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The integration of socialized services and green development are two major trends shaping modern agriculture. Similarly, the increasing technological complexity of exports has become a defining characteristic of contemporary agricultural trade. However, the relationship between agricultural services and the technological complexity of agricultural exports, as well as the potential influence of environmental regulations on this relationship, remains underexplored. This study utilizes provincial panel data from mainland China spanning 2007 to 2022 to investigate the impact of agricultural productive services on the technological complexity of agricultural exports. It also examines the mechanisms behind this impact and the moderating effects of different types of environmental regulations. The findings reveal that agricultural productive services significantly and robustly enhance the technological complexity of agricultural exports by fostering agricultural technological Advances and alleviating financial constraints. Furthermore, the study identifies varying moderating effects of environmental regulations. Command-and-control and voluntary public environmental regulations significantly amplify the positive impact of productive services on export complexity, whereas market-based environmental regulations show no significant effect. These findings suggest that promoting the development of agricultural services and optimizing environmental regulation policies are critical to enhancing the technological sophistication and sustainability of agricultural exports.
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1 INTRODUCTION
The technological complexity of exports is a crucial indicator of the quality and efficiency of export products, reflecting their technological content and position in the global value chain (Bas and Strauss-Kahn, 2015; Ma et al., 2024; Yang et al., 2022). Since the 21st century, China’s agricultural exports have grown rapidly. In 2001, the value of agricultural exports was $16.07 billion, and by 2023, it had reached $98.93 billion—an increase of 516%, with an average annual increase of 23.45%. This increase has positioned China as the fifth-largest agricultural exporter globally. Despite this progress, the technological complexity of these exports remains significantly lower than that of developed agricultural countries (Yin and Tian, 2013). China’s exports are dominated by primary agricultural products, limiting the sophistication of its exports. Given the country’s large population and limited per capita agricultural resources, relying on primary agricultural exports is unsustainable. Therefore, improving the technological complexity of agricultural exports is essential for sustainable growth.
The 2024 Central Document No. 1 emphasizes the need to strengthen agricultural social services platforms and systems to build a modern agricultural management framework. Agricultural productive services are social services that directly or indirectly support various stages of agricultural production, from pre-production to post-production. These services play a crucial role in fostering new agricultural and rural economic activities, as well as in building a modern agricultural industrial, production, and management system. Green development, which aims to harmonize environmental protection with economic growth, is essential for achieving sustainable development. As an extension of the sustainable development concept, green development has been central to China’s agricultural economic policies in the 21st century. Guided by this green philosophy, China has introduced several environmental regulations aimed at promoting sustainable agricultural practices. Given this context, it is important to examine how agricultural productive services influence the technological complexity of agricultural exports and whether this effect is moderated by environmental regulations. Understanding these dynamics is crucial for enhancing export sophistication and ensuring the long-term sustainability of agricultural exports. However, research exploring the combined impact of agricultural productive services and environmental regulations on the technological complexity of agricultural exports is relatively scarce (See Section 2). This study, based on provincial-level panel data from mainland China between 2007 and 2022, investigates the impact and mechanisms through which agricultural productive services affect the technological complexity of agricultural exports, as well as the moderating effects of different types of environmental regulations.
This paper contributes in two key ways. First, it extends the study of productive services’ impact on export technological complexity to the agricultural sector, offering a detailed analysis of the pathways through which these services influence export complexity. Second, this research introduces environmental regulation as a moderating variable, exploring how different types of environmental regulations—command-and-control, market-based incentives, and voluntary public regulations—moderate the relationship between agricultural productive services and the technological complexity of agricultural exports. This provides valuable insights for policymakers aiming to support the development of agricultural productive services and adjust environmental regulations.
The structure of the paper is as follows: Section 2 reviews relevant literature and outlines the research theme; Section 3 provides a theoretical analysis of how productive services may influence export complexity and the potential moderating role of environmental regulations, and presents the research hypotheses; Section 4 measures the technological complexity of China’s agricultural exports; Section 5 introduces the data sources, variable settings, and statistical descriptions of the sample; Section 6 empirically tests the research hypotheses proposed in Section 3; Section 7 summarizes the study’s conclusions; and Section 8 discusses the policy implications of the findings.
2 LITERATURE REVIEW
2.1 Research on the impact of agricultural services on agricultural production
Existing literature on the role of agricultural productive services mainly examines their impact on agricultural production. Most studies have found that agricultural productive services help reduce production costs (Tang et al., 2018; Li et al., 2023), optimize resource allocation efficiency, and increase crop yields (Wu A. et al., 2024; Yitayew et al., 2023) and agricultural productivity (Niu and Li, 2024). Agricultural extension services, a key component of agricultural productive services (Kidd et al., 2000), have been extensively studied worldwide. For instance, Djurava et al. (2023) found that agricultural extension services improved technical efficiency and enhanced the economic benefits of wheat production for 323 wheat farmers in Uzbekistan. Similarly, Manda et al. (2024) analyzed data from 429 farmers in Tanzania and found that agricultural extension services significantly accelerated the adoption and level of new technologies. Alam et al. (2024) showed that agricultural extension services not only increased the adoption rate of technologies but also reduced production risks, with this effect being more pronounced among wealthier households.
As research progresses, some scholars have also identified a positive impact of agricultural productive services on green agricultural development. Studies have shown that agricultural productive services promote green total factor productivity in agriculture (Jiang et al., 2024) and low-carbon agricultural production (Wang et al., 2022; Lu et al., 2023), with the effect on agricultural carbon efficiency becoming more pronounced as urbanization increases (Shi et al., 2024). In terms of intermediary mechanisms, agricultural productive services primarily promote green development by fostering technological advancements and optimizing planting structures (Zhu et al., 2022; Wu B. et al., 2024). Xu et al. (2024) further found that agricultural productive services significantly enhanced agricultural environmental benefits by correcting factor misallocation. When agricultural factors are misallocated, the level of marketization plays a positive moderating role in this process.
Regarding different types of agricultural productive services, agricultural green finance services have been shown to significantly promote high-quality agricultural development by providing funding support for agricultural enterprises and alleviating research and development funding constraints. This effect is more pronounced in regions with higher levels of agricultural development and exhibits spatial spillover effects (Yuan et al., 2024; Bai and Li, 2024). Agricultural insurance services reduce the risk for farmers adopting green production technologies, alleviate financial constraints, and encourage increased investment in green technologies, thereby improving green total factor productivity in agriculture (Fang et al., 2021). The impact of agricultural insurance services strengthens as farm size increases (Makate et al., 2019). Agricultural machinery services, by promoting non-farm employment and expanding farm scale, significantly increase farmers’ adoption of green technologies, such as organic fertilizer, straw return, and no-tillage practices (Qing et al., 2023).
2.2 Research on the impact of agricultural productive services on the technological complexity of agricultural product exports
There has been limited exploration of the impact of agricultural productive services on the technological complexity of agricultural exports. For instance, Yao (2014) found that between 1980 and 2012, agricultural productive services did not significantly affect the technological complexity of China’s agricultural exports. On the other hand, Lang and Liu (2019) found that agricultural productive services enhanced the technological complexity of agricultural exports in their sample countries. Among these services, those related to technology development had the most significant impact, followed by transportation, logistics, and storage services. Zhang and Lang (2024) studied provincial-level data from China between 2011 and 2020 and found that financial services significantly increased the technological complexity of China’s agricultural exports by promoting technological innovation, industry integration, and human capital development. They noted that the marginal effect was increasing, though the spatial spillover effect was negative. The impact of financial services varied depending on agricultural product type, financial regulatory intensity, and the level of digital rural development. Li and Wang (2024) found that digital financial services significantly increased the technological complexity of agricultural exports, with this effect being notably stronger in the eastern region compared to the central and western regions. Additionally, the role of digital financial services was amplified by the internet and openness to foreign trade. They also examined the mediating role of marketization in this relationship.
2.3 Research on the impact of environmental regulations on agricultural production and export trade
Neoclassical economics posits that strict environmental regulations limit individual behaviors, increase production costs, and reduce industry competitiveness or productivity (Stephens and Denison, 1981; Gollop and Roberts, 1983). However, the “Porter Hypothesis” suggests that strict environmental regulations can promote the adoption of green technologies, thereby improving production efficiency. Many scholars have tested the “Porter Hypothesis” in the agricultural sector.
Research on the impact of environmental regulations on agricultural production has shown, from a micro perspective, that such regulations can increase farmers’ willingness to adopt new technologies (Lu et al., 2021), particularly among village leaders’ families and large-scale farming operations (Zeng et al., 2024). Guo et al. (2022) found that different types of environmental regulations influence farmers’ adoption of green agricultural technologies differently, with the impact being stronger when social capital moderates farmers’ attitudes. On a macro level, environmental regulations have been shown to improve agricultural productivity (Bokusheva et al., 2012). Both formal and informal environmental regulations significantly enhance companies’ green total factor productivity, although the impact differs depending on the type of regulation (command-control vs. market-based incentives) (Liu et al., 2022). Huang et al. (2024), using the Super-SBM model to assess agricultural green growth in G20 countries, found that environmental regulations have a significant impact on agricultural technological innovation and green growth. The results indicate an inverted “U” relationship between environmental regulations and agricultural green growth, with a time lag in their effects.
In terms of environmental regulations’ impact on agricultural exports, Runge and Nolan (1990) highlighted that as environmental and sanitary regulations increasingly shape international trade, their effects vary across countries, with developing nations disproportionately experiencing negative impacts (Pastiphatkul et al., 2021). Li and Zhu (2021) examined the certification process for agricultural products on e-commerce platforms under environmental regulations and developed a production function to assess their effects. Their research revealed that environmental regulations influenced the quality of agricultural products exported through the China-Pakistan Economic Corridor and shaped the competitiveness of export enterprises. Furthermore, strict environmental regulations have been linked to rising export prices and declining export volumes of Chinese horticultural products, leading to reduced international competitiveness (Peng et al., 2014). Conversely, other studies suggest a positive correlation between environmental regulations and agricultural export competitiveness (Xiong, 2020). Empirical evidence also indicates that in both the short and long term, stricter environmental regulations significantly boost agricultural export volumes (Yang, 2015).
As discussed earlier, much of the existing literature has focused on the effects of agricultural production services on agricultural production and the influence of environmental regulations on agricultural production and trade. However, there has been insufficient attention to how agricultural production services affect the technological complexity of agricultural exports, particularly regarding the role of environmental regulations in this relationship. This study aims to use provincial panel data from mainland China for the period 2007–2022 to analyze the impact and mechanisms of agricultural production services on the technological complexity of agricultural exports, especially examining the role of environmental regulations in this effect. The goal is to provide insights for policymakers in formulating relevant policies.
3 THEORETICAL ANALYSIS
Hausmann and Rodrik (2003) first introduced the concept of export technological complexity. He argued that in an open trade environment, countries naturally develop a trade pattern where high-tech nations export products with higher technological content, while low-tech nations export products with lower technological content. Export technological complexity reflects the technological content of export products. In 2007, Hausmann et al. (2007) expanded this concept, indicating that export technological complexity is a comprehensive measure reflecting the technological content, export productivity, and added value of export products. Higher export technological complexity corresponds to higher technological content, added value, and export competitiveness. Rodrik (2006) further noted that the technological complexity of exports reflects a country’s position in the international division of labor—the higher the complexity, the higher the country’s position in the global value chain. Thus, export technological complexity is a comprehensive indicator of an economy’s export product technology, added value, export competitiveness, and international division of labor status.
Traditional agriculture is mainly self-sufficient or semi-self-sufficient (He et al., 2022), with a narrow market scope. Producers generate their own seeds, fertilizers, and feed, and they primarily purchase simple tools like plows, hoes, and sickles from local markets while selling a small amount of primary agricultural products. The transactions are small-scale and infrequent, involving numerous trading partners with low transaction costs due to minimal monopolistic behavior.
However, as urbanization progresses, agricultural markets expand, leading to the development of long-distance transportation, contract transactions, and agricultural technology advancements. The introduction and widespread use of high-quality seeds, chemical fertilizers, pesticides, and agricultural machinery (Perelman, 1973; Vasil’ev, 1969; Qian et al., 2022), along with increasing consumer demands for higher-quality and processed agricultural products, have driven agricultural specialization. Agricultural input production, agricultural services, and agricultural product processing and transportation have gradually separated from traditional agricultural production, giving rise to specialized agricultural input production organizations, agricultural product processing organizations, and agricultural service organizations. Producers have become specialized in primary agricultural production. The technological complexity of agricultural exports relies on the supply of new inputs, technologies, and production methods, as well as the adoption of these by operators (Eck and Huber, 2016). Small-scale farmers, in particular, often face constraints in adopting new inputs, technologies, and production methods due to limitations in information, capital, risk, human capital, and scale of operations. As shown in Figure 1, agricultural productive services influence the technological complexity of agricultural exports through several pathways:
(1). Information consulting services: Specialized agricultural service organizations have a clear advantage in collecting and analyzing information. This enables producers to stay informed about new inputs, technologies, and production methods, helping them make timely decisions on whether to adopt these innovations. Information consulting services support producers in selecting the most suitable technologies, thereby improving agricultural productivity. Additionally, these services provide valuable feedback to researchers, allowing them to refine and enhance agricultural technologies based on the needs and experiences of producers (Varshney et al., 2022; Yitayew et al., 2023).
(2). Financial Services: Financial services help overcome capital constraints faced by agricultural operators, particularly small farmers, enabling them to adopt new inputs, technologies, and production methods. Abate et al. (2016), through their study of Ethiopian farmers, found that financial services not only alleviate the funding constraints faced by farmers by providing them with capital to purchase advanced inputs, but also enhance their willingness to adopt modern technologies.
(3). Insurance Services: Agricultural insurance plays a crucial role in mitigating the risks associated with both natural and socio-economic instability, particularly in risk transfer and compensation for losses from natural disasters. On one hand, agricultural insurance reduces the research and development risks for technology firms, providing a safeguard for agricultural technological progress (Fu et al., 2024; Luo and Wei, 2023; Hao, 2015). On the other hand, agricultural insurance helps reduce the risks faced by farmers, especially smallholders, when adopting new inputs, technologies, and production methods. By reducing income uncertainty, it helps maintain farmers’ enthusiasm for agricultural production, thereby supporting the sustainable development of agriculture (Zhang et al., 2020).
(4). Education and Training Services: Service organizations improve producers’ ability to adopt new inputs, technologies, and production methods through education and training. This not only directly enhances their capacity but also reduces the learning costs associated with adopting innovations. Additionally, trained farmers often exhibit spillover effects, as they use their social networks to encourage other farmers to participate in training, thereby increasing the willingness and ability of a broader group of farmers to adopt new technologies.
(5). Supply of Agricultural Funding: Agricultural inputs are essential for increasing production and income in farming. Service organizations have a distinct advantage in the procurement and promotion of agricultural inputs, facilitating the rapid integration of new inputs into farming practices. These organizations provide farmers with direct access to manufacturers, offer tailored solutions, and ensure the delivery of high-quality, cost-effective, and environmentally friendly inputs that enhance efficiency and productivity.
(6). Machinery, Irrigation, and Other Technical Services: The adoption of agricultural mechanization, modern irrigation, and some modern agricultural technologies requires significant capital investment and higher human capital, and is constrained by operational scale. For instance, when operational scale is small, purchasing large machinery may not be economically viable (Thapa and Gaiha, 2014). Service organizations provide machinery, irrigation, and technical services (such as drip and sprinkler irrigation, soil testing and fertilizer recommendations, resource utilization of animal waste, and integrated pest management), saving producers the cost of purchasing equipment and learning, and overcoming the inefficiency of purchasing large machinery.
(7). Quality Inspection and Processing Services for Agricultural Products: Quality inspection and processing services not only enhance the technological content of agricultural products but also significantly increase their added value (Si et al., 2018), improving product competitiveness and positioning in the international division of labor.
[image: Figure 1]FIGURE 1 | Mechanism of the role agricultural productive services and technological complexity of agricultural exports.
Based on the above analysis, the following research hypotheses can be proposed:
Hypothesis 1. Agricultural productive services have a positive impact on the technological complexity of agricultural exports.
Hypothesis 2. Agricultural productive services enhance the technological complexity of agricultural exports by promoting advancements in agricultural technology.
Hypothesis 3. Agricultural productive services also increase the technological complexity of agricultural exports by alleviating financial constraints in agriculture.
Pursuing the “servitization” and “greening” of agricultural production is a key strategy for achieving sustainable agricultural development in China. Environmental regulation refers to the constraints imposed by the government to protect the environment through direct or indirect interventions in resource utilization by producers via administrative regulations, economic incentives, and environmental awareness initiatives (Gibbs et al., 2000). Within the framework of the “Porter Hypothesis,” in the industrial sector, the entities subject to environmental regulation are also those responsible for technological innovation. Thus, the costs of complying with environmental regulations are closely linked to corporate technological innovation, leading to both “compliance cost” effects and “innovation compensation” effects (Barbera and McConnell, 1990; Porter and Van der Linde, 1995). In the agricultural sector, however, the primary entities subject to environmental regulation are farmers, while the responsibility for agricultural technological innovation typically falls on the government, agricultural extension services, and other related organizations. Agricultural service organizations play a crucial role in providing farmers with advanced inputs, production methods, and technologies. Environmental regulations, in turn, influence the research and development investments of these service organizations in agricultural technology and production methods, thereby moderating the impact of agricultural productive services on the technological complexity of agricultural exports.
On the one hand, environmental regulation exerts a “compliance cost” effect. The costs associated with environmental management, including the purchase of clean production inputs, pollution control, and environmental restoration, are borne jointly by farmers and agricultural service organizations. For farmers, increased environmental management costs may crowd out investments in agricultural machinery services, human capital training services, and agricultural product processing services (Shadbegian and Gray, 2005), thereby reducing the technological content of agricultural products and leading to a decline in the technological complexity of agricultural exports. For agricultural service organizations, the large upfront investments and long development cycles required for clean production technologies (Boyd and McClelland, 1999) can impose short-term financial burdens, potentially affecting the quality of other productive services.
On the other hand, environmental regulation also exhibits an “innovation compensation” effect. As the intensity of environmental regulation increases, agricultural service organizations are compelled to address issues such as low resource utilization efficiency and high pollution emissions in their production processes. This drives them to develop and provide new production technologies that optimize resource allocation, reduce emissions, and enhance product value. In the long term, stricter environmental regulations encourage agricultural producers to adopt cleaner and greener production technologies, which, by increasing the added value and technological content of agricultural products, improve the technological complexity of agricultural exports (Hamamoto, 2006; Larrán Jorge et al., 2015). Based on these considerations, the following hypothesis is proposed:
Hypothesis 4. The environmental regulation plays a moderating role in the impact of agricultural productive services on the technological complexity of agricultural exports.
4 ESTIMATION OF THE TECHNICAL COMPLEXITY OF AGRICULTURAL EXPORTS
4.1 Estimation method
Currently, there are two main methods for measuring the technological complexity of exports. The first is the absolute share-weighting method proposed by Spraos and Michaely (1985), which is based on the theory of comparative advantage. The second is the relative share-weighting method, introduced by Dani et al. (2006) and Hausman et al. (2007), which is grounded in the theory of revealed comparative advantage. Both methods assume a strong correlation between the technological content of export products and the national income level. The absolute share-weighting method uses the share of export products in the international market as the weight. However, this approach may underestimate the technological complexity of exports from smaller countries that have a comparative advantage in specific products, even if their overall export volumes are low. In contrast, the relative share-weighting method addresses this issue by calculating the relative share of products using the revealed comparative advantage index. This method corrects for potential underestimation of export technological complexity in smaller countries and reduces bias arising from uneven regional distribution. Therefore, this paper follows the approach of Xu et al. (2022) and adopts the relative share-weighting method to measure export technological complexity. This method involves three steps:
The first step and second steps are to calculate the revealed comparative advantage index for products, as described in Formulas 1, 2.
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In Formula 1, [image: image] represents the relative weight of product i in region j, [image: image] is the export value of product i in region j, [image: image] is the total export value of products in region j, and mmm is the number of sample regions.
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The indicators in Formula 2 have the same meanings as those in Formula 1.
The third step is to calculate the export technological complexity at the regional level, as described in Formula 3.
[image: image]
In Formula 3, [image: image] represents the export technological complexity of region j; n is the number of products; the meanings of the other indicators are the same as those in Formula 2.
4.2 The technological complexity of agricultural exports in Chinese provinces
This study uses data from the General Administration of Customs of China, covering HS01-HS24, HS51, and HS52 product codes, to calculate the technological complexity of agricultural exports from China’s provincial regions for the years 2007–2022. Due to data limitations, Beijing, Shanghai, and Xizang are excluded, leaving a total of 28 provinces, autonomous regions, and municipalities.
As shown in Figure 2, the overall technological complexity of China’s agricultural exports has demonstrated a steady upward trend, increasing from 19.261 thousand yuan in 2007 to 77.703 thousand yuan in 2022, representing a 303% growth. The growth rate was relatively high from 2007 to 2011, with an average annual increase exceeding 15%. However, there was a notable decline in 2009 due to the impact of the global financial crisis. From 2012 to 2020, the growth rate trended downward, falling from 10.8% in 2012 to 2.7% in 2020. In 2021, as the global economy began to recover following the COVID-19 pandemic, there was a small peak in the growth rate of agricultural export technological complexity, reaching 12.7%.
[image: Figure 2]FIGURE 2 | Changes in the technological complexity of China’s agricultural product exports. Note: The left axis represents the technological complexity of agricultural exports. The right axis represents the growth rate.
From a provincial distribution perspective, as shown in Figure 3, by 2022, Jiangsu and Zhejiang in the Yangtze River Delta region, along with Hainan, which focuses on tropical crops and aquatic products, ranked highest with values of 85.92 thousand yuan, 85.91 thousand yuan, and 83.21 thousand yuan, respectively. Conversely, Guizhou, primarily mountainous, had the lowest value at 66.72 thousand yuan. Regarding the average growth rate from 2007 to 2022, Guizhou experienced the fastest growth at 26.79%, followed by Yunnan at 24.22%. Provinces such as Liaoning, Shandong, and Jilin had more moderate growth rates, at 17.58%, 17.86%, and 18.28%, respectively.
[image: Figure 3]FIGURE 3 | Technological Complexity of Agricultural Exports and Average Annual Growth Rate by Province in China. Note: The left axis represents the technological complexity of exports in 2022. The right axis represents the average annual growth rate.
5 DATA AND VARIABLE
5.1 Data sources
This study utilizes provincial-level panel data from China for the period 2007–2022. Due to significant data missing for Beijing, Shanghai, and Tibet, and difficulties in obtaining data for Hong Kong, Macau, and Taiwan, the research scope is limited to 28 provincial-level administrative regions, excluding Beijing, Shanghai, Tibet, and Hong Kong, Macau, and Taiwan. Specifically, data on agricultural trade are sourced from the General Administration of Customs of China; agricultural R&D in-vestment data are obtained from the “China Science and Technology Statistical Year-book”; rural loan data are from the “China Rural Financial Services Report”; data on agricultural technology patents are retrieved from the China National Knowledge Infrastructure (CNKI) patent database; data on environmental protection-related ad-ministrative penalties and public complaints are from the “China Environmental Yearbook”; and data on primary industry employment, arable land area, crop sowing area, effective irrigation area, total output value of agriculture, forestry, animal husbandry, and fishery, and fixed asset investment in agriculture, forestry, animal husbandry, and fishery are sourced from the “China Business Statistical Yearbook,” the “China Statistical Yearbook,” the “China Rural Statistical Yearbook,” and various provincial statistical yearbooks.
5.2 Variable definitions and statistical description
5.2.1 Dependent variable
Export technological complexity of agricultural products (Expyit), measured using the relative share weighting method (see Section 4 for details). In the sample, the mean value of agricultural exports technological complexity is 51.352 thousand yuan, with a maximum of 94.798 thousand yuan and a 256 minimum of 16.987 thousand yuan.
5.2.2 Independent variable
Agricultural Productive Service Level (Ser), Currently, there is a lack of systematic statistics on agricultural productive services for Chinese provinces (including autonomous regions and municipalities). Previous studies have used the output value of agriculture, forestry, animal husbandry, and fishery services as a proxy. This study adopts the approach of Zhang and Guo (2021), using the ratio of total output value of these services to total crop planting area to reflect the level of agricultural productive services. In the sample, the mean value is 2.994 thousand yuan per hectare, with a maximum of 15.927 thousand yuan per hectare and a minimum of 0.298 thousand yuan per hectare.
5.2.3 Control variables
Agricultural Research and development Investment (R&D), This is a key factor influencing agricultural technology supply and thus impacts the technological complexity of agricultural exports (Wang and Wei, 2008). The mean value of agricultural R&D investment in the sample is 5.5884 billion yuan, with a maximum of 30.3844 billion yuan and a minimum of 6.1009 billion yuan.
Agricultural Fixed Asset Investment Intensity (Invest), This is measured as the total fixed asset investment in agriculture, forestry, animal husbandry, and fishery di-vided by the total crop planting area. Higher investment intensity indicates greater capital and technological intensity in agriculture. The mean value is 14.929 thousand yuan per hectare, with a maximum of 125.019 thousand yuan per hectare and a mini-mum of 0.646 thousand yuan per hectare.
Rural Human Capital Level (Hum), This is measured by the nominal per capita human capital in rural areas, with data from “The China Human Capital Report.” Higher human capital level enhance the adoption of new inputs, technologies, and production methods, influencing the technological complexity of agricultural exports (Che and Zhang, 2018). The mean value is 480.87 thousand yuan, with a maximum of 1,092.16 thousand yuan and a minimum of 146.34 thousand yuan.
Agricultural Labor Input Intensity (Lab), This is measured as the number of laborers in primary industry divided by the crop planting area. The scarcity of agricultural labor leads to higher labor costs. Consequently, producers are more inclined to adopt more capital and advanced technologies to replace labor, thus enhancing the techno-logical complexity of their products. Therefore, agricultural labor input significantly influences the technological complexity of agricultural exports. The mean value is 16.308 thousand persons per hectare, with a maximum of 36.327 thousand persons per hectare and a minimum of 3.254 thousand persons per hectare.
Irrigation Conditions (Inst), This is measured by the proportion of effective irrigation area to the total crop planting area (%). Better irrigation conditions can reduce agricultural production costs and adjustment costs, potentially affecting the technological complexity of agricultural exports. The mean value is 41.426%, with a maximum of 99.362% and a minimum of 17.191%.
5.2.4 Mediating variables
Agricultural technological progress (Tech), This is reflected by the number of agricultural technology patents. Patent numbers are a leading indicator of technological advancement and can reflect the level of scientific and technological progress in society (Griliches, 1990). The mean in the sample is 23.673, with a maximum value of 166.51 and a minimum value of 0.06.
Effect of Agricultural Productive Services on Alleviating Funding Constraints (Fina), Measured by the amount of loans used per unit of total agricultural output value. The mean value is 0.645 billion yuan per billion yuan of agricultural output, with a maximum of 6.634 billion yuan and a minimum of 0.039 billion yuan.
5.2.5 Moderating variables
Environmental regulations can be classified into three categories: command-control regulations, market-based regulations, and public-voluntary regulations (Blackman et al., 2010). This study investigates how each type of environmental regulation moderates the impact of agricultural productive services.
Command-Control Environmental Regulations (Ger) are quantified by the number of administrative penalty cases related to environmental protection. This metric reflects the extent of enforcement and regulatory authority as established by national standards and is a key indicator of the rigor of environmental laws and management practices (Cole et al., 2008). In the sample, the average number of cases is 41.617 hundred, with a maximum of 451.4 and a minimum of 0.26.
Market-Based Environmental Regulations (Mer) are evaluated based on the implementation of carbon trading markets across different provinces, given the lack of official data on pollution fees and environmental protection expenditures in agriculture. Following Yang et al. (2017), a value of 1 is assigned if a carbon trading market is operational in the province, and 0 otherwise.
Public-Voluntary Environmental Regulations (Per) are assessed by the number of public complaints and reports concerning environmental issues, as adapted from Dasgupta and Wheeler (1997). In the sample, the average is 85.491 hundred cases, with a maximum of 1,153.92 and a minimum of 0.5.
The statistical description of each variable is shown in Table 1.
TABLE 1 | Summary statistics.
[image: Table 1]6 EMPIRICAL RESULTS
6.1 Model setting
Given that the data in this study comprises unbalanced provincial panel data, we follow the approach of Custódio and Metzger (2014) and apply the Hausman test to determine the appropriate model between fixed effects and random effects. The test results show a p-value of less than 0.001, indicating that the null hypothesis of choosing a random effects model is rejected at the 1% significance level. Therefore, the fixed effects model is deemed appropriate for regression estimation in this study:
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In this model (Equation 4), [image: image] represents the technological complexity of agricultural exports in province i during year t. The explanatory variable ​[image: image] denotes the level of productive services in province i during year t. [image: image] is a vector of control variables. [image: image] , [image: image] and [image: image] represent the individual fixed effects, time fixed effects, and random disturbance term, respectively.
6.2 Basic regression
As shown in Table 2, agricultural productive services (Ser) have a positive impact on the technological complexity of agricultural exports (Expyit) at the 1% significance level, aligning with the research hypothesis 1. An increase of 1,000 yuan/hectare in agricultural productive services input corresponds to an average increase of 0.469 thou-sand yuan in the technological complexity of agricultural exports (see Model (2)).
TABLE 2 | Basic regression results.
[image: Table 2]Regarding control variables, both agricultural R&D investment (R&D) and agricultural fixed asset investment (Invest) have positive impacts on the technological complexity of agricultural exports at the 1% and 5% significance level, respectively. This is because agricultural R&D investment is a crucial factor influencing the supply of agricultural technology, and higher agricultural fixed asset investment intensity indicates greater capital and technological intensity in agriculture. Rural human capital level (Hum) and irrigation conditions (Inst) also positively impact the technological complexity of agricultural exports, whereas agricultural labor input intensity (Lab) has a negative impact, though none of these effects are statistically significant. This lack of significance may be attributed to the relatively small variations in rural human capital level, irrigation conditions, and agricultural labor input intensity across most Chinese provinces, leading to data distributions that are too concentrated to demonstrate dis-tinct impacts on the technological complexity of agricultural exports.
6.3 Robustness test
6.3.1 Cluster-robust standard errors
As shown in Table 3, Model (1), the regression results using cluster-robust stand-ard errors indicate that the level of agricultural productive services continues to have a positive impact on the technological complexity of agricultural exports at the 5% significance level.
TABLE 3 | Robustness test results.
[image: Table 3]6.3.2 Exclusion of special years
By excluding data from the 2008–2009 financial crisis and the 2020–2021 COVID-19 pandemic, a new regression was conducted, as seen in Table 3, Model (2). The results demonstrate that agricultural productive services still positively influence the technological complexity of agricultural exports at the 1% significance level, with minimal changes in the coefficient size.
6.3.3 Winsorization of variables
To account for potential outliers in the sample, all continuous variables were winsorized at the 1% level on both tails before regression. The results, shown in Table 3, Model (3), reveal that the level of agricultural productive services remains positively significant at the 1% level, with little change in the coefficient size.
6.3.4 Quantile regression
To explore whether the effect of agricultural productive services on the techno-logical complexity of agricultural exports differs across various levels, we apply the quantile regression technique introduced by Koenker and Bassett (1978). We analyze four quantiles of agricultural productive services (0.25, 0.5, 0.75, and 0.9). The results, de-tailed in Table 4, demonstrate that agricultural productive services positively influence the technological complexity of agricultural exports at all quantiles (0.25, 0.5, 0.75, and 0.9) with statistical significance at the 1% level. In conclusion, the evidence supports the robustness of the finding that agricultural productive services exert a significant positive effect on the technological complexity of agricultural exports, consistent across different quantile levels and methodological approaches.
TABLE 4 | Quantile regression test.
[image: Table 4]6.4 Endogeneity test
Two-Stage Least Squares (2SLS) Methodology: To address endogeneity concerns, we adopt the method proposed by Zhang and Guo (2021), using one-period lagged agricultural productive services (L1.Ser) as an instrumental variable. The results from the 2SLS estimation are summarized in Table 5. First-Stage Results: The instrument, L1.Ser, shows a strong correlation with the core explanatory variable at the 1% significance level, meeting the relevance criterion for an instrumental variable. Second-Stage Results: Both the K-P LM statistic and the Wald F statistic reject the null hypothesis with high significance, confirming the validity of the instrumental variable. The coefficient for agricultural productive services is estimated at 0.511, remaining significantly positive at the 1% confidence level. This result is consistent with the baseline regression findings, reinforcing the robustness of our conclusions.
TABLE 5 | Endogeneity test.
[image: Table 5]6.5 Mechanism analysis
6.5.1 Testing methods
As mentioned earlier, agricultural productive services increase the technological complexity of agricultural exports through two main channels: promoting agricultural technological advancements and alleviating financial constraints in agriculture (see Hypotheses 2 and 3 in Section 2). To test these hypotheses, we use the three-step method proposed by Baron and Kenny (1986) and construct the following econometric model. We construct the following econometric model Equations 5–9:
Step 1: Examining the Impact of Agricultural Productive Services on Technological Complexity of Agricultural Exports.
OPS/images/inline_10.gif
Cit





OPS/xhtml/nav.xhtml
Contents

		Cover

		The impact of productive services on the technological complexity of agricultural exports and the moderating role of environmental regulations		1 Introduction

		2 Literature review		2.1 Research on the impact of agricultural services on agricultural production

		2.2 Research on the impact of agricultural productive services on the technological complexity of agricultural product exports

		2.3 Research on the impact of environmental regulations on agricultural production and export trade





		3 Theoretical analysis

		4 Estimation of the technical complexity of agricultural exports		4.1 Estimation method

		4.2 The technological complexity of agricultural exports in Chinese provinces





		5 Data and variable		5.1 Data sources

		5.2 Variable definitions and statistical description





		6 Empirical results		6.1 Model setting

		6.2 Basic regression

		6.3 Robustness test

		6.4 Endogeneity test

		6.5 Mechanism analysis

		6.6 Moderating effect analysis





		7 Conclusion

		8 Policy implications

		Data availability statement

		Author contributions

		Funding

		Publisher’s note

		References









OPS/images/inline_1.gif
EARCA;;





OPS/images/inline_12.gif
rFina;





OPS/images/inline_11.gif
Tech;,





OPS/images/math_8.gif
Expyity = @ + P, Sery + p, Tech, + p,Control, + 9, + p, + &4
(8)





OPS/images/math_7.gif
Fina, = ay + p Ser, + p,Control, + 9, +u +&,  (7)





OPS/images/fenvs-12-1486254-t008.jpg
(1)

Command-control

(2)

Market-based

(3)

Public-voluntary

_Ser 0479 *** 0.521 0595 **+
(0.129) (0.097) (0.133)
c_Ger -0.001
(0.001)
7 c_Ser x c_Ger 0001 **
(0.000)
c_Mer 0.598 **
(0.306)
_Ser x c_Mer -0.069
(0.107)
c_Per 0.001
(0.001)
c_Ser x ¢_Per 0001 ***
(0.000)
Contant 43.084 49.419 43018
(1.829) (1.539) (1.801)
N 364 448 364
Control Yes Yes Yes
Year Yes Yes Yes
Region Yes Yes Yes
R-squared 0192 0229 0.199

Notes: Robust standard errors are shown in parentheses; * denotes significance at the 10% level, ** at the 5% level, and *** at the 1% level.






OPS/images/fenvs-12-1486254-t007.jpg
Notes: Robust standard errors are shown in parentheses; * denotes significance at the 10% level, ** at the 5% level, and *** at the 1% level.

Ser 0469 0,043 ** 0,399 **
(0.104) (0.023) (0.09)
Fina 1644
(0.173)
Contant 47.775 %+ 1114 45.943
(1.426) (0.347) (1.309)
N 448 448 448
Control Yes Yes Yes
Year Yes Yes Yes
Region Yes Yes Yes
R-squared 0224 0172 0312






OPS/images/math_9.gif
Expyit, = ay + p Sery + p Fina, + p,Control, + O, + u_ + &, (9)







OPS/images/math_5.gif
Expyit, = ay + p Sery + p,Control, + 9, +u +&,  (5)






OPS/images/math_4.gif
Expyity, = ay + p Sery + p,Control, + 9, +u +&,  (4)






OPS/images/math_6.gif
Techy = ag + p Sery + p.Control, + 9, +u, +&, (6





OPS/images/crossmark.jpg
©

|





OPS/images/logo.jpg
& frontiers | Frontiers in Environmental Science





OPS/imag