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Abstract: In this study, to discover how the growth of digital agriculture has impacted agricultural
green total factor productivity (AGTFP), we take panel data from 2011 to 2019 for 30 Chinese provinces
as the research object, measure the growth of AGTFP and digital agriculture development using the
SBM-ML and entropy method, and use a fixed effect model to analyze the effects of digital agriculture
development on AGTFP. The results demonstrate that (1) from the time-series characteristics, digital
agriculture presented a steady growth state from 2011 to 2019; (2) during the study period, the
technical efficiency index was slightly lower than the technological progress index in the AGTFP
index, meaning that there is room for further development; (3) the relationship between the growth
of digital agriculture and AGTFP presents an inverted U-shaped curve, with human capital playing a
moderating role. Finally, corresponding countermeasures are proposed in four aspects: strengthening
the construction of organizational mechanisms, building a standardized base for digital agriculture
output, enhancing the traceability and certification of agricultural products, and improving social
services in the agricultural industry.

Keywords: digital agriculture; AGTFP; inverted U-shaped curve; moderating role

1. Introduction

As a new direction for agricultural development, digital farming plays an essential
role in enhancing industrial integration and innovation, encouraging the growth of high-
quality agriculture and rural revitalization [1–4]. According to the 2021 white paper for the
growth of China’s digital economy, China’s agricultural digitization level is only 7.3%, and
the lagging development of the digital agricultural infrastructure and the lack of digital
talents have caused the overall digitization process of rural regions and farming to lag [5].
To improve the digitalization level of rural agriculture, accelerate the layout of farming
and rural informatization, and encourage the green transformation of agriculture, the
2018 Central Government No. 1 document proposed the “Digital Countryside Development
Strategy”. Successive documents were issued, such as the “Outline of the Digital Countryside
Development Strategy” and the “Action Plan for Digital Countryside Development (2022–2025)”.
With the No. 1 document of the Central Government in 2020 and 2021, China’s digital
agriculture has been moving from top-level planning to practical implementation. The
2022 No. 1 document of the Central Government proposed to “vigorously encourage the
construction of digital villages, empower rural public services with digital technology, and
encourage the green development of rural regions and farming” [6].

The 19th party congress report pointed out that China’s economy has shifted from
a high growth stage to a higher-quality development stage, and it indicated the urgency
of the need to increase TFP at this stage [7]. To build a modern socialist country in an
all-round way, we must first pursue high-quality development. To boost the growth of
China’s farming sector in a high-quality manner, the AGTFP provides practical guidance
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and significance for China to build a moderately prosperous society and start a new
journey toward building a modern socialist country. To build a socialist country in an all-
round way, we must take the people as the center of development thinking, accelerate the
transformation of the development mode, rely more on innovation drive, promote quality
change, efficiency change, power change, and strive to improve the quality and level of
development [8]. At the same time, the Central Government’s No. 1 document proposes to
vigorously promote the creation of digital rural and the green growth of agrarian and rural
areas. Digital agriculture development, as a booster of green agricultural development,
has become a new driving force for green agricultural development [9]. Therefore, the
development of digital agriculture is of tremendous practical value for enhancing the
AGTFP and realizing rural revitalization.

However, various questions arise in this context, such as the following: Has digital
agriculture development increased AGTFP? How has digital agricultural development em-
powered AGTFP? What is the underlying logic of empowerment? What is the mechanism
by which digital agricultural development acts on AGTFP? What is the current trend of
development between the two? How does the development of digital agriculture impact
AGTFP? At present, these is no extensive research on this topic available in the literature.
In this paper, we measure the state of digital agriculture development and AGTFP, respec-
tively, analyze the difference status of the two and make a judgment on their development
trends, and analyze how the growth of digital farming has affected the AGTFP, in order to
present concrete solutions and recommendations for rural revitalization, as well as some
academic direction and empirical evidence for enhancing AGTFP.

2. Materials and Methods
2.1. Literature Review

The notion of digital agriculture was officially introduced in 1997, referring to intensive
and informative agricultural technology supported by geospatial and information tech-
nology [10]. Digital agriculture is supported by digital technology and digital resources,
and it places greater emphasis on digital features and the role of digital technology in
all processes to achieve increased efficiency in agriculture, increased income for farmers,
and increased competitiveness of agricultural products. With the development of society,
digital agriculture is also known as precision or intelligent farming [11], which was initially
developed for crop production in the 1990s [12]. Precision agriculture is created through
the use of various sensing technologies, such as proximity sensing and remote sensing [13].
It synthesizes the current mobile connectivity, digital governance, and data valorization
technologies combined with the characteristics of rural agricultural development [14,15].
At present, research on digital agriculture in some developed countries is focused on the
precise control of agricultural production tools, accurate distribution of agricultural pro-
duction components, and integrated management of agricultural production data [2]. IoT
devices such as sensors are entering full commercialization in developed countries [16],
providing information and technical support to farmers in a networked manner. Farmers
can use the Internet and other forms of networking to share information resources such
as agricultural production and operations, thus improving the level of refinement and
management of the agricultural output. Some even believe that, in the future, farmers
can decide the day of sowing through the use of electronic devices [17]. Compared with
developed nations, the progress of digitized farming in China started late and has been put
forth within a short amount of time. Regarding digitized agriculture, a consensus has not
yet been formed, and some scholars have defined it conceptually, according to the different
focus of their understanding [18–20]. In the last few years, academics have gradually
attached importance to the study of digital agriculture, focusing on several aspects such
as digital infrastructure construction [21], digitalization of agriculture [22,23], and digital
industrialization [24]. Regarding the quantification of digital agriculture, most scholars
mainly construct evaluation index systems in terms of agricultural informatization [25]
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and high-quality agricultural development [26]. In general, China’s research on digital
agriculture is still at the stage of continuous catching-up.

Improving AGTFP is the main path to advance the sustainable and environmentally
friendly development of agriculture and is one of the main ways to realize the rural revi-
talization strategy [27]. Through a review of the relevant literature, the current academic
research on AGTFP mainly involves approaches for measuring AGTFP, its influencing
factors, and different research perspectives affecting it. In terms of measurement methods,
most domestic scholars have used the SBM-GML [28] and SBM-ML [29] indices, com-
bined with the entropy method or Tobit model, to measure AGTFP with provincial- and
county-level panel data in China. Foreign scholars have also used the growth account-
ing method [30], the transcendental logarithm function combined with the Malmquist
index [31], and the growth accounting method [32] to measure agricultural TFP in various
study periods. From the perspective of influencing factors, domestic and international
academic research has mainly focused on the study of the influences of R&D innovation
behavior and technological progress [33], environmental regulation [34], human capital
and urbanization [35,36], technical efficiency [37], resource allocation [38,39], internal re-
structuring of agriculture [40], agricultural insurance [41], agricultural trade [29], operation
scale and financial support [42], agricultural socialization services [43], and agricultural
mechanization [4] on AGTFP. In terms of research perspectives, more relevant studies have
been conducted from a technological innovation perspective, pastoral finance perspective
and spatial heterogeneity perspective as entry points [44]. However, there are few studies
focused on the effects of digital agriculture development on AGTFP.

In view of this, based on panel data from 30 Chinese provinces (autonomous re-
gions/municipalities, hereafter referred to as provinces) through 2011–2019, we examined
the effect of digital agriculture development on AGTFP through a fixed effect model, using
the entropy value method and the SBM-ML index, on the basis of measuring the stage of
digital agriculture advancement and AGTFP, respectively, in order to provide empirical
support for further promoting digital agriculture advancement and improving AGTFP in
the context of the comprehensive promotion of rural revitalization.

2.2. Theoretical Analysis and Hypothesis

There is an inextricable link between digital agriculture development and AGTFP. Based
on the logic of conceptual empowerment, technological empowerment, and value empower-
ment, this paper provides a theoretical explanation for how digital agriculture can improve
AGTFP; that is, digital agriculture takes information as a production component; utilizes
contemporary information technology and digital means to visualize and express, digitally
design, and informally direct agricultural objects, the environment, and the entire procedure;
and transforms agricultural production methods by transforming traditional agriculture. It
will form a path to improve AGTFP, realize the judicious use of agricultural resources, lower
production costs, promote output quality, and improve the environment, thereby enhancing
the competitiveness, premium capacity, and added value of agricultural products [45–47].

2.2.1. Enabling Logic of Digital Agricultural Development for Green Total Factor
Productivity in Agriculture

(1) Concept Empowerment Logic

Digital agriculture development embraces the concepts of green, efficient, high quality,
and sustainable development [22,48]. Digital agriculture is a new type of modern agricul-
ture that realizes high efficiency, regulation, and quality of agricultural products through
agricultural technology, forming a continuous virtuous cycle with ecosystems and beau-
tiful landscapes. Therefore, the advancement of digital agriculture adheres strictly to the
scientific connotations of high effectiveness, green development, and green transformation,
reflecting the concept of sustainable agricultural development. If digital agriculture is
developed and industrialization practices are implemented, embedding of the sustainable
development concept can provide guidance for the transformation of traditional agricul-
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tural development methods. At a micro level, under the new development pattern of
green transformation, the concepts of intelligent management, refined production, and
full-quality traceability in digital agriculture and industrialization can enable agricultural
operators to change from the crude agricultural production and management methods
they once adhered to, in order to focus more on using new production concepts to guide
agricultural production and management [49,50]. Once this transformation has matured,
become established, and is internalized in the minds of agricultural operators, thus forming
a green and efficient production consciousness and green and efficient production behavior,
the impact of digital agricultural industrialization on agricultural operators is manifested
externally, in the form of green and low-carbon changes, quality changes, efficiency changes,
and dynamic changes in the process of farming production. This assists in lowering the
price of agricultural produce and enhancing agricultural business incomes. Therefore, the
development of digital agriculture requires not only advanced concepts, but also a key
emphasis on its essential empowerment.

(2) Technology Empowerment Logic

The development of digital agriculture industrialization cannot be achieved without
strong technical support [51]. To date, the digital agriculture technology system has
gradually matured and improved and started to explore industrialization, which can
well-support the development of agriculture and its industrialization practice. Digital
agricultural development is a revolution of the agricultural technology system [52]. In
agricultural production and operation, the agricultural technology system can replace and
update the old agricultural output technology, realizing the enhancement in agricultural
productivity, quality, and standard of living for farmers [53]. In the area of agricultural
processing, the advanced technology of digital agricultural industrialization can realize the
deep processing of primary agricultural products; extract beneficial elements or nutrients
from them; produce products with high quality and processed products; expand the product
system of agricultural industrialization; develop nutritious food, healthcare products,
cosmetics, and drugs; and realize the value-added of digital agricultural industry.

In terms of ecological protection technology empowerment, the state of agricultural
land and the effect of breeding selection can be improved in the upstream through scientific
and technological forces. First, the conservation of arable land quality should be realized,
specifically through fertilizing the soil according to soil formulas and increasing the applica-
tion of micronutrient fertilizers to improve soil fertility and thus land productivity [54,55];
second, a standardized basis for digital agricultural breeding should be developed, specifi-
cally by selecting seedlings with regional characteristics, good tolerance performance, and
high economic value, as well as adopting standardized agronomy practices for planting
management, in order to improve land productivity. Through a series of strengthening
technologies such as microorganisms, breeding, and agronomy, we can address the problem
of low land productivity caused by the poor ecological environment of farmland and the
rough land management operation mode of the past. Next, in terms of financial technology
empowerment, in the midstream agricultural product industrial parks should be estab-
lished; support should be strengthened through digital technology innovation and financial
poverty alleviation policies to achieve information sharing; deep processing should be
developed to provide safe, nutritious, and healthy agricultural products; and industrial
production efficiency should be improved [56]. Through production technology innovation,
the production process-related redundant expenditures can be reduced, with the help of
financial support, the production and operation capacity of the industry and farmers can
be driven, in order to enhance work efficiency through production technology training of
farmers, thus increasing the industry’s overall production effectiveness. Third, in terms of
certification technology empowerment, the added value of products can be enhanced in
the downstream through agricultural product cognition. According to the requirements of
the relevant legal departments to submit for approval of certification, branding creation
can center around improved product quality certification, helping to form a differentiation
strategy and improving the added value of products.
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(3) Value Empowerment Logic

The digital agriculture’s growth releases digital dividends and enhances the value of
the agricultural industry [45]. Digital agriculture is clearly different from traditional agri-
culture. For example, digital agriculture promotes agricultural products through Internet
technology, such as WeChat, apps, websites, TikTok, and other kinds of communication
channels, thus expanding the publicity channels for agricultural products, realizing interac-
tions between consumers and products, and through real-time feedback of information,
better grasping the needs of consumers. This forces the standardized, high-quality, and
personalized production of agricultural products, and helps to guide producers to produce
on demand and realize accurate production and delivery, thus increasing revenue [57].
Secondly, digital agriculture can help to improve product awareness and create brands for
agricultural products with the help of various channels, such as the Internet and social
media, better realizing both online sales and offline transactions. This dramatically reduces
the cost of sales and adds value to agricultural products.

2.2.2. Mechanism of the Role of Digital Agriculture Development in Improving AGTFP

(1) Promoting the Technology of Agricultural Industry

To improve AGTFP, it is necessary to vigorously promote the scientific and technologi-
cal aspects of digital agriculture industry, strengthen the quality conservation of farmland,
and establish a digital agriculture standardization base [7]. First, scientific and technical
cultivated land quality conservation must be upgraded. The growth and development
of a seed cannot be separated from the soil, and the soil is the fundamental guarantee of
agricultural industrialization. If the soil quality is damaged or the soil lacks the micronutri-
ents needed in the process of plant growth and development—or if the soil contains some
factors that inhibit the absorption of plant micronutrients—then the growth of plants will be
affected. For example, plant seeds usually contain phytic acid, which can effectively store
the phosphorus needed for plant growth, but can also inhibit the absorption of calcium,
iron, magnesium, zinc, and other elements, eventually leading to a lack of minerals in the
grown crops. At the same time, phytic acid can also pollute the soil to a certain extent. As
the content of antinutrients such as phytic acid varies in various plant seeds, we can use
molecular biotechnology to control its content in plants and reduce its inhibitory effect
on micronutrients through the use of technology. Second, the standardization of digital
agriculture in the cultivation process should be promoted through science and technology.
We strive to create a digital agriculture “seed-feeding” cycle model, combining manure
from livestock and poultry breeding with scientific technology, and applying it for soil
maintenance and plant cultivation through safe treatment, thus reducing intensive fertilizer
application and taking the path of the ecological recycling economy. By creating a standard-
ized economy of “planting-farming”, one can effectively prevent the deterioration of the
ecological environment and enhance the soil environment’s quality; secondly, the reuse of
animal and poultry manure can significantly reduce the waste of resources, such that both
ecological and economic benefits can be significantly enhanced [58].

(2) Encourage the agricultural industry’s intelligence

We should encourage the intelligence of the agricultural industry, mainly focusing on
the study of agricultural products and industrial parks regarding the processes of cleaning,
extraction, processing, packaging, transportation, and so on, through the combination of
relevant production management software and hardware; timely, rapid, and accurate access
to the process of feedback information; and processing and applications supplemented
by quality control system, based on the production of “source control, process tracking,
product feedback”. This serves to form a traceability system based on “source control,
process tracking and product feedback”, thus realizing intelligent management of the
industrial park, improving industrial output efficiency, and increasing the overall efficiency
of enterprises. First, in the process of automatic sorting of agricultural products, image
processing technology may be used to quickly and accurately sort agricultural products.
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The specific process selects the agricultural products according to pre-set corresponding
standards through the modules of conveyor belts, video image acquisition and processing,
logical operations, and automation [59]. Second, in the production management process of
agricultural products, the information generated by the production process can be summa-
rized, analyzed, and processed in the form of data from sensors, then optimized to form
standardized production processes and operating procedures, consequently promoting the
transmission and optimization of experience and knowledge in the production process, in
turn actualizing the agricultural sector’s intelligent management and increasing the effec-
tiveness of enterprise output. Third, the establishment of agricultural quality traceability
systems must be promoted. Specifically, through a series of information on production
links, processing links, transportation links, inspection and quarantine, and product quality
and safety certifications, the information can be intelligently processed in the form of digital
information through a big data platform utilizing cutting-edge computer technologies such
as cloud computing, big data, and artificial intelligence, which can enable consumers to
achieve information traceability across time, space, regions, and subjects. This can aid
farmers in promptly modifying their production schedules and product architectures in
response to shifts in market demand [60], thus solving the problem of the “lemon market”
caused by asymmetric market information at the consumer level [61].

(3) Promote multi-functionalization of agricultural industry

The multi-functionalization of digital agriculture, as well as deep integration within the
digital agriculture industry and between the digital agriculture industry and other industries,
should be promoted. For this, market demand should be taken as the guide, digital agriculture
museums and science and technology museums should be created, and the development
of “digital agriculture +” and other related forms and modes should be promoted, in order
to develop diversified, characteristic, personalized, and customized functions of the digital
agriculture industry (e.g., food and medicine supply, breeding experience, entertainment and
leisure, tourism and sightseeing, cultural heritage, education and science popularization, and
recreation experiences), improve the supply capacity and quality of products and services
of the digital agriculture industry, and extend the digital agriculture value, industrial, and
spatial chains while fully utilizing its driving force [1,62,63].

(4) Promote the AGTFP and realize the conversion of old and new dynamics of agricul-
tural development

Promoting agricultural industrialization is an excellent choice for promoting the green
transformation and upgrading of agricultural production while realizing the change from
old to new dynamics in agricultural development. In order to advance the supply-side
structural change in agriculture, digital agriculture must break the original disciplinary
boundaries; allow for unity across regions, departments, and disciplines; change the
traditional old mode of agricultural production; promote the green transformation of
farming output methods; constantly speed up the conversion of technical innovation and
agriculture science and technology breakthroughs [52]; and, in the areas of arable land
quality maintenance, promote the selection and breeding of good seeds, the application
of green production technology, green product output, and nutritional enhancement of
agricultural products, among other aspects. By getting rid of the development dilemma of
the “ceiling” of agricultural prices and high production costs, we can improve the added
value of agricultural products, in order to actively promote the transformation of old and
new dynamics of agricultural development.

2.2.3. Theoretical Hypothesis

(1) Measurement of digital agriculture development level

Drawing on the relevant literature, and based on the concepts of objectivity, operability
and systematization, we developed a comprehensive evaluation system for the growth of
digital agriculture at the macro level. On the basis of relevant studies by scholars such
as Jiang S et al. [64] and Cui K et al. [65], combined with the actual situation and data
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accessibility, 13 specific indicators were selected to build the digital agriculture development
evaluation index system, as shown in Table 1. These include the length of optical fiber
cables, cell phone penetration rate, internet penetration rate, digital financial breadth and
depth, and so on.

Table 1. Digital agriculture development measurement indicators.

Variables Measurements Weight Positive and Negative Direction

Digital
Agriculture

Development
level

Fiber optic cable length (km) 0.0555 +

Cell phone penetration rate (per 100 people) 0.0180 +

Internet penetration rate 0.0191 +

Number of Internet-related employees 0.0183 +

Breadth of digital financial coverage 0.3713 +

Depth of digital financial usage 0.1525 +

Degree of digitalization of digital finance 0.0578 +

Converted full-time equivalent of R&D personnel
in industrial enterprises above scale (person-years) 0.0047 +

R&D expenditure of industrial enterprises above scale (10,000 CNY) 0.0170 +

The number of R&D projects (topics)
of industrial enterprises above the scale (items) 0.0200 +

Total turnover of technology contracts (10,000 CNY) 0.0584 +

Number of patent applications authorized (pieces) 0.0271 +

Telecommunications business volume (100 million CNY) 0.1802 +

Evaluation methods regarding digital agriculture have gradually transformed from
mainly single-indicator measures to comprehensive indicator measures. The evaluation of
digital agriculture development in foreign countries has mainly focused on constructing
assessment frameworks based on theoretical models or measuring a particular aspect of
technical measures, such as Li’s construction of an intelligent agricultural sustainability
analysis model, which has been used to study and analyze sustainable agricultural de-
velopment and explore intelligent paths for sustainable agricultural development [66].
Based on the idea of “experimental digital experimental farm”, Solodovnik et al. [67] have
proposed that the objective evaluation of digital efficiency at the level of specific farms
helps to select differentiated digital transformation strategies for agricultural enterprises.
Domestic scholars have mainly focused on the entropy method [64], entropy method and
Moran index [68], and entropy method and topsis [69] among other methods. From the
relevant literature, it was determined that the entropy value method is generally used as the
primary measure of digital agriculture development, in order to determine the appropriate
weights and to evaluate them. Therefore, in this paper, the comprehensive index of digital
agriculture advancement in various years and areas was measured using the entropy value
approach. The specific method is as follows:

First, standardization of indicator data is carried out to eliminate the interference of
their outline quantities. The standardization method is as follows:

First, positive indicators:

lij =
aij − min(a1j, a2j, · · · , anj)

max(a1j, a2j, · · · , anj)− min(a1j, a2j, · · · , anj)
(1)

Second, negative indicators:

lij =
max(a1j, a2j, · · · , anj)− aij

max(a1j, a2j, · · · , anj)− min(a1j, a2j, · · · , anj)
(2)
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where aij is the original indicator value, i represents the region, j represents the indicator,
and lij is the normalized indicator value, m represents the number of indicators, and
n represents the number of samples.

Third, the information entropy of the jth indicator:

ej = − 1
ln(n)

n

∑
i=1

(
lij

∑n
i=1 lij

ln
lij

∑n
i=1 lij

) (3)

Fourth, the weight of the jth indicator:

wj = (1 − ej)/∑m
j=1 (1 − ej) (4)

Finally, the combined score levels are calculated as:

pi = ∑m
j=1 wjlij (5)

(2) Green total factor productivity measurement in agriculture

In this paper, the AGTFP in 30 provinces was measured using the SBM-ML index
(Hong Kong, Macao, Taiwan, and Xizang were excluded due to incomplete data) from
2011 to 2019, drawing on the existing literature to measure input indicators in terms of
both intended and unwanted outputs. The input indicators included the quantity of
individuals employed in the primary sector, pesticide use, total mechanized agricultural
power, fertilizer application, agricultural sown area, effective irrigated area, and plastic
film use. Total primary sector production value represents the intended output, while
total agriculture carbon emissions represent the unwanted output. Drawing on related
studies [70], agricultural carbon emissions were measured using the equation:

E = ∑ Ei = ∑ Ti · δi (6)

Where E and Ei, respectively, represent the total agricultural carbon emissions and the
carbon emissions caused by various carbon sources, Ti and δi represents the specific number
of various carbon sources and their corresponding carbon emission coefficients.

We referring to the agricultural carbon source and carbon emission coefficient provided
by Min et al. [71], IPCC [72], Tian et al. [70]. Accounting for carbon emissions, including
fertilizer, pesticide, agricultural film, diesel, irrigation and so on. To reduce the impact of
price factors on the total output value of the primary industry, the base period of 2011 was
used, and the expected output was deflated with the help of the price index of the total
output value of the primary industry.

Second, the ML index can be decomposed into EC (technical efficiency change) and
TC (technical progress change), where technical efficiency reflects the situation that the
decision-making unit causes the production efficiency to change toward the frontier side
through management changes and other means, while technological progress directly
expresses the frontier-side change situation. This paper uses Matlab software to calculate
the SBM-ML index of non-expected output super-efficiency under CRS conditions.

(3) Analysis of the effect of digital agriculture development on AGTFP

Some foreign studies have regarded the development of digital agriculture as an
essential direction to improve agricultural production efficiency, and the authors believed
that digital agriculture is gradually changing agricultural production methods to achieve
further sustainable advancement of farming [73–77]. From an empowerment perspec-
tive, the empowerment of digital agriculture can encourage the development of a greener
transformation at a greater level in agriculture. Digital agriculture integrates modern
technological tools with lower environmental impact and a higher degree of informati-
zation, which can reduce the dependence on material resources based on the continuous
improvement of agricultural production efficiency and (directly or indirectly) improve the
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environmental and economic benefits of modern agriculture. Evidence has been shown
by the development experience of developed countries, which based on the use of digital
information technology and management models, encourage the development of a greener
transformation at a greater level in agriculture (i.e., effectively achieving carbon emissions
reductions by reducing fertilizer and pesticide inputs and fossil energy consumption). This
can significantly contribute to the development of the green agricultural transition [78]. This
view is confirmed by the development experience in China, where digital agriculture has
led to saved water resources, reduced fertilizer and pesticide use, and significantly reduced
labor use [79]. However, the role of digital agriculture empowerment in enhancing the state
of green transformation advancement in farming is conditional, and there is some logic or
mechanism underlying it. Studies have shown that the level of digitalization has a positive
contribution to total factor productivity in agriculture [60]. Furthermore, combined with
human capital, it is an endogenous force that promotes economic growth. Ding et al. [80]
have used educational attainment to measure human capital, and Wang et al. [81] have
verified that human capital promotes the green development of the economy. It has also
been suggested that there is a double threshold effect between AGTFP and human capi-
tal [82]. For this reason, studies have shown that research on digital agriculture on AGTFP
is involved but still needs to be improved, with few logical and empirical studies.

The following two research hypotheses are put forth in this work, based on the analyses
described above:

H1. The association between the growth of digital agriculture and AGTFP is an inverted U-shaped curve.

H2. Human capital plays a moderating role between digital agriculture development and AGTFP.

2.3. Model Setting
2.3.1. Benchmark Regression Model

To explore the effect of digital agriculture development on AGTFP, and to test hypothesis 1
(H1), we established a fixed effect model, as follows:

AGTFPit = α0 + α1DIGit + α2DIG2
it
+ ∑r

k=1 λkZkit + µi + ε it (7)

2.3.2. Moderating Effect Model

To examine the role of human capital in moderating between digital agriculture devel-
opment and AGTFP, hypothesis 2 (H2) was tested, and the specific model was constructed
as follows:

AGTFPit = β0 + β1DIGit + β2HCit + β3DIGit ∗ HCit + ∑r
k=1 λkZkit + µi + ε it (8)

2.3.3. Variable Description

The explained variable was agricultural green total factor productivity (AGTFP), and
the core explanatory variable was the level of digital agriculture development (DIG). The
control variables (Z) included level of foreign investment (FDI), as the ratio of foreign direct
investment to GDP; degree of government intervention (GOV), as the proportion of local
fiscal expenditure to regional GDP; human capital (HC), as the number of people educated
in primary school × 6 + number of people educated in junior high school × 9 + number
of people educated in senior high school × 12 + number of people educated in college
and above × 16, divided by the total number of people aged six and above; and financial
support to agriculture (FINA), as the ratio of spending on forestry, agriculture, and water
to overall fiscal spending.

2.4. Data Collection

In view of the availability and objectivity of data, panel data from 30 Chinese provinces
(excluding Hong Kong, Macao, Taiwan, and Tibet) from 2011 to 2019 were taken as research
samples. The data were gleaned from the Tertiary Industry Statistical Yearbook, China Sta-
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tistical Yearbook, Information Industry Yearbook, China Agricultural Statistics, China Animal
Husbandry Yearbook, China Rural Statistical Yearbook, China Agricultural Mechanization Indus-
try Statistical Yearbook, National Bureau of Statistics, Peking University Digital Inclusive
Finance Index, provincial statistical yearbooks, and Mark Data Network for 2011 to 2019.
Missing values in the data were filled in by interpolation and the mean value method.

3. Results
3.1. Analysis of the State of Growth of Digital Agriculture

The digital agriculture development of each province was measured from 2011 to 2019,
and we calculated the comprehensive index of digital agriculture advancement and the
average values for the eastern, central, and western regions. According to the regional
economic advancement level, we divided the provinces into three regions: east, middle, and
west. There were 11 eastern provinces, including Tianjin, Beijing, Liaoning, Hebei, Fujian,
Jiangsu, Shanghai, Shandong, Zhejiang, Hainan, and Guangdong; the central region cov-
ered eight provinces, including Shanxi, Henan, Anhui, Jiangxi, Heilongjiang, Jilin, Hunan,
and Hubei; and the western part covered 11 provinces, including Inner Mongolia, Yunnan,
Gansu, Shanxi, Guangxi Sichuan, Qinghai, Ningxia, Chongqing, Guizhou, and Xinjiang.
The specific composite indices for each province and distribution area are provided in the
following Table 2.

Table 2. Comprehensive indices of digital agriculture development for 30 provinces of China, 2011–2019.

Province 2011 2012 2013 2014 2015 2016 2017 2018 2019 Average Value

Beijing 0.0714 0.0874 0.1033 0.1113 0.1237 0.1237 0.1369 0.1626 0.1876 0.1231
Tianjin 0.0267 0.0344 0.0400 0.0435 0.0504 0.0511 0.0549 0.0677 0.0802 0.0499
Hebei 0.0263 0.0351 0.0475 0.0509 0.0600 0.0610 0.0804 0.1189 0.1545 0.0705

Liaoning 0.0329 0.0407 0.0504 0.0554 0.0639 0.0642 0.0758 0.0967 0.1161 0.0662
Shanghai 0.0462 0.0549 0.1227 0.0717 0.0805 0.0785 0.0875 0.1118 0.1312 0.0872
Jiangsu 0.0715 0.0933 0.1117 0.1174 0.1392 0.4330 0.1630 0.2221 0.2792 0.1811

Zhejiang 0.0606 0.0763 0.0945 0.1030 0.1257 0.1227 0.1466 0.1986 0.2521 0.1311
Fujian 0.0366 0.0465 0.0583 0.0607 0.0709 0.0690 0.0812 0.1093 0.1306 0.0737

Shandong 0.0425 0.0532 0.0690 0.0762 0.0919 0.0958 0.1167 0.1613 0.1985 0.1006
Guangdong 0.0837 0.0996 0.1290 0.1297 0.1536 0.1482 0.1912 0.2794 0.3685 0.1759

Hainan 0.0124 0.0188 0.0254 0.0280 0.0349 0.0333 0.0382 0.0476 0.0542 0.0325
Shanxi 0.0233 0.0308 0.0383 0.0418 0.0484 0.0487 0.0576 0.0755 0.0930 0.0508

Jilin 0.0163 0.0224 0.0302 0.0337 0.0405 0.2828 0.0485 0.0691 0.0810 0.0694
Heilongjiang 0.0178 0.0244 0.0330 0.0378 0.0442 0.0438 0.0582 0.0693 0.0859 0.0460

Anhui 0.0198 0.0294 0.0411 0.0465 0.0562 0.0614 0.0785 0.1123 0.1468 0.0658
Jiangxi 0.0120 0.0195 0.0278 0.0327 0.0406 0.0422 0.0641 0.0905 0.1159 0.0495
Henan 0.0226 0.0313 0.0464 0.0535 0.0654 0.0694 0.0853 0.1299 0.1674 0.0746
Hubei 0.0252 0.0345 0.0474 0.0539 0.0663 0.0693 0.0840 0.1141 0.1456 0.0712
Hunan 0.0203 0.0304 0.0413 0.0470 0.0555 0.0567 0.0773 0.1092 0.1439 0.0646

Inner Mongolia 0.0193 0.0277 0.0353 0.0377 0.0437 0.2988 0.0561 0.0690 0.4570 0.1161
Guangxi 0.0151 0.0224 0.0296 0.0339 0.0428 0.1953 0.0553 0.0848 0.1164 0.0662

Chongqing 0.0178 0.0249 0.0350 0.0405 0.0488 0.0515 0.0601 0.0830 0.1019 0.0515
Sichuan 0.0264 0.0372 0.0525 0.0606 0.0757 0.0749 0.0975 0.1453 0.1879 0.0842
Guizhou 0.0095 0.0166 0.0264 0.0301 0.0401 0.0414 0.0543 0.0841 0.1150 0.0464
Yunnan 0.0138 0.0226 0.0321 0.0366 0.0492 0.0478 0.0629 0.0939 0.1317 0.0545
Shanxi 0.0255 0.0335 0.0454 0.0513 0.0610 0.0632 0.0754 0.1055 0.1338 0.0661
Gansu 0.0106 0.0172 0.0259 0.0299 0.0365 0.0359 0.0454 0.0626 0.0780 0.0380

Qinghai 0.0124 0.0179 0.0239 0.0258 0.0321 0.0306 0.0353 0.0440 0.0477 0.0299
Ningxia 0.0091 0.0161 0.0220 0.0256 0.0316 0.0307 0.0363 0.0445 0.0487 0.0294
Xinjiang 0.0169 0.0253 0.0338 0.0356 0.0435 0.0416 0.0470 0.0675 0.0836 0.0439

Average value 0.0281 0.0375 0.0506 0.0534 0.0639 0.0955 0.0784 0.1077 0.1478 0.0737

Eastern 0.0464 0.0582 0.0774 0.0771 0.0904 0.1164 0.1066 0.1433 0.1775 0.0993

Central 0.0197 0.0279 0.0382 0.0434 0.0521 0.0843 0.0692 0.0962 0.1224 0.0615

Western 0.0199 0.0282 0.0389 0.0427 0.0524 0.0602 0.0644 0.0904 0.1158 0.0570

According to the results of the comprehensive index of digital agriculture development
level combined with Figure 1, it was found that, from 2011 to 2019, each province in
China had a large increase in average digital agriculture value, indicating that the sector’s
degree of development has been steadily rising and the overall trend is positive. Since
2018, all provinces in China have issued documents on “digital agriculture” and “digital
countryside” strategies. In response to the national policy, Figure 1 demonstrates that,
since 2018, the growth of digital agriculture has been steadily increasing. From the average
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value of each province, Jiangsu topped the list, with an average value of 0.1811, followed
by Guangdong with 0.1759; meanwhile, the bottom two were Qinghai and Ningxia, with
average values of 0.0299 and 0.0294, respectively. The top four provinces in China, in
terms of digital agriculture development, were Jiangsu, Guangdong, Zhejiang, and Beijing,
which are all eastern areas. This phenomenon may be due to the geographical advantages
of eastern regions, considering that their more developed economies provide convenient
conditions for the growth of local digital farming.
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Analyzing the east, middle, and west regions, the overall development trend showed
the trend of eastern > central > western, with average values of 0.0993 > 0.0615 > 0.0570, re-
spectively. The gap between the development of digital agriculture in the eastern provinces
was large, and the distribution was uneven. As can be seen from Figure 1, compared to
the national average, the east had a higher level of digital agriculture development. At the
same time, digital agriculture development was less advanced in the central and western
regions than it is nationwide. On the whole, first, from the standpoint of investment, the
eastern region has a geographical advantage since the majority of its provinces are coastal,
which helps to draw investment, spur local economic growth, and so advance the state of
local digital agriculture. Second, from the standpoint of learning capacity, there are some
variations in the level of digital literacy among farmers in various regions, which results
in varying degrees of farmers’ access to agricultural information and digital agricultural
technology during the process of developing digital agriculture, so that the application and
promotion of digital agricultural technology are hindered to varying degrees, leading to
the uneven development of eastern > central > western. Third, from a financial standpoint,
the promotion of agricultural marketization and large-scale promotion in the central region
would aid in generating economies of scale, offset the high cost of digital agriculture, and
further promote the sustainable development of digital agriculture; however, the farmers
in the west are dispersed and the cost of digital agriculture is high, making it difficult to
promote digital agriculture in this area. Specifically, Jiangxi and Heilongjiang, located in
the central region, had digital agriculture development values that were 0.0495 and 0.0460
below the national central average, respectively. Meanwhile, Henan’s comprehensive index
was 0.0746, lying between the national and eastern average values. The reason for the
relatively high level of digital agriculture in Henan is that Henan itself is a predominantly
agricultural province located on a plain, with a warm and humid climate, making it suit-
able for agricultural development. The higher overall index of digital agriculture in Inner
Mongolia among the western regions is mainly due to its good climatic conditions and
geographical advantages. Various government departments regard the creation of the
green food industry as an advantageous critical industry to be cultivated in the western
region, thus promoting the growth of digital farming in the area with the impetus of capital,
policies, and location advantages. Xinjiang, Qinghai, and Ningxia are still in the preliminary
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development stage of digital agriculture, due to their relatively remote locations, droughts
and water shortages, and rather harsh natural environments, resulting in a relatively low
level of digital agriculture development.

3.2. Green Total Factor Productivity Index Analysis for Agriculture

From Figure 2, we can see that, during the research period, China’s AGTFP index
showed an overall steady growth, with an overall average value greater than one and a
yearly growth rate of about 2.05% on average. From the figure, it can be seen that the
general trend fluctuated up and down from 2012 to 2016, with an upward trend after 2016.
The reason may be that the concept of green production in agriculture during the study
period was still in the primary stage while, since 2016, the relevant guidance programs
and agricultural green ecological subsidy policies such as “Zero Growth Use Program
of Fertilizer Use by 2020” and “Zero Growth Use Program of Pesticide Use by 2020”
were introduced to encourage localities to advocate green and environmentally friendly
production patterns.
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Secondly, from Table 3, we can find that the AGTFP index was only 0.94 in Shanghai,
which is lower than 1, while the AGTFP indices in other areas from 2011 to 2019 were
above 1. Meanwhile, from the decomposition index, the technical progress indices were all
above 1, while the technical efficiency index was below 1 in 12 provinces, indicating that
technological progress significantly contributes to the improvement of AGTFP. In contrast,
technical efficiency should be further improved.

Table 3. The average AGTFP index and decomposition index in 30 provinces of China, 2011–2019.

Province AGTFP Index EC TC

Beijing 1.08 1.01 1.07
Tianjin 1.17 1.11 1.09
Hebei 1.17 1.02 1.14
Shanxi 1.04 0.98 1.07

Inner Mongolia 1.00 0.95 1.06
Liaoning 1.06 0.96 1.12

Jilin 1.08 0.98 1.11
Heilongjiang 1.25 1.13 1.11

Shanghai 0.94 0.89 1.07
Jiangsu 1.08 1.00 1.08

Zhejiang 1.19 1.02 1.20
Anhui 1.05 0.98 1.07
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Table 3. Cont.

Province AGTFP Index EC TC

Fujian 1.06 1.00 1.06
Jiangxi 1.07 1.01 1.06

Shandong 1.08 0.99 1.09
Henan 1.08 0.99 1.09
Hubei 1.14 1.00 1.14
Hunan 1.05 0.98 1.07

Guangdong 1.06 1.00 1.06
Guangxi 1.09 0.95 1.15
Hainan 1.03 1.00 1.03

Chongqing 1.08 1.00 1.09
Sichuan 1.19 1.02 1.20
Guizhou 1.24 1.15 1.08
Yunnan 1.06 1.00 1.06
Shanxi 1.05 0.99 1.06
Gansu 1.07 1.01 1.07

Qinghai 1.11 1.01 1.10
Ningxia 1.18 1.01 1.16
Xinjiang 1.05 0.97 1.08

3.3. Analysis of the Effect of Digital Agriculture Development on AGTFP
3.3.1. Benchmark Regression test

Model (1) denotes a random effect without the inclusion of the squared term of
the independent variable; model (2) denotes the inclusion of the squared term of the
independent variable; and model (3) denotes a fixed effect model.

Regarding the effect of digital agriculture development on AGTFP, Table 4 displays
the results of the regression analysis: model (1) is a least squares regression of digital
agriculture development on AGTFP, and model (2) introduces the DIG2 on the basis of
model (1), in order to examine whether there is a non-linear effect of digital agriculture
development level on AGTFP. The Hausman test p-value was 0.0011—that is, noteworthy
at the 5% level—thus rejecting the random effect model. Therefore, the test using models
(2) and (3) revealed that DIG and DIG2 regression coefficients were significant at 1%. Thus,
digital agriculture development positively contributes to AGTFP, and there is an inverted
U-shaped curve relationship.

Table 4. Test results for the correlation between digital agriculture development and total factor
productivity in agriculture.

Variables (1) (2) (3)

DIG 0.5070 ** 2.3266 *** 2.1021 ***
(2.4832) (4.5420) (2.7901)

FDI 1.1195 1.5678 ** 0.4965
(1.6354) (2.2910) (0.4456)

FINA 0.0102 * 0.0125 ** 0.0189
(1.9275) (2.3403) (1.4700)

HC −0.0066 −0.0144 −0.0319
(−0.4640) (−1.0536) (−0.6072)

GOV 0.0944 0.2064 ** 1.1470
(1.1115) (2.4026) (1.0990)

DIG2 −5.0679 *** −4.3064 ***
(−4.3028) (−2.9575)

_cons 0.9500 *** 0.8673 *** 0.7501 *
(5.6223) (5.1561) (1.7426)

N 240 240 240
adj. R2 0.060 0.146 0.202

Note: t = statistics in parentheses; *, **, and *** indicate significance levels at 10%, 5%, and 1%, respectively.
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3.3.2. Moderating Effect Test

Based on the regression model shown in Table 5, the regression coefficient of the
interaction term (C_interact = HC × DIG) between the moderating variable and the core
variable after centering was −0.435, which was significant at the 1% level, meaning that
human capital moderates the impact of digital agriculture development on AGTFP.

Table 5. Test results of moderating effect of digital agriculture development on AGTFP.

Variables AGTFP

DIG 1.386 **
(0.525)

HC −0.0273
(0.0509)

C_interact −0.435 ***
(0.150)

FINA 0.0190
(0.0128)

GOV 1.156
(1.045)

FDI 0.499
(1.111)

Constant 0.733 *
(0.420)

Observations 240
R-squared 0.221

Number of id 30
Note: C_interact is the interaction term (i.e., C_interact = HC × DIG); *, **, and *** indicate significance levels at
10%, 5%, and 1%, respectively; t-values in parentheses.

3.3.3. Robustness Tests

Robustness analysis of the regression results was performed by subjecting the results
to robustness tests, mainly through replacing explanatory variables and panel quantile re-
gressions. First, panel quantile regression analysis was conducted (as shown in Table 6),
and the results were the same as in model (1); second, considering that digital agriculture
development and AGTFP may have an inverse causal relationship, to solve the endogeneity
problem, the level of digital agriculture development lagged by one period was brought into
the regression as an instrumental variable. The F value was 59.2282 > 10 (p = 0.0000), and the
findings indicated that the explanatory factors were still important. The results were as in
model (2). Furthermore, these results indicate that the empirical results were robust.

3.3.4. Heterogeneity Analysis

Considering that digital agriculture development can be affected by regional differ-
ences, which may lead to differences in the research results, we attempted to analyze
whether the extent of digital agriculture advancement in various locations had similar or
different impacts on AGTFP. Table 7 presents the outcomes. Columns (1)–(3) of Table 7
demonstrate that the impact of digital agriculture development level on AGTFP in the
western region was not significant, while the impact of the digital agriculture advancement
level on AGTFP in the eastern and central areas was significant. It presented an inverted
U-shaped curve, and the center and eastern areas showed DIG and DIG2 significance at the
10% level. The main reasons for this may be as follows: first, the location advantage and
economic development level in the east make it easier to promote agricultural technology
innovation and improve the optimization of resource allocation, thus helping to improve
AGTFP; second, the central region has higher marketization and scale of agriculture, as
well as better adoption of agricultural mechanization, therefore promoting production
efficiency, which leads to the improvement in AGTFP level; third, due to its remote location,
harsh climatic environment, lagging infrastructure construction, and backward agricultural
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science and technology, the western region is not conducive to introducing external funds,
such that the advancement of digital agriculture presented no significant effect on AGTFP.

Table 6. Robustness test results of digital agriculture development on AGTFP.

Variables Panel Quantile Regression (1) IV(2sls) (2)

q25 Q50 Q75 Q90

DIG
0.2240 ** 0.2881 *** 0.8905 ** 1.4926 *** 1.1241 ***
(2.5352) (2.7693) (2.4977) (3.3083) (3.0171)

FDI
−0.1281 0.2620 1.5931 2.1374 2.0909 ***

(−0.3081) (0.7869) (1.6308) (1.5408) (2.6998)

FINA
0.0043 * 0.0035** 0.0073 ** 0.0077 * 0.0108 **
(1.7410) (2.0748) (1.9888) (1.7218) (2.4212)

HC
−0.0156 ** −0.0030 −0.0063 −0.0063 −0.0199
(−2.4356) (−0.3290) (−0.5056) (−0.3181) (−1.3201)

GOV
−0.1101 ** 0.0307 0.2461 ** 0.5708 ** 0.2528
(−2.0677) (0.9062) (2.4541) (2.3509) (1.6220)

_cons 1.1396 *** 1.0173 *** 0.9356 *** 0.8518 *** 0.9602 ***
(15.2156) (11.1162) (8.5725) (5.3075) (6.1392)

Note: *, **, and *** indicate significance levels at 10%, 5%, and 1%, respectively.

Table 7. Analysis of heterogeneity results of digital agriculture development on total factor produc-
tivity in agriculture.

Variables East Part West Part Central Part

(1) (2) (3)

DIG 1.1655 * −0.2623 11.4744 *
(1.7006) (−0.2536) (1.7565)

DIG2 −2.2953 * −0.0819 −36.3157 *
(−1.6697) (−0.0384) (−1.7743)

FDI 2.7251 *** −2.0244 −9.7345
(3.4360) (−1.1796) (−1.6195)

FINA 0.0139 ** 0.0059 0.0442 **
(2.3011) (0.8032) (2.3016)

HC −0.0064 −0.1087 ** −0.1899
(−0.4330) (−2.4156) (−1.4252)

GOV −0.4113 ** −0.3896 * 1.5338
(−2.0256) (−1.7817) (1.1812)
(0.2625) (1.8506) (−1.3143)

Year YES YES YES
_cons 0.8877 *** 2.0342 *** 1.8254 **

(5.4539) (5.3993) (2.2624)

N 88 88 64
adj. R2 0.279 0.274 0.396

Note: *, **, and *** indicate significance levels at 10%, 5%, and 1%, respectively.

4. Conclusions and Policy Implications
4.1. Conclusions

In this paper, we constructed an index system for digital agriculture development
and AGTFP. First, the entropy value method and SBM-ML index model were used to
evaluate the state of digital agriculture advancement and AGTFP in 30 provinces of China
from 2011–2019, respectively; then, a fixed effect model and a moderating effect model
were constructed to examine the impact of digital agriculture development on AGTFP. The
following study findings were deduced: First, the growth level of digital agriculture was
positive during the study period, while technical efficiency in the AGTFP decomposition
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index presented some room for improvement. Second, we confirmed that there is an inverse
U-shaped association between AGTFP and the advancement of digital agriculture. This
suggests that, to a certain extent, the advancement of digital agriculture will impede the
advancement of AGTFP. Third, we verified the moderating effect of human capital between
digital agriculture development and AGTFP.

4.2. Policy Implications
4.2.1. Strengthen the Construction of an Organizational Mechanism

A whole organizational system to fortify the growth of the digital farming sector’s or-
ganizational structures and creating a working path of “government–industry organization–
lead enterprises–cooperatives–grassroots party organizations–farmers” should be built in
order to realize the sustainable promotion of digital agriculture industrialization. First,
the government must take the lead in promoting the process of digital agriculture indus-
trialization, actively cultivate leading enterprises, and implement leading enterprises to
drive local cooperatives. Second, the establishment of industry organizations, as well as
close contact and integration between the government, enterprises, and various resources
from industries, academia, and research to serve as a link and a bridge. Third, grassroots
party organizations should be utilized as a grip to build a linkage and integration platform
for cooperatives and local farmers, reach out to farmer groups, and encourage farmers to
participate through a series of measures such as active guidance, support, and incentives
promoting their participation in the development of digital agriculture industry.

4.2.2. Construction of Digital Agricultural Production Standardization Base

The construction of standardized production bases for digital agriculture should
be vigorously strengthened. The standardization system may be formulated in three
aspects—natural conditions of the base, production process, and final agricultural
products—which help to facilitate the production of agricultural products and processed
products with high quality, high standards, and high added value to adequately meet
market demands. First, to improve the natural conditions of the base, matched with the
actual soil conditions in the area, we should choose high-quality soil rich in minerals
and trace elements which, according to regional soil differences and crop types, may be
supplemented through scientific fertilization improvement technology and/or the com-
prehensive use of planting waste, in an effort to achieve the sustainable cycle of planting
and raising while improving the overall fertility of the soil. Second, the production process
relies on scientific research institutes to transform the results of scientific and technologi-
cal practice, strengthen deep processing technology, constantly improve key production
technology, and optimize the production process to increase the productivity of business
output. Finally, concerning the finished agricultural products, the vigorous development of
multi-functional fruits, drinks, healthcare products, and skin care products can be achieved,
realizing the diversification, serialization, and high added value of agricultural products. In
addition, refrigeration and preservation, packaging, logistics, and distribution technologies
must be further developed, in order to create a standardized base for digital agricultural
production, thus continuously improving the comprehensive benefits.

4.2.3. Strengthen the Certification and Traceability of Digital Agricultural Products

There is no national certification for digital agricultural products at present. It is
essential to further lead the development of digital farm product certification with an inno-
vation drive, in order to carry out digital agricultural food safety management system and
good manufacturing practice (GMP) certifications according to the breeding environment,
production links, and circulation links in agriculture. Products certified for agricultural
product quality and safety, under the food safety law of the People’s Republic of China,
promote the high quality and safety of farm products and further enhance their credibil-
ity among the public. Certification raises the threshold effect and reflects the difference
and uniqueness of digital agricultural products, thus enhancing competitiveness in the
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product market. Additionally, certified digital agricultural products can be quality-traced.
Through traceability platforms, information on the original environment, production, pro-
cessing, and other aspects of agricultural products can be traced, thus further increasing
the informational transparency of farm products and dissolving information asymmetry.

4.2.4. Improve the Social Services of the Agricultural Industry

In the stage of rural revitalization, in order to improve AGTFP, we must constantly
improve the social service system underlying the agricultural industry. First, we should take
government support as the guide, supplemented by market demand-oriented supply, and
continuously improve and perfect digital agriculture market system construction. Secondly,
digital agriculture production services must be strengthened by combining the actual
development of digital agriculture in different regions; screening excellent varieties suitable
for development; enhancing technologies related to microorganism monitoring, breeding,
agronomy, deep processing, and waste recycling processes; and strictly controlling the
quality of nutritional safety through monitoring information feedback. Again, we must
strengthen digital agriculture financial services, reduce taxes and fees, and set up special
risk funds. Through the mode of “digital agriculture +”, we can continue to make up for the
shortage of funds needed for developing digital agriculture. Finally, the quality of digital
agriculture information services should be improved, by strengthening the construction
of agricultural network facilities in various regions, building a digital agriculture market
information service platform, at the same time, conducting multifaceted publicity and
building a technical training platform to promote the growth of digital farming and improve
economic benefits in an ongoing manner.
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