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Abstract: This study evaluates the agricultural carbon emission efficiency of Shandong Province 

from 2011 to 2020 using the DEA-SBM model. The nexus between endogenous and exogenous 

variables is estimated using the Tobit model. The findings reveal an overall increasing trend in 

agricultural carbon emissions, with significant variations in efficiency values among different cities, 

leading to a severe polarization. Spatial evaluation shows a high distribution trend in the central 

region and low in the eastern and western regions of Shandong Province. The empirical tests 

conducted for Shandong Province and its three regions indicate that urbanization plays a major role 

in supporting the growth of agricultural carbon emission efficiency, while the education level of the 

labor force has a suppressive impact. Economic development and crop cultivation structure, 

however, have no significant influence. The impact of these variables varies across the eastern, 

central, and western regions. The proposed countermeasures include improving planting structure 

and reducing brain drain in the eastern region, strengthening agricultural and rural inputs and 

increasing the added value of agricultural products in the central region, and intensifying the 

linkage between urbanization and industrial layout in the western region to reduce agricultural 

carbon emissions efficiency in Shandong Province. 

Keywords: agricultural carbon emissions; low-level trap; DEA-SBM model; Tobit model; Shandong 

province 

 

1. Introduction 

1.1. Background 

Climate change stands as the foremost global environmental concern, with global warming 

already causing detrimental effects such as rising sea levels, extreme weather events, and biodiversity 

loss [1,2]. Consequently, carbon emissions have become a crucial issue of global significance. In 

response, China has set a “double carbon” target: to achieve a peak in carbon emissions by 2030 and 

attain carbon neutrality by 2060 [3]. This ambitious objective necessitates emission reductions across 

all sectors, including agriculture, which serves as both a significant source of carbon emissions and a 

substantial carbon sink system [4,5]. Agriculture is not only the second-highest emitter of greenhouse 

gases (GHGs) but also a fundamental sector in China, intimately linked to food supply and economic 

development [6]. Consequently, it is imperative to develop solutions to enhance agricultural carbon 

sink capacity, effectively reduce agricultural carbon emissions, and safeguard agricultural activities 

from the impacts of climate change. 

In 2020, Shandong Province accounted for approximately 9% of China’s carbon emissions, 

totaling 815 million tons, thus ranking first in the country [7]. As a prominent agricultural province, 

Shandong contributes significantly to the production of grains, fruits, vegetables, and other 

agricultural products [8]. However, challenges persist, such as excessive use of pesticides and 
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fertilizers and an imbalanced planting structure, leading to high agricultural input requirements and 

hindering progress towards the “double carbon” target [9]. Therefore, this study aims to examine the 

regional and temporal variations in agricultural carbon emission efficiency, while also analyzing 

pertinent factors, using Shandong Province as a case study. The ultimate goal is for Shandong 

Province to serve as a model for achieving low-consumption, high-efficiency agricultural growth in 

China. 

1.2. Literature Review and Research Gaps 

Although a precise definition of agricultural carbon emission efficiency is lacking, it essentially 

pertains to the measurement of the economic output of agriculture in relation to the carbon emissions 

produced, which are considered as undesired outputs [10–12]. Currently, research conducted by 

domestic and international scholars primarily focuses on two aspects: the methodology employed 

and the factors influencing agricultural carbon emission efficiency. Various methods are employed 

to measure agricultural carbon emission efficiency. These methods include the Malmquist CO2 

emission performance index (MCPI) [10], the Malmquist-Luenberger (ML) function [13], the data 

envelopment approach (DEA) model [14,15], the stochastic frontier analysis (SFA) model [16,17], and 

others. DEA, which is the most widely used method for studying efficiency, is suitable for examining 

multiple inputs and outputs. However, the conventional DEA model only considers the issue of 

desired output efficiency. Given the increasing significance of environmental protection and 

sustainability in agricultural development, carbon emissions are incorporated into non-desired 

output indicators based on existing measures [18]. This incorporation of non-desired output 

indicators leads to two primary types of methodological changes. 

The first type involves the decomposition of the overall efficiency of agricultural carbon 

emissions into technical efficiency (EFF) and technical progress efficiency (TECH) using the 

Malmquist index. EFF can be further divided into pure technical efficiency (PE) and scale efficiency 

(SE). By employing this approach to analyze the main drivers of integrated efficiency, researchers 

have discovered that TECH plays a larger role in enhancing carbon emission efficiency [15,18,19]. 

However, some scholars argue that EFF is the major contributing factor [20]. 

The second type of methodological change involves using the Slacks-Based Measure (SBM) to 

account for non-desired outputs. This method enhances measurement accuracy by adjusting the goal 

function to include a slack variable, thereby addressing the measurement bias inherent in traditional 

DEA models. By adopting this approach, studies have revealed insights such as the overall low 

agricultural green total factor productivity in the Yellow River Basin [21] and the low eco-efficiency 

of state-owned forestry businesses in the northeast region [22]. 

Additionally, a comprehensive review was conducted on ten models related to agricultural 

carbon emissions, including the Air Pollution Interactions and Synergies (GAINS) model, to assess 

the potential reduction of Ireland’s agricultural carbon emissions [23]. Moreover, the Swiss Integrated 

Agricultural Allocation (S_INTAGRAL) model was used to analyze greenhouse gas emissions from 

agriculture in Switzerland [24]. 

Factors influencing agricultural carbon emissions have been analyzed by experts and 

researchers using various methods such as the Probit model, LMDI model, Tobit model, spatial 

Dubin model, and others. Existing studies have identified three main aspects that contribute to these 

influencing factors: industry, environment, and society. From an industrial perspective, agricultural 

innovation and the level of mechanization have shown a positive impact on agricultural carbon 

emission efficiency, while the structure of the agricultural industry has been found to have a 

significant negative effect [13,20,25]. However, some scholars have also discovered a positive 

influence of agricultural industry structure on agricultural carbon emission efficiency through testing 

[19]. Regarding the environment, the severity of disasters and the availability of arable land per capita 

both hinder the improvement of agricultural carbon efficiency. It is worth noting that the impact of 

disaster severity has shown variations among different research subjects and has even demonstrated 

a catalytic effect in China [19,26,27]. On the other hand, rural power usage has been found to promote 
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increased carbon emission efficiency in agriculture [18], and land availability has been confirmed to 

contribute to the sustainability of the environment [28]. 

From a societal perspective, factors such as urbanization rate, economic development, and 

openness to the outside world have been found to promote agricultural carbon emission efficiency. 

Conversely, the size of the labor force, intensity of agricultural investment, and financial support to 

agriculture have been identified as inhibiting factors for agricultural carbon emission efficiency 

[19,20,27]. In summary, although studies on measuring techniques and influencing factors have 

provided some insights, several issues still remain. Firstly, research primarily focuses on specific 

countries or river basins, with limited studies conducted at the provincial level. Secondly, most 

studies examine influencing factors on a broader scale, failing to recognize regional variations and 

the varying significance of these factors due to different levels of development. Therefore, this paper 

takes Shandong province as a case study, employs the DEA-SBM model to measure agricultural 

carbon emission efficiency, and explores the influence of various factors in each region by combining 

the results with geographical location, classifying the 16 cities in Shandong province. 

The main contributions of the article are as follows: 

1. Evaluation of Agricultural Carbon Emission Efficiency: The study focuses on evaluating the 

agricultural carbon emission efficiency of Shandong Province from 2011 to 2020. This assessment 

provides valuable insights into the environmental performance of the agricultural sector in the 

region over a specific time period. 

2. Identification of Regional Disparities: The research findings reveal significant differences in the 

efficiency values of agricultural carbon emissions among different cities in Shandong Province. 

The study highlights the existence of polarization in agricultural carbon emission efficiency, 

emphasizing the need for targeted interventions based on regional characteristics. 

3. Spatial Distribution Analysis: Through spatial evaluation, the study identifies a distribution 

trend in agricultural carbon emission efficiency across Shandong Province. It indicates that the 

central region of the province exhibits higher efficiency values, while the eastern and western 

regions have lower efficiency values. This spatial analysis provides a comprehensive 

understanding of the geographical patterns of agricultural carbon emission efficiency. 

4. Examination of Influencing Factors: The study conducts empirical tests to identify the key factors 

influencing agricultural carbon emission efficiency in Shandong Province and its three regions. 

The findings indicate that urbanization plays a significant role in supporting the growth of 

agricultural carbon emission efficiency. Conversely, the education level of the labor force has a 

suppressive impact. However, factors such as economic development and crop cultivation 

structure do not show significant influence consistently across the regions. 

5. Region-Specific Policy Recommendations: Based on the analysis of influencing factors and 

regional characteristics, the article proposes specific countermeasures to enhance agricultural 

carbon emission efficiency in different regions of Shandong Province. These recommendations 

include improving the planting structure and reducing brain drain in the eastern region, 

strengthening agricultural and rural inputs while increasing the added value of agricultural 

products in the central region, and intensifying the linkage between urbanization and industrial 

layout in the western region. 

Overall, the article contributes to the understanding of agricultural carbon emission efficiency, 

regional disparities, influencing factors, and provides practical policy suggestions for promoting 

sustainable agricultural practices in Shandong Province. 

2. Materials and Methods 

2.1. Research Methods 

2.1.1. Non-Desired Output DEA-SBM Model 

DEA (Data Envelopment Analysis) is widely used in various fields due to its ability to address 

the limitations of simple regression functions [29]. In this study, the agricultural carbon emission 

efficiency is examined, which involves measuring multiple inputs and outputs. To overcome 

challenges in radial perspective analysis, the DEA-SBM model is employed, which incorporates non-
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desired outputs into the analysis. The inclusion of non-desired outputs in the SBM model allows for 

the improvement of both negative outputs and desired normal outputs in production and processing 

activities. This model enables a comprehensive consideration of input and output slackness, 

optimizing the degree of improvement in the system. 

Traditional DEA models ignore the case of non-zero input or output slack. To address this 

situation, Tone [30] suggested a non-radial, non-angular DEA-SBM model with slack variables, which 

was later improved to a DEA-SBM model with non-desired outputs [31]. The specific model can be 

written as: 

𝜌 = 𝑚𝑖𝑛 1 − 1𝑚∑ 𝑠௜ି𝑥௜଴௠௜ୀଵ
1 +

1𝑠ଵ + 𝑠ଶ ቆ∑ 𝑠௥௔𝑦௥బ௔௦భ௥ୀଵ + ∑ 𝑠௥௕𝑦௥బ௕௦మ௥ୀଵ ቇ 

𝑠. 𝑡.⎩⎨
⎧ 𝑥଴ = 𝑋𝜆 + 𝑠ି𝑦଴௔ = 𝑌௔𝜆 − 𝑠௔𝑦଴௕ = 𝑌௕𝜆 + 𝑠௕𝑠ି, 𝑠௔, 𝑠௕ , 𝜆 ≥ 0

 

where ρ represent the agricultural carbon emission efficiency, has a value in range of 0 and 1. m 

represents the necessary factor inputs, which refers to the labor, land, and other factors that need to 

be input in agricultural production activities. sଵ and sଶ represent the expected, and non-desired 

output variables, respectively, which in this study are gross agricultural product and agricultural 

carbon emissions. x୧଴, y୰బୟ , and y୰బୠ  denote the assessed decision unit’s input and output values, 

respectively, over a specific time period. The X, Yୟ, and Yୠ  represents the vectors of the input, 

expected output, and non-desired output, respectively. The slack variables for input, intended 

output, and non-desired output are each represented by the sି, sୟ, sୠ . When ρ = 1, that is, sି =

0, sୟ = 0, sୠ = 0 decision making unit is valid, agricultural carbon efficiency is at its highest. When ρ < 1, the decision unit can improve since it is ineffective. 

2.1.2. Tobit Model 

The Tobit model, also known as the truncated regression model, was introduced by James Tobin 

in 1958 to handle explanatory variables that exhibit truncation characteristics, where they are non-

negative but roughly distributed across positive values [32]. This model addresses the challenge of 

distinguishing between level and non-limiting values, which ordinary OLS regression cannot handle. 

In the case of agricultural carbon emission efficiency, the values range from 0 to 1, displaying a 

distinct non-negative truncation characteristic. When using the DEA-SBM model to measure 

efficiency, the results fall within the range of [0, 1]. To account for this restricted dependent variable, 

the panel Tobit model was selected for the study, as traditional OLS regression methods fail to explain 

the differences between limiting and non-limiting observations and do not provide unbiased and 

consistent parameter estimates. Therefore, this study employs the Tobit model for the regression 

analysis, and its specific function can be written as: 𝑦௜௧∗ = 𝛼 + 𝛽𝑥௜௧ + 𝜀௜௧ 𝑦௜௧ = ൜𝑦௜௧∗ ,𝑦௜௧∗ > 0

0,𝑦௜௧∗ ≤ 0
 

where the variable being explained is denoted as y୧୲, while the explanatory variable is represented 

by x୧୲. The intercept term, which is the parameter requiring estimation, is referred to as α, whereas 

the parameter for the explanatory variable is denoted as β. Lastly, the random disturbance term is 

labeled as ε୧୲ which is assumed to be normally distributed at zero mean value and constant variance 

[33–35]. 
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2.2. Variable Selection 

2.2.1. Evaluation Index System of Agricultural Carbon Emission Efficiency 

For the setting of input, desired output, and non-desired output in an agricultural production 

system, we have followed the previous literature [27,36–40]. To ensure the standards of 

representativeness, systematicity, and data accessibility, we have considered three inputs of social 

resources, natural resources, and environmental resources, with a gross agricultural product as a 

desired output and agricultural carbon emission as a non-desired output, and created a system for 

evaluating agricultural carbon emission efficiency (Table 1). 

Table 1. Agricultural carbon emission efficiency evaluation system. 

Type of 

Indicators 

First-Level 

Indicators 

Second-Level 

Indicators 
Variables and Descriptions Unit 

Input 

Indicators 

Social resource 

Workforce 
Total number of agricultural 

Practitioners 

10,000 

people 

Agricultural 

machinery 

Total power of agricultural 

machinery 
Kilowatt 

Natural resource 
Land resources Crop sown area hectare 

Water resource Effective irrigated area hectare 

Environmental 

resource input 

Fertilizer Fertilizer application amount ton 

Pesticides Amount of pesticides used ton 

Agricultural film 
Amount of agricultural film 

used 
ton 

Output 

Indicators 

Expected output 
Gross agricultural 

product 

Total agricultural output 

value (based on 2011) 

million 

yuan 

Non-desired outputs 
Agricultural carbon 

emissions 
Agricultural carbon emissions ton 

It is required to compute agricultural carbon emissions because there is no statistical information 

available. It can be calculated with given equation. 𝐶 = ෍𝐶௜ = ෍𝑒௜𝜀௜ 
where C represents the overall agricultural carbon emissions, C୧ represents the category i carbon 

source’s emission, e୧ represents the category i carbon source’s input, and ε୧ represents the category 

i carbon source’s coefficient. Following the previous studies [41–43], we have calculated the per-unit 

emission from various sources (Table 2). 

Table 2. Sources and coefficients of agricultural carbon emission. 

Carbon Emission Source Carbon Emission Coefficients Unit 

Fertilizer 0.896 kg C/kg 

Pesticide 5.180 kg C/kg 

Agricultural film 4.934 kg C/kg 

Diesel 0.593 kg C/kg 

Tillage 3.126 kg C/hm2 

Irrigation 20.476 kg C/hm2 

2.2.2. Influencing Factor Variables 

Taking agricultural carbon emission as the explanatory variable, drawing on previous studies 

[18,20,27,44,45], and considering the variables that may have an impact on it, four variables, namely, 

economic development, urbanization, crop cultivation structure and labor force education level, were 

selected to explore the impact of each variable (Table 3). 
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Table 3. Influencing factors of agricultural carbon emission efficiency. 

Variables Description Unit 

Economic Development GDP per capita 10 thousand yuan 

Urbanization 
the ratio of urban population and population 

quantity 
% 

Crop Cultivation Structure 
the ratio of food crop cultivation area to crop sown 

area 
% 

Labor Force Education Level
the number of students enrolled in general high 

school and secondary school 
10 thousand people 

2.3. Data Sources 

The study period for this paper spans from 2011 to 2020. The primary data sources utilized 

include the Shandong Province Statistics Yearbook (2012-2021), as well as statistical yearbooks and 

bulletins from the 16 cities within Shandong Province. In instances where data were missing, 

interpolation methods were employed to fill the gaps. It is worth noting that in 2019, Laiwu City was 

incorporated into Jinan City, resulting in challenges in obtaining data specifically for Laiwu City 

beyond that year. Consequently, during the data collation process for the years 2011 to 2018, the data 

from Laiwu City were directly combined and processed with the data from Jinan City. 

3. Results and Discussion 

3.1. Spatial and Temporal Characteristics of Agricultural Carbon Emission Efficiency 

3.1.1. Temporal Characteristics 

The agricultural carbon emission efficiency of Shandong Province was evaluated using the DEA-

SBM model, which incorporates undesirable outputs. The average values and yearly growth rates of 

agricultural carbon emission efficiency were calculated for each city in Shandong Province from 2011 

to 2020 (Figure 1). Additionally, to gain a better understanding of the temporal trends, the 

agricultural carbon emission efficiency of the 16 cities in Shandong Province was ranked for the years 

2011, 2014, 2017, and 2019 (Table 4). 

 

Figure 1. Change in the Average and Growth Rate of Agricultural Carbon Emission Efficiency in 

Shandong Province for 10 years. 

The agricultural carbon emission efficiency of each city in Shandong Province has shown an 

overall increase over time. In terms of efficiency values, in 2011, Dongying City had an efficiency 

value of 1. This can be attributed to the fact that Dongying is not primarily focused on agricultural 

production, resulting in lower carbon emissions compared to its output value, which can be 

0.00%

2.00%

4.00%

6.00%

8.00%

10.00%

12.00%

14.00%

0.00

0.10

0.20

0.30

0.40

0.50

0.60

0.70

0.80

0.90

1.00

G
ro

w
th

 R
at

e

A
v

er
ag

e 
E

ff
ie

n
cy

Axis Title
Average Efficiency Growth Rate

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 2 June 2023                   doi:10.20944/preprints202306.0169.v1

https://doi.org/10.20944/preprints202306.0169.v1


 7 

 

neutralized and absorbed. Additionally, Dongying is a renowned national oil base with abundant 

underground resources. The efficiency values of the other 15 cities ranged from 0.2 to 0.6. By 2020, 

eight cities achieved an efficiency value of 1, while most of the remaining cities had efficiency values 

between 0.5 and 0.7. Regarding the growth rate, Dongying’s agricultural carbon emission efficiency 

remained unchanged over the past 10 years. More than half of the cities, including Binzhou, Yantai, 

and Weifang, exhibited growth rates exceeding 7%, while the rest of the cities showed growth rates 

ranging from 3% to 7% to varying degrees. 

There is a significant polarization in agricultural carbon emission efficiency among the cities in 

Shandong Province. Over the course of ten years, the highest efficiency value observed among the 16 

cities was 1, while the minimum value ranged between 0.2 and 0.3. In 2020, eight cities such as Jinan, 

Zibo, and Dongying achieved agricultural carbon emission efficiency values of 1. Tai’an, Zaozhuang, 

Weifang, and Liaocheng followed with efficiency values ranging from 0.6 to 0.9. The remaining cities 

had efficiency values between 0.3 and 0.6, indicating room for improvement. In terms of average 

values, Weihai ranked first in the province with an agricultural carbon emission efficiency of 0.884. 

However, six cities, including Qingdao and Weifang, did not reach the 0.5 threshold. Qingdao, as an 

economically developed city in Shandong Province, is influenced by market demands and may not 

adequately balance agricultural output with environmental protection. Consumers’ focus on price 

and product quality might overshadow the importance of environmental preservation, leading 

farmers to overuse chemical fertilizers and pesticides to maximize output and quality, thereby 

exacerbating environmental pollution. Heze had the lowest efficiency value of 0.259, which was 70% 

lower than Weihai. 

Cities with low-efficiency values tend to be trapped in a “low-level” scenario. The low-efficiency 

area refers to cities with an average agricultural carbon emission efficiency below 0.5, ranking 

primarily in the bottom one-third. Qingdao, Weifang, Liaocheng, Linyi, Dezhou, and Heze are among 

the cities listed in the bottom one-third for both average value and yearly efficiency values. As of 

2020, Qingdao, Weifang, Liaocheng, and Linyi had exceeded the 0.5 threshold in agricultural carbon 

emission efficiency, with annual growth rates of 6.215%, 8.947%, 7.017%, and 7.754%, respectively, 

showcasing more significant improvement compared to other cities. However, Dezhou and Heze still 

have not surpassed the 0.5 threshold. The average efficiency values of these cities remain below 0.5, 

indicating a failure to overcome the low-efficiency level bottleneck. 

Table 4. Agricultural Carbon Emission Efficiency and Ranking in Shandong Province. 

Rank 
2011 2014 2017 2020 

City Efficiency City Efficiency City Efficiency City Efficiency 

1 Dongying 1.000 Rizhao 1.000 Dongying 1.000 Jinan 1.000 

2 Zibo 0.560 Weihai 0.976 Weihai 1.000 Zibo 1.000 

3 Jinan 0.552 Jinan 0.658 Rizhao 0.888 Dongying 1.000 

4 Weihai 0.526 Jining 0.604 Jinan 0.882 Yantai 1.000 

5 Rizhao 0.515 Zibo 0.594 Zibo 0.780 Jining 1.000 

6 Jining 0.472 Yantai 0.537 Jining 0.779 Weihai 1.000 

7 Zaozhuang 0.467 Zaozhuang 0.465 Yantai 0.701 Rizhao 1.000 

8 Yantai 0.442 Tai’an 0.455 Binzhou 0.619 Binzhou 1.000 

9 Tai’an 0.409 Dongying 0.447 Tai’an 0.589 Tai’an 0.814 

10 Binzhou 0.345 Qingdao 0.393 Zaozhuang 0.531 Zaozhuang 0.650 

11 Qingdao 0.339 Liaocheng 0.377 Weifang 0.492 Weifang 0.630 

12 Liaocheng 0.326 Binzhou 0.374 Qingdao 0.474 Liaocheng 0.600 

13 Weifang 0.291 Weifang 0.369 Liaocheng 0.470 Qingdao 0.583 

14 Linyi 0.275 Linyi 0.326 Linyi 0.418 Linyi 0.538 

15 Dezhou 0.244 Dezhou 0.282 Dezhou 0.405 Dezhou 0.487 

16 Heze 0.211 Heze 0.224 Heze 0.269 Heze 0.326 
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3.1.2. Spatial Characteristics 

Based on their geographic locations and agricultural characteristics, the sixteen cities in 

Shandong Province were classified into three regions. The agricultural carbon emission efficiency of 

these cities was graded into four categories: lower, low, high, and higher, using the natural 

interruption point approach. This paper presents spatial distribution maps for the years 2011, 2014, 

2017, and 2020 (Figure 2) to analyze the geographical features of Shandong’s agricultural carbon 

emission efficiency. It is evident that: 

There has been little change in the geographical features of agricultural carbon emission 

efficiency in Shandong Province over the past 10 years. While the efficiency of each city has improved, 

there has been no significant alteration in the spatial pattern of efficiency values, indicating that 

neighboring cities have not exerted a substantial influence. The number of cities with high efficiency 

values has increased from one in Dongying to nine in 2020. Comparing the spatial distribution maps 

of 2011 and 2020, it is clear that the cities exhibiting high efficiency values in 2020 are higher than 

other cities in 2011, although they have not yet reached the level of high efficiency. 

The spatial distribution feature can be described as “East and west are low, and the center is 

high.” As depicted in Figure 1, in 2011, most cities with high efficiency were located in the central 

area, followed by the eastern region. In 2020, only one city in the central region did not achieve a high 

efficiency value, accounting for 17% of the cities. In the eastern region, two cities, Qingdao and 

Weifang, did not reach the high-efficiency threshold, accounting for 40% of the cities. In the western 

region, only one city, Jining, attained a high efficiency value, while the remaining cities exhibited 

different stages of agricultural carbon emission efficiency. 

Cities with low-efficiency values are scarce and scattered. In 2011, there were four cities with 

low-efficiency values: Weifang, Dezhou, Linyi, and Heze. By 2014 and 2017, Weifang had moved out 

of the low-efficiency category, and in 2020, only one city, Heze, remained in the low-efficiency stage. 

Among the eastern, central, and western regions, there is one city each with low efficiency values. 

The cities with low efficiency values are distributed more sporadically. 

 

Figure 2. Spatial distribution of agricultural carbon emission efficiency in Shandong Province for the 

years 2011, 2014, 2017, and 2020. 
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3.2. Analysis of Influencing Factors in Different Regions of Shandong Province 

The agricultural carbon emissions efficiency varies across different regions, and a 

comprehensive regression analysis for Shandong Province as a whole may not provide meaningful 

insights. Therefore, in this study, the Shandong province, as well as its eastern, central, and western 

regions, were separately regressed using the Tobit model, and the results are presented in Table 5. 

The analysis based on the obtained results is as follows: 

For the eastern region of Shandong Province, it is evident that the crop cultivation structure 

significantly affects agricultural carbon emission efficiency, as indicated by the coefficient of 3.1195. 

This implies that an appropriate crop cultivation structure can enhance agricultural carbon emission 

efficiency. In the eastern region, there is a greater variety of cash crops, with vegetables and fruit trees 

being the main cash crops in cities like Qingdao, Weifang, and Yantai. Generally, cash crops have 

higher carbon emissions per unit compared to food crops [46]. Therefore, regions with a higher 

proportion of food crops in their cultivation structure tend to have lower carbon emissions and 

improved efficiency. Additionally, the coefficient of the labor force education level is -0.0171, 

indicating a significant inhibitory effect. The rapid growth of the service sector has led to a higher 

likelihood of the labor force transitioning away from agricultural activities, resulting in a decrease in 

the education level of the agricultural workforce. This necessitates increased inputs, such as technical 

training, to improve efficiency. Furthermore, economic growth does not have a significant impact on 

agricultural carbon emissions efficiency and shows a negative direction. Some studies suggest that 

the relationship between agricultural carbon emissions and economic development may follow an 

“N” or “U” shape, and the rapid economic development might have reached a turning point where 

it negatively affects agricultural carbon emissions [47–49]. Lastly, urbanization does not play a 

significant role in agricultural carbon emissions efficiency in the eastern region. Urbanization reflects 

the migration of rural populations, leading to a decline in the agricultural workforce. However, the 

impact is not significant due to the better agricultural base and production conditions in the eastern 

region. 

For the central region of Shandong Province, the coefficient of economic development has a 

significant positive impact with a value of 0.0381. This indicates that agricultural carbon emission 

efficiency consistently improves as the economy grows. Typically, agriculture and rural areas thrive 

as the economic situation improves, leading to a more balanced industrial structure and increased 

agricultural modernization [50]. This, in turn, improves the input-output ratio of agricultural 

activities and enhances agricultural carbon emission efficiency. On the other hand, the coefficient for 

crop cultivation structure is -0.9347, indicating that agricultural carbon emission efficiency decreases 

when there is an improvement in the crop cultivation structure. This may be attributed to the central 

region primarily cultivating grain crops, resulting in a more homogeneous cultivation structure. 

Compared to cash crops, grain crops have lower unit output value, so enhancing the crop cultivation 

structure can lead to a decrease in agricultural value and subsequently reduce agricultural carbon 

emission efficiency [51,52]. Urbanization and labor force education level do not have significant 

effects in the central region. Although the central region is less developed compared to the eastern 

region, it has relatively high levels of agricultural mechanization and labor force education, 

minimizing the impact of changes in these factors on agricultural production activities. 

In the western region of Shandong Province, all four influencing factors have significant effects. 

Firstly, economic development has a positive impact with a coefficient of 0.1821. Secondly, crop 

cultivation structure also has a positive effect with a coefficient of 0.2. Cash crops in the western 

region, such as peanuts and cotton, differ from those in the eastern region, but their cultivation area 

is considerable. Therefore, improving the crop planting structure in the western region can enhance 

agricultural carbon emission efficiency [53,54]. The labor force education level also shows a 

significant positive effect with a coefficient of 2. It is likely that rural laborers with higher education 

are more knowledgeable about agricultural modernization technology and are more conscious of 

reducing carbon emissions. Simultaneously reducing input and undesired output contributes to an 

increase in agricultural carbon emission efficiency. Lastly, urbanization has a negative effect with a 

coefficient of -0.5227. This indicates that agricultural carbon emission efficiency decreases with 
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increasing urbanization. The higher urbanization rate implies a decrease in the rural labor force, 

requiring increased use of agricultural machinery to compensate [55]. However, the level of 

agricultural mechanization in the western region has not reached a modernization level, resulting in 

larger inputs and increased non-desired output, ultimately decreasing agricultural carbon emission 

efficiency. 

In Shandong Province as a whole, urbanization has a promoting effect with a coefficient of 

1.1386. This is likely because urbanization facilitates the relocation of surplus agricultural labor to 

other industries, leading to scale and intensification of agricultural production. Additionally, it aids 

in land transfer, optimizing the agricultural industrial structure and resource allocation, and resulting 

in economies of scale. This, in turn, increases expected output and improves efficiency. The coefficient 

of labor force education level is -0.0179, indicating that an increase in labor force education level leads 

to a decrease in agricultural carbon emission efficiency. The reason behind this is that most 

technologies used in agricultural production are relatively simple and can be easily applied after 

training. The labor force education level in Shandong Province is already relatively high, and further 

improvements may not significantly reduce input and non-desired output, resulting in diminishing 

marginal benefits and potentially harming agricultural carbon emission efficiency [56]. The effects of 

economic growth are positive but inconspicuous, suggesting the possibility of a decoupling effect. 

Lastly, crop cultivation structure has no significant effect, likely because the main crops grown in 

Shandong Province, such as wheat, corn, and groundnuts, are primarily food crops, and the 

cultivation structure remains relatively stable, lacking significant impact on agricultural carbon 

emission efficiency. 

Table 5. Regression results of factors influencing. 

Variables/Region Shandong 

Province 

Eastern 

Region 

Central 

Region 

Western 

Region 

Economic 

Development 

0.0063 -0.0233 0.0381*** 0.1821*** 

(0.56) (-0.67) (3.68) (4.46) 

Urbanization 
1.1386*** 1.1541 0.4420 -0.5227** 

(3.50) (1.15) (0.95) (-2.03) 

Crop Cultivation 

Structure 

0.1525 3.1195*** -0.9347*** 1.1062*** 

(0.37) (2.83) (-2.99) (3.49) 

Labor Force 

Education Level 

-0.0179*** -0.0171*** 0.0025 0.0238** 

(-2.89) (-2.83) (0.54) (2.06) 

Constant 
0.1669 -0.5604** 0.2911 -0.8369** 

(0.78) (-2.12) (1.06) (-2.33) 

t-statistics are given in parentheses. Moreover, ***, ** and * represent significance level of parameters at p<0.01, 

** p<0.05, * and p<0.1, respectively. 

3.3. Robustness Test of the Tobit Model 

The data tailing method is commonly employed by researchers as a robustness test, offering the 

advantage of mitigating the influence of outliers and extreme values in the original data on regression 

results [57]. This method involves applying bilateral shrinking to all data points of both the 

dependent and independent variables at the 2% quantile, and subsequently subjecting the shrunken 

variables to a panel Tobit regression with random effects. The regression results, presented in Table 

6, exhibit consistent coefficients for all variables when compared to the baseline regression results. 

This consistency provides evidence supporting the robustness of the regression findings. 
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Table 6. Regression results of tailing reduction. 

Variables/Region Shandong Province Eastern Region Central Region Western Region 

Economic Development 
0.0044 -0.0226 0.0377*** 0.1789*** 

(0.38) (-0.65) (3.65) (4.85) 

Urbanization 
1.2181*** 1.1428 0.4510 -0.5093* 

(3.72) (1.14) (0.97) (-2.00) 

Crop Cultivation 

Structure 

0.1628 3.1948*** -0.9403*** 1.1110*** 

(0.37) (2.86) (-3.00) (3.51) 

Labor Force Education 

Level 

-0.0192*** -0.0169*** 0.0024 0.0226** 

(-3.00) (-2.76) (0.50) (2.13) 

Constant 
0.1550 -0.5891** 0.2925 -0.8095** 

(0.71) (-2.19) (1.06) (-2.46) 

t-statistics are given in parentheses. Moreover, ***, ** and * represent significance level of parameters at p<0.01, 

** p<0.05, * and p<0.1, respectively. 

To address potential biases in the basic regression results, this study examines the robustness by 

introducing additional conventional variables, such as agricultural fiscal expenditure. The estimation 

results, presented in Table 7, demonstrate that the significance of these additional variables aligns 

with the significance observed in the basic regression results. This consistency provides further 

evidence supporting the robustness of the basic regression findings. 

Table 7. Regression results of added variables. 

Variables/Region Shandong 

Province 

Eastern 

Region 

Central 

Region 

Western 

Region 

Economic Development 
0.0056 -0.0275 0.0238*** 0.1761*** 

(0.52) (-1.45) (3.24) (6.91) 

Urbanization 
1.0840*** 1.5516*** 0.2950 -0.4958** 

(3.42) (2.71) (0.53) (-2.26) 

Crop Cultivation 

Structure 

0.1774 2.4513** -0.4586* 1.0163*** 

(0.44) (2.37) (-1.83) (5.48) 

Agricultural Fiscal 

Expenditure 

-0.5184 1.1748 -3.9871* -0.5962 

(-0.35) (1.33) (-1.83) (-0.74) 

Labor Force Education 

Level 

-0.0188*** -0.0177*** -0.0103 0.0240*** 

(-3.25) (-3.84) (-1.60) (3.88) 

Constant 
0.2684 -0.6618** 0.9944 -0.7305*** 

(0.96) (-2.03) (1.58) (-3.62) 

t-statistics are given in parentheses. Moreover, ***, ** and * represent significance level of parameters at p<0.01, 

** p<0.05, * and p<0.1, respectively. 

4. Conclusions and Policy Implications 

The carbon emissions in agriculture in Shandong province, China, were estimated in this study 

using the DEA-SBM model. The Tobit model was employed to explore the factors influencing spatial 

and temporal evolution characteristics. Based on these analyses, the study draws the following 

conclusions: 

Time-Series Characteristics: Over a span of ten years, the overall agricultural carbon emission 

efficiency displayed an upward trend. However, there existed a substantial gap in efficiency values 

among cities, indicating significant polarization. Cities such as Heze, Dezhou, and Linyi consistently 
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ranked in the bottom one-third with efficiency values below 0.5, thereby experiencing a “low-level 

trap.” 

Spatial Distribution: Spatial patterns in the past decade have remained relatively unchanged. 

Clear regional disparities were observed, following a trend of “East and west are low, and the center 

is high.” The central region predominantly housed cities with higher efficiency values, while cities 

with varying efficiency levels were scattered across the eastern and western regions. Cities with lower 

efficiency values were dispersed throughout Shandong Province. 

Influencing Factors: The influence of different variables varied significantly across regions. The 

eastern region was primarily influenced by crop cultivation structure and labor force education level. 

The central region was mainly affected by economic development and crop cultivation structure. In 

the western region, economic growth, urbanization, crop structure, and labor force education level 

all played significant roles. Urbanization demonstrated a positive effect on agricultural carbon 

emission efficiency in Shandong province, while the labor force education level had a negative effect. 

Economic development and crop cultivation structure did not exhibit significant effects. 

Based on these findings, the following recommendations are proposed: 

 Emphasize optimizing crop planting structure and addressing brain drain. Strategies include 

achieving a balanced distribution of food and cash crops based on resource advantages, 

introducing higher quality and higher yielding crops, promoting modern agricultural 

knowledge and skills among local farmers, supporting large agricultural households and 

farmers’ cooperatives, and providing professional research sites and development opportunities 

for agricultural talents. 

 Strengthen agricultural and rural inputs to increase the value of agricultural goods. This can be 

achieved through green technology input, ecological and scientific agricultural development, 

utilization of digital technology to improve agricultural databases and crop testing systems, and 

promoting technological innovation in grain processing enterprises. Additionally, higher 

quality and higher yielding food crops should be cultivated, with a focus on developing their 

added value and extending the agricultural-industrial chain. 

Improve efficiency by enhancing the linkage between urbanization and industrial layout, 

rationalizing crop planting structure, and addressing talent recruitment and agricultural inputs. 

Encourage the adoption of low-carbon, intensive, and intelligent technologies in agricultural 

production, strengthen inter-city exchanges, promote agricultural and rural energy transformation, 

and implement a scientific and region-specific crop planting layout. Improve agricultural subsidy 

policies, incentivize technical personnel, and promote professional technologies such as clean 

agricultural production and carbon sequestration. 
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