kcms2/article/abstract?v=Dm4VI7mKrXOHwXuIpg7xnrxnJzujvp858bKW4eruQs3gy3bKuCCO0vHmGaFZb-LO_4-C1Tv08RnRu6njQbmFbvrR17Y3JxUdOecqVYlbjxUVqphmjNOq3qDURW3XV-e-XXZb1cKJnpE5zdDtuE8CIVetL5IlCWe2vOwvQpV28OHdsAOaOwocRqzLx9WfRu2M&uniplatform=NZKPT&language=CHS
https://kns.cnki.net/kcms2/article/abstract?v=Dm4VI7mKrXOHwXuIpg7xnrxnJzujvp858bKW4eruQs3gy3bKuCCO0vHmGaFZb-LO_4-C1Tv08RnRu6njQbmFbvrR17Y3JxUdOecqVYlbjxUVqphmjNOq3qDURW3XV-e-XXZb1cKJnpE5zdDtuE8CIVetL5IlCWe2vOwvQpV28OHdsAOaOwocRqzLx9WfRu2M&uniplatform=NZKPT&language=CHS
https://kns.cnki.net/kcms2/article/abstract?v=Dm4VI7mKrXOHwXuIpg7xnrxnJzujvp858bKW4eruQs3gy3bKuCCO0vHmGaFZb-LO_4-C1Tv08RnRu6njQbmFbvrR17Y3JxUdOecqVYlbjxUVqphmjNOq3qDURW3XV-e-XXZb1cKJnpE5zdDtuE8CIVetL5IlCWe2vOwvQpV28OHdsAOaOwocRqzLx9WfRu2M&uniplatform=NZKPT&language=CHS
https://kns.cnki.net/kcms2/article/abstract?v=Dm4VI7mKrXOHwXuIpg7xnrxnJzujvp858bKW4eruQs3gy3bKuCCO0vHmGaFZb-LO_4-C1Tv08RnRu6njQbmFbvrR17Y3JxUdOecqVYlbjxUVqphmjNOq3qDURW3XV-e-XXZb1cKJnpE5zdDtuE8CIVetL5IlCWe2vOwvQpV28OHdsAOaOwocRqzLx9WfRu2M&uniplatform=NZKPT&language=CHS
https://kns.cnki.net/kcms2/article/abstract?v=Dm4VI7mKrXOHwXuIpg7xnrxnJzujvp858bKW4eruQs3gy3bKuCCO0vHmGaFZb-LO_4-C1Tv08RnRu6njQbmFbvrR17Y3JxUdOecqVYlbjxUVqphmjNOq3qDURW3XV-e-XXZb1cKJnpE5zdDtuE8CIVetL5IlCWe2vOwvQpV28OHdsAOaOwocRqzLx9WfRu2M&uniplatform=NZKPT&language=CHS
https://kns.cnki.net/kcms2/article/abstract?v=Dm4VI7mKrXOHwXuIpg7xnrxnJzujvp858bKW4eruQs3gy3bKuCCO0vHmGaFZb-LO_4-C1Tv08RnRu6njQbmFbvrR17Y3JxUdOecqVYlbjxUVqphmjNOq3qDURW3XV-e-XXZb1cKJnpE5zdDtuE8CIVetL5IlCWe2vOwvQpV28OHdsAOaOwocRqzLx9WfRu2M&uniplatform=NZKPT&language=CHS
https://kns.cnki.net/kcms2/article/abstract?v=Dm4VI7mKrXOHwXuIpg7xnrxnJzujvp858bKW4eruQs3gy3bKuCCO0vHmGaFZb-LO_4-C1Tv08RnRu6njQbmFbvrR17Y3JxUdOecqVYlbjxUVqphmjNOq3qDURW3XV-e-XXZb1cKJnpE5zdDtuE8CIVetL5IlCWe2vOwvQpV28OHdsAOaOwocRqzLx9WfRu2M&uniplatform=NZKPT&language=CHS
https://kns.cnki.net/kcms2/article/abstract?v=Dm4VI7mKrXOHwXuIpg7xnrxnJzujvp858bKW4eruQs3gy3bKuCCO0vHmGaFZb-LO_4-C1Tv08RnRu6njQbmFbvrR17Y3JxUdOecqVYlbjxUVqphmjNOq3qDURW3XV-e-XXZb1cKJnpE5zdDtuE8CIVetL5IlCWe2vOwvQpV28OHdsAOaOwocRqzLx9WfRu2M&uniplatform=NZKPT&language=CHS
https://doi.org/10.1007/s12562-010-0308-5
https://doi.org/10.1016/j.fishres.2016.04.006
https://kns.cnki.net/kcms2/article/abstract?v=Dm4VI7mKrXPVS11dvhOUeyIwgUtaN0W24bG6QZvIbA4vnKW02nyXsHVGZzAig4yBPeuvVWIeqVEgdzU9Z2BXJxe8HWvQR8Hd119mnHtnAtYdhzeFgzXmzwSUdGlfZjR7iBvLZBW4nBa5ks6UNmG9PjYHE4EdOLmEs6VYqOJ8rV89pEfCgfaw15aArspWR90lFGc-9lDNgBQ=&uniplatform=NZKPT&language=CHS
https://kns.cnki.net/kcms2/article/abstract?v=Dm4VI7mKrXPVS11dvhOUeyIwgUtaN0W24bG6QZvIbA4vnKW02nyXsHVGZzAig4yBPeuvVWIeqVEgdzU9Z2BXJxe8HWvQR8Hd119mnHtnAtYdhzeFgzXmzwSUdGlfZjR7iBvLZBW4nBa5ks6UNmG9PjYHE4EdOLmEs6VYqOJ8rV89pEfCgfaw15aArspWR90lFGc-9lDNgBQ=&uniplatform=NZKPT&language=CHS
https://kns.cnki.net/kcms2/article/abstract?v=Dm4VI7mKrXPVS11dvhOUeyIwgUtaN0W24bG6QZvIbA4vnKW02nyXsHVGZzAig4yBPeuvVWIeqVEgdzU9Z2BXJxe8HWvQR8Hd119mnHtnAtYdhzeFgzXmzwSUdGlfZjR7iBvLZBW4nBa5ks6UNmG9PjYHE4EdOLmEs6VYqOJ8rV89pEfCgfaw15aArspWR90lFGc-9lDNgBQ=&uniplatform=NZKPT&language=CHS
https://kns.cnki.net/kcms2/article/abstract?v=Dm4VI7mKrXPVS11dvhOUeyIwgUtaN0W24bG6QZvIbA4vnKW02nyXsHVGZzAig4yBPeuvVWIeqVEgdzU9Z2BXJxe8HWvQR8Hd119mnHtnAtYdhzeFgzXmzwSUdGlfZjR7iBvLZBW4nBa5ks6UNmG9PjYHE4EdOLmEs6VYqOJ8rV89pEfCgfaw15aArspWR90lFGc-9lDNgBQ=&uniplatform=NZKPT&language=CHS
https://kns.cnki.net/kcms2/article/abstract?v=Dm4VI7mKrXPVS11dvhOUeyIwgUtaN0W24bG6QZvIbA4vnKW02nyXsHVGZzAig4yBPeuvVWIeqVEgdzU9Z2BXJxe8HWvQR8Hd119mnHtnAtYdhzeFgzXmzwSUdGlfZjR7iBvLZBW4nBa5ks6UNmG9PjYHE4EdOLmEs6VYqOJ8rV89pEfCgfaw15aArspWR90lFGc-9lDNgBQ=&uniplatform=NZKPT&language=CHS
https://kns.cnki.net/kcms2/article/abstract?v=Dm4VI7mKrXPVS11dvhOUeyIwgUtaN0W24bG6QZvIbA4vnKW02nyXsHVGZzAig4yBPeuvVWIeqVEgdzU9Z2BXJxe8HWvQR8Hd119mnHtnAtYdhzeFgzXmzwSUdGlfZjR7iBvLZBW4nBa5ks6UNmG9PjYHE4EdOLmEs6VYqOJ8rV89pEfCgfaw15aArspWR90lFGc-9lDNgBQ=&uniplatform=NZKPT&language=CHS
https://kns.cnki.net/kcms2/article/abstract?v=Dm4VI7mKrXPVS11dvhOUeyIwgUtaN0W24bG6QZvIbA4vnKW02nyXsHVGZzAig4yBPeuvVWIeqVEgdzU9Z2BXJxe8HWvQR8Hd119mnHtnAtYdhzeFgzXmzwSUdGlfZjR7iBvLZBW4nBa5ks6UNmG9PjYHE4EdOLmEs6VYqOJ8rV89pEfCgfaw15aArspWR90lFGc-9lDNgBQ=&uniplatform=NZKPT&language=CHS
http://kns.cnki.net/kcms/detail/11.3513.S.20231212.1051.002.html
http://kns.cnki.net/kcms/detail/11.3513.S.20231212.1051.002.html
https://doi.org/10.1038/s41597-022-01491-3
https://doi.org/10.1109/icdma.2013.51
https://doi.org/10.1016/j.ocecoaman.2023.106589
https://doi.org/10.1016/j.ocecoaman.2023.106589
https://doi.org/10.1038/s44183-023-00023-9
https://doi.org/10.1038/s44183-023-00023-9
https://doi.org/10.58440/ihr-29-a04
https://doi.org/10.2139/ssrn.1990233
https://doi.org/10.1287/mnsc.30.9.1078

	Digitalization and Operational Efficiency in Fisheries: Evidence from China
	Introduction
	Materials and Methods
	Model construction
	DEA-BCC model
	DEA-Malmqiust Index Model
	Tobit model
	Data source and variable setting
	Input-Output Indicators
	Input Indicators
	Output Indicators


	Results
	Static Analysis Using the DEA-BCC Model
	DEA-Malmquist Index Dynamic Analysis
	Tobit regression results
	Descriptive Statistics of Variables

	Regression Results and Analysis
	In analyzing the control variables

	Discussion
	Acknowledgments
	Authors’ Contribution
	Competing of Interest – COPE
	Informed Consent Statement
	Data Availability Statement

	References


