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Abstract 14 

Carbon emissions reduction is gaining increasing attention worldwide. Digital agriculture has a carbon 15 

emissions reduction effect. This paper focuses on how the development of digital agriculture 16 

contributes to agricultural carbon emissions reduction.To this end, the spatial characteristics, spillover 17 

effects and driving factors of digital agriculture on agricultural carbon emissions are explored using 18 

panel data of 31 regions in China from 2011 to 2019 using a spatial econometric model. The results 19 

show that digital agriculture development reduces agricultural carbon emissions.The results remain 20 

robust after estimation using the replacement weight method and the explanatory variable substitution 21 

method. Agricultural technological progress, agricultural industry structure, and rural education level 22 

all contribute to the reduction of agricultural carbon emissions in a region, while agricultural carbon 23 

emissions in the neighboring regions have a negative relationship with the agricultural industry 24 

structure in the region and a positive relationship with rural education level and agricultural 25 

technological level. Furthermore, strengthening the exchange of digital agriculture between regions and 26 

leveraging the intermediary effect of digital inclusive finance can effectively enhance the carbon 27 

emissions reduction effect. 28 

Keywords: digital agriculture; carbon emissions reduction;  spatial characteristics; spillover effects. 29 

1  Introduction 30 

Climate change is a serious global challenge, and extreme weather and natural disasters pose a serious 31 

threat to human survival and development(Clark et al. 2020）. As human societies and economies 32 

continue to grow, the negative impact of carbon emissions on people around the world is increasing, 33 

and the impact of ecological imbalance and greenhouse gases cannot be ignored. The UN website 34 

published a report in 2019 titled "The agricultural sector plays a key role in limiting climate changes", 35 

which showed that 25-30% of global greenhouse gas emissions come from agriculture and land (Sun et 36 

al. 2022). Agricultural production activities emit carbon dioxide and have carbon sink functions, 37 

playing an important role in the atmospheric carbon balance, but there are spatial differences in 38 

agricultural carbon emissions (Charkovska et al. 2019). In recent years, the global economy has been in 39 

turmoil, severe weather events have occurred frequently, and food demand has expanded. Ensuring 40 

food security and addressing climate change caused by greenhouse gas emissions are serious 41 

mailto:1728689387@qq.com
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challenges that need to be addressed today. Therefore, the international community should focus on 42 

reducing carbon dioxide emissions from agriculture and creating low-carbon agriculture (Rehman et al. 43 

2022). 44 

Sustainable agriculture and digital farming have become key areas of focus for conserving natural 45 

resources and achieving the UN Sustainable Development Goals to reduce carbon emissions. Digital 46 

technologies can help farmers better understand their land and crops by providing information and data 47 

about crops, weather forecasts, soil conditions, crop quality, and fertilizer management, in addition to 48 

the ability of farms to reduce costs through the use of robots (Sridhar et al. 2022). Digital technologies 49 

help to make better use of land resources, water resources, reduce production costs, increase 50 

agricultural productivity, reduce chemical inputs, and maintain soil fertility over time.(Liang et al. 2002) 51 

Therefore, it is of great practical importance to study the relationship between digital agriculture and 52 

carbon emissions in agriculture. 53 

2  Literature Review 54 

2.1 The Development of Digital Agriculture 55 

All countries attach importance to the development of digital agriculture. Digital agriculture is an 56 

important part of China's strategy to develop "Digital China", and it is also a way to realize the deep 57 

integration of information technology and agricultural modernization. Digital agriculture is the organic 58 

combination of the two types of technology, and the integration of the agricultural industrial system, 59 

production and operation system. The first category of technology mainly refers to modern information 60 

technology, including remote sensing technology, geographic information technology, global 61 

positioning systems, network technology, big data and cloud computing, etc. The second category 62 

refers to modern agricultural technology, mainly in agronomy, ecology, soil science, etc. (Liu 2017). 63 

There are few articles on the relationship between carbon emissions and digital agriculture in China or 64 

abroad, and the existing literature focuses on the application of modern information technology for 65 

precision agricultural production, achieving sustainable agriculture, and reducing chemical use. For 66 

example, the integration of sensors (Basnet and Bang 2018), artificial intelligence (Patrício and Rieder 67 

2018), robotics, and remote sensing technologies (Huang et al. 2018) into all aspects of agricultural 68 

development as a focus for future technological development can improve overall efficiency and 69 

sustainability (Dlodlo and Kalwzhi 2015). Contemporary agriculture is increasingly inclined to 70 

synergistically adopt technologies such as the Internet of Things (Ayaz et al. 2019), the Internet of 71 

Agriculture, big data analytics (Zhang and Liu 2019) and blockchain (Sun 2017)to integrate resource 72 

conservation with economic, social and environmental sustainability (Batie 1989). 73 

The R farm in Chengdu, China, can directly achieve carbon emissions reduction of 3166 tons per 74 

year by reducing fertilizer use and resource consumption in production and transportation through 75 

digital agriculture management, the combination of digital technology and digital finance can increase 76 

the economic benefits for farmers by about 8%, and the integration and development of digital 77 

agriculture and digital inclusive finance has a significant effect on agricultural carbon emissions 78 

reduction (Zhang et al. 2022). Unlike in other countries, digital agriculture in China is mostly 79 

combined with digitalization of the agricultural industry (Zhao et al. 2022), rural industrial models (Wu 80 

2021)and digital economy models effectively(Xie 2020), which is related to the innovation of the 81 

digital agriculture development model (Wang et al. 2020), and this paper explores the relevant paths of 82 

agricultural carbon emissions from the perspective of digital agriculture to provide ideas for carbon 83 

emissions reduction via digital agriculture. 84 
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2.2 Agricultural Carbon Emissions 85 

Agricultural carbon emissions originate from inputs such as livestock (Li 2000), crops (Chen et al. 86 

2019), and agricultural energy (Li and Li 2010). Based on this, in order to study the causal relationship 87 

between carbon emissions and agroecosystems, a series of estimation methods, such as econometric 88 

methods (Asumadu and Owusu 2017), life cycle approaches (Fantin et al. 2022; Maschalidi et al. 2017), 89 

linear regression methods (Asumadu and Owusu 2017 ), panel threshold models (Xie et al. 2022), 90 

classical IPAT models and extended STIRPAT environmental stress models (Wang and Wang 2017), 91 

have been used to systematically analyze the carbon emissions related to agricultural evolutionary 92 

dynamics. It was found that factors such as economic growth (McAusland 2010), population increase 93 

(Shah et al. 2020), agricultural structure (Huang et al. 2018), and labor literacy have a suppressive 94 

effect on agricultural carbon emissions. 95 

Many scholars have proposed specific measures to reduce emissions from agriculture. Increasing 96 

the standing stock of biomass and organic carbon in the soil can remove carbon dioxide from the air 97 

and reduce greenhouse gas emissions (Paustian et al. 1998). In agricultural activities, agricultural 98 

greenhouse gas emissions can be reduced by improving cropland and pasture management and 99 

degraded land (Smith et al. 2008). The use of some current low-emissions technologies is more 100 

convincing compared with traditional emissions reduction measures. Combining digital agriculture, 101 

microbial genetics, and electrification, it is expected that within 15 years, agricultural GHG emissions 102 

may be reduced by 71% (Burney 2010). Also, it is possible to improve farming patterns (e.g., 103 

optimizing the quantity and quality of fertilizer application, reducing tillage, and intermittent irrigation) 104 

(Fan and Liao 2011), transform backward agricultural production management concepts, and establish 105 

agricultural demonstration bases based on agricultural production practices in different regions to 106 

explore the path of low-carbon agriculture that suits the local area itself (Li et al. 2013). 107 

The purpose of this paper is to explore the carbon emissions reduction effect of digital agriculture 108 

based on the practice in China, and to provide a reference for agricultural carbon reduction around the 109 

world. Part 2 of the paper is a literature review. Part 3 presents the research hypotheses by which to 110 

analyze the direct and indirect effects of digital agriculture on carbon emissions reduction. Part 4 111 

describes the variables selection, model setting and data processing. Part 5 presents the empirical 112 

results. Part 6 draws conclusions and discusses the implications. 113 

3  Research Hypothesess 114 

3.1 Direct Impacts 115 

Hypothesis 1: Digital agriculture has a carbon emissions reduction effect. 116 

The introduction of new methods and concepts such as precision farming and agriculture 4.0 has led to 117 

dramatic changes in the agricultural sector, which have given rise to digital agriculture (Sott 2021). 118 

Digital agriculture is mainly realized through digitization and digital technologies. Digitization may 119 

trigger the next agricultural revolution because it can increase the productivity of crops and livestock 120 

and save energy and the environment, thus creating huge benefits for farmers, consumers, businesses, 121 

and society as a whole. (Adu-Baffour et al. 2019)Digitization provides solutions for the growing world 122 

population and mitigates the negative environmental and climate impacts of agriculture and industry 123 

(Newell and Taylor 2018). 124 

Currently, digital agriculture uses the Internet of Things, artificial intelligence, big data, cloud 125 

computing and other intelligent systems to manage crops and livestock (Sott et al. 2020). Digital 126 

technologies are the manifestations of digital agriculture. Digital technologies fall into two categories: 127 
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precision farming technologies for crops and livestock, such as agricultural machines, drones, etc.; and 128 

intangible software tools, such as farm management platforms. Unmanned aerial vehicles, geospatial 129 

technologies, and the Internet of Things are used in digital agriculture (Terence and Purushothaman 130 

2020). Applying precision farming equipment to digital agriculture and monitoring chemical inputs can 131 

prevent overuse of chemicals (Birner et al. 2021). Measuring crop nutrient stages, soil analysis, leaf 132 

area index, etc. based on actual crops facilitates farmers to plan their farms properly, increase crop 133 

yields, minimize pesticide use, reduce environmental impacts, and achieve emissions reductions 134 

(Giraldo et al. 2017). Surveys have shown that the use of digital technologies in Agri 4.0 has reduced 135 

the cost of water, fuel, fertilizers, and pesticides by 13% and the carbon footprint of crops by 15% 136 

(Scuderi et al. 2022). Digital agriculture promotes the reduction of carbon emissions through different 137 

forms of action, and thus we propose that digital agriculture has a carbon reduction effect. 138 

Hypothesis 2: Digital agriculture can achieve carbon emissions reduction through digital 139 

technological progress. 140 

Technological progress is a key factor affecting CO2 emissions. It effectively reduces the 141 

emission intensity of CO2 by improving the efficiency of energy element utilization (Zhang et al. 142 

2014). According to endogenous growth theory, technological progress improves the utilization rate of 143 

natural resources and contributes to the conservation and recycling of resources, and at a certain level 144 

of production, technological progress can reduce the consumption of energy and reduce pollution 145 

emissions and ecological damage (Wei and Yang 2010). Digital agriculture can rely on big data, 5G 146 

technology, blockchain and other "precision agriculture" technologies to monitor the whole process of 147 

agricultural production in real time. Examples include field information collection systems, IOT 148 

equipment detection systems, and unmanned systems, which greatly improve the output rate of land 149 

and resource utilization (Zhou 2021). Based on the data of 27 provincial-level regions in China from 150 

1997 to 2009, it was found that agricultural technological progress could increase the total agricultural 151 

carbon emissions, but it was beneficial to reduce the intensity of agricultural carbon emissions and had 152 

a positive impact on agricultural carbon emissions (Yang 2013). Technological progress in China has a 153 

significant effect in developing a low-carbon economy and promoting energy conservation and 154 

emissions reduction (Wei and Yang 2010). Based on the above, Hypothesis 2 is proposed: Digital 155 

agriculture can achieve carbon emissions reduction through digital technological progress. 156 

Hypothesis 3: Digital agriculture achieves carbon emissions reduction by changing the structure of the 157 

agricultural industry. 158 

The upgrading of the industrial structure can promote the integrated development of rural primary, 159 

secondary and tertiary industries, and make the operation of the operating body large-scale, organized, 160 

and specialized. The development of digital agriculture is the main way to realize modern agriculture. 161 

Digital agriculture has a certain driving effect on the adjustment of the agricultural industry structure, is 162 

conducive to the generation of new agricultural production and development methods, and can reduce 163 

the problems of the piling up of agricultural products and the high cost of agricultural products (Liu 164 

and Zou 2021). In the process of digital agriculture promoting agricultural modernization, the 165 

cutting-edge technology applied in digital agriculture restructures the whole process of agricultural 166 

production and so on, which means agricultural resources are allocated more rationally and the 167 

adjustment of the agricultural industrial structure is promoted (Qiu 2011). Agricultural industrial 168 

structure can reduce carbon emissions through structural adjustment and technological effects. On the 169 

one hand, industrial upgrading can directly reduce carbon emissions by adjusting the industrial 170 

structure and promoting the gradual transformation of traditional high-energy-consuming and 171 
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high-polluting industries to energy-saving and environment-friendly industries. On the other hand, the 172 

increase of agricultural carbon emissions will form a push-back mechanism for the development of 173 

agricultural science and technology, forcing the realization of agricultural technological progress, while 174 

the paths of agricultural carbon emissions will guide the development of agricultural science and 175 

technology in the direction of energy conservation and environmental protection. Most studies by 176 

(Chen and Chen 2018) Chinese scholars conclude that the agricultural industrial structure makes a 177 

certain contribution to agricultural carbon emissions reduction (Dong 2016). Thus, we propose 178 

Hypothesis 3: Digital agriculture achieves carbon emissions reduction through the upgrading of the 179 

agricultural industrial structure. 180 

3.2 Indirect Impacts 181 

Hypothesis 4: Digital agriculture can achieve agricultural carbon emissions reduction through inclusive 182 

finance. 183 

The development of digital agriculture has contributed to a change in the way rural finance is provided. 184 

Digital resources are a great improvement compared with traditional collateral loans and can largely 185 

overcome the problems of information asymmetry and a lack of collateral for rural financial 186 

development. Digital technology creates conditions for the integration and development of green 187 

finance, inclusive finance and digital finance, and financial support for the development of digital 188 

agriculture can produce obvious ecological benefits and a greenhouse gas emissions reduction effect. 189 

Digital inclusive finance achieves agricultural carbon reduction by supporting the development of 190 

low-carbon agriculture. The digital agriculture model integrates and links core enterprises with a large 191 

number of farmers, agricultural enterprises, and social service organizations, which improves 192 

transaction efficiency and reduces the transaction costs of financial activities. Due to the control of the 193 

national dual carbon target, digital inclusive finance will choose to support resource-saving and low 194 

carbon emissions agricultural development areas, thus indirectly promoting agricultural carbon 195 

emissions reduction. Based on this, Hypothesis 4 is proposed: Digital agriculture can achieve 196 

agricultural carbon emissions reduction through digital inclusive finance. 197 

4  Research Methodology 198 

4.1 Variables Selection 199 

4.1.1 Explanatory variables 200 

Agricultural carbon emissions. This paper measures carbon emissions from agriculture (farming) in a 201 

narrow sense in 31 provinces and cities in China (excluding Hong Kong, China, Taiwan, and Macao), 202 

and the carbon emissions sources mainly include the six aspects of agricultural fertilizers, pesticides, 203 

agricultural films, agricultural diesel, tillage, and agricultural irrigation (Chen et al. 2022). The 204 

measurement method uses the method recommended by the 2006 National Greenhouse Gas Inventory 205 

Guidelines of the United Nations Intergovernmental Panel on Climate Change to measure the carbon 206 

emissions of agricultural production inputs and outputs in the agricultural production process. The 207 

measurements were publicly announced as: 208 TC = ∑ Ci = ∑ Si × ρi（1） 209 

Table 1. Carbon sources, carbon emissions factors fand reference sources of agricultural carbon 210 

emissions 211 

Carbon Source Carbon emissions factor Title 3 
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Note: The carbon emissions factor for agricultural irrigation is 25kg/hm2, but considering that only the 212 

demand for fossil fuels from dynamic power generation leads to indirect carbon emissions, the thermal 213 

power factor (i.e., the ratio of thermal power generation to total power generation in China) is 214 

multiplied by 25kg, and the final factor for agricultural irrigation is 20.476kg/hm2 (Li et al. 2011). 215 

4.1.2 Explanatory variables 216 

Digital agriculture. The evaluation system of digital agriculture in China has been relatively well 217 

developed. We drew on the evaluation of digital agriculture in China from literature (Shen and Wang 218 

2019) and other literature, and referred to relevant indicators such as the "2021 National County Digital 219 

Agriculture Development Level Evaluation Report" and the "China Digital Countryside Development 220 

Report (2020)", and fully considered the current development status of digital agriculture in China to 221 

construct an evaluation indicator system of digital agriculture, as shown in Table  222 

Table 2. Evaluation index system of digital agriculture development level 223 

Fertilizers 0.8956kg·kg-1 
T.o.west, Oak Ridge National 

Laboratory, USA 

Pesticides 4.9341kg·kg-1 
Oak Ridge National Laboratory, 

USA 

Agricultural films 5.18kg·kg-1 

Institute of Agricultural 

Resources and Ecological 

Environment,Nanjing 

Agricultural University 

Diesel 0.5927kg·kg-1 

IPCC United Nations 

Intergovernmental Panel on 

Climate Change 

Plowing 312.6kg·km-2 

College of Biology and 

Technology, China Agricultural 

University 

Agricultural irrigation 25kg·cha-1 Dubey 

Tier 1 Indicators Tier II indicators 

Digital Agriculture Development Environment 

entry 2 

Scientific research and technology services fixed 

asset investment 

Information transmission, software and information 

technology services fixed asset investment 

Transportation, storage, and postal industry fixed 

asset investment 

Total power of agricultural machinery 

Rural electricity consumption 

Digital Agriculture Information Base 

Rural broadband users 

Fiber optic cable line length 

Cell phone exchange capacity 
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 224 

 225 

Control variables: Based on the available studies, the following control variables were selected: 226 

（1）Year-end resident population: Expressed as the size of the year-end resident population in the 227 

region. Population factors can affect GHG emissions through the total amount and rate of emissions. 228 

（2）Rural education level: Expressed using the average number of years of education in rural areas, 229 

and calculated by setting the average number of years of education for residents who are illiterate and 230 

semi-literate, elementary school, junior high school, senior high school, and college and above as 0, 6, 231 

9, 12, and 16, respectively, then the formula for EDU is: EDU = (number of elementary school × 6 + 232 

number of junior high school × 9 + number of senior high school × 12 + number of college and above 233 

× 16) / total population aged 6 years and above in the area (Cheng et al. 2022). 234 

（3）Agricultural industry structure. Since the agricultural carbon emissions measured in this paper 235 

mainly come from the plantation industry, the share of plantation industry in the overall agriculture, 236 

forestry, animal husbandry and fishery industry is temporarily selected as a proxy variable for the 237 

agricultural industry structure. 238 

（4）The level of economic development is indicated by the GDP per capita of each region. 239 

（5）Total agricultural output is expressed using the actual total agricultural output of each region for 240 

the year. 241 

(6) The level of agricultural technological progress is expressed by the level of agricultural 242 

mechanization. The level of agricultural mechanization is measured by referring to the "Evaluation 243 

Index System of Demonstration Counties for the Whole Process Mechanization of Major Crop 244 

Production (for Trial Implementation)" issued by the Ministry of Agriculture and Rural Affairs of 245 

China, and the mechanization level is calculated separately from tillage, sowing and harvesting, with 246 

the corresponding calculation weights of 0.4, 0.3 and 0.3 for each link, and the total agricultural 247 

mechanization level is calculated according to the mechanization level and weights of each link (Cheng 248 

et al. 2022). 249 

4.2 Model Settings 250 

4.2.1 Spatial weight matrix selection 251 

Rural cable TV subscribers 

Digital Agriculture Talent Resources 

Local financial expenditure on education 

Information transmission, software, and information 

technology service industry employees 

Digital Agriculture Technology Support Total Telecommunications Business 

 
R&D technology expenditure as a percentage of 

regional GDP 

Digital Agriculture Green Development Fertilizer application per unit area 

 Effective irrigated area 

 
Total output value of agriculture, forestry, animal 

husbandry and fisheries 

 Number of postal outlets 
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Common weighting matrices are the adjacency matrix, the geographic distance matrix, the economic 252 

distance matrix, and the geographic-economic matrix (also known as nested matrices) (Li et al. 2017). 253 

The adjacency and geographic distance matrices are the more traditional spatial weight matrices that 254 

are based on geographic location for spatial geographic effects, and the economic distance matrix 255 

reflects regional spatial effects in terms of economic and social factors. Geographic economic weight 256 

matrix is constructed with economic weights to combine economic factors with social factors to reflect 257 

the regional spatial effects (Lin et al. 2017). There are many forms of weight matrices, but their essence 258 

is the same, so this paper chooses the basic spatial weight adjacency matrix and compares the economic 259 

distance matrix and the geographic distance matrix as a robustness test. The adjacency matrix can 260 

reflect the interaction effect of each region in the spatial unit, and when using the adjacency matrix to 261 

set the spatial weights, its first-order proximity matrix indicates the two adjacent regions i j, which is 1 262 

when they have a common boundary that is adjacent, otherwise it is recorded as 0, that is, 263 W = {10 When aera units are adjacentWhen area units are not adjacent (2)  264 

The economic distance matrix is： 265 𝑊𝑖𝑗 = { 1|𝑔𝑖−𝑔𝑗|0 𝑖≠𝑗𝑖=𝑗(3) 266 

The geographic distance matrix is 267 𝑊𝑖𝑗2 = 1𝑑𝑖𝑗2    𝑖 ≠ 𝑗(4) 268 

4.2.2 Model Settings 269 

All environmental influencing factors can be decomposed into 3 categories, namely, population size, 270 

affluence, and technology, and this article uses the STIRPAT model, which is based on the 271 

improvement of the IPAT model, to analyze the carbon emissions reduction effect of digital agriculture 272 

(Ehrlich and Holdren 1971).The advantage of the STIRPAT model is that it can overcome the 273 

limitations of the IPAT model and others in terms of hypothesis testing, and the degree of influence of 274 

human indicators on carbon emissions can be determined. To conduct a quantitative study, the spatial 275 

Durbin model was introduced into the STIRPAT model (Yan et al. 2020), and the rewritten equation is 276 

as follows: 277 LNCO2it = β0 + ρWLNCO2it + β1lndigit + β2CONXit + θ1Wlndigit + θ2WCONXit + μi + λt + εit(5) 278 

Where i  indicates province； t indicates time；β0  is the intercept term；βi(i = 1，2)  are the 279 

coefficients of the parameters corresponding to the explanatory variables；respectively, and the spatial 280 

and temporal effects are μi、λi；The random error term is εit、θi(i = 1，2) are the coefficients of the 281 

spatial lagged terms of the explanatory variables, respectively. 282 CO2 indicates carbon dioxide emissions from agriculture digit indicates digital agriculture CONXit 283 

represents a set of control variables including peopleit indicates population size eduit represents the 284 

educational attainment of the rural population gdpit represents the level of economic development; 285 

agriit represents gross agricultural product induit represents the structure of the agricultural industry286 tecℎit represents agricultural technological progress. 287 

4.2.3 Intermediation effect model settings 288 
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LNFDIit = α0 + α1lndigit + α2LNCONXit + μi + φit(6) 289 LNCO2it = Y0 + Y1lndigit + Y2LNFDIit + Y3LNCONXit + μi + δit(7) 290 

In Eqs. (6) and (7), LNFDI inclusive finance is the mediating variable. Inclusive finance data is 291 

selected from Peking University Digital Inclusive Finance Index 2011-2019 data. α and Y are 292 

regression coefficients, φit and δit are random error terms. Eq. (6) is the mediating effect model of 293 

inclusive finance, Eq. (7) is the estimated model considering both digital agriculture and intermediary 294 

mechanism, β1 is the effect of digital agriculture on the total effect of agricultural carbon emissions, 295 α1 is the effect of digital agriculture on intermediary variables, Y1 is the direct effect of digital 296 

agriculture on agricultural carbon emissions after controlling for intermediary variables, and Y2 is the 297 

effect of the intermediary mechanism on agricultural carbon emissions after controlling for the effect of 298 

digital agriculture. If the coefficients α1 and Y2 are significant, the indirect effect is significant. We 299 

further test whether Y1 is significant, and if Y1 is also significant, which means the partial mediating 300 

effect is significant, and the amount of mediating effect is α1·Y2/ α1 (α1·Y2 is the same sign as Y1), 301 

which means the full mediating effect is significant. 302 

4.3 Data sources and processing 303 

Table 3. Decriptive statistics 304 

 305 

This paper uses data from 31 provinces (cities) across China (excluding Taiwan, Hong Kong, and 306 

Macao) from 2011-2019 as the research object. The data are obtained from China Statistical Yearbook, 307 

China Rural Statistical Yearbook and China Agricultural Machinery Industry Yearbook. 308 

5 Analysis of Empirical Results on the Carbon Emissions Reduction 309 

Effect of Digital Agriculture 310 

5.1 Digital Agriculture and Agricultural Carbon Emissions Measurement Results by 311 

Region in China 312 

The measurement results show that, in terms of agricultural carbon emissions, the regions with higher 313 

average total agricultural carbon emissions from 2011-2019 are mainly concentrated in Hebei, Jiangsu, 314 

Shandong and Henan provinces, while the provinces of Beijing, Shanghai, Tibet and Qinghai have 315 

lower agricultural carbon emissions. In terms of digital agriculture development level, Jiangsu, 316 

VARIABLES (1) 

N 

(2) 

mean 

(3) 

sd 

(4) 

min 

(5) 

max 

mun 279 16 8.960 1 31 

year 279 5 2.587 1 9 

CO2 279 282.6 201.0 8.089 871.9 

dig 279 0.241 0.187 0.000748 0.792 

people 279 4,453 2,879 309 12,489 

edu 279 77.42 24.01 25.12 182.6 

indu 279 0.524 0.0844 0.302 0.721 

gdp 279 51,561 26,467 16,165 164,563 

agri 279 1,726 1,246 49.62 5,409 

tech 279 0.648 0.304 0.0838 3.642 
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Shandong, Guangdong, Shanghai, Hebei, Hubei, Hunan and Sichuan provinces have higher levels 317 

compared with other regions in China, and provinces with higher digital agriculture development level 318 

are mainly concentrated in the eastern coastal region with higher economic development levels, as well 319 

as central China, which indicates a certain connection between digital agriculture development l and 320 

economic development. Figure 1 illustrates the development level of digital agriculture by regions in 321 

China in 2019. From the overall view of agricultural carbon emissions and digital agriculture 322 

development level, regions with high digital agriculture development level, on the contrary, do not 323 

necessarily have high agricultural carbon emissions, such as Beijing, Shanghai, Hebei, Jiangsu and 324 

other provinces, from which we can deduce that the improvement of economic development is 325 

conducive to the improvement of digital agriculture development, while there is no positive correlation 326 

between digital agriculture development and agricultural carbon emissions, and high digital agriculture 327 

development level. On the contrary, it is conducive to the adoption of agricultural carbon emissions 328 

reduction measures.329 

 330 

(a) 
(b) 

Figure 1. (a) Level of development of digital agriculture by region in China, 2019 (b) Agricultural 331 

carbon emissions intensity by region in China, 2019 332 

The measurement results show that the regions with high agricultural carbon emissions intensity 333 

in China from 2011 to 2019 are mainly concentrated in the provinces of Jilin, Anhui, Inner Mongolia, 334 

and Gansu, and the regions with low agricultural carbon emissions intensity are the provinces of 335 

Sichuan, Guizhou, Qinghai, and Jiangsu. Figure 2 shows the agricultural carbon emissions intensity of 336 

each region in China in 2019. 337 

In summary, it shows that the regions with higher total carbon emissions from digital agriculture 338 

and the regions with higher agricultural carbon emissions intensity are not entirely consistent. From the 339 

spatial distribution of agricultural carbon emissions intensity, the regions with higher carbon emissions 340 

intensity are mainly located in the central region of China, and more provinces are in the main 341 

grain-producing regions, while the provinces with lower carbon emissions intensity are mainly located 342 

in the western region and the developed eastern coastal region of China, indicating that the intensity of 343 

agricultural carbon emissions in China is not only related to agricultural production, but also linked to 344 

the economic development level of each region, and the intensity of agricultural carbon emissions 345 
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among regions. There is heterogeneity among regions in terms of agricultural carbon emissions 346 

intensity (Wu et al. 2021). 347 

5.2 Global and local spatial autocorrelation tests 348 

Spatial autocorrelation can be tested by Moran’s index. In this paper, the global Moran’s index is 349 

chosen to test the spatial autocorrelation of digital agriculture and carbon emissions in 31 provinces and 350 

cities in China from 2011 to 2019. The range of the global Moran’s index is [-1, 1], and a value greater 351 

than 0 indicates a positive autocorrelation, and a larger value indicates a stronger correlation. Less than 352 

0 indicates a negative autocorrelation, and equal to 0 indicates no autocorrelation. The Moran’s index 353 

can only test the spatial correlation of the cross-sectional data, so the Moran’s index test was conducted 354 

separately for each period of the sample to test whether there is spatial correlation, and the test results 355 

are shown in Table 4. 356 

Table 4. Results of global spatial autocorrelation tests for agricultural carbon emissions and digital 357 

agriculture 358 

 359 

year 
CO2 dig 

Moran I Z P Moran I Z P 

2011  0.141 1.640 0.051 0.198 2.160 0.015 

2012  0.136 1.585 0.057 0.207 2.282 0.011 

2013  0.131 1.533 0.063 0.215 2.360 0.009 

2014  0.116 1.400 0.081 0.203 2.216 0.013 

2015  0.112 1.362 0.087 0.230 2.467 0.007 

2016  0.112 1.352 0.088 0.228 2.444 0.007 

2017  0.113 1.369 0.085 0.231 2.473 0.007 

2018  0.118 1.415 0.079 0.220 2.351 0.009 

2019  0.116 1.394 0.082 0.179 1.956 0.025 

Results of local spatial autocorrelation test for agricultural carbon emissions. 360 

 361 

(a) (b) 

Figure 2. Moran's I scatter plot of agricultural carbon emissions intensity under the neighboring spatial 362 

weight matrix in （a）2011 and （b）2019 363 

Note: The number corresponds to the province. 1. Beijing 2. Tianjin 3. Hebei 4. Shanxi Province 5. 364 

Inner Mongolia Autonomous Region 6. Liaoning Province 7. Jilin Province 8. Heilongjiang Province 9. 365 

Shanghai 10. Jiangsu Province 11. Zhejiang Province 12. Anhui Province 13. Fujian Province 14. 366 

Jiangxi Province 15. Shandong Province 16. Henan Province 17. Hubei Province 18. Hunan Province 367 
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19. Guangdong Province 20. Guangxi 21. Hainan Province 22. Chongqing 23. Sichuan Province 24. 368 

Guizhou Province 25.Yunnan Province 26. Tibet Autonomous Region 27. Shaanxi Province 28.Gansu 369 

Province 29. Qinghai Province 30. Ningxia Hui Autonomous Region 31. Xinjiang Uyghur 370 

Autonomous Region. 371 

Moran's I scatter plot can represent the local spatial correlation. Provinces in the first quadrant 372 

indicate that their agricultural carbon emissions intensity is relatively high, forming an agglomeration, 373 

while on the contrary, provinces in the third quadrant have a relatively low agricultural carbon 374 

emissions intensity. The provinces in the second and fourth quadrants have either low agricultural 375 

carbon emissions intensity surrounded by high agricultural carbon emissions intensity, or high 376 

agricultural carbon emissions intensity surrounded by low agricultural carbon emissions intensity. 377 

From the Moran's I scatter plots of China's agricultural carbon emissions intensity in 2011 and 2019 in 378 

Figure 3 (a) and (b) reported in this paper, it can be seen that most provinces' agricultural carbon 379 

emissions intensity is clustered in quadrants one and three, forming a low-low and high-high clustering 380 

pattern (Wu et al. 2021). 381 

 5.3 Analysis of spatial econometric model results 382 

 Before conducting the regression, we needed to choose the appropriate model, and through LM test 383 

we determined the choice of the spatial Durbin model, and with further testing with Lratio and Wald 384 

test, the results both rejected the original hypothesis, that is, the spatial Durbin model did not 385 

degenerate into a spatial lag model and spatial error model, and finally Hausman test determined the 386 

article using a spatial SDM fixed effects model. 387 

Table 5 reports the regression results of the carbon emissions reduction effect of digital agriculture. 388 

Model (1) does not consider the control variables. The coefficient of digital agriculture (lndig) is 389 

negative and passes the significance test, indicating that for every 1% increase in the level of digital 390 

agriculture, agricultural carbon emissions will decrease by 5.3%, indicating that digital agriculture has 391 

an agricultural carbon emissions reduction effect. Model (2) considers the control variables. The 392 

negative effect of digital agriculture (lndig) on agricultural carbon emissions is still significant, and for 393 

every 1% increase in the level of digital agriculture, agricultural carbon emissions will decrease by 394 

7.7%, so, digital agriculture has a carbon emissions reduction effect, and Hypothesis 1 is verified. 395 

Model (3) considers a dynamic spatial panel regression model. First, the regression coefficient of 396 

carbon emissions lagged by one period (L.CO2) is significantly positive, which indicates that there is a 397 

strong time dependence of agricultural carbon emissions in China, showing a certain "snowball effect" 398 

(Lu et al. 2019), indicating that,. on the one hand, there is a dynamic continuity of agricultural carbon 399 

emissions, i.e., the carbon emissions in the previous period will have a significant impact on the carbon 400 

emissions in the current period, and more carbon emissions in the previous period will directly lead to 401 

higher carbon emissions in the current period, and vice versa. On the other hand, it also reflects that 402 

other unmeasured variables also have a significant positive impact on carbon emissions. Second, from 403 

the coefficients of ρ in models (1), (2), and (3), the coefficients of each model are significantly positive, 404 

indicating that an increase in carbon emissions in the region will have a significant impact on the 405 

neighboring regions. Finally, the coefficient of the core explanatory variable digital agriculture (lndig) 406 

is significantly negative, and every 1% increase in the level of digital agriculture will reduce carbon 407 

emissions by 7.6%. Hypothesis 1 is again verified, indicating that digital agriculture has a negative 408 

spillover effect on carbon emissions in the region. This is because digital agriculture relies on 409 

agricultural science and technology to effectively reduce agricultural chemical inputs, improve 410 

agricultural production efficiency, and adopt green and low-carbon-intensive agricultural production 411 
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methods, thus effectively reducing agricultural carbon emissions. In addition, digital agriculture 412 

technology can easily produce a "learning effect", and enterprises can further improve their technology 413 

through digestion, absorption and reinvention, forming a virtuous cycle and ultimately reducing carbon 414 

emissions. 415 

Agricultural technological progress is considered to be an effective measure to achieve carbon 416 

emissions reduction (Huang et al. 2016), and the coefficient of agricultural technological progress 417 

index is positive in the spatial Durbin static model (2) and passes the significance test, which means 418 

that agricultural technological progress increases carbon emissions; when the coefficient of agricultural 419 

technological progress in the spatial Durbin dynamic model (3) is negative and passes the 1% 420 

significance test, it proves that agricultural technological progress has the effect of reducing carbon 421 

emissions. Hypothesis 2 is proved. The reason for this situation is that agricultural technological 422 

progress takes a longer time to play out and accumulate, and the impact on local carbon emissions 423 

reduction is limited in the short terms; as time increases, agricultural technology will also gradually 424 

mature, and at this time, the application of agricultural technology has a more obvious effect on carbon 425 

emissions reduction. 426 

From the regression results of the static Durbin model (2), it can be seen that the coefficient of 427 

agricultural industrial structure is negative and passes the 1% significance test, that is, for every 1 428 

percent increase in agricultural industrial structure, agricultural carbon emissions reduction will be 429 

reduced by 0.22 percentage points, thus it can be seen that agricultural industrial structure has a 430 

significant reduction effect on agricultural carbon emissions. From the dynamic Durbin model (3), it 431 

can be seen that industrial structure has a reduction effect on agricultural carbon emissions. In 432 

summary, the upgrading of agricultural industrial structure can indeed reduce carbon emissions, and 433 

Hypothesis 3 is verified. 434 

Table 5. Regression results of carbon emissions from digital agriculture 435 

VARIABLES Model（1） Model（2） Model（3） 

L.CO2 — — 4.184*** 

 — — (0.00) 

L.WCO2 — — -1.270*** 

 — — (0.00) 

lndig -0.053* -0.114*** -0.088** 

 (0.06) (0.00) (0.02) 

lnpeople — 0.573*** -1.779*** 

 — (0.00) (0.00) 

lnedu — -0.035 0.154*** 

 — (0.18) (0.00) 

lngdp — -0.186** -0.077 

 — (0.01) (0.29) 

lnagri — 0.047 0.339*** 

 — (0.27) (0.00) 
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*** represents p<0.01, ** represents p<0.05, * represents p<0.1 436 

5.3.1 Decomposition of the impact effect of the spatial Durbin model 437 

Decomposition of the spatial spillover effect of carbon emissions reduction in digital agriculture. The 438 

ordinary panel data model does not include the spatial lag term, and the regression coefficients directly 439 

represent the effects of the independent variables on the dependent variable, but with the spatial Durbin 440 

model, because of the inclusion of the spatial lag term, the coefficients of each model regression cannot 441 

be prepared to describe the effects of the independent variables on the dependent variable, and the total, 442 

direct and indirect effects of the spatial Durbin model need to be calculated separately. The static 443 

spatial model is decomposed here to accurately represent the spillover effect of digital agriculture on 444 

carbon emissions. 445 

Table 6. Model decomposition of static space panel regression results 446 

lnindu — -0.220*** -0.154*** 

 — (0.01) (0.00) 

lntech — 0.109*** -0.320*** 

 — (0.00) (0.00) 

ρ 0.643*** 0.360*** 0.173** 

 (0.00) (0.00) (0.01) 

sigma2_e 0.003*** 0.002*** 0.001*** 

 (0.00) (0.00) (0.00) 

Observations 279 279 279 

R-squared 0.025 0.785 0.895 

Number of mun 31 31 31 

VARIABLES Regression results Spillover effects Effect of decomposition 

Main Wx Direct Indirect Total 

lndig -0.112*** 0.031 -0.111*** -0.003 -0.114* 

 (0.00) (0.48) (0.00) (0.96) (0.05) 

lnpeople 0.715*** -0.664** 0.677*** -0.578 0.099 

 (0.00) (0.02) (0.00) (0.12) (0.80) 

lnedu -0.012 0.107* -0.002 0.143* 0.141 

 (0.63) (0.06) (0.94) (0.07) (0.12) 

lngdp -0.186** -0.489*** -0.225*** -0.721*** -0.946*** 

 (0.01) (0.00) (0.00) (0.00) (0.00) 

lnagri 0.110** 0.422*** 0.145*** 0.597*** 0.743*** 

 (0.01) (0.00) (0.00) (0.00) (0.00) 

lnindu -0.253*** -0.228 -0.0.267*** -0.407*** -0.683*** 
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Note: P-values corresponding to each variable are in parentheses; the superscripts *** , ** , * indicate 447 

significance levels of 1%, 5%, and 10%, respectively. *** p<0.01, ** p<0.05, * p<0.1 448 

As seen in Table 6, the direct, indirect, and total effects of digital agriculture level are negative, 449 

and the direct and total effects pass the test of at least 1%, indicating that for every 1 percentage point 450 

increase in the level of digital agriculture in a region, the local carbon emissions will be reduced by 451 

0.111 percentage points, and that digital agriculture has a carbon emissions reduction effect is 452 

confirmed. The indirect effect of digital agriculture level is negative, but it does not pass the 453 

significance test, thus, the increase of digital agriculture level cannot reduce the agricultural carbon 454 

emissions of the neighboring provinces, which may be due to the inter-regional competition in the 455 

process of digital agriculture technology diffusion; when the digital agriculture technology of a 456 

province or city is improved, it will increase the local agricultural GDP and improve the 457 

competitiveness of the agricultural economy. Each region hopes to lead its own economy and expects 458 

that the competitiveness of agricultural economy in other regions will be enhanced in the future, then 459 

the idea of developing the economy first and considering the environment later will arise, which leads 460 

to the increase of agricultural carbon emissions (He et al. 2022). 461 

The direct effect of the resident population in the region is positive, and the indirect and total 462 

effects do not pass the significance test, indicating that the resident population in a province or city will 463 

directly increase the carbon emissions in the region, and the indirect effect is negative, but does not 464 

pass the significance test, so the population increase has no significant effect on the carbon emissions 465 

in the surrounding provinces, and its direct effect coefficient is 0.677. When the resident population in 466 

a province or city increases by 1 percentage point, it will lead to an increase in the region of carbon 467 

emissions by about 0.677 percentage points. This is the same as in the literature (Wang 2011), which 468 

concluded that population growth increases carbon emissions. The reason is that larger populations will 469 

consume more energy and increase the demand for agricultural products, and when the rural population 470 

moves to the cities and towns and the labor force decreases, more mechanization will be used to 471 

produce agricultural products, which in turn will have a dampening effect on agricultural carbon 472 

emissions reduction (Wang 2011). 473 

The direct effect of rural education level is negative, but it does not pass the significance test, 474 

indicating that the increase of rural education level in a region will not reduce the carbon emissions in 475 

the region, probably because farmers are the main actors implementing agricultural production 476 

activities, and the average education level of rural farmers is mainly junior high school, which is 477 

usually an obstacle when conducting some formal series of training, and such farmers are more 478 

inclined more inclined to the "high input, high output" agricultural production model, and less likely to 479 

adopt low-carbon agricultural production behavior and low-carbon agricultural production technology. 480 

However, in the long run, people with a college education and above are more receptive to low-carbon 481 

agricultural technologies, and they pay more attention to the use of various advanced agricultural 482 

 (0.00) (0.20) (0.00) (0.09) (0.01) 

lntech 0.118*** 0.091** 0.127*** 0.168*** 0.294*** 

 (0.00) (0.02) (0.00) (0.00) (0.00) 

ρ 0.283*** — — — — 

 (0.00) — — — — 

R2 78.5% — — — — 
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technologies and low-carbon agricultural technologies. Improving the level of rural education will 483 

remain the focus of low-carbon agricultural production in rural areas in the future (Huang et al. 2015). 484 

The coefficients of direct, indirect, and total effects of per capita GDP are all negative and pass the 485 

significance test, indicating that an increase in per capita GDP will reduce agricultural carbon 486 

emissions, which is inconsistent with the findings of many scholars. However, when the per capita 487 

GDP keeps increasing, the increase in the proportion of consumer spending will significantly promote 488 

the upgrading and transformation of the industrial structure, and also greatly promote the development 489 

of life-oriented services such as healthcare in the service industry, pursuing a higher quality of life, and 490 

increasing the proportion of consumption of green and organic products, which is conducive to the 491 

realization of low-carbon agriculture. 492 

The direct, indirect, and total effect coefficients of agricultural industrial structure are all negative 493 

and pass the significance test, meaning the adjustment of agricultural industrial structure can promote 494 

the scientific allocation of production factors, improve the input efficiency of agricultural resources, 495 

and thus reduce the consumption of carbon sources. In terms of indirect effects, agricultural industrial 496 

structure can reduce agricultural carbon emissions in neighboring regions through spatial spillover 497 

effects, and it can also drive the upgrading and optimization of industrial structures in neighboring 498 

provinces through technology exchange and other means, which indirectly promotes the reduction of 499 

carbon emissions in neighboring provinces. 500 

The direct and indirect effects of gross agricultural product are positive and pass the significance 501 

test. The total increase in agricultural production will not only increase the carbon emissions of the 502 

province, but also increase the carbon emissions of neighboring provinces. In terms of effect 503 

coefficient, the effect coefficient of population size is larger, so the carbon emissions problem can be 504 

dealt with mainly from that aspect. 505 

5.4 Robustness tests 506 

5.4.1 Replacement weight matrix method 507 

The selection of spatial weight moments has been used to solve practical problems using spatial 508 

measures. Based on this, this paper first uses a weight matrix different from the baseline regression to 509 

perform a literature-based test to further verify the reliability of the findings. 510 

The geographical distance between two regions is an important variable affecting spatial 511 

correlation, and the spatial relationship between provinces and cities should be reflected not only by 512 

geographical distance but also by economic distance. From the regression results in Table 7, the 513 

coefficient of digital agriculture (lndig) is significantly positive at the 10% significance level, which is 514 

consistent with the previous baseline regression results, further proving that digital agriculture has a 515 

carbon emissions reduction effect; the agricultural industry structure is negative in both the economic 516 

distance matrix and geographical distance matrix with coefficients that pass the significance test, i.e., 517 

the industrial structure of the agricultural industry is conducive to achieving carbon emissions 518 

reduction in agriculture, and Hypothesis 3 is verified. 519 

Table 7. Matrix of replacement weights for robustness tests 520 

VARIABLES Geographic distance 

matrix 

Economic distance 

matrix 

Adjacency distance matrix 

lndig -0.096*** -0.099*** -0.112*** 

 (0.00) (0.00) (0.00) 

lnpeople 0.510*** 0.234 0.715*** 
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Note: P-values corresponding to each variable are in parentheses; the superscripts *** , ** , * indicate 521 

significance levels of 1%, 5%, and 10%, respectively. *** p<0.01, ** p<0.05, * p<0.1 522 

5.4.2 Explanatory variable substitution method 523 

The effect of digital agriculture on agricultural carbon emissions reduction may have a longer time lag 524 

effect. Replacing the level of digital agriculture in the regression model with two lags (Huang and 525 

Yang 2022) and re-running the regression, the results show that digital agriculture still has a strong 526 

negative effect on agricultural carbon emissions in both the model with one lag (1) and the model with 527 

two lags (2), which again verifies that digital agriculture has a significant carbon emissions reduction 528 

effect. At the same time, the absolute values of the coefficients of the two-lagged models are larger 529 

than those of the one-lagged model, indicating that the carbon emissions reduction effect of digital 530 

agriculture may exist in the long term. 531 

Table 8. Robustness test of explanatory variables substitution method 532 

 533 

 (0.01) (0.30) (0.00) 

lnedu -0.018 -0.049* -0.012 

 (0.49) (0.06) (0.63) 

lngdp -0.170** -0.039 -0.186** 

 (0.03) (0.61) (0.01) 

lnagri 0.074 0.093* 0.110** 

 (0.11) (0.05) (0.01) 

lnindu -0.318*** -0.326*** -0.253*** 

 (0.00) (0.00) (0.00) 

lntech 0.123*** 0.142*** 0.118*** 

 (0.00) (0.00) (0.00) 

rho 0.334*** 0.390*** 0.283*** 

 (0.00) (0.00) (0.00) 

sigma2_e 0.002*** 0.003*** 0.002*** 

 (0.00) (0.00) (0.00) 

Observations 279 279 279 

R-squared 0.710 0.538 0.785 

Number of id 31 31 31 

VARIABLES (1) (2) 

L1.lndig -0.012** — 

 (0.04) — 

L2.lndig — -0.013* 

 — (0.03) 

Constant 2.308 -0.035 

 (0.19) (0.99) 

Observations 248 217 

Number of mun 31 31 

R-squared 0.853 0.781 
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Note: P-values corresponding to each variable are in parentheses; the superscripts *** , ** , * indicate 534 

significance levels of 1%, 5%, and 10%, respectively. *** p<0.01, ** p<0.05, * p<0.1 535 

5.5 Intermediary Effect 536 

There is a significant mediating effect of carbon emissions reduction in digital agriculture, i.e., the 537 

carbon emissions reduction effect of digital agriculture is indirectly caused by digital inclusive finance. 538 

Table 9 shows the test results of inclusive finance as a mediating variable. The results show that digital 539 

inclusive finance plays a mediating role between digital agriculture and agricultural carbon emissions, 540 

and the mediating effect value α1*Y2/α1 is 50.49%. Hypothesis 4, that digital agriculture can achieve 541 

agricultural carbon emissions reduction through digital inclusive finance, is confirmed. 542 

Digital agriculture development requires large investments, which need the support of digital 543 

inclusive finance. Digital inclusive finance supports digital agriculture development, and can prioritize 544 

support for agricultural investment projects with low environmental pollution and significant carbon 545 

emissions effects. The case of R Agro in Chengdu, China, proves this point. Under the digital 546 

agriculture model, Company R was able to scientifically reduce the use of chemical fertilizers, 547 

pesticides, and transportation gasoline, and grow food more efficiently and precisely, which ultimately 548 

has the effect of reducing greenhouse gas emissions directly and indirectly (Zhang et al. 2022). The 549 

financial activities of all aspects of Company R reflect the advantages of the low transaction costs and 550 

high operational efficiency associated with digital inclusive finance, which further promote carbon 551 

emissions reduction. 552 

Table 9. Intermediary effect test results 553 

VARIABLES The mediating effect of inclusive finance 

LNDFI LNCO2 

lndig 19.189*** 0.616*** 

 (0.00) (0.00) 

LNDFI — -0.003*** 

 — (0.00) 

Constant 237.613*** 6.870*** 

 (0.00) (0.00) 

Control variables YES YES 

Note: P-values corresponding to each variable are in parentheses; the superscripts *** , ** , * indicate 554 

significance levels of 1%, 5%, and 10%, respectively. *** p<0.01, ** p<0.05, * p<0.1 555 

6 Discussion 556 

This paper explores the spatial correlation and carbon emissions reduction paths of digital agriculture 557 

by using panel data of 31 provinces from 2011-2019 and constructing a fixed-effects model, on the one 558 

hand, drawing on the construction of digital agriculture and agricultural carbon emissions indicators by 559 

relevant scholars, and exploring the paths of digital agriculture on agricultural carbon emissions 560 

reduction with a new research perspective; on the basis of the research, it is verified that the adjustment 561 

of agricultural industry structure can effectively reduce agricultural carbon emissions; the improvement 562 

of agricultural technology level is a powerful measure to reduce agricultural carbon emissions; the 563 

improvement of education level is a potential factor to realize the role of agricultural carbon emissions 564 

reduction. Next, using the replacement weight matrix method and the core explanatory variables 565 
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substitution method for robustness testing, the agricultural carbon emissions reduction effect of digital 566 

agriculture remained robust. 567 

The research in this paper has the following limitations. First, due to the difficulty of data 568 

collection, it is impossible to search for earlier and later data, so the research time span is short, and 569 

there may be a certain degree of error between the research results and the latest data. Second, there are 570 

many influencing factors affecting agricultural carbon emissions, and this paper only counts the carbon 571 

emissions produced by agricultural production in a narrow sense. 572 

7 Conclusions 573 

Based on provincial panel data of 31 Chinese provinces from 2011-2019, this paper uses a spatial 574 

econometric model to empirically analyze the carbon emissions reduction effect of digital agriculture in 575 

China at the national level, and the following conclusions can be drawn: 576 

At the national level, China's agricultural carbon emissions showed a trend of increasing and then 577 

decreasing during 2011-2019, in which, they kept increasing from 2011-2015 and reached a peak in 578 

2015; they kept decreasing from 2016-2019. At the regional level, the regions with higher agricultural 579 

carbon emissions are mainly concentrated in the central and eastern coastal areas, and the regions with 580 

higher carbon emissions intensity are mainly in the central and western regions. 581 

In terms of spatial autocorrelation, the Moran's I indices of digital agriculture and agricultural 582 

carbon emissions from 2011-2019 are both positive, and both pass the significance test, indicating that 583 

there is a significant global positive correlation, showing the characteristics of aggregation. The degree 584 

of spatial autocorrelation of agricultural carbon emissions gradually decreases with the advance of time, 585 

and the aggregation effect keeps weakening, and the aggregation effect of digital agriculture shows a 586 

small fluctuation state (Li and Zhang 2011). 587 

From the estimation results of the spatial Durbin model, digital agriculture can suppress 588 

agricultural carbon emissions; industrial structure and economic development level have negative 589 

effects on agricultural carbon emissions; agricultural technological progress and rural education level 590 

have positive effects on agricultural carbon emissions in the short term and can suppress agricultural 591 

carbon emissions in the long term; regional population and agricultural output value are positively 592 

correlated with agricultural carbon emissions. 593 

From the decomposition of spillover effects, the level of digital agriculture not only directly 594 

suppresses agricultural carbon emissions in the province, but also indirectly suppresses agricultural 595 

carbon emissions in neighboring provinces; industrial structure has a negative correlation with 596 

agricultural carbon emissions in the province and has a spillover effect on agricultural carbon 597 

emissions in neighboring provinces, suppressing agricultural carbon emissions; agricultural 598 

technological progress and agricultural carbon emissions show a negative effect. 599 

Digital inclusive finance plays a mediating role between digital agriculture and agricultural carbon 600 

emissions, with a mediating effect value of 50.49%. Therefore, digital agriculture can achieve 601 

agricultural carbon emissions reduction through digital inclusive finance. 602 

8 Conclusions 603 

The above findings have important policy implications, based on which we make the following 604 

recommendations: 605 

Strengthen the promotion of digital agriculture to improve agricultural production efficiency and 606 

technical support capacity. The key to achieving energy conservation and emissions reduction in 607 
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agriculture is to upgrade digital agriculture, rely on scientific and technological progress to promote 608 

productivity improvement and reduce emissions in agricultural production, while focusing on 609 

introducing and learning advanced technologies from abroad.  610 

Optimize and adjust the agricultural industrial structure to reduce agricultural carbon emissions. 611 

Optimizing the agricultural industrial structure is the basic path of carbon emissions reduction in digital 612 

agriculture. We should reduce the use of high energy consumption agricultural machinery and 613 

pesticides and fertilizers to control agricultural carbon emissions to the lowest range. 614 

Strengthen agricultural technological innovation and promote low-carbon transformation in 615 

agriculture. Agricultural technological progress is the backbone of achieving low carbon emissions in 616 

agriculture. With the concepts of energy saving, low-carbon and environmental protection, the 617 

construction of an agricultural ecological environment should be the focus. Digital science and 618 

technological innovation and promotion can improve the effectiveness of carbon emission reduction in 619 

agriculture (Li et al. 2010). 620 

Improve the education level of farmers and effectively change agricultural development. 621 

Improving the education level of farmers is the foundation for realizing agricultural carbon emissions 622 

reduction. It is necessary to continue to increase investment in education in rural areas, strengthen skills 623 

training for the working population in rural areas, and cultivate a group of new agricultural talents who 624 

know technology, so as to lay the foundation of talents for realizing agricultural carbons emission 625 

reduction. (Wu et al. 2021) In addition, the active development of digital inclusive finance can also 626 

promote agricultural carbon emissions reduction. 627 
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