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Abstract. To synergistically promote the development of new quality agricul-

tural productivity and accelerate the comprehensive green and low-carbon 

transformation of the economy and society. Based on the constructed Numerical 

Intelligence Indicator System, this paper quantitatively measures the develop-

ment level of Numerical Intelligence in each province based on the panel data 

of 30 provinces (except Tibet, Hong Kong, Macao, and Taiwan) from 2011-

2022, and constructs a two-way fixed model, mediation effect model, and 

threshold effect model to examine the effect and mechanism of Numerical Intel-

ligence on agricultural carbon emission reduction. The study finds that digital 

intelligence has a significant effect on agricultural carbon emission reduction, 

and the conclusion still holds after a series of robustness tests. Numerical Intel-

ligence promotes agricultural carbon emission reduction by promoting green 

technology innovation and improving rural human capital. The results of the 

threshold effect show that the inhibitory effect of digital intellectualization on 

agricultural carbon emissions is also affected by the degree of government in-

tervention and the level of agricultural mechanization. Further, there is signifi-

cant regional and environmental regulation heterogeneity in the impact of Nu-

merical Intelligence on agricultural carbon emissions. In both the central and 

northeastern regions, Numerical Intelligence shows a significant inhibitory ef-

fect, and the effect is greater in the northeastern region; the emission reduction 

effect is significant in regions with high levels of environmental regulation. 

Keywords: Digital Intelligence, Agricultural Carbon Emission, Green Low-

Carbon. 

1 Introduction 

Agriculture stabilizes the nation, and grain secures the people. In 2024, China's total 

grain production reached 1.4 trillion jin for the first time, marking the 21st consecu-

tive year of grain production growth. However, China's agricultural development has 

followed the theoretical logic of neoclassical economics, relying on traditional, re-

source-intensive production models characterized by high energy consumption to 

pursue agricultural productivity and grain supply, resulting in a continuous increase in 

agricultural carbon emissions[1]. Data from the United Nations Food and Agriculture 
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Organization (FAO) report shows that China's fertilizer application intensity in 2019 
was 513.34 kg/hm², far exceeding the international safety threshold (225 kg/hm²), 
making the agricultural sector the second-largest source of greenhouse gas emissions. 
Green and low-carbon agricultural development is crucial for national food security, 
ecological pollution prevention and control, and provides important support for global 
climate governance. As a responsible major country, China has always been an active 
participant in global climate governance, having set the target of reducing greenhouse 
gas emissions by 40%-50% by 2020 compared to 2005 levels at the 2009 Copenhagen 
Conference. In 2020, China explicitly proposed the “dual carbon” strategic goal at the 
75th session of the United Nations General Assembly. The Third Plenary Session of 
the 20th Central Committee of the Communist Party of China also clearly outlined the 
reform tasks for establishing a green and low-carbon development mechanism. These 
policies require all sectors, including agriculture, to contribute, while also providing a 
policy basis for low-carbon development in agricultural production. Against this 
backdrop, how to achieve systematic suppression of agricultural carbon emissions 
through technological innovation has become a key issue in both theory and practice. 

Meanwhile, the integration of digital technology with intelligent technologies such 
as machine learning and artificial intelligence is gaining momentum. Scholars are 
shifting their focus from digital technology to intelligent technology. The transition 
from “data to digital intelligence” has become a key focus of research, aiming to em-
power information systems through the digital intelligence transformation and contin-
uous updates across all stages of the value chain[2]. Digital intelligence represents the 
innovative integration of digitalization, networked collaboration, and intelligent deci-
sion-making, driven by the deep penetration of next-generation information technolo-
gies across the entire industrial value chain[3]. The vision of digital intelligence-driven 
governance in rural areas is to build a knowledge-intensive society while achieving 
“dual intelligence integration”—merging artificial intelligence with collective wisdom 
to drive production and governance[4]. Therefore, can digital intelligence promote 
agricultural carbon emissions reduction? What is its mechanism of action? Answering 
these questions holds significant theoretical and practical implications for understand-
ing the impact of digital intelligence on agricultural carbon emissions and how digital 
intelligence can mitigate agricultural carbon emissions. 

Digital intelligence, as a new paradigm integrating digitalization and intelligence, 
provides technological support for the low-carbon transformation of agriculture. The 
academic community has engaged in extensive discussions on the emission reduction 
effects of digitalization and intelligence. Some scholars argue that the digital econo-
my has dynamic and spillover effects on agricultural carbon emission reduction, and 
that the digital transformation of the entire industrial chain can effectively improve 
the level of agricultural social services, thereby promoting the development of low-
carbon agriculture[5]; Agricultural digitalization has spatial spillover effects on agri-
cultural carbon emissions reduction, as digital network effects accelerate the cross-
regional circulation of agricultural data elements and enhance information standardi-
zation levels[6]. Another group of scholars argues that the application of intelligent 
robots can achieve low-carbonization through spatial clean spillover and low-carbon 
diffusion along the value chain, but due to the interdependent relationship between 
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upstream and downstream industries, they objectively evaluate the development of 
intelligent low-carbonization[7]; By integrating intelligent information technology 
with expert knowledge and farmers' practical experience, agricultural data can be 
analyzed comprehensively. Utilizing a “networked modular agricultural expert sys-
tem” development platform, intelligent systems can be developed to influence crop 
growth and thereby achieve a certain degree of suppression of agricultural carbon 
emissions[8]. 

Through a review of the literature, it was found that existing studies primarily fo-
cus on single technological dimensions, with a lack of systematic analysis of the syn-
ergistic mechanisms driven by the integration of digitalization and intelligence. Based 
on this, this paper utilizes panel data from 30 provinces in China from 2011 to 2022 to 
comprehensively and systematically investigate the inhibitory effect of digital-
intelligence integration on agricultural carbon emissions, expanding the research 
scope in the following three aspects: First, it breaks away from the single-dimensional 
perspective of either digitalization or intelligence, integrating both technological 
characteristics to reveal the impact of digital-intelligence integration on agricultural 
carbon emissions and analyzing changes in the digital-intelligence integration index 
across provinces. Second, using a mediation effect model, this study verifies the 
transmission role of green technological innovation and rural human capital levels in 
digitalization-driven emissions reduction. Third, this study introduces the degree of 
government intervention and agricultural mechanization levels as threshold variables 
to explore their effects on the suppression of agricultural carbon emissions by digital-
ization at different levels. 

2 Literature Review and Research Hypotheses 

2.1 The Direct Impact of Digitalization on Agricultural Carbon Emissions 

The theoretical logic behind the use of digital intelligence to reduce carbon emissions 
in agriculture is as follows: First, digital intelligence, as a new strategic organizational 
form leading the next round of technological and industrial revolution, is a higher-
level industrial form distinct from digitization and intelligence. Its high innovative-
ness, strong penetrability, and broad coverage make it an important engine for achiev-
ing Chinese-style modernization[9]. Digital intelligence drives the emergence of new 
digital smart agriculture business models, which build economies of scale through 
cost reduction and efficiency improvement[10], thereby promoting carbon emission 
reduction in rural areas. Second, digital intelligence and intelligence reconfigure agri-
cultural infrastructure and factor management, achieving precise control of agricultur-
al input energy consumption through improved resource utilization efficiency; it also 
establishes a dynamic monitoring system for farmland ecosystems, supporting coor-
dinated governance of pollution prevention and carbon sink expansion[11]. Third, in 
terms of agricultural industrial agglomeration, digital intelligence and intelligence can 
drive agricultural digitization and mechanization, thereby promoting the improvement 
of rural economic development levels and playing a role in suppressing carbon emis-
sions from agricultural production[12]. Fourth, digitalization builds a traceability sys-



 

 
 

 
 

 

 

 
 

         Research on the Effects and Mechanisms of Digital Intelligence on …    601

tem for the entire agricultural product supply chain, driving green and low-carbon 
consumption through a dual mechanism of consumer demand traction and market 
supply upgrading. Fifth, digital technologies break down time and geographical barri-
ers in traditional agricultural supply chains, enabling complementary advantages 
among farmers, agricultural enterprises, and distributors to enhance supply chain 
collaboration efficiency. Based on this, the following hypothesis is proposed: 

H1: Digitalization can reduce carbon emissions in agriculture. 

2.2 The Mediating Effect of Green Technological Innovation and Rural 
Human Capital Levels 

From the perspective of green technological innovation, first, structural adjustment is 
the fundamental approach to energy conservation and emissions reduction, and scien-
tific and technological progress is the key to achieving these goals[13]. Digital intelli-
gence relies on data interconnection to promote green information sharing and opti-
mal resource allocation, thereby reducing R&D costs; it also drives corporate clean 
technology upgrades and pollution control innovation, and establishes a coordinated 
mechanism for pollution reduction and carbon emission reduction[14]. Second, digital 
technology enhances corporate demand for green technologies by organizing and 
analyzing information on green products and consumer preferences, thereby driving 
the development of high-tech industries. This, in turn, promotes green technology 
innovation and reduces carbon emissions[15]. 

From the perspective of rural human capital, first, the continuous development of 
digital intelligence can directly or indirectly inject financial vitality into the rural edu-
cation sector[16]. On the one hand, digital finance can provide diversified insurance 
and financial products to help farmers stabilize their economic footing, thereby stimu-
lating their willingness to invest more funds in human capital improvement. On the 
other hand, high-tech industries can attract more enterprises to settle in the local area, 
providing employment opportunities and further stimulating families' motivation to 
improve human capital. As rural human capital levels improve, environmental aware-
ness also increases. Second, human capital, as a core driving factor, significantly en-
hances the level of agricultural total factor productivity (TFP). When rural human 
capital levels rise, this is often accompanied by enhanced ecological conservation 
awareness. In agricultural production, there is greater investment in high-quality, 
green production factors, and the adoption of environmentally friendly and sustaina-
ble production methods[17], making the digitalization-driven suppression of agricultur-
al carbon emissions more efficient. Based on this, the following hypothesis is pro-
posed: 

H2: Digitalization can further reduce agricultural carbon emissions through green 
technological innovation and improvements in rural human capital levels. 
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2.3 Threshold Effects of Government Intervention and Agricultural 
Mechanization Levels 

Based on the theoretical analysis above, the digitalization-driven reduction of agricul-
tural carbon emissions does not only involve a linear mechanism but also exhibits 
certain nonlinear relationships. Therefore, this paper further examines the threshold 
effect of digitalization on agricultural carbon emissions from two perspectives: the 
degree of government intervention and the level of agricultural mechanization. 

2.3.1 Degree of Government Intervention. The disparity in China's digitalization 
levels is not only related to regional economic development but is also influenced by 
the degree of local government intervention. The Kuznets curve effect indicates that 
during the early stages of economic development, income inequality is severe, and 
government investment allocation is skewed. Under China's unique system of political 
centralization and economic decentralization, local governments hold fiscal autono-
my, which not only enhances their ability to drive regional economic growth but also 
serves as an important tool for political advancement[18]. Agricultural carbon emis-
sions, as one indicator of performance, are also prioritized by local governments. 

2.3.2 Level of Agricultural Mechanization. Agricultural mechanization serves as the 
core driver of modern agricultural transformation, influencing agricultural carbon 
emissions through optimized crop layout, enhanced factor productivity, and expanded 
scale operations[19]. Uneven regional digitalization development may exacerbate agri-
cultural mechanization's reliance on energy due to insufficient technological adapta-
tion. In regions where traditional mechanization is widespread but digitalization lags 
behind, the absence of intelligent scheduling and precision operation technologies 
leads to low agricultural resource utilization efficiency, resulting in regional increases 
in carbon emissions. However, once mechanization levels surpass a critical threshold, 
the efficient, intensive operation of large-scale agricultural machinery will drive agri-
cultural carbon emissions efficiency into a declining trajectory. Agricultural machin-
ery-based conservation tillage improves soil physical properties, synergistically en-
hancing soil productivity and carbon sequestration capacity, thereby achieving syner-
gistic benefits in carbon sequestration and emissions reduction[20]. 

Therefore, the following hypothesis is proposed: 
H3: The impact of digitalization on agricultural carbon emissions is subject to 

thresholds in terms of the degree of government intervention and the level of agricul-
tural mechanization. 

3 Research Methods and Data Sources 

3.1 Model Setting 

To verify the above research hypothesis, we first constructed the following fixed-
effects model that directly affects the structure: 
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itiiititit XDigiCarbon   000ln  (1) 

In Equation (1): i  denotes provinces, autonomous regions, and municipalities; t  

denotes time; itCarbon denotes total agricultural carbon emissions; itDigi  denotes 

digitalization level; itX  denotes control variables; i  and i  denote regional effects 

and time effects, respectively; it  is the random disturbance term. 

To verify the indirect impact of digitalization on agricultural carbon emissions, this 
paper employs a three-step mediation effect model to examine the influencing mecha-
nisms: 1) Examine the impact of digitalization on the total amount of agricultural 
carbon emissions; 2) Examine the relationship between digitalization and the mediat-
ing variables; 3) Examine the impact of digitalization levels on total agricultural car-
bon emissions through the mediating variable. The first step is the same as Equation 
(1), while the second and third steps are as shown in Equations (2) and (3): 

itiiititit XDigiM   111  (2) 

itiiitititit XMDigiCarbon   2222ln  (3) 

In the equation, itM  represents the mediator variable, and the other variables are 

the same as in equation (1). 
Finally, to verify the effect of government intervention and agricultural mechaniza-

tion levels on the total carbon emissions from agriculture, this paper constructs the 
following threshold regression model: 

itititititit 

ititititit 

XTIDigi 

TIDigiTIDigiCarbon 
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 
 

)( 

)()(ln 

23 

2121 10
 (4)

In the formula, itT  is the threshold variable; 1  and 2  are different threshold 

values, 21   ;   I  represents the indicator function, which satisfies the condition 

when I=1, otherwise I=0. 

3.2 Variable Selection 

3.2.1 Explained Variable. Agricultural carbon emissions (Carbon). Considering the 
differences in agricultural development across the country, this paper refers to the 
research of Li Bo et al.[21] and constructs the following agricultural carbon emission 
measurement model based on six types of carbon sources: 

  iii TTZTZ   (5)
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In Equation (5), iTZ represents the carbon emissions from six carbon sources; 

iT represents the absolute amount of carbon sources; i represents the carbon emis-

sion coefficients of different carbon sources, as shown in Tab le 1. 

Table 1. Agricultural carbon emission sources and their coefficients. 

Carbon source Carbon emission factor Reference sources 

Diesel fuel 0.59kg∙kg-1 IPCC2013 
Irrigation 266.48kg∙hm-2 Duan Huaping etc 

Plow 312.60kg∙km-2 Li Bo, etc. 

Fertilizer 0.89kg∙kg-1 Oak Ridge National Laboratory, USA 

Pesticide 4.93kg∙kg-1 Oak Ridge National Laboratory, USA 

Agricultural film 5.18kg∙kg-1 Ecological Environment, Nanjing Agricul-
tural University 

3.2.2 Core Explanatory Variable. Digital Intelligence Level (Digi). This paper estab-
lishes an evaluation system for digital intelligence levels primarily based on two as-
pects: digitization and intelligence. In terms of digitization, the research methods of 
Zhao Tao et al.[22] and Tian Yun et al.[23] are referenced, with four dimensions— 
digital infrastructure, talent resources, economic benefits, and others—selected to 
describe interprovincial digitization levels. Among these, infrastructure includes indi-
cators such as the length of optical fiber lines and the proportion of administrative 
villages with postal services; talent resources include indicators such as local govern-
ment education expenditures; and economic benefits include indicators such as the 
inclusive finance index. In terms of intelligence, drawing on the research methods of 
Luo Liangwen et al.[24] Three dimensions—intelligent infrastructure conditions, com-
prehensive application, and economic benefits—are proposed to depict inter-
provincial intelligence levels. Among these, foundational conditions include indica-
tors such as smart infrastructure (number of internet broadband access ports/number 
of internet users); comprehensive application includes indicators such as the main 
business revenue of high-tech industries; and economic benefits include indicators 
such as total profits of high-tech industries. Finally, the entropy method will be used 
to calculate the digitalization levels of each province, autonomous region, and munic-
ipality. 

3.2.3 Mediating Variables. Green technological innovation (lnGti) and rural human 
capital level (AHU). Technological innovation is one of the key factors in curbing 
agricultural carbon emissions. Referring to the method used by Bai Tingting et al.[14] 
This paper uses the logarithm of the number of green patents to measure green tech-
nological innovation. Referring to the method used by Zhong Xiaohua[25], the product 
of the number of R&D personnel and the ratio of the output value of agriculture, for-
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estry, animal husbandry, and fisheries to regional GDP is used to measure the level of 
rural human capital. 

3.2.4 Threshold Variables. Government intervention level (GOV) and agricultural 
mechanization level (AM). This paper draws on the research methods of Zhang Jing 
et al.[26] and uses the ratio of local fiscal expenditure to local gross domestic product 
to characterize the level of government intervention. Referring to the methods of Zeng 
Yanwen et al.[27] The ratio of agricultural machinery investment to the number of 
people employed in the primary industry is used to measure the level of agricultural 
mechanization. 

3.2.5 Control Variables. Based on existing research and considering the scientific 
validity and availability of data, this paper selects the following indicators: level of 
economic development (lnAgdp)[23], rural electricity usage level (EL)[23], industrial 
agglomeration level (IA)[12], agricultural public investment (API)[28], and crop disaster 
level (DAM)[29]. Among these, the level of economic development is represented by 
the ratio of agricultural added value to the number of employees in the primary sector, 
expressed as a logarithm; the level of rural electricity use is represented by the ratio of 
rural electricity consumption to the rural population; the level of industrial agglomera-
tion is measured by the ratio of the proportion of employees in the primary sector in a 
province to the total number of employees in the primary, secondary, and tertiary 
sectors in the region, compared to the national ratio of employees in the primary sec-
tor to the total number of employees in the primary, secondary, and tertiary sectors 
nationwide; Agricultural public investment is represented by the amount of fixed 
investment in agriculture, forestry, animal husbandry, and fisheries; crop disaster 
severity is assessed using the ratio of disaster-affected area to total sown area as an 
evaluation indicator. 

3.3 Data Sources and Descriptive Analysis 

This paper takes 30 provinces in China (excluding Tibet, Hong Kong, Macao, and 
Taiwan) from 2011 to 2022 as the research object. The relevant data are sourced from 
the China Statistical Yearbook, China Tertiary Industry Statistical Yearbook, China 
Rural Statistical Yearbook, and provincial statistical yearbooks and statistical bulle-
tins for the corresponding years. The Digital Inclusive Finance Index is sourced from 
the Peking University Digital Finance Research Center; supplementary data is 
sourced from the statistical yearbooks of each province for the corresponding years; 
in the actual data analysis, missing data is filled using methods such as linear interpo-
lation and ARIMA model interpolation. The descriptive statistical analysis of the 
main variables is shown in Table 2. 
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Table 2. Descriptive statistical analysis of variables. 

Variable 
type 

Variable name Notation 
Average 

value 
Standard 
deviation 

Maximum Minimum  

Explained 
variable 

Total agricultural 
carbon emissions 

lnC 5.448 1.040 6.903 2.633 

planatory 
variable 

Digital intelligence 
level 

Digi 0.121 0.130 0.924 0.001 

Level of economic 
development 

lnAgdp 0.557 0.507 1.925 -0.981 

Level of rural elec-
tricity consumption 

EL 0.020 0.051 0.413 0.001 

variables 
Level of industrial 

agglomeration 
IA 1.036 0.455 2.014 0.065 

Public investment in 
agriculture 

API 0.833 0.833 4.950 0.002 

Area of crop damage DAM  0.141 0.116 0.696 0.004 

Mediating 
Green Technology 

Innovation 
lnGti 8.344 1.456 11.653 4.248 

variables Level of rural human 
capital 

AHU 
 

0.251 0.208 1.078 0.011 

Threshold 
Level of government 

intervention 
GOV 

 
0.259 0.111 0.758 0.105 

variables Level of agricultural 
mechanization 

AM 4.874 2.377 13.689 1.556 

4 Empirical Results 

4.1 Benchmark Regression Analysis 

4.1.1 Benchmark Regression Results. Table 3 presents the regression results for the 
direct impact of digitalization on agricultural carbon emissions. Column (1) shows the 
univariate regression of digitalization on agricultural carbon emissions, indicating that 
digitalization significantly suppresses agricultural carbon emissions at the 1% level, 
with an impact coefficient of -0.330. Additionally, by gradually incorporating control 
variables, it is observed that when rural electricity consumption increases, there is a 
greater investment in mechanical production activities, leading to extensive operation 
of electrically powered agricultural equipment and consequently higher carbon emis-
sions. The positive correlation between industrial agglomeration levels and carbon 
emissions may be attributed to the following: first, an increase in the number of em-
ployed individuals in the primary sector, coupled with greater investment in rural 
production activities, further drives agricultural carbon emissions. Column (6) pre-
sents the final regression results after gradually incorporating all control variables. It 
is evident that digitalization has a significant inhibitory effect on agricultural carbon 
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emissions. Specifically, for every 1% increase in the growth rate of digitalization, the 
total agricultural carbon emissions decrease by 0.189%. Therefore, hypothesis H1 is 
validated. 

Table 3. Benchmark regression results. 

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

 lnC lnC lnC lnC lnC lnC 

Digi -0.330*** -0.352*** -0.327*** -0.190** -0.188** -0.189** 

lnAgdp  0.058** 0.068** 0.212*** 0.208*** 0.214*** 

EL 

 

 

 

 

 

0.387*** 

(0.005) 

0.471*** 

(0.000) 

0.466*** 

(0.000) 

0.476*** 

(0.000) 

API 

 

 

 

 

 

 

 

 

 

0.004 

(0.625) 

0.003 

(0.712) 

DAM 

 

 

 

 

 

 

 

 

 

 

 

0.055 

(0.253) 

Cons 

 

5.488*** 

(0.000) 

5.491*** 

(0.000) 

5.486*** 

(0.000) 

5.104*** 

(0.000) 

5.108*** 

(0.000) 

5.095*** 

(0.000) 

Individual 
effect 

YES YES YES YES YES YES 

Time effect YES YES YES YES YES YES 

N 360 360 360 360 360 360 

R2 0.465 0.472 0.485 0.538 0.538 0.540 

Note: ***, **, * denote significant at the 1%, 5%, and 10% levels, respectively; values reported in pa-

rentheses are p-values corrected for robustness, below. 

4.1.2 Stability Test. To ensure the reliability of the research conclusions, the follow-
ing methods were used for robustness testing: 

First, the core explanatory variables were replaced. The digitalization levels of 
each province were originally constructed using the entropy weight method, but were 
now reconstructed using principal component analysis. The new regression results are 
shown in columns (1) and (2) of Table 4. Clearly, digitalization significantly sup-
presses agricultural carbon emissions. 

Second, replacing the dependent variable. Considering the differences in economic 
development and population size across regions, agricultural carbon emissions density 
is used to replace the total agricultural carbon emissions. Carbon emissions density is 
measured by the ratio of total carbon emissions to the rural population in each region. 
As shown in columns (3) and (4) of Table 4, the regression coefficients are signifi-
cantly negative regardless of whether the control variables are included or not. 
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Third, removing extreme outliers. Since data outliers may introduce bias in regres-
sion results, this study applied 1% level of Winsorization (i.e., tail trimming) to all 
variables, and then re-evaluated the specific impact of digitalization on agricultural 
carbon emissions reduction using the processed data. Columns (5) and (6) of Table 4 
show that the results are consistent with the previous findings, further validating the 
robustness of the regression results in this study. 

Table 4. Results of stability test. 

Variables 

Remove extreme outli-
ers 

Replace the core ex-
planatory variable 

Replace the explanato-
ry variable 

(1) (2) (3) (4) (5) (6) 

Digi 

 

-0.320*** 

(0.002) 

-0.195* 

(0.053) 

-0.130*** 

(0.000) 

-0.085*** 

(0.000) 

-0.402*** 

(0.000) 

-0.226** 

(0.014) 

lnAgdp 

 

 

 

0.221*** 

(0.000) 

 

 

0.028*** 

(0.010) 

 

 

0.215*** 

(0.000) 

EL 

 

 

 

0.490*** 

(0.000) 

 

 

0.048 

(0.209) 

 

 

0.504*** 

(0.000) 

IA 

 

 

 

0.382*** 

(0.000) 

 

 

0.112*** 

(0.000) 

 

 

0.363*** 

(0.000) 

API 

 

 

 

0.004 

(0.671) 

 

 

-0.004* 

(0.087) 

 

 

0.003 

(0.703) 

DAM 

 

 

 

0.054 

(0.264) 

 

 

0.033** 

(0.017) 

 

 

0.046 

(0.362) 

Cons 

 

5.510*** 

(0.000) 

5.098*** 

(0.000) 

0.170*** 

(0.000) 

0.048** 

(0.012) 

5.491*** 

(0.000) 

5.103*** 

(0.000) 
Individual 

effect 
YES YES YES YES YES YES 

Time effect YES YES YES YES YES YES 

N 360 360 360 360 360 360 

R2 0.455 0.538 0.295 0.394 0.471 0.542 

4.1.3 Endogeneity Test. There may be a reverse causal relationship between digitali-
zation and agricultural carbon emissions. When exploring the relationship between 
the two, certain unpredictable factors may influence the results. These factors cannot 
be incorporated into the model, leading to endogeneity issues that may cause result 
bias. Therefore, this paper adopts the instrumental variables method and uses two-
stage least squares to perform the calculation. Drawing on the research of Huang 
Qunhui et al.[30] The tool variables are constructed using the 1984 postal office pene-
tration rate and the digitalization level of inclusive finance. Since the postal office 
penetration rate can influence the growth of inclusive finance, and the continuous 
development of inclusive finance further influences the development of digitalization, 
the correlation requirement is satisfied. Historical data cannot influence current agri-
cultural carbon emissions, thus satisfying the exogeneity requirement. The results of 



 

 

Variables 

LM statistic 
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the instrumental variable unidentifiability test show that the p-value of the Kleiber-
gen-Paap rk LM statistic is 0.002, rejecting the null hypothesis; while the Wald F 
statistic of the weak instrumental variable test exceeds the critical value at the 10% 
level, indicating no weak instrumental variable issues. As shown in Table 5, the re-
gression results remain significant after the instrumental variable test, and the en-
dogeneity test indicates that the benchmark estimates are not significantly affected, 
confirming their robustness. 

Table 5. Results of endogeneity test. 

First stage Second stage 

(1) (2) 
Digi 

 
 
 

-0.700* 
(0.087) 

IV 
 

0.000*** 

(0.000)
 
 

 
 

Control variables YES YES 
Individual effect YES YES 

Time effect YES YES 
9.010 

[0.003] 
79.604 

Wald F-statistic 
{16.380} 

N 360 360 
R2 0.504 0.520 

Note: The values in brackets [] are the P-values corresponding to the LM statistics, and the 
values in curly brackets {} are the critical values of the Stock-Yogo weak instrumental varia-
bles at the 10% level. 

4.2 Mediation Effect Test 

The regression results from the previous section have demonstrated that digitalization 
can significantly reduce agricultural carbon emissions; however, further analysis is 
needed to elucidate its specific mechanisms of action. This study employs a stepwise 
testing method to verify whether the transmission effects of green technological inno-
vation and rural human capital levels exist, with the regression results presented in 
Table 6. Column (2) shows that digitalization significantly promotes the development 
of green technology innovation. Column (3) shows that digitalization is significantly 
negative at the 5% level. This indicates that digitalization promotes green technology 
innovation by utilizing big data analysis to optimize resource allocation and improve 
energy efficiency; applying artificial intelligence and machine learning to improve 
product design and reduce material waste; and implementing intelligent logistics 
management to reduce transportation emissions and enhance overall sustainability, 
thereby lowering agricultural carbon emissions. Column (4) shows that digitalization 
passed the 1% significance test with a positive coefficient, while Column (5) shows 



Variables 
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that digitalization and rural human capital levels also passed the 1% significance test, 
but the coefficient for rural human capital levels is positive. This indicates that digi-
talization enables farmers to access more environmental technologies and sustainable 
development knowledge, enhancing their environmental awareness and capabilities, 
prompting them to adopt more environmentally friendly technologies and manage-
ment methods in production, thereby strengthening the inhibitory effect of digitaliza-
tion on agricultural carbon emissions. Therefore, hypothesis H2 is validated. 

Table 6. Mediation effect regression results. 

(1) (2) (3) (4) (5) 

lnC lnGti lnC AHU lnC 
Digi 

 
-0.189** 
(0.022) 

0.345* 
(0.061) 

-0.206** 
(0.013) 

0.463*** 
(0.000) 

-0.333*** 
(0.001) 

lnGti 
 

 
 

 
 

0.049* 
(0.055) 

 
 

 
 

AHU 
 

 
 

 
 

 
 

 
 

0.311*** 
(0.005) 

Control vari-
ables 

YES YES YES YES YES 

Cons 
 

5.095*** 
(0.000) 

7.975*** 
(0.000) 

4.708*** 
(0.000) 

0.141*** 
(0.000) 

5.052*** 
(0.000) 

Individual 
effect 

YES YES YES YES YES 

Time effect YES YES YES YES YES 
N 360 360 360 360 360 
R2 0.540 0.928 0.545 0.682 0.552 

4.3 Threshold Effect Test 

Based on the previous analysis, the promotion of agricultural carbon emissions reduc-
tion through digitalization and intelligence will also be influenced by the degree of 
government intervention and the level of agricultural mechanization. First, regions 
with higher levels of government intervention tend to receive more government in-
vestment, which accelerates the efficient conversion of production factors and further 
enhances the inhibitory effect of digitalization and intelligence on agricultural carbon 
emissions. Second, higher levels of agricultural mechanization facilitate high-quality 
development in agricultural production, thereby promoting agricultural carbon emis-
sions reduction. Therefore, a panel threshold model was established. This study used 
Bootstrap for self-sampling 1,000 times, with the test results shown in Table 7. The 
test results indicate that there is a single threshold effect, and all pass the 1% signifi-
cance level, with threshold values of 0.1641 and 10.0460, respectively. Therefore, the 
impact of digitalization on the total amount of agricultural carbon emissions is subject 
to thresholds related to the degree of government intervention and the level of agricul-
tural mechanization, and hypothesis H3 is validated.  



 

V F-value P-value 

GOV 0.0000 0.1641 

AM 9.54  0.0000 10.0460 
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Table 7. Threshold estimation and test results. 

Threshold Threshold Confidence Threshold value 

type 10% 5% 1% value interval 

single 46.26** 35.272 46.799 69.573 [0.1614,0.17 
threshold * 2 3 7 14] 

single *** 31.186 37.934 53.213 [9.7739,10.3 
threshold 5 3 7 192] 

After determining the threshold values, a regression analysis was conducted on the 
threshold effect, with the results shown in Table 8. The threshold values of 0.1641 
and 10.0460 divide the impact of digitalization into two intervals. Specifically: the 
degree of government intervention. In the first interval (GOV < 0.1641), the regres-
sion coefficient is -0.461, and it is significant at the 5% level; in the second interval 
(GOV ≥ 0.1641), the regression coefficient is -1.336, and it still has a significant in-
hibitory effect at the 5% level, with the absolute value of the regression coefficient 
increasing. After calculation, the inhibitory effect of digitalization under the threshold 
effect of government intervention intensity increased by approximately 1.898 times. 
Second, the level of agricultural mechanization. In the first interval (AM < 10.0460), 
the regression coefficient is -0.589 and is significant at the 5% level; in the second 
interval (AM ≥ 10.0460), the regression coefficient is -1.970 and passes the 1% sig-
nificance level, while the inhibitory effect of digitalization under the threshold effect 
of agricultural mechanization level increases by approximately 2.345 times. 

Table 8. Threshold Effect Regression Results. 

Threshold variables 
Threshold range (1) (2) 

GOV AM 

)( 1itTDigi  -0.461** -0.589** 

 (0.033) (0.047) 

)( 1itTDigi  -1.336** -1.970*** 

 (0.011) (0.000) 
Control variables YES YES 

N 360 360 
R2 0.433 0.456 

4.4 Heterogeneity Analysis 

4.4.1 Regional Heterogeneity Test. This study categorizes China's 30 provinces (re-
gions and municipalities) into four groups—eastern, central, western, and northeast-
ern regions—based on the classification standards of the National Bureau of Statis-
tics, to investigate the differences in the impact of digitalization on agricultural carbon 
emissions across regions. The specific results are shown in columns (1) to (4) of Ta-
ble 9. Due to differences in agricultural natural resource endowments, regional eco-
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nomic development levels, and other factors between regions, the effects of digitaliza-
tion may vary significantly across regions. Specifically, digitalization has a promo-
tional effect on carbon emissions in the eastern region. This is primarily due to the 
spatial disparity in the national urbanization rate, which exhibits an “east-high, west-
low” pattern. Additionally, the overall urbanization rate over time has a positive pro-
motional effect on carbon emissions in the eastern coastal regions, as evidenced by 
the “east-hot, west-cold” regional disparity revealed through hotspot and coldspot 
analysis[31]. Additionally, the construction of the intelligentization indicator system 
incorporates a significant number of high-tech-related indicators, with industrial out-
put accounting for a substantial share of GDP. Given that the industrial sector has 
historically been the primary source of carbon dioxide emissions, it makes it challeng-
ing to reduce carbon emissions in eastern regions. Digitalization has an inhibitory 
effect on agricultural carbon emissions in central and northeastern regions. This is 
because the technological level in central regions has improved relatively quickly[32], 
enabling smoother digitalization-driven agricultural development. Additionally, com-
pared to eastern regions, industrialization levels in these areas are relatively lower, 
allowing for better reduction of carbon emissions. The northeastern region, with its 
abundant forest resources and strict environmental regulations implemented by the 
three northeastern provinces, has directly suppressed carbon emissions. Additionally, 
by promoting industrial structure optimization and upgrading, as well as reducing 
extensive investment, it has indirectly suppressed carbon emissions[33]. The impact of 
digitalization in the Western region is not significant. The reason is that although the 
state has continuously strengthened policy support for the development of the digital 
economy in the western region, due to factors such as short development time and 
relatively weak foundations, the process still relies on increased energy consumption, 
which, to some extent, constrains the effective reduction of carbon emissions[34]. 

4.4.2 Testing for Heterogeneity in Environmental Regulations. Digital transfor-
mation is constrained by regional economic development conditions, and there are 
also differences in government investment costs across regions. This paper focuses on 
more specific environmental investments. Following the method proposed by Jie 
Chunyuan et al.[35] We construct an environmental regulation intensity index using the 
ratio of pollution control investment to regional GDP. The sample is divided into high 
and low regulation intensity groups based on the median, and group regression tests 
are conducted. A higher ratio indicates stronger environmental constraints, and the 
grouped model reveals the heterogeneous effects of regulatory intensity. The hetero-
geneous results are shown in Table 9. Both groups are significant at the 1% level, 
with the main difference being that digital transformation is significantly inhibited in 
regions with high environmental regulation, while it is promoted in regions with low 
regulation. This may be explained by the fact that high-level regions invest more in 
pollution control projects, increase fiscal expenditures on environmental technology 
and education, and support the development of green industries, thereby suppressing 
agricultural carbon emissions. In contrast, low-level regions have relatively weaker 
investment efforts, and significant disparities in fiscal expenditure intensity between 
regions lead to local governments, under the guidance of economic development ob-



 

 

Control 
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jectives, being prone to gradually weakening regulatory standards or shifting respon-
sibilities, resulting in a declining trend in the carbon emission constraint effectiveness 
of environmental regulations. 

Table 9. Heterogeneity regression analysis. 

Regional heterogeneity 
Environmental regulatory 

heterogeneity 

Variables 
East Middle Western 

North-
east 

High envi-
ronmental 
regulation 

Low envi-
ronmental 
regulation 

(1) (2) (3) (4) (5) (6) 

Digi 
 

0.384*** 
(0.001) 

-1.516*** 
(0.000) 

0.102 
(0.802) 

-4.611*** 
(0.000) 

-1.757*** 
(0.000) 

0.207*** 
(0.009) 

variables 
YES YES YES YES YES YES 

Cons 
 

4.547*** 
(36.48) 

6.162*** 
(54.52) 

5.321*** 
(40.62) 

6.285*** 
(45.73) 

5.103*** 
(0.000) 

5.152*** 
(0.000) 

Individual 
effect 

YES YES YES YES YES YES 

Time effect YES YES YES YES YES YES 
N 120 72 132 36 156 204 
R2 0.998 0.999 0.998 0.997 0.699 0.685 

5 Conclusions and Policy Recommendations 

5.1 Conclusion 

This paper utilizes panel data from 30 provinces, autonomous regions, and municipal-
ities in China from 2011 to 2022, employing two-way fixed effects models, mediation 
effects models, and threshold effects models to analyze the impact of digitalization on 
agricultural carbon emissions and explore its emission reduction mechanisms. The 
following main conclusions are drawn: 

1) Digitalization has a significant effect on agricultural carbon emissions reduction. 
For every 1% increase in digitalization levels, total agricultural carbon emissions 
decrease by 0.189%. 

2) Green technology innovation and rural human capital levels play a partial medi-
ating role in the process of digitalization, suppressing agricultural carbon emissions. 
Specifically, the improvement in digitalization levels promotes the high-quality de-
velopment of green technology innovation, enabling production equipment to operate 
efficiently, ultimately achieving agricultural carbon emissions reduction. 

3) As digitalization continues to penetrate, agricultural production workers gain 
more environmental technology knowledge, promoting the sustainable development 
of production activities, with the ultimate focus on agricultural carbon emissions re-
duction. The impact of digitalization on agricultural carbon emissions exhibits a sin-
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gle threshold effect based on the degree of government intervention and agricultural 
mechanization levels. Whether below or above the threshold value, digitalization 
consistently suppresses agricultural carbon emissions, and under the influence of the 
threshold variable, the suppression effect continues to strengthen. 

4) The impact of digitalization on agricultural carbon emissions exhibits regional 
heterogeneity and environmental regulation heterogeneity. In central and northeastern 
regions, digitalization exhibits a significant suppression effect, with a larger impact 
coefficient in the northeastern region. Digitalization promotes agricultural carbon 
emissions in eastern regions, while its impact is not significant in western regions. 
Regions with high environmental regulation levels exhibit far better suppressing ef-
fects than those with low levels. Differences in local government support for pollution 
treatment may affect the enthusiasm for environmental improvement, thereby influ-
encing carbon emissions. 

5.2 Policy Recommendations 

1) Deepen the integration of digital and intelligent technologies with agricultural pro-
duction and establish a new emissions reduction technology system. Establish and 
improve special support policies for agricultural digital and intelligent infrastructure, 
promote the widespread application of advanced energy-saving technologies and 
equipment, improve digital and intelligent infrastructure, promote rural internet cov-
erage, accelerate the implementation of 5G, and achieve information interconnection 
and sharing. Implement a subsidy policy for the purchase of digital and intelligent 
agricultural equipment, and use a “reward instead of subsidy” approach to guide new 
types of business entities to apply intelligent agricultural machinery and equipment. 
Strengthen the construction of energy management systems, implement real-time 
monitoring and analysis of energy consumption, further enhance the exchange and 
collaboration of various production factors, and guide agricultural production meth-
ods toward green transformation. 

2) Promote the innovative application of green technologies and strengthen the co-
ordination of rural human capital. Through policy incentives and fiscal subsidies, 
support green technology innovation and application, fully leverage the “technology 
dividend,” and cultivate green industries. Establish a special fund for agricultural 
green technology research and development, and build a “university-research insti-
tute-leading enterprise” industry-academia-research collaborative innovation plat-
form. Establish an incentive system for agricultural carbon reduction talent, providing 
position subsidies to technical personnel engaged in the promotion of low-carbon 
technologies such as smart irrigation and precision fertilization. 

3) Reasonably formulate government intervention strategies and strengthen the 
synergy between agricultural mechanization and digital intelligence. In regions with 
lower government intervention levels, guide leading enterprises and other service 
organizations to build digital intelligence technology platforms (such as carbon emis-
sion monitoring networks) to achieve economies of scale. In regions with higher in-
tervention levels, explore market-based incentive measures to stimulate the initiative 
of entities to reduce emissions. In areas with low mechanization levels, promote the 
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use of small-scale intelligent agricultural machinery; in areas with high mechanization 
levels, promote the networking of agricultural machinery to achieve real-time optimi-
zation of energy consumption and emissions. 

4) Implement regional collaborative emission reduction plans and improve the en-
vironmental regulation gradient system. Strictly control the scale of high-energy-
consuming industries in eastern regions, promote low-carbon technological upgrades 
in traditional industries such as steel and chemicals, prioritize the development of 
black soil protection and intelligent monitoring technologies in northeastern regions, 
advance the digitization of integrated farming and livestock breeding in central re-
gions, and prioritize the construction of carbon sink monitoring systems in ecological-
ly fragile areas in western regions to avoid a one-size-fits-all policy. Pilot “digitaliza-
tion + carbon tax” policies in regions with high environmental regulations, incorporat-
ing carbon emissions data into corporate credit systems; strengthen fiscal transfers for 
pollution control in regions with low regulations, and publicly disclose the efficiency 
of environmental protection fund usage through digital government platforms to en-
hance regulatory credibility.  
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