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Editorial on the Research Topic
 Strategies of digitalization and sustainability in agrifood value chains




Nowadays, stakeholders of agrifood value chains are developing specific strategies regarding both their digital and sustainable transformations, some of them jointly implemented aim at the convergence of digitalization and sustainability (Piot-Lepetit, 2023). These strategies focus either on designing new activities within or outside current value chains or for some of their segments or on creating new value chains introducing new products to the market meeting specific consumers' expectations, especially regarding produce quality, food safety, or sustainable and transparent practices. Consequently, these strategies provide new ways for either doing business-as-usual or changing current business activities. In implementing these transformations, the use of digital tools and solutions strengthening sustainability is becoming an important part of agrifood value chain activities. All these transformations are changing the way stakeholders are working, collaborating, and communicating and, consequently, are reconfiguring entire agrifood value chains or part of them.

This Research Topic, focusing on Strategies of digitalization and sustainability in agrifood value chains, gathers together articles exploring several facets of the current reconfigurations of agrifood value chains induced by digital and sustainable transformations. These articles do not provide an exhaustive overview of the ongoing transformation of agrifood value chains but, by focusing on specific aspects, they highlight some of the achievable benefits without concealing the challenges faced that need to be overcome. Based on their research results, the contributors to this Research Topic also provide recommendations aiming at avoiding misalignment between expectations and outcomes when developing strategies of digitalization or sustainability, including considerations for reducing the digital gap between rural and urban areas or developing safe, sustainable, and resilient agrifood value chains.

Among the most important aspects of digital innovation for developing more sustainable practices, improvement in efficiency and productivity of production activities is one of the most expected. While investigating crop production, Ahmad et al. found that the use of Internet reshapes farmers production strategies, with a positive effect on their technical efficiency. However, its impact remains heterogeneous and dependent on farms' initial efficiency levels, with the most pronounced effects being for least efficient farms. For ginger producers in Pakistan, Gizachew et al. show that digital tool adoption significantly enhances agricultural productivity and household income of smallholder farmers by means of access to digital infrastructure, availability of ICT (Information and Communication Technologies)' resources, and tailored extension services focusing on farmers' digital literacy. However, improving efficiency and productivity cannot be achieved without the support of infrastructure. More specifically, Li show that rural broadband development has a significant role in enhancing agricultural total factor productivity (TFP), but only in some regions. Rural broadband development diminishes the costs of production and marketing information transmission but also fosters the development of innovating financial products easing agricultural credit constraints. It also reduces the digital gap between rural and urban areas, increases the share of farm-related loans, and improves farmers' income. However, these changes are heterogeneous, depending on the initial income level of the region where farmers are located. The construction of digital villages in China is another infrastructure having a positive impact on agricultural green TFP. Cai and Han found that by fostering agricultural technological innovation, enhancing human capital, and improving agricultural productive services, the impact of digital villages is substantial, but only up to a threshold defined by environmental regulations. Above this threshold, the positive effect of digital villages on agricultural green TFP is still present but only with a low intensity. The existence of a link between digital innovation impacts and regulations is confirmed by Chang et al. who point out the importance of government innovation-driven planning and government innovation-driven investments to develop efficient paths, especially because the effects are heterogeneous, varying by grain production zones, with a threshold constraining the expected multiplier effect.

Improving efficiency and productivity by fostering sustainable digital innovations is expected to improve rural farmer income, by either reducing costs or generating more revenues. While exploring how solar energy adoption can foster crop farmer incomes in Pakistan by means of improved water access, increased food production, reduced carbon emissions and lower energy costs by replacing fuel usage, Khan et al. highlight that this expected outcome cannot be achieved without government and agricultural extension interventions to support knowledge dissemination about digital technology and enhance financial accessibility of farmers to foster technology adoption. Similarly, Du et al. consider informatization as a vital element for the economic development and reshaping of rural areas. However, even though substantial efforts have been made to integrate informatization into rural areas and boost farmers' income, the authors point out persisting challenges hindering the full realization of its potential. Issues such as incomplete agricultural digitalization, insufficient market information platforms, and limited digital literacy of farmers have restricted the efficiency of informatization in rural areas. Moreover, disparities in financial support from local governments in China across regions act as barriers to rural digitalization. Investigating the impact and underlying mechanisms of rural-e-commerce service centers (RESCs) on income gains, Zhong et al. found that RESCs promote agricultural development, encourage entrepreneurship, and enhance government funding support. However, these positive impacts remain heterogeneous based on regional and individual characteristics, with an income increasing effect significantly higher in eastern China and rural villages with migrant population and college-graduate cadres. The authors conclude that any intervention from policy makers should be adapted to the socioeconomic development levels of each region. Xu J. et al. confirm the need for specific policy tools to support the increase of local farmers' income through the development of digital technology applications. Exploring specialty agricultural farmers producing litchi, the authors show that they have widely adopted digital technologies in all aspects of their specialty agricultural operations. Indeed, specialty farmers face unique production risks such as high perishability and high climate dependence, are vulnerable to extreme fluctuation in temperature and humidity, and deal with consumers that expect high levels of freshness and flavor for specialty produces, which means they need to deliver to market immediately after harvest. Digital technology applications increase financial income, particularly among disadvantaged farmers and farmers in areas with rich specialty agricultural resources, by specifically enhancing farmers' production and transaction capabilities.

Improving digital literacy among farmers is becoming a crucial element for developing sustainable practices. Indeed, by exploring the mediating roles of subjective norms, behavioral attitudes, and perceived behavioral control, Lu et al. show the positive impact of digital literacy on the likelihood of farmers to engage in pro-environmental behavior (PEB), especially because digital technologies change farmers' cognition and attitudes. Thus, digital literacy cannot be ignored as it determines the extent to which farmers can access and utilize information. However, how differences in digital literacy impact farmers need further consideration to develop proper interventions. Beyond farmers, Yuan et al. highlight the importance of agricultural scientific and technological talent (ASTT) on the quality of local economic development. ASTT are professionals possessing specialized knowledge and skills in agriculture, actively engaged in agricultural scientific research, education, and application. However, the authors also point out that the current misallocation, either insufficient or excessive, of these ASTT resources among regions results in both an ineffective utilization of these talents and disparities in regional economic development. Additionally, Qun et al. exploring the nexus between agricultural science and technology innovation, agriculture resilience, and fiscal policies supporting agriculture illustrate the crucial role of advancements of agricultural technology in fortifying the agricultural sector. But at the same time, this improvement is conditioned by the enhancement of agricultural technological innovation capabilities, meaning by strengthening human, material, and financial aspects, developing fiscal policies that fully support agricultural technological innovation, and allowing technical innovation to be tailored to local conditions with specific strategies recognizing regional differences.

Moreover, digital innovation also supports the generation of revenue by changing agricultural product marketing strategies, especially by moving online. The development of these new marketing strategies encompasses several aspects that need consideration when aiming to become performing and expecting to reap their full benefits. Among them, Zhang explores the aspects of e-commerce broadcasting, visual effects, and government cooperation. The author found that there exist four configurations for a good online marketing performance, each one being developed based on a multidimensional combination of strategies that can be adopted by small agricultural operators to scale their agricultural business and foster operators' acceptance of online marketing methods, so they can enjoy the dividends of developing e-commerce sales. While exploring virtual wine experiences, Gastaldello et al. clearly point out that virtual online experience, as a technology-based sustainable strategy for resilience of wineries in time of crises and beyond, has positive consequences, such as influencing purchase intentions and risk aversion or limiting carbon footprint by reducing transfers for reaching a specific winery. Another important element for a good marketing strategy is to identify valuable information aiming at establishing appropriate market prices aligned with consumer demand for the product but also at tailoring both products and messaging accordingly. Nguyen et al. investigate the factors influencing America consumers' willingness to purchase (WTP) turmeric products. They found that emphasizing on local, sustainable sourcing and clear communication of organic credentials to align with consumer expectations is of the utmost importance due to concerns about the quality and safety of the product, while communicating on the level of curcumin content in turmeric, the health benefit of a product, is not a significant factor influencing consumers' WTP when they are not educated enough about it. As part of a marketing strategy, food delivery is becoming important for meeting consumers' expectations. Xu S. et al. investigate the effects of antifood waste regulations on the choice of logistics strategies in on-line-to-off-line (O2O) supply chains. The authors found that antifood regulation is effective under a platform-charge logistic strategy but ineffective with a restaurant-free self-logistics strategy, implying that antifood regulation strongly influences the choice of the food delivery strategy in O2O supply chains.

Above all, there are important expectations regarding digital innovations for improving food quality, safety, and security but also sustainability, traceability, and transparency. The use of deep learning approach is explored by Wen and He as a way to enhance grading efficiency and improve grading accuracy over traditional manual detection recognition and classification techniques. As grading accuracy is very important for ensuring vegetable quality, the authors clearly explained how the use of deep learning reduces labor costs, while enhancing the performance and speed of vegetable grading. Additionally, fresh agricultural products are highly perishable and require reliable supply chains with faster production cycle, payback periods, and turnover, especially for micro-small and medium enterprises (MSMEs) facing challenges in accessing funding to meet market demand and maintain product quality. Karyani et al. illustrate how FinTech can become, by facilitating access to finance, a crucial element of the sustainability of fresh agricultural products in Indonesia. Besides, Tian et al. show that digitalization can effectively promote the coordinated development of green agriculture and food security through positive spatial spillover effects, with notable heterogeneity, by optimizing factor allocation efficiency, improving agricultural production methods, and fostering agricultural technology innovation. However, the digital divide between developing and developed countries in the agricultural sector has negative consequences on international competitiveness and the ability to comply with international food safety regulations, especially the one related to maximum residue limits (MRLs) for contaminants. Meziani et al. show that reducing this digital divide improves international food safety and food security but also leads to more international competition, with a potentially perverse effect being an underinvestment in good and sustainable production practices by more digitally advanced countries. The authors also point out that the digital catch-up of less advanced countries is not sufficient to reduce health risks on international markets unless it is accompanied by strengthened official food control systems, which in turn encourage lowering MRLs rather than relaxing them as expected by producers or authorities.

From a consumer perspective, there is an increased demand for sustainable credence attributes on purchased products, especially regarding quality and safety issues, environmental and social sustainability, or business innovative practices. To satisfy this increasing consumers' demands toward more traceable, sustainable, innovative, safe, and high-quality products, blockchain traceability is an innovative digital tracking tool that meets these requirements and can support trustful practices, as explored by Petrontino et al. in the context of pasta value chain. However, such requests for more transparency cannot be implemented without changing stakeholder roles and involvement in agri-food supply chain networks (netchain), as it implies data and information sharing. Otter and Robinson found that primary stakeholder interests lead to coopetition in vertical and horizontal relationships of the netchain and low transparency efforts by intermediaries, especially due to the importance of trust and cooperation among stakeholders in sharing data and information. Regarding secondary stakeholders, policy-makers and governments, NGOs and technology providers excel in being drivers of digital transparency for more sustainability, with social media as a strong direct communication tool to reach netchain stakeholders and consumers. The authors also point out that the request for more transparency is becoming proportionally less related to a specific product and more related to information on firm (e.g., on practices and strategies), the business ecosystem, or the natural environment (e.g., weather and biodiversity data). Consequently, agrifood netchains are developing around a dyadic strategy, focusing on either product or data and information transactions, which in turn fosters new opportunities for value creation based on data and information sharing.
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At the end of 2019, the sudden outbreak of the pandemic brought a significant impact on the sales of agricultural products in China and all over the world. To reduce the unmarketable problem caused by the pandemic in the agricultural industry, operators who used to focus on offline sales changed their marketing strategy and began to build online sales channels through e-commerce platforms and adopt various online marketing strategies to improve their marketing performance. Furthermore, the performance of online marketing of agricultural products is affected by the interaction of multiple factors in the complex environment. This study aims to distinguish between the performance of different online marketing strategies by using necessary comparative analysis (NCA) and qualitative comparative analysis (QCA) method, to help operators to grasp the critical elements of the online marketing of agricultural products, and how configuration effective impact the online marketing performance. The results show that: (1) NCA’s results show that a single online marketing dimension cannot constitute the necessary conditions for producing high marketing performance of agricultural products, but e-commerce broadcasting, visual effects and government cooperation play an obvious role in improving marketing performance. (2) online marketing performance is influenced by the interaction of various strategies, and no single factor has a significant effect on it. (3) a good online marketing performance configuration path is divided into four, namely “the government cooperation—e-commerce broadcasting” domination; “the government cooperation—visual effects—e-commerce broadcasting” leading; “customer relationship—the government cooperation—visual effects—e-commerce broadcasting” leading; “platform number—visual effects—e-commerce broadcasting” leading. (4) There are four driving paths with no-good online marketing performance, and there is a causal asymmetric relationship of the driving paths with good online marketing performance. This study provides management enlightenment for agricultural operators on how to effectively improve the performance of online marketing, help operators to solve practical problems, and facilitate the development of agricultural e-commerce.

KEYWORDS
 post-pandemic, agriculture, online marketing performance, sales transformation, online marketing mix strategy


Introduction

From 2012 to 2020, nearly 462,000 villages have been deprived of labor due to young and strong people going out for work, accounted for 78.4% of totally villages in China and it has led to the increasingly serious situation of land abandonment in rural areas, which has largely affected the development of rural economy (Agricultural and rural big data, 2020; Ministry of Agriculture and Rural Affairs of the People’s Republic of China, 2020). However, agricultural production is the guarantee for the stable development of the country, and sufficient food supply is the basis for people’s normal life, especially in developing countries (Jiang and Chen, 2019). Chinese General Secretary Xi Jinping and the Party Central Committee attach great importance to rural revitalization to promote poverty alleviation in rural areas. Therefore, under the strong advocacy and support of Chinese government, the data of the Ministry of Agriculture showed that in China, totally 10.1 million people returned to villages and more than 30 million people started to operate agricultural products industry in 2020, and it has become the new tendency of agricultural development (Ministry of Agriculture and Rural Affairs of the People's Republic of China, 2021). Furthermore, with the improvement of people’s living standard in China, people’s demand of high-quality, safe, fresh, and diversified agricultural products is increasing, which has put forward higher requirements and challenges for agricultural products and related operators (Jingjing and Jie, 2019). However, the demand cannot be fully satisfied due to the geographical transportation limitations, freshness, information asymmetry, inventory issues and high sales costs of offline sales channel. Therefore, building online channels for agricultural products is becoming urgent. In recent years, the development of e-commerce related to agricultural products has also been very rapid. According to Alibaba, the sales of agricultural products category in Ali’s online platform have grown from RMB 3.7 billion in 2010 to RMB 300 billion in 2020. In addition, with the acceleration of the Chinese poverty alleviation policy, the online sales of agricultural products reached 193.77 billion RMB in the first half of 2020, an increase of 39.7% year-on-year, which is 6 percentage points higher than the growth rate in the first half of 2019 (Xinjing News, 2021; Yi and Weihua, 2021). Agricultural products e-commerce has become a new trends and boom of e-commerce product category sales.

At the end of 2019, the pandemic broke out in China and all over the world. The sudden public health event has brought a great impact on economy and society. To prevent the spread of the pandemic, the central and local governments have introduced a series preventive and control measures, such as strict traffic control, closure of villages and roads, suspension of production and work, and prohibition of gathering (Xicai, 2021). These control measures brought great obstacles to the agricultural products industry. On the supply side, the transportation, import and export of raw materials were greatly restricted, which seriously affected the income of agricultural products operators. Moreover, because people were unable to go out for normal purchases during the pandemic, market supply and demand were disrupted, and many operators were unable to complete their original sales plans, resulting in a large backlog and damage of agricultural products, which aggravated the business risks of agricultural products (Rongping et al., 2022). According to People’s Daily, as of March 1, 2020, the data of national agricultural products stagnation and supply–demand matching platform has accumulated 6,379 pieces of information on stagnant and urgent sales of agricultural products across the country, with a total weight of about 7.29 million tons, accounted for 40% of total national production (People.cn, 2022).

With transportation channels closed, the offline distribution of agricultural products was almost completely called off, the advantages of e-commerce are fully revealed, and sales of agricultural product operators through online platforms become the only feasible way to solve the problem of stagnant sales (Qalati et al., 2021). The government and related business entities have also noticed this, and to reduce the impact of the pandemic, the central and local governments have introduced a series of measures to guide agricultural product operators to sell through Internet platforms to solve the problem of stagnant agricultural products and help agricultural operators to tide over this difficult time. Under this circumstance, agricultural operators, who were originally focus on offline distribution, have embarked on the e-commerce, and started to build online sales channels. In addition, during the period of the pandemic, consumers had more free time to surf the Internet, and they browsed the online platforms to obtain information of agricultural products and placed orders for them, thus expanding the demand market for agricultural products in online sales (Bingcheng, 2020). Therefore, the simultaneous expansion of supply and demand markets has rapidly promoted the development of e-commerce and online channels for agricultural products. However, due to the different levels of government support, the scale of agricultural business and operators’ acceptance of online marketing methods, there are still a large proportion of agricultural enterprises that do not enjoy the dividends of e-commerce development. This part of agricultural product operators still experiences poor sales and low consumer satisfaction after adjusting their marketing strategies. Therefore, how to help agricultural product operators build an efficient and reasonable online marketing strategy after the outbreak of the pandemic, achieve sales growth and finally satisfying consumer demand has become an urgent goal to accomplish.

Although existing studies have explored various aspects of online marketing of agricultural industry, the special period after the outbreak of the pandemic needs to be further deepened. Most of the existing relevant studies focus on qualitative analysis of field interviews and case studies, and few empirical studies are taken, which cannot reveal the universal problems of online marketing of agricultural products in China in a more comprehensive way. Therefore, in order to help agricultural operators solve the practical problems encountered in online marketing, and considering that the performance of online marketing of agricultural products is affected by the interaction of multiple factors in the complex environment of the pandemic, this study adapted a combination of necessary condition analysis (NCA) and fuzzy qualitative comparative analysis (fsQCA) to construct a model combining actual cases and empirical data, explored the degree of influence of individual dimensions of online marketing strategy on the marketing performance and the synergy of multi-dimensional grouping, and finally find out the combination of the best condition grouping in order to achieve the optimal marketing performance (Larkin, 2019). Specifically, this paper takes the outbreak of the pandemic in early 2020 as the starting point, combines the complex situation of the pandemic period and the post-epidemic era, chose six important dimensions in the online marketing strategy, namely: customer relationship, price adjustment, number of platforms, government cooperation, visual effect and e-commerce broadcasting as conditional variables for configuration analysis, and studies the effect of different grouping paths on the online marketing performance including online turnover, number of positive consumer reviews and online sales.



Literature review and model construction


Online marketing

The rapid development and popularity of the Internet not only changed the way and speed of information transmission, but also subvert the traditional offline business supply chain, providing a new opportunity and challenge for the operators (Ma and Guo, 2021). Online Marketing is a new type of marketing based on the Internet and information technology, using a virtual network platform for product information dissemination, sales, customer communication and service, and ultimately achieve profitability (Chenglong, 2016). In related research, many domestic and foreign scholars have proposed that “online marketing is an integral part of the overall marketing planning of enterprises (Chenglong, 2016). In the increasingly competitive business environment, traditional marketing methods have been unable to meet the market demand for massive amounts of information and products, the rise of online marketing not only solves the problem of information dissemination channels, time, space, etc., but also greatly reduces the large costs incurred by traditional marketing activities (Huang and Xiaomeng, 2015). With the continuous emergence of various online platforms and the maturity of the Internet environment, online marketing has become an irreplaceable marketing channel. In recent years, China’s rapid development of e-commerce, online marketing gradually showed the development trend of diversified ways, content, and comprehensive coverage. Relevant scholars have also conducted multi-angle and all-round research on it, including social marketing, word-of-mouth marketing, price marketing, live broadcast marketing, other marketing methods and the factors influencing the effect of online marketing and the path of action (Xuping and Xin, 2011; Yongsheng et al., 2011; Wang et al., 2015).

At present, the boundaries of the systematic research on the antecedents and the related influencing factors of online marketing are relatively vague, and most of the existing studies focus on the theoretical analysis, specific applications, and the summary of the advantages and disadvantages of online marketing. Among the existing studies, Hong and Xu (2015) found that consumers’ rational and emotional perceptions of online marketing strategies determine their perceptions of products, and customer relationships can influence their assessment of products and purchase intentions, which in turn affect marketing performance. Huang and Xiaomeng (2015) stood at the level of corporate stakeholders and proposed that relevant leaders, including industry government support, business leaders, and managers of online platforms directly influence the brand positioning, information presentation, and marketing performance, and implementing strategies for future development strategies. Based on the company’s perspective, Gang et al. (2019) explored the marketing strategy in which product price, marketing creativity, uniqueness, and promotional efforts significantly influenced the enhancement of marketing performance. In addition, Yang (2014) suggested that resources and capabilities including promotion costs, number of online platforms and other strategies significantly influenced the marketing performance.

With the rapid development of the Internet and social media, more and more participants join the co-creation process of online marketing performance, which is created and determined by all participants of the online platform in the digital era (Ramaswamya and Ozcan, 2016; Weiwei, 2018; Williamson et al., 2020; Shen et al., 2021). The existing literature defines the composition of online marketing performance from three perspectives: based on the financial perspective, based on the consumer perception perspective, and based on the product market perspective. Specifically, from the financial perspective, good marketing performance is reflected in high product sales revenue for the enterprise (Cheng et al., 2017); from the consumer perception perspective, good marketing performance is reflected in the recognition, trust and praise of the products purchased by consumers (Time and Yutian, 2020); from the product market perspective, good marketing performance is reflected in the sales of products under the competition in the same industry (Gang et al., 2019).



Online marketing of agricultural products

In the information era, online marketing breaks the geographical limitations of traditional marketing methods and cannot be ignored (Sony and Naik, 2020). With the wide application of information network in business activities, more and more industries begin to introduce the mode of e-commerce, and how to use online marketing strategy has become significant (Wang et al., 2014). In the process of exploring e-commerce models, diverse business models such as business to business (B2B), business to customer (B2C), and customer to customer (C2C) have been gradually formed (Shen et al., 2021). In the agricultural industry, operators are also trying to find new e-commerce business models and online marketing strategies that meet the business characteristics of agricultural products. Agricultural sections of mainstream e-commerce platforms go online one after another, a large number of agricultural product operators have begun to realize the advantages brought by online marketing (Dong and Rui, 2019). The operation through the online platform can eliminate intermediaries, and product information breaks through the original geographical and spatial limitations, which not only reduces labor and time costs, but also expands the original business market on a large scale (Xiao, 2020). For the online marketing researches related to agricultural industry, academics have also conducted a lot of exploration, mainly refers to the marketing activities of agricultural products carried out on the Internet, including publishing information, pricing, organizing promotional activities, selecting delivery channels, maintaining consumer relations, and other activities to ultimately achieve the purpose of expanding sales (Xiao, 2020). In foreign related studies, scholars mostly focus on the current situation of online marketing of agricultural products and the exploration of future e-commerce models. Canavari et al. (2010) constructed a trust model based on trust dimensions in e-commerce environment to detect consumers’ perceptions and purchase intentions for online sales of agricultural products. Shivraj (2004) presented a new trading model for agricultural products in the Netherlands, where operators chose a joint auction without regional restrictions for the characteristics of local agricultural products, and suggested the necessity of online marketing for the implementation of this new business model. Banker and Mitra (2007) took Indian coffee online sales as an example, and carried out empirical analysis to propose a procurement model for the agricultural product supply chain to provide new theoretical ideas and practical guidance for the online marketing.

As a traditional agricultural country with a large population and a wide geographical area, Chinese agricultural operators transform their traditional marketing methods to online marketing can substantially improve the sales problems, which caused by geographical dispersion, closed information and backward logistics. Furthermore, online marketing can improve the publicity effect, sales volume, and competitive advantage (Xiao, 2020). Due to hindrance of scale, technology, standardization, branding and many other factors, the status of China’s agricultural online marketing is still in the primary stage. However, in recent years, with the vigorous support of Chinese government and the advent of the “Internet +” era, the e-commerce model of agricultural products has become increasingly mature, and the online marketing methods have diversified and flourished (Xiao, 2020). How to use online marketing to shape the core competitive advantage and enhance the competitiveness of agricultural products is urgent.

Many scholars have proposed that there are obvious deficiencies in online marketing of Chinese agricultural industry. Especially after the Covid pandemic, the traditional marketing channels of agricultural products have received serious obstacles, but the online marketing platform is not even established. This situation caused more difficulties to the agricultural products marketing, the current situation of agricultural products is in a worse condition (Jie and Qihua, 2015; Aiping, 2018; Weiwei, 2018). Specifically, relevant scholars clearly pointed out that the backwardness of the publicity channels, logistics services and the use of online platform has seriously affected the sales and hindered the healthy development of China’s agricultural industry (Yawen, 2018). In terms of comprehensive domestic related research, scholars have analyzed agricultural products online marketing mainly from the following three dimensions. Firstly, from the marketing model: Aiping (2018) chose Shanxi province as an example, summarized three typical models: the government-led model, the characteristic product-driven model, and the independent choice model. Then he further expounded the advantages, disadvantages, and application scope of the three marketing models, respectively. In addition, Weiwei (2018) analyzed the online marketing mode of agricultural products in Sichuan Province, such as WeChat, Tiktok, Red and other third-party social media online platforms. She pointed out that, compared with other online marketing models, the third-party platforms have perfect network functions, huge network flow volume, wide geographical coverage, and rapid information communication (Weiwei, 2018). After a series of explorations on the marketing model, scholars found that the operators of agricultural products in China still generally have obvious defects. Such as weak network awareness, lack of professional employees, lagging technology, weak infrastructure, and inadequate logistics systems. Secondly, from the marketing strategy: Yawen (2018) analyzed the advantages and necessity of marketing strategy based on online community and emotional construction. He proposed that agricultural product operators should combine the characteristics of online community to implement brand marketing strategy. Moreover, Gang (2016) took “Three Squirrels” as an example, pointed out that operators should focus on user’s experience and use big data to build user portraits to implement the precision and personalization. Both scholars pointed out that the following problems need to be solved in the process of online marketing strategy: (1) to gain a deeper understanding of consumer needs through information technology such as big data, and to transform or improve the original traditional agricultural production methods and categories; (2) to actively respond to the government’s call to hire professionals and build rural online platforms; (3) to raise the awareness of agricultural product operators to build and maintain online consumer relationships, improve customer service quality and consumer satisfaction; (4) to strengthen and improve logistics and distribution, etc. Thirdly, from the problems and countermeasures of online marketing: Jie and Qihua (2015) discuss the problems and countermeasures in the online marketing of characteristic agricultural products. Their study includes analysis of strategic positioning, standardization, industrial chain, and brand. Aiping (2018) believes that although the government strongly supports the development of online marketing, however, currently there are huge differences in the development of agricultural markets. Therefore, the operators should improve core competitiveness and build brands to help solve the related problems.

In addition, since the SARS pandemic in 2003, many domestic studies have been conducted around the impact of public health emergencies on agricultural products. A study by Wu et al. (2015) found that in the case of information asymmetry, if the scope of the emergent event disturbance has a large impact on retailers’ costs, the supply chain strategy needs to be changed to achieve a new equilibrium. Jingjing and Jie (2019) used raw chicken and carp prices as examples to study the extent of shocks brought by unexpected pandemics or food safety events such as agricultural market prices. All the above studies focused on the impact brought by pandemic on the operation of agricultural products. Since the e-commerce model in China was not yet developed at that time, the relevant studies did not involve the introduction and strategies of online marketing. During Covid pandemic in 2019, experts and scholars have also noticed the significant impact of this unexpected event on the agricultural industry and explored the perspectives of marketing strategy: Houkai and Qianwen (2020) elaborated that the Covid pandemic had a comprehensive, continuous, and in-depth impact on the agricultural industry and rural areas. Specifically, You et al. (2021) explored the impact of the Covid pandemic on the price volatility of agricultural products, and found that the effect of the pandemic varied by type and region, thus suggesting that the regulatory policies should be tailored to local conditions. Hainan et al. (2020) pointed out the optimization path of the supply chain after the pandemic for the fresh agricultural products, such as insufficient risk management and low standardization. However, these studies are less informative, some of the studies start from the macro level, focus on the agricultural industry and livelihood economy, and their findings are mainly directed at government measures (You et al., 2021). Although a few studies focused on agricultural products online marketing strategies, their improvement suggestions are more enlightening for the government and specific agricultural products categories. There are less informative for a wide range of agricultural products categories and micro agricultural operators, so there is still a gap for further research (Hainan et al., 2020; You et al., 2021). In the Internet era, online marketing has become a necessary tool for agricultural products to explore the market, and has a prominent role in enhancing the sales of agricultural products. However, the development of online marketing of Chinese agricultural industry is relatively backward (Lei et al., 2021). The network platform construction, professional quality of operators, communication services for customers, government support policies, or diversification of network promotion, several aspects need to be vigorously developed and improved.

According to the above-mentioned literature, the effect of online marketing of agricultural products is influenced by several dimensions in the relevant aspects. These including leaders (support from government departments, strategic choice of online marketing and platform construction by agricultural product operators); online platforms (number of platforms, diversity of sales methods); and consumers (customer relationship, consumers’ perception). All dimensions have positive significance, but there is a lack of strong empirical evidence on how it works. In addition, the existing literature is limited in its approach, which focused on the “net effect” of the impact of a single dimension, while ignoring the “joint effect” of multiple dimensions. Whether the online marketing situation of agricultural products changed in this special period has not been mentioned in the relevant studies. How the implementation of agricultural products online marketing strategy affects the marketing performance is an important issue to be solved.



Model construction

Through the review of domestic and foreign literature, to distinguish the performance of different online marketing strategies, help agricultural operators grasp the key elements, and improve the final performance, this paper combines a large number of relevant cases to analyses the relationship between the online marketing strategy and the marketing performance adopted by agricultural operators in the context of the Covid pandemic. Specifically, this paper takes the outbreak of Covid pandemic in early 2020 as the starting point, combines existing studies to summarize six important dimensions in online marketing strategies, which are: customer relationship, price adjustment, number of platforms, government cooperation, visual effect, and e-commerce broadcasting. In order to study the impact of different grouping paths on the performance of online marketing, this study draws on relevant results, and selects three evaluation indexes: corporate turnover from the financial perspective, the number of positive consumer reviews from the consumer perception perspective, and online sales volume from the product market perspective (Cheng et al., 2017; Gang et al., 2019; Time and Yutian, 2020).

1. Customer relationship: traditional offline marketing channels establish customer relationships in a single way, mostly based on the one-way relationships initiated by the enterprise itself. In contrast, online marketing uses the Internet platform as a carrier, it breaks the limitations of time, space and has the characteristics of wide involvement, long duration, and two-way interaction (Shen et al., 2021). At the same time, due to the virtual nature of online platform, consumers cannot visually judge the quality of products through sight, smell, and touch. In order to avoid the risks brought by information asymmetry, consumers will be more cautious when making purchase decisions, especially food products directly related to health such as agricultural products, and the maintenance of customer relationships becomes an important way to build trust and loyalty. In the previous study of customer relationship related to agricultural products, scholars found that consumers’ perceived trust, value, and evaluation of merchants significantly contribute to the online sales through modeling and empirical analysis (Kexi and Jun, 2014). Based on this, the customer relationship maintenance is one of the key factors to determine the online sales of agricultural products, and is also the focus of marketing strategy adjustment for agricultural operators.

2. Price adjustment: research shows that consumers pay high attention to the price difference between online and offline purchase of agricultural products and the price difference between similar products online (Shanshan, 2018). Product price is the reference basis for consumers to purchase agricultural products online, and its fluctuation will affect consumers’ demand and purchase decision, which in turn has certain influence on the sales volume of agricultural products (Yijian, 2014; Peirong and Mingxuan, 2019; Yanfang, 2020). Therefore, for agricultural product operators, price adjustment strategy is an important part of their online marketing mix strategy. Especially in the complex environment of the Covid pandemic, whether to adopt the strategy of low price and the effectiveness of this strategy has become a concern for operators.

3. Number of platforms: e-commerce platforms are the basis for online business activities and play an important role in China’s agricultural modernization process. On the one hand, e-commerce platforms provide new distribution channels and large consumer groups for relevant agricultural products operators; on the other hand, with the big data, cloud computing and other technologies, the powerful information feedback mechanism of e-commerce platforms can provide timely and abundant market information for relevant operators. Agricultural product operators can precisely adjust their marketing strategies based on the information to satisfied the consumption needs of target groups and thus promote sales (Ruifeng, 2020; Zhanpeng, 2020). For agricultural products operators, the choice and number of platforms are important for their channel strategy. If operators choose a single e-commerce platform, the advantage is to reduce the cost of channel construction. Contrastly, they may face more homogeneous products, competition pressure, traffic, information acquisition costs and other problems. Then, if operators choose multiple platforms, although there will be more potential customers and sales, but high costs will be incurred.

4. Government cooperation: with the national policy of “precise poverty alleviation” and the goal of poverty eradication, e-commerce is seen as an important way to realize this goal (Foresight Research Institute, 2020). With the Government’s call and assistance, many agricultural product operators have begun to adopt online sales, promoting the rapid development of e-commerce for agricultural products (Foresight Research Institute, 2020). After the outbreak of the pandemic, in order to reduce the impact, the government not only guided operators use online platform, but also helped operators who just started and lacked experience in online marketing through a series of measures such as “one-to-one” support, government website promotion, and live broadcast by county governors to solve the “difficulty in selling” (Foresight Research Institute, 2020). Under the complex environment of Covid pandemic, compared to commercial e-commerce platforms, government platforms are public welfare and usually more targeted and helpful. Whether to participate in government programs and the depth of cooperation have also become major factors affecting the performance of online marketing for agricultural operators.

5. Visual effect: vision is one of the important ways for humans to obtain information, and research shows that 83% of human access to information comes from vision (Huang et al., 2020). Therefore, how to convey product information and attract consumers’ attention through visual display has become the focus of business attention. In online marketing, the importance of visual effects is even more prominent. Due to the virtual nature of the Internet, consumers can only obtain product information by browsing pictures, text color and format, and video esthetics uploaded by operators. Besides, studies have shown that product display, web design, and page layout will significantly affect consumers’ purchase intention (He et al., 2014; Hongxia et al., 2014; Lin et al., 2015). However, an important problem in the current online sales of agricultural products is the high degree of homogenization of product pictures and text descriptions, and even many operators use the same online pictures, which leads to the inability of consumers to perceive the difference between the product and other similar products. As the competition in the agricultural products e-commerce market becomes more and more intense, many merchants realize that beautiful pictures and detailed descriptions are important to stimulate consumers’ purchase intention, and start to pay attention to web design quality and product visual display effects. Therefore, this paper incorporates visual effects into the antecedent variables that affect the performance of agricultural products online marketing.

6. E-commerce broadcasting: in order to further attract traffic, Taobao, Jingdong and other e-commerce platforms began to launch broadcasting functions and gradually improve the related supporting system in 2016 (Ren, 2021). In the following years, more and more online platforms have joined the broadcasting to sell products. The short video platforms such as Tiktok and Kuaishou, which already have huge traffic, have further realized the importance of the broadcasting function (Hongdong and Jiang, 2020). As a new marketing method, the agricultural operators have also adopted the broadcasting method to sell their products. E-commerce broadcasting of agricultural products can help consumers understand the products more intuitively, vivid, and meticulously (Ren, 2021). It can also solve the problem of lagging response in traditional sales, which in turn increases consumers’ trust in the products and promotes product sales (Zhaoyang, 2021). The study has shown that the attraction effect, interaction effect, experience effect, and inducement effect of e-commerce broadcasting can better drive the development and performance of agricultural products. During the Covid pandemic, the new marketing model of online e-commerce broadcasting has obvious advantages, such as low cost, low threshold, intuitive, vivid, and interactive, and it has become an important marketing tool for agricultural operators to attract traffic and solve the problem of stagnant sales (Thanh et al., 2022). Therefore, weather adopt e-commerce broadcasting is one of the important dimensions of the antecedent variables affecting the performance of online marketing of agricultural industry.

In the special context of the Covid pandemic, the reality of agricultural products sales is more complex than usual, a single dimension or a certain marketing theory cannot explain the causal relationship between online marketing strategies and marketing performance in a traditional way. Based on the above theoretical analysis, the complete model of the research on the combination strategy of agricultural products online marketing is shown in Figure 1.
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FIGURE 1
 Research model.





Research design


Research method of QCA and NCA

Adequate and necessary relationships are interpretations of two causal relationships, and this study first uses qualitative comparative analysis (QCA), which detects adequate causality, to explore whether the antecedent cause (a combination of online marketing strategies) can adequately produce the outcome (the performance of online marketing of agricultural products). The research methods of QCA can be divided into: clear set QCA (csQCA), multi-value set QCA (mvQCA), and fuzzy set QCA (fsQCA; Yunzhou and Liangding, 2017). Considering that fuzzy set qualitative comparative analysis (fsQCA) has the advantage of dealing with partial affiliation as well as degree change problems compared to the other two categories, and that fsQCA takes a holistic perspective and performs comparative analysis across cases, it is dedicated to exploring the causal complexity of which groups of conditional elements cause the appearance of the expected outcome and which groups cause the lack or absence of the expected outcome (Fiss, 2011). For agricultural operators, the use of different marketing strategy may have diverse and complex effects on the marketing performance. Therefore, this study chooses the fsQCA approach to explore the full causal mechanism. Secondly, the fsQCA method not only makes up for the deficiency of qualitative research methods by using a large sample set of cases to solve the problem of applicability and uniqueness of traditional qualitative analysis; but also compensates to some extent for the deficiency of large sample analysis for individual phenomenon analysis in quantitative research methods. Finally, this paper focuses on the “joint effect” between the dimensions of online marketing strategy and the “interaction” between different indicators to find the best way to improve the marketing performance.

In order to explain the causal relationships of the variables more comprehensively, the necessary comparative analysis (NCA) method was used to analyze the necessary causal relationships among the study variables (Du et al., 2020; Dul et al., 2020). Compared with the fsQCA method, the NCA approach not only detects whether a condition is necessary for the outcome to arise, but also shows the degree of necessity of this condition and can explain the importance of the condition variables more precisely and deeply (Vis and Dul, 2018). Therefore, the approach of combining fsQCA and NCA can not only test the influence of different groupings of online marketing strategies on marketing performance, but also show the degree of influence of separate online marketing dimensions, which has greater utility and significance for this study.



Case selection

Firstly, in fsQCA studies, the representativeness of sampling directly affects the results, and the valid sample equals appropriately selected cases (Yunzhou and Liangding, 2017). fsQCA is a case-oriented research method which should follow the principles of theoretical sampling and select samples based on the characteristics of the theory and cases (Dul et al., 2020). In addition, representativeness of sampling should consider sufficient homogeneity among overall cases, specifically, selected cases should be similar and comparable. Furthermore, maximum heterogeneity also should be considered among cases, the selected cases should include both positive and negative cases to avoid presenting excessive consistency (Yunzhou and Liangding, 2017). Second, the complex situation of online sales of agricultural products requires consideration of many external objective circumstances, such as the scale of agricultural e-commerce enterprises, competitive strength, and sales channel differences. Large and medium-sized agricultural enterprises have matured operational marketing systems and the Covid pandemic affects them to a much lesser extent than small agricultural enterprises (Mengsi and Jian, 2016). In addition, in terms of government participation, although some agricultural product operators participate in online sales, they rely entirely on government support and do not have subjective initiative, which does not help this study. Therefore, to ensure the quality of the study, this paper sets three qualifications in selecting cases: firstly, the target cases under investigation should be small agricultural enterprise, the participants are agricultural product operators. Specifically, they are in the middle stage of the industry chain, taking over the work between producers (farmers) and consumers of agricultural products. Their main responsibilities are distribution, sells, promotion and consumer service. According to National Development and Reform Commission’s regulations, the classification of small agricultural enterprises is annual operating income between 500,000 RMB to 5 million RMB and total number of employees is less than 80 (Ministry of Agriculture and Rural Affairs of the People's Republic of China, 2017). Secondly, the problem of stagnant sales brought by Covid pandemic, which caused huge economic losses to agricultural product operators, was the catalyst that prompted small agricultural product operators to open online sales channels. Therefore, based on the cyclical nature, agricultural products with a short shelf life that are newly available in spring or without a clear distinction between low and high seasons and face stagnation problems during the pandemic are selected. Thirdly, the agricultural products operators had no experience in online sales before the pandemic, or had contacted online sales but mainly focused on offline sales, and began to pay attention to online sales only after the pandemic occurred, building sales channels independently, conducting online marketing, and not relying entirely on government help to solve the problem.

To avoid the influence of excessive geographical differences, four provincial units, Shandong Province, Henan Province, Hebei Province and Hubei Province, which have the middle ranking of GDP and are large agricultural provinces in China, were selected. The districts and counties under the prefecture-level cities with the middle to upper ranking of GDP in each province were chosen as the areas for questionnaire distribution. A total of 247 agricultural products operators in 8 districts and counties under the above 4 provincial units were involved. The survey involved agricultural products including grain, fruits, vegetables, aquatic products, livestock, and other categories; finally, 236 questionnaires were collected, and the actual number of valid questionnaires collected was 208, with an effective rate of 84.21%, and coded as CASE1-208 (see Table 1).



TABLE 1 Descriptive statistics of sample cases.
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Variables measurement

(1) For the customer relationship dimension, this paper draws on the study of Zhiwen et al. (2021) to comprehensively evaluate. (2) for price adjustment, this study considered that small agricultural enterprises generally adopted price reduction strategies to attract traffic and solve the problem of stagnant sales after the Covid pandemic, so the dimension of product price is examined and evaluated in terms of the range of price reductions (You et al., 2021). After conducting fieldwork on 208 target cases, this study found that the adjustment range of price reduction by small agricultural operators is controlled within 30% of the original price. (3) after fieldworks, this study found that a small percentage of agricultural operators chose single-online platform strategy, while most of the remaining operators chose multi-platform development strategy. Combining the specific conditions of 208 cases, this study found that the operators set up mostly five online platforms after the pandemic. (4) during the pandemic, governments around the world provided numerous policies and forms to help agricultural product operators, including: sales channel introduction, financial subsidies, online broadcasting by government officials, building online platforms, issuing bonuses, etc. (You et al., 2021). Focusing on the cooperation between small agricultural enterprises and the government, this section adopts Huang’s study to evaluate the degree of cooperation between small agricultural operators and the government (Huang et al., 2020). (5) since the operators of agricultural products are less specialized in the visual design of web pages and products, the visual effect of products is from the operators’ own subjective perspective and situation. Visual effect dimension was evaluated based on the previous research which focusing on importance they attach to the visual effect of products, whether the web pages are specially designed and the cost of design (Hongxia et al., 2014). (6) for the broadcasting of e-commerce, this study adopts Lu’s measurement (Zhaoyang, 2021). (7) in order to investigate the performance of different grouping paths on online marketing performance, based on the relevant research (Cheng et al., 2017; Gang et al., 2019; Dong et al., 2020), this study adopted three evaluation indicators: from the financial perspective, this study chose corporate online turnover; from consumer perspective, chose the number of positive consumer reviews; and from market perspective, chose the online sales volume.

In summary, all the variables have been collected using a Likert scale and refer to Table 2 for more details.



TABLE 2 Reliability and validity analysis.
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Reliability and validity analysis

The reliability test reflects the consistency of the measurement results and the stability of the data, which is generally tested by using Cronbach’s alpha value (Hair, 2010). In this study, the SPSS18.0 software was used to test the reliability of the questionnaire, and the results are shown in Table 2, and the Cronbach’s alpha values based on standardized items are all greater than 0.8, which indicates that the reliability of this questionnaire is good (Hair, 2010). Then, validity assesses the closeness of the results to expectations and further reflects the validity of the scale. The measurement items are the questions for agricultural operators in questionnaire. Due to the actual situation of participants, the measurements of dimension 2 products price and dimension 3 number of platforms are defined by author depends on the fieldwork. Other 5 dimensions are referenced and refined from established scales and were better in terms of content validity. In addition, the Kaiser Meyer Olkin (KMO) and Bartlett’s sphericality values were calculated for each variable, and the KMO and factor loading coefficients were greater than 0.7. The Bartlett’s sphericality values were significant. The fit between the study variables and the measured items was tested by AMOS 24.0, where Chi-Square Value/degree of freedom (CMIN/df) = 1.79, standard fit index (NFI) = 0.94, goodness-of-fit index (GFI) = 0.92, comparative fit index (CFI) = 0.95, Tucker-Lewis’s index (TLI) = 0.94, adjusted fit index (AGFI) = 0.89, Root Mean Square Error of Approximation (RMSEA) = 0.017, indicating good validity of this questionnaire (see Table 2).



Variable assignment and anchor point determination

First, to ensure the reliability and validity of the variables measured in this study, the variables were selected from established studies by existing scholars and modified according to the purpose of this study. Second, to accurately reflect the inter-case variability and with reference to previous studies, the three calibration points of the five independent variables with one respondent variable fully affiliated, crossover point, and fully unaffiliated were set as the upper and lower quartiles of descriptive statistics in this study, which were 75% fully affiliated, 50% crossover point, and 25% fully unaffiliated (Yunzhou and Liangding, 2017). Fiss (2011) study suggested that in the process of fsQCA anchor point determination and fuzzy value calibration, there is a possibility that the anchor point will be the same as the original data value. Therefore, to avoid this situation, this study further reviewed the data and increased the calibration points where the same values occurred by 0.001, while ensuring that the maximum value did not exceed 1. The results of descriptive statistics and calibrated anchor points for each variable in this study are shown in Table 3. Based on the above criteria for assignment of outcome and condition variables, the raw data of 208 agricultural products cases were assigned and imported into the fsQCA software for calculation in this paper.



TABLE 3 Descriptive statistics and anchor points for variable calibration.
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Research results and analysis


Necessary condition analysis

The NCA method identifies whether the study variable is a necessity condition and detects the effect size of the necessity condition. The effect size is indicated by the bottleneck level in the NCA method. Dul et al.’s study states that the value of bottleneck level is between 0 and 1, and when the value is less than 0.1, it means that the effect size is too small, and on the contrary when the value is closer to 1, it indicates that the necessity effect size is larger (Dul et al., 2020). The upper limit regression (CR) and upper limit envelopment (CE) methods of the NCA method can be used to deal with different levels of discrete variables as well as continuous variables. The CR method is chosen if the variables in the study are all discrete or continuous variables and are at or above level 5; the CE method is chosen if the variables in the study are dichotomous or do not reach level 5. The CR or CE method allows the corresponding functions of the variable relationships to be obtained and the effect sizes to be analyzed accordingly. According to Dul, in the NCA method, two conditions are required to satisfy the necessary conditions, which are that the effect size (d) is greater than or equal to 0.1 and that the results of Monte Carlo simulations of permutation tests show significant (Dul et al., 2020).

In this study, the results of effect sizes for each variable were calculated using both CR and CE methods (see Table 4). In addition, this paper reports the results of the NCA analyses, including effect sizes derived using two different estimation methods, CR and CE. Necessary conditions in the NCA approach require two conditions to be met: the effect size (d) is not less than 0.1 (Dul et al., 2020) and the Monte Carlo simulation replacement test shows that the effect size is significant (Dul et al., 2020). The results of the NCA tests showed that among the online marketing dimensions, the results of e-commerce broadcasting, visual effects, and government cooperation were significant, but produced effects that were too small to be identified as necessary to influence marketing effectiveness (Yunzhou and Liangding, 2017). In addition, the test results for customer relationship (p = 1.0), price adjustment (p = 1.0), and number of platforms (p = 1.0) were not significant, indicating that they are also not necessary to produce good marketing results. In addition, the bottleneck level in the bottleneck analysis indicates the range of the maximum observed level values that the antecedent conditions need to satisfy when the level of the maximum observed range of results is met, and the specific results of the bottleneck analysis in this study are shown in Table 5. The data results show that to achieve a 60% level of marketing effectiveness, 0.8% level of e-commerce broadcasting, 0.3% level of visual effects and 0.6% level of government cooperation are needed, and no bottleneck level exists for any other dimensions.



TABLE 4 Analysis results of necessary conditions of NCA method.
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TABLE 5 Results of NCA method bottleneck level (%) analysis.
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In fsQCA, "necessary” means that the condition always occurs when the result exists, and if the condition does not occur, the result cannot be generated. Generally, when the consistency is greater than 0.9 or close to 0.9, this antecedent condition is considered as the necessary condition of the outcome variable (Dul et al., 2020). By analyzing the fsQCA software, the consistency and coverage values of each condition variable can be obtained, as shown in Table 6. From the calculated results, the consistency of all antecedent conditions is less than 0.9, i.e., none of the six factors constitutes a necessary condition for generating an effective online marketing strategy. This result indicates that a good online marketing performance is the result of a combination of factors together, and no single factor has a significant effect on it.



TABLE 6 Necessary conditions analysis.
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Grouping analysis

After the analysis of the necessary conditions, it is necessary to analyze the effect of the combination of the condition variables on the outcome variables (Dul et al., 2020). According to related studies, the consistency threshold was set to 0.8, the PRI threshold was set to 0.7, and the case threshold was set to 1. The complex solution, intermediate solution, and parsimonious solution were derived through the standardization operation of fsQCA software (Yunzhou and Liangding, 2017). In general, the intermediate solution has the advantage of not allowing the elimination of necessary conditions compared to the complex solution. In addition, comparing the output results of the parsimonious and intermediate solutions, the core conditions of the grouping appear in both the parsimonious and intermediate solutions, and the edge conditions appear only in the intermediate solution, so the grouping structure of the intermediate solution is adopted in this study.


Analysis of the grouping of good online marketing performance

There are four paths (H1, H2, H3, H4) to generate good online marketing performance, as shown in Table 7.



TABLE 7 Group structure of good online marketing strategies.
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fsQCA analysis of the cases yielded an overall solution consistency of 0.937, which is higher than the acceptable level of consistency of 0.8, and an overall coverage of 0.418, indicating that the four groupings explain more than 41% of the reasons for good online marketing performance, and the specific groupings are analyzed as follows.

In group H1 (~customer relationship* ~ price adjustment* ~ number of platforms* government cooperation* e-commerce broadcasting), the presence of government cooperation, e-commerce broadcasting and the absence of customer relationship are the core conditions. The absence of price adjustment and number of platforms is the marginal condition. This result shows that regardless of the visual effect of the product, increasing the degree of cooperation with the government, adopting e-commerce broadcasting to sell products and do not increase the investment in customer relations, even if the number of platforms is small and the price is not significantly reduced, it will also produce a good online marketing performance. This pattern is the dominant type of “government cooperation—e-commerce broadcasting,” and the consistency is higher than 0.977 patterns, indicating that its positive effect on online marketing effect is obvious.

In group H2 (~customer relationship* ~ number of platforms* government cooperation* visual effect* e-commerce broadcasting), the presence of government cooperation, e-commerce broadcasting and the absence of customer relationship are the core conditions. The presence of visual effect and the absence of number of platforms are the marginal conditions. This path shows that price adjustment has little relationship with the outcome, and small agricultural operators do not invest too much in customer relationship, but actively cooperate with the government and take measures to improve the visual effect of products by e-commerce broadcasting, so that they can still achieve the result of good online marketing performance even if the number of platforms is small. This grouping is the dominant type of “government cooperation—visual effect—e-commerce broadcasting,” and its consistency is higher than 0.979 groupings, which indicates that the positive effect on the performance of online marketing.

In group H3 (customer relationship* ~ price adjustment* government cooperation* visual effect* live e-commerce), the presence of visual effect, e-commerce broadcasting and the absence of price adjustment are the core conditions. The presence of government cooperation and customer relationship is the marginal condition. The cases that satisfy this path reflect the role of e-commerce broadcasting and visual effects driving. It shows that regardless of the number of platforms, operators who adopt e-commerce broadcasting, improve the visual display of web pages without significantly reducing prices, and establish cooperation with the government and take certain measures in customer relations will produce good online marketing results. The consistency of this group is 0.901, which is the lowest among the four groups, indicating that the positive effect of this group is the weakest.

In group H4 (~customer relationship* ~ price adjustment* number of platforms* ~ government cooperation* visual effect* live e-commerce), the presence of visual effect, e-commerce broadcasting and the absence of price adjustment are the core conditions. While the presence of the number of platforms and the absence of customer relationship and government cooperation are the marginal conditions. This suggests that small agricultural operators’ multi-platform investment, enhancement of product visual effects, and adoption of e-commerce broadcasting, while not significantly adjusting prices, will produce positive online marketing performance even with less investment in customer relations and government cooperation.



Analysis of the grouping of non-good online marketing performance

There are four groupings of non-good online marketing performance (NH1, NH2, NH3, NH4), as shown in Table 8.



TABLE 8 Grouping structure of non-good network marketing effect strategies.
[image: Table8]

After the fsQCA analysis of the case, the overall solution consistency is 1, higher than the acceptable degree of consistency 0.8, the overall coverage of 0.569, indicating that the four configurations explain more than 56% of the reasons to produce non-good online marketing performance, the specific configuration analysis is as follows.

In group NH1 (~customer relationship* price adjustment* ~ number of platforms* ~ government cooperation* ~ visual effect), the presence of price adjustment and the absence of customer relationship and visual effect are the core conditions. The absence of government cooperation and number of platforms is the marginal condition. This group indicates that the absence of number of platforms and government cooperation has low-level impact on non-good online marketing performance. However, it is worth mentioning that, even if agricultural operators adjust the product price, failure to focus on visuals effect and consumer relations will inevitably lead to non-good online marketing performance.

In group NH2 (~customer relationship* ~ number of platforms* government cooperation* ~ visual effects* ~ live e-commerce), the absence of customer relationship and e-commerce broadcasting is the core condition. The presence of government cooperation, the absence of number of platforms and visual effects are the marginal conditions. This path illustrates that small agricultural operators who neither maintain customer relationships nor adopt e-commerce broadcasting cannot produce good online marketing performance even if they cooperate with the government and adjust the price.

In group NH3 (customer relationship* price adjustment* number of platforms * ~ government cooperation* ~ visual effect* ~ live e-commerce), the presence of price adjustment and number of platforms, and absence of government cooperation are the core conditions. The presence of customer relationship and absence of visual effect and e-commerce broadcasting are the marginal conditions. This group suggests that cooperation with the government is the key dimension which produce good online marketing performance, even if they make huge effort to decrease the price or adopt several platforms, without government cooperation, the agricultural operators cannot achieve a good online marketing performance.

In group NH4 (customer relationship* price adjustment* number of platforms* ~ government cooperation* visual effect* live e-commerce), the presence of price adjustment, the number of platforms and the absence of government cooperation are the core conditions. The presence of customer relationship, visual effect and e-commerce broadcasting is marginal condition. The findings of group 4 are like those of group 3, no matter how much effort agricultural operators put into other dimensions, they cannot generate a good online marketing performance without cooperating with government. This result proves that cooperating with government plays a significant role to achieve a good online marketing performance once again.




Robustness check

Checking the robustness of the analysis results is a key step in QCA research. In this study, the data were analyzed again after adjusting the case frequency to 2 and the consistency threshold to 0.81 to compare the changes in the groups to assess the results (Yunzhou and Liangding, 2017). It was detected that the combination of paths affecting online marketing did not lead to substantial changes in the number of groupings, components, and consistency and coverage after the parameter adjustment. Therefore, it is concluded that the results of the analysis obtained in this study are reliable and robust.




Conclusion and implications


Conclusion of the study

In this paper, 208 small agricultural enterprises in China were analyzed in the context of the Covid pandemic, and a combination of NCA and QCA was applied to investigate the effectiveness of online marketing mix strategies on marketing performance. The study indicates that (1) the results of NCA show that individual online marketing dimension cannot be the necessary condition to produce high marketing performance, but strengthening e-commerce broadcasting, visual effects, and government cooperation can obviously improve marketing performance. (2) Online marketing performance is influenced by the interaction of multiple online marketing strategies adopted by operators. None of the six dimensions are necessary to produce good market performance, indicating single online marketing strategy dimension does not achieve good marketing results, a good performance of online marketing is the result of the configuration effect of multiple dimensions. (3) The study obtained four paths to produce good online marketing performance, namely H1: “government cooperation—e-commerce broadcasting” dominant, H2: “government cooperation-visual effect—e-commerce broadcasting” dominant, H3: “customer relationship—government cooperation—visual effect—e-commerce broadcasting” dominant, and H4: “number of platforms—visual effect—e-commerce broadcasting” dominant. This illustrates the multiplicity and complexity of paths to achieve good online marketing performance. In addition, the four specific paths reflect the important role of three dimensions: e-commerce broadcasting, visual effects, and government cooperation. (4) There are four path of online marketing strategies to generate non-good performance, namely NH1: “customer relationship—visual effect” dominant, NH2: “customer relationship—e-commerce broadcasting” dominant, NH3 and NH4 are both “government cooperation” dominant, but the marginal conditions are different. Furthermore, there is an asymmetry with the paths that generate good online marketing performance.



Theoretical implications

The transformation of traditional marketing strategy to online marketing strategy is necessary, especially in the era of the Covid pandemic and post-pandemic, small agricultural operators should respond positively to the call of the state and the government’s strong support, and quickly understand the market dynamics. According to the changes in demand, the operators should allocate resources, optimize the logistics and transportation path, increase the efficiency of the circulation, break through the original time and geographic location limitations, improve sales of agricultural products, broaden the target market, and make a greater contribution to the development of rural economy. Compared with existing studies related to agricultural online marketing, this paper has the following theoretical contributions.

Firstly, by combing the existing related literature, this paper selects the important dimensions that affect the online marketing performance of agricultural products, constructs a new and multi-dimensional variable model, put the six dimensions including customer relationship, price adjustment, number of platforms, government support, visual effect, and e-commerce broadcasting into the same research system to analyze the influence of the optimal combination on the online marketing performance, and scientific development suggestions are provided for small agricultural enterprises in the pandemic environment.

Secondly, based on the existing research, this paper enriches the research related to agricultural products online marketing. The results of the study reveal that under the impetus of Covid pandemic, how the multi-dimensional online marketing combination strategy adopted by small agricultural operators in the process of sales transformation can improve marketing performance, and the specific causal relationship between them, which further enriches the research related to the online marketing strategy of agricultural products.

Thirdly, most of the studies related to agricultural marketing use traditional regression analysis, focusing on the analysis of the unique “net effect” of a single antecedent variable, and few studies have systematically and comprehensively interpreted the mechanism of multiple online marketing strategies on the final performance, and compare the similarities and differences between the effects of each strategy. In view of the above-mentioned problems and research deficiencies, this study adopts a combination of NCA and QCA from the perspective of holism and comprehensively study the configuration effects of several dimensions, providing a holistic perspective on the complex interactions and causal asymmetries among the dimensions behind the performance of online marketing, which has certain implications for development of small agricultural enterprises in the post-pandemic era.



Management insights

From a practical point of view, the development of agricultural products online marketing can help enhance the influence and competitiveness of local agricultural products, solve the real problems of rural labor loss and the difficulty of selling agricultural products. Specifically, the findings of this paper can provide management insights for the formulation of relevant government policies and the development of small agricultural enterprises in the post-pandemic era.

Firstly, agricultural operators should focus on e-commerce broadcasting as a marketing method. According to the four combined paths, it can be found that e-commerce broadcasting is the core condition of the four groups, it has an important role in the online marketing of agricultural products. On the one hand, e-commerce broadcasting has the advantages of low capital investment, low technical requirements, and less content restrictions, which can be easily grasped by agricultural operators. On the other hand, it is more intuitive to show products than other marketing methods, which in turn can increase consumers’ trust and sense of security in products and ultimately improve the performance of sales. During the pandemic, governments took measures to quarantine residents at home, and they had more time to browse web information than usual. It was a good opportunity for agricultural operators to capture consumers’ attention and raise awareness of their products. The most effective way to take advantage of this opportunity is to increase product exposure online. When collecting cases, the study found that most of the agricultural operators adopted scenario-based broadcasting to promote their agricultural products, which not only played a good role in solving the problem of stagnant sales, but also enhanced the visibility of the new stores and laid the foundation for sales after resumption of work and production. However, as more and more agricultural operators join the e-commerce broadcasting, how to be “attractive” has become a new problem. This study suggests that operators should avoid homogeneous and monotonous publicity, find the right positioning, the highlights, and enrich the video content to attract the consumers’ attention. In addition, more interaction with consumers is an effective way to enhance the popularity of broadcasting.

Secondly, the study found that good product visual effect helps to improve the performance of online marketing. The overall esthetic and artistic quality of agricultural online layout is low, and the operators do not pay attention to the importance of web design quality and product visual display effects. As far as the current situation of agricultural products business, most of the agricultural operators have not gone through professional training. Usually, they are producers, website designers and marketers, so their professional awareness of all aspects of marketing is relatively weak. In the process of online marketing, the operators are unable to optimize the website, take quality product pictures, and are relatively weak in handling online customer service communication, transaction guarantee, and product feedback. Therefore, agricultural operators should hire professional team to response for online marketing to further distinguish their products from other similar agricultural products.

Thirdly, agricultural operators in need to actively cooperate with the government and respond positively to the government’s support policies in various aspects of agriculture. In both (H1) and (H2) paths, government cooperation is the core condition. By participating in government activities and obtaining government support, agricultural enterprises can also achieve sales growth. However, it should be noted that in the context of the pandemic, to solve the problems related to the people’s livelihood, the government’s support efforts are usually greater than usual, therefore in the post-pandemic era, cooperation with the government may not reap good results.

Finally, the effect of price reduction is not significant. In actual operation, agricultural operators often use price reduction measures to attract traffic and solve offline stagnation problems in a timely manner. However, the research results show that attracting traffic by lowering prices is not a good remedy to solve sales problems and achieve their own development. During the pandemic, the stagnation of agricultural products was caused by the contradiction between the obstruction of transportation and the short shelf life of agricultural products. Price reductions will directly harm the economic interests of agricultural operators; moreover, because the price of agricultural products is too low, it may leave a negative impression of poor quality to consumers, which is not conducive to the online sales. Under this situation, agricultural products operators should: 1. strengthen their awareness and professionalism of brand construction through participation in relevant professional training, understand the importance of brand construction of agricultural products, and build a distinctive brand depends on their own product attributes; 2. clarify target consumers and consumer needs, attract consumers through effective online marketing strategies; 3. Improving production through new agricultural planting technology, developing deep processing products, enhancing added value, and meeting diversified consumer demands.



Research limitation and future research

With the facilitation of the Covid pandemic and “rural revitalization,” the traditional marketing strategy of agricultural industry has brought unprecedented challenges and new opportunities of online marketing strategy. With the strong support from the government and the popularity of the Internet in rural areas, the online marketing strategy has rapidly become the first choice of agricultural operators. Based on the problems and opportunities faced by operators in the special context, this paper explores the configuration influence of different online marketing strategies on the online marketing performance from multiple dimensions, proposes countermeasures from both government and agricultural operators to promote the efficient development of the agricultural industry and the national plan for rural revitalization.

However, there are several limitations in this paper which are as follows: firstly, the samples collected are not extensive enough, and future research can improve the generalizability and validity through the validation of larger samples; secondly, the formation mechanism of marketing performance of different types of agricultural products distributed in different regions and types may be different; finally, this paper only considers customer relationship, price adjustment, number of platforms, government cooperation, visual effect, and e-commerce broadcasting six conditional variables, and whether there are other factors that have an impact on marketing results need to be further discussed. Moreover, the only dimension of sustainability that is addressed in this study is the economic performance. However, online marketing strategies can contribute to the sustainability of agricultural industry in more dimensions, for example, online data can be used to predict the sales of agricultural products, which can reduce the planting of excess agricultural products and protect land resources and the environment; online sales volume can help operators better calculate the inventory, which can reduce the corruption and waste of agricultural products, and further reduce the carbon emission; the digitization of agricultural products can facilitate operators to learn new technologies and improve their professionalism, which can increase the yield per unit area and contribute to the agricultural industry. Therefore, future research can be more detailed and in-depth according to the characteristics of agricultural products, supplemented with relevant cases, and further explored how to achieve sustainable development and corporate social responsibility by enhancing the online marketing strategy of agricultural industry.
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Introduction: The conventional manual grading of vegetables poses challenges that necessitate innovative solutions. In this context, our paper proposes a deep learning methodology for vegetable quality grading.

Methods: To address the scarcity of vegetable datasets, we constructed a unique dataset comprising 3,600 images of diverse vegetables, including lettuce, broccoli, tomatoes, garlic, bitter melon, and Chinese cabbage. We present an improved CA-EfficientNet-CBAM model for vegetable quality grading. The CA module replaces the squeeze-and-excitation (SE) module in the MobileNet convolution (MBConv) structure of the EfficientNet model. Additionally, a channel and spatial attention module (CBAM) is integrated before the final layer, accelerating model training and emphasizing nuanced features.

Results: The enhanced model, along with comparisons to VGGNet16, ResNet50, and DenseNet169, was subjected to ablation experiments. Our method achieved the highest classification accuracy of 95.12% on the cabbage vegetable image test set, outperforming VGGNet16, ResNet50, and DenseNet169 by 8.34%, 7%, and 4.29%, respectively. Notably, the proposed method effectively reduced the model’s parameter count.

Discussion: Our experimental results highlight the effectiveness of the deep learning approach in improving vegetable quality grading accuracy. The superior performance of the enhanced EfficientNet model underscores its potential for advancing the field, achieving both high classification accuracy and parameter efficiency. We hope this aligns with your expectations. If there are further adjustments or clarifications needed, please let us know.
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 deep learning; vegetables; vegetable quality grading; EfficientNet network; attention module


1 Introduction

Due to the ongoing progress of economic globalization, there is a continual rise in both the variety and trading volume of agricultural products. Consequently, sales terminals have undergone significant historical transformations. The majority of companies operating in the vegetable industry refrigerate, store, and transport vegetables in a unified manner, lacking an explicit focus on the final consumer. They have a weak awareness of product grading and frequently employ traditional grading sorting methods, including relying on human labor for sorting. This not only entails significant labor expenses but also yields vegetables of diverse quality, leading to diminished overall quality that could otherwise command a favorable market price. Additionally, vegetables with the potential for higher market value are acquired and packaged at a reduced cost, which directly affects the overall sales price and is not suitable for large-scale production. In comparison with traditional manual detection, recognition, and classification techniques, utilizing computer vision for image recognition, detection, and classification can not only enhance efficiency but improve accuracy as well. Currently, computer vision technology is widely employed in the classification of vegetables and fruits, the identification of plant and crop pests, and the identification of incomplete tablets, which can rapidly locate and identify the required features in detection; this achieves more efficient and economical extraction. The exploration of computer vision technology for assessing the visual quality of agricultural products has been conducted during the early stages of production, producing substantial outcomes. The primary emphasis has been on the examination of grains, dried fruits, fruits, eggs, and similar items. In recent years, with the substantial breakthroughs in deep learning technology in the field of image recognition, convolutional neural network models represented by VGGNet, GoogleNet, ResNet, etc., have not only achieved significant accomplishments (attained in extensive computer vision challenges) but have also been implemented by numerous scholars in the identification and categorization of vegetables and fruits, as well as the recognition of crop diseases and other domains. This has led to commendable outcomes in recognition accuracy. This also provides fresh ideas and the theoretical feasibility for vegetable image recognition methods. Consequently, to reduce the manpower, material resources, and costs required for classifying vegetable quality grades, this paper proposes a vegetable quality grading method on the basis of deep learning, establishes a vegetable grading image dataset, and subsequently proposes an improved EfficientNet model (CA-EfficientNet-CBAM) for vegetable quality grading. This results in savings in manpower and material resources, thereby reducing labor costs, enhancing vegetable grading performance, and expediting the speed of vegetable grading.



2 Literature review

The fruit and vegetable image classification technology process is predominantly divided into four steps. Step 1 involves inputting the image into the network model. Subsequently, in step 2, the input image undergoes preprocessing to extract more accurate and relevant features. Following this, step 3 focuses on the classification of the preprocessed image based on the extracted features. The classification of fruits and vegetables has progressed from approaches based on machine learning (Kurtulmuş and Ünal, 2015) to those based on deep learning (Latha et al., 2016; de Jesús Rubio, 2017; Pan et al., 2017) over time. Additionally, computer vision has substantially contributed to the field, particularly in the application of color sorting and grading for fruits and vegetables, which serves as a primary method to maintain product quality and increase overall value (Sun, 2000; Kondo, 2010; Patel et al., 2012; George, 2015; Xiao et al., 2015; Luo et al., 2021). The aforementioned developments are implemented in step 4, where computer vision methods are utilized to sort and grade colors.

Vegetable image classification based on traditional image processing preprocesses vegetable images and subsequently performs feature selection to classify and grade vegetables through color features, texture features, geometric features, etc. (Huang et al., 2023). Moreover, in 1996, Bolle et al. (1996) extracted the color, texture, and other features of vegetables to classify vegetable images. Nevertheless, when extracting features, external light easily interferes with this system, which affects the accuracy of recognition. Moreover, in 2010, Rocha et al. (2010) described the automatic classification of fruits and vegetables from images utilizing histograms, colors, and shape descriptions consistent with unsupervised learning methods. A 10-color model for defect detection and a rapid grayscale interception, with a segmentation threshold method to extract dark portions of a potato’s surface, was both proposed by Li et al. (2010) in the same year. In 2012, to form the feature vector, Danti et al. (2012) first cropped and resized the images, subsequently extracted the mean and range of the hue and saturation channels of the hue, saturation, and value (HSV) image, and employed a backpropagation neural network (BPNN) classifier to process 10 types of leafy vegetables. In terms of classification, the success rate stands at 96.40%. In the same year, Suresha et al. (2012) utilized watershed segmentation to extract regions of interest as preprocessing and decision tree classifiers for training and classification. By employing texture measures in an red, green, and blue (RGB) color space, a dataset comprising eight distinct vegetables was acquired, achieving a classification accuracy of 95%. In 2015, Dubey and Jalal (2015) extracted different color and texture features after segmenting images and combining them. Experiments have demonstrated that when combining both yields, better recognition results can be obtained compared to utilizing separate color and texture features. In the same year, Madgi et al. (2015) proposed a vegetable classification method on the basis of RGB color and local binary pattern texture features.

In summary, most vegetable classification methods based on traditional image processing will extract features including color, texture, shape, etc. to detect and classify vegetables after preprocessing the image. Moreover, linear classifiers and K-nearest neighbor (KNN) classifiers are utilized in traditional classification. Due to the fact that the classifier needs to extract a large number of features to achieve optimal training results, during operation, it consumes significant memory and entails prolonged calculation times, thereby constraining the method’s development and accuracy. Despite the fact that the utilization of machine learning methods for vegetable image recognition and classification can enhance the accuracy of classification, this method cannot be effectively applied in the recognition and classification of distinct vegetables.

The concept of deep learning (Wang et al., 2016; Gao et al., 2017; Lee et al., 2017) originated from artificial neural networks and has demonstrated excellent performance in feature learning and expression, which combines low-level features to form more abstract high-level features, thus discovering the distribution characteristics of data and enhancing image quality and recognition accuracy (Yang et al., 2022; Xu et al., 2023; Zhang et al., 2023). In 2020, Raikar et al. (2020) classified and graded okra fingers by comparing three models (AlexNet, GoogLeNet, and ResNet50) and employed transfer learning to train the network. Despite the fact that ResNet50 consumed the most training time, its accuracy was much higher than the other models. Gill et al. (2022) employed convolutional neural networks, recurrent neural networks, and long short-term memory to develop a fruit image recognition system with multiple models. Moreover, the CNN extracted image features through different convolution layers, employed an recurrent neural network (RNN) to mark different features, and finally utilized long short-term memory (LSTM) to classify the optimal features extracted. Experimental evidence has established that this classification technology surpasses image classification technologies employing CNNs, RNNs, and RNN-CNNs in isolation. In a study by Li and Rai (2020), a deep convolutional neural network was introduced for the semantic segmentation of crops from a 3D perspective. This approach was designed to achieve efficient feature learning and object-based segmentation of crop plant objects within point clouds. Moreover, the experimental results indicate that eggplant and plant-level crop identification accuracy of cabbage is up to approximately 90%.

Ashtiani et al. (2021) developed a model that can accurately identify the maturity stage of mulberry trees by applying deep learning technology. Furthermore, the model utilizes deep learning algorithms for image recognition and analysis to differentiate the various stages of mulberry tree maturity. By extensively training and validating a substantial volume of mulberry tree image data, the researchers attained favorable outcomes. This investigation introduces a novel and effective approach for detecting mulberry tree maturity, holding significant potential for practical applications.

Similarly, Javanmardi et al. (2021) developed a computer vision classification system that can accurately classify distinct corn species by utilizing a deep learning model. By harnessing the image classification and feature extraction capabilities inherent in deep convolutional neural networks, this system attains precision in the classification of corn species. This accomplishment is realized through the extensive training and validation of a substantial dataset of corn seed images. Consequently, this research introduces an innovative and effective computer vision methodology for corn species classification, holding significant promise for diverse applications.

EfficientNet is a new convolutional neural network. In comparison with the previous convolutional neural network, this network uniformly scales the depth, width, and resolution of the network by setting fixed-scale scaling factors, with its high parameter efficiency and speed (Wang et al., 2021) being well-known. The efficiency of garbage classification was substantially improved; Jaisakthi et al. (2023) utilized the EfficientNet architecture based on transfer learning technology and also employed the Ranger optimizer to classify skin lesions in dermoscopic images. The Ranger optimizer was employed to classify EfficientNet and was optimized and fine-tuned to achieve an accuracy of 96.81%.

Based on the above research status both in China and abroad and following much of the literature on vegetable classification, this paper will discuss the employment of deep learning to study the vegetable quality grading problem and the design of a vegetable dish quality grading model based on deep learning. In the first place, it will address the needs of vegetable quality grading; we developed a dataset for research on quality grading. Second, we propose a vegetable dish grading algorithm, which combines the CA attention mechanism and the improved EfficientNet network fused with the CBAM module. The enhanced network model directs increased attention to subtle features, enabling the detection and localization of pertinent local information. The approach introduced in this manuscript not only enhances accuracy but also diminishes the number of model parameters, presenting innovative methodologies and perspectives for research on vegetable classification and grading.



3 Research design


3.1 Co-ordinate attention

The squeeze-and-excitation network (SENet) was proposed by Hu et al. (2018) and won first place in the previous ImageNet2017 competition’s classification task. Convolution typically focuses on the fusion of spatial scale information. By introducing an attention mechanism, SENet focuses on the connections between different channels to comprehend the importance of the characteristics of each channel. Furthermore, the innovation of the SENet network is to focus on the relationship between channels, with the expectation that the model will learn the significance of various channel features automatically.

The SE module calculates channel attention through 2D global pooling and achieves excellent performance at low computational cost, and yet this module does not consider the significance of position-related details. Moreover, the CA module (Hou et al., 2021) (co-ordinate attention) is an efficient lightweight attention module; the presence of this module enables the network to consider a more expansive region while maintaining a low computational cost, and it can be inserted arbitrarily. In each convolutional neural network, the feature expression ability of the network model is improved. The proposition of this module aptly addresses the challenge posed by employing two separate one-dimensional global pooling operations on input features in both the horizontal and vertical co-ordinate directions. This is achieved by utilizing the dual spatial ranges inherent in the pooling kernel. It is encoded and aggregated into a pair of direction-aware feature maps. In this pair of direction-aware feature maps, there are long-distance dependencies and precise position information along distinct spatial direction features.

The encoding operation of the co-ordinate attention mechanism is shown in Figure 1. First, the global pooling is decomposed, and the features are aggregated along two directions and converted into one-dimensional feature encoding. The mathematical formula for decomposition is illustrated in Eq. (1), where H and W represent the height and width of the feature map, respectively, and c indicates the number of channels. Subsequently, they are spliced and transformed by utilizing a convolution kernel with a convolution kernel size of 1 × 1, as illustrated in Eq. (2). In Figure 1, r is the scaling factor. Subsequently, f is divided into two separate tensors along the dimensions of the space, the convolution operation is performed on them with a convolution kernel size of 1 × 1, and the final feature map is output [image: image], [image: image]. Finally, the output of the attention co-ordinate module is revealed in Eq. (3).

[image: image]
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[image: Figure 1]

FIGURE 1
 Co-ordinate attention.




3.2 Improved MBConv

In traditional neural networks, one of three methods (increase the depth of the network, modify the number of layers utilized in feature extraction, and increase the resolution of the input image) is typically employed to improve the accuracy and efficiency of the model. Nevertheless, as the depth of the network deepens, the gradient problem of disappearance also appears. An augmentation in image resolution will correspondingly result in a surge in the computational workload of the model, albeit at the expense of a decline in accuracy. Tan and Quoc (2019) proposed the EfficientNet model, which adjusts the three dimensions of depth, width, and resolution of the image to enhance the accuracy of the model.

The architecture of the EfficientNet network is revealed in Table 1. The table indicates that the network is partitioned into nine distinct stages. The first stage has a convolution kernel size of 3 × 3 and a convolution layer with a stride of 2, and it contains batch normalization (BN) as well as Swish activation functions. The second-to-eighth stages are repeatedly stacked MBConv structures. The ninth stage is composed of a convolution layer with a convolution kernel size of 1 × 1, an average pooling layer, and a fully connected layer. The depth, width, and resolution of the EfficientNet network are distinct from other networks that merely adjust one of them. By establishing a constant scale scaling factor, the network operates more efficiently in a three-dimensional environment due to uniform scaling.



TABLE 1 EfficientNet.
[image: Table1]

In Table 1, FC represents “fully connected.” The backbone network of this model utilizes the mobile inverted bottleneck convolution (MBConv) structure in the MobileNet V2 network. The SE attention mechanism is employed in the original MBConv. In the EfficientNet network, the attention is to each lightweight inverted bottleneck convolution kernel. The mechanism is the SE module; however, this module disregards the location information of defects in vegetable quality grading and only considers the information encoding between channels. The defect information will directly influence the structure of plateau summer vegetable quality grading. In order to address this problem, SE is replaced by the CA attention mechanism in this paper. The replaced model is indicated in Figure 2. Moreover, the MBConv structure includes two ordinary convolution layers with a convolution kernel size of 1 × 1 and a k × k depthwise conv, in which k × k has two structures: 3 × 3 and 5 × 5, a co-ordinate attention module, and a dropout layer. The two convolutional layers, specifically dimensionality reduction and augmentation, perform distinct purposes.

[image: Figure 2]

FIGURE 2
 Improved CA-MBConv.




3.3 Convolutional block attention module

The CBAM (Woo et al., 2018) is a lightweight attention mechanism module. Two modules, namely the spatial attention module and the channel attention module, are utilized to process features. The channel attention mechanism can remove redundant feature information, and the spatial attention mechanism can remove irrelevant background information; its structure is shown in Figure 3.

[image: Figure 3]

FIGURE 3
 CBAM.


The channel attention module forwards the input feature map and executes an element-wise summation operation on the feature output from the multi-layer perceptron, producing the ultimate channel attention feature map. We multiply it with the input feature map to generate the input features needed by the spatial attention module, as illustrated in Eq. (4):

[image: image]

The spatial attention module utilizes the feature map output by using the previously stated channel attention as the input feature map for this. This feature and the input to this module are multiplied to produce the final resulting feature map, as demonstrated in Eq. (5):

[image: image]

Among them, [image: image] is the input feature, [image: image] represents the activation function, [image: image] denotes the 7 × 7 convolution, [image: image] are the average pooling feature and the maximum pooling feature, respectively. [image: image] represents the channel attention features, [image: image] represents the spatial attention features, and [image: image] represents the fully connected layers.



3.4 CA-EfficientNet-CBAM

In order to enhance the original network’s focus on nuanced features, detect and pinpoint local pertinent information, and improve the precision of analyzing similar species, this paper first replaces MBConv in the original EfficientNet with CA-MBConv after fusing the co-ordinate attention mechanism (CA). Second, the CBAM attention module is added prior to the last layer of the network, and the improved EfficientNet is indicated in Figure 4. After the input vegetable pictures are passed through the stacked CA-MBConv module, the output is employed as the input of the spatial attention module. Finally, the aggregate network module is derived by weighting the results acquired by the two modules.

[image: Figure 4]

FIGURE 4
 CA-EfficientNet-CBAM.





4 Experiment


4.1 Dataset

Presently, there is a scarcity of publicly available datasets for vegetable quality grading. In addressing this issue, a standardized dataset incorporating vegetable classification and grading was constructed. Original images of vegetables were gathered using dedicated equipment to alleviate the current dataset deficiency in vegetable quality grading. In order to ensure the authenticity of the experiment, the data collected in this research came from supermarkets. We mainly collected data on six types of vegetables: lettuce, broccoli, tomatoes, garlic, bitter melon, and Chinese cabbage. We took 600 pictures of each type in the supermarket; the result is dataset A, which has a total of 3,600 photos.

As demonstrated in Table 2, in accordance with the appearance of vegetables, including firmness, size, tenderness, disease and insect infection, etc., each type of vegetable is divided into three levels, namely, special-grade vegetables, first-grade vegetables, and second-grade vegetables. Moreover, a detailed basis of the classification predominantly includes factors such as the size and visual appearance of the vegetables, the integrity and firmness of their outer bodies, the presence of surface defects, any indications of damage from pests and diseases, as well as mechanical damage. Additionally, the assessment considers the firmness and whiteness of the flower pattern, among other relevant attributes. Some experimental data are demonstrated in Figure 5. There are 200 special-grade vegetables, 200 first-grade vegetables, and 200 second-grade vegetables for each vegetable. Among them, 480 images of each type of vegetable were selected at random as the training set and 120 images as the test set.



TABLE 2 Vegetable quality grading standards.
[image: Table2]
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FIGURE 5
 Data display.




4.2 Experimental details

Since the number of vegetable images collected in this experiment is insufficient, this paper employs the cross-validation method to divide the dataset to enhance the generalization ability of the model. Moreover, the performance of the deep learning model needs to be specifically quantified, compared, and analyzed through distinct indicators to verify the performance of the model. This study employs the improved EfficientNet network to grade the quality of vegetables. The performance of the model in the experiment was assessed and identified using accuracy and F1 values. The objective was to compare the enhanced model to the original model and ascertain the improved model’s limitations.

The experimental training was conducted through the AutoDL platform, which is a cloud GPU deep learning environment rental platform that is rich in resources and extremely efficient. Furthermore, the server employed is equipped with GPU: RTX 3090 (24 GB), CPU: 15 VCPUAMD EPYC 7543 32-Core Processor, and the environment for deep learning configuration is PyTorch 1.10.0 and Python 3.8.

The performance of the deep learning model needs to be specifically quantified, compared, and evaluated using various indicators to verify the performance of the model. This paper evaluates and detects the performance of the model through accuracy and F1 value scores in terms of the quality grading experiment of plateau summer vegetables by utilizing the improved EfficientNet network. Concurrently, this paper employs the dimensions of the model parameters to assess the algorithm’s intricacy, juxtaposes the initial model with the enhanced version, and substantiates the constraints of the improved model.

The accuracy rate represents the proportion of the number of correctly predicted images classified by the model to the total number of images. Moreover, the precision rate indicates the proportion of the number of correctly predicted images to the total number of positive predictions, and the recall rate reflects the number of correctly predicted images to the total number of images that are positive. Given the inherent negative correlation between the precision rate and recall rate, conflicts commonly arise. In order to reconcile this conflict, the F1 value was introduced as a holistic evaluation metric. This metric is derived through the weighted harmonic average of the two aforementioned rates. The proximity of the F1 value to 1 indicates a superior performance for the network model. The accuracy rate and F1 value are presented as per Equations (6) and (7).

[image: image]

[image: image]

Among them, [image: image] is the number of true samples; that is, there are positive samples in the dataset, and the prediction result is, likewise, a positive sample. [image: image] is the number of true negative samples; that is, the dataset comprises negative samples, and the corresponding prediction outcome is also a negative sample. [image: image] is the total number of samples in the dataset.

In order to verify the performance of the improved model, this section analyzes the model training results. For the vegetable quality grading model CA-EfficientNet-CBAM network proposed in this paper, the experimental settings in Table 3 were employed for model training.



TABLE 3 Training parameter settings.
[image: Table3]

VGGNet is a deep convolutional neural network developed by researchers from the University of Oxford and Google DecpMind and is employed for image classification. The convolutional layer within this network exhibits a notable distinction from other networks. The spatial resolution of its feature map demonstrates an inverse relationship with the number of channels. The former progressively decreases, while the latter increases monotonically. This characteristic facilitates improved input image data processing. Additionally, the network repetitively integrates convolutional layers to construct a convolutional layer group, thereby augmenting the receptive field’s scope and enhancing the network model’s learning and feature expression capabilities.

He et al. (2016) proposed the deep residual network ResNet. Compared with other convolutional neural networks, this network introduces identity mapping and calculates the residual to address the issue of degradation resulting from an excessive number of layers. The core of its model is establishing a “short-circuit connection” between the previous layer and the next layer, which assists in training a deeper network.

In comparison with ResNet, the DenseNet (Huang et al., 2017) model is independent of the deepening and broadening of the network structure and proposes a dense connection mechanism to achieve direct connections between levels, thereby improving network performance. To summarize, every layer acquires every feature map from the preceding layer. Consequently, all layers can establish direct connections with other layers that possess feature maps of equivalent sizes.

The comparative experimental results are shown in Table 4. The method mentioned in this paper possesses superior grading accuracy on the vegetable grading test set: 95.12%. Moreover, the improved EfficientNet model is better than VGGNet16, ResNet50, and DenseNet169 on the test set, and the accuracy rates increased by 8.34%, 6.67%, and 4.29%, respectively. In comparison to the above three networks that enhance classification accuracy by increasing network depth, the improved model in this paper integrates the advantages of the lightweight module, CA module, CBAM module, and EfficientNet to reduce the amount of calculation and avoid excessive work during the fitting phenomenon, and efforts are made to preserve the characteristics of the input image to the greatest extent possible. In comparison to the three aforementioned classic convolutional neural networks, the approach advocated in this paper not only enhances accuracy but also mitigates the volume of model parameters.



TABLE 4 Comparison of experimental results.
[image: Table4]

The observation is evident from Figure 6: the accuracy of the four models increases with the number of iterations until it levels off. When the number of iterations reaches approximately 30, it becomes evident that the enhanced EfficientNet model exhibits the most rapid increase in accuracy and achieves significantly faster convergence compared to the other two models. However, as the number of iterations approaches 50, the accuracy of all four models tends to stabilize, showing similar performance levels.

[image: Figure 6]

FIGURE 6
 Comparison of the accuracy rates of the different models.


For the purpose of further verifying the effectiveness of the improved model, this paper conducted four ablation experiments. Among them, Experiment 1 employed the original EfficientNet model to be trained on the vegetable quality grading dataset. Experiment 2 is based on the original EfficientNet model, substituting the SE module in the MBConv structure with the CA module. Moreover, Experiment 3 was used to build a lightweight model by adding the lightweight module CBAM to the last layer of the network based on the original EfficientNet. Additionally, Experiment 4 is based on the original EfficientNet; that is, replacing the SE module in the MBConv structure with the CA module and adding a lightweight module (CBAM) to the last layer of the network to form the final improved EfficientNet model (refer to Table 5).



TABLE 5 Ablation experiment results.
[image: Table5]




5 Conclusion

Due to the fact that the majority of vegetable quality grading utilizes traditional manual methods, this paper first gathered and produced six vegetable quality grading datasets and proposed an improved CA-EfficientNet-CBAM model for vegetable quality grading. First, the improved model was trained on six vegetable grading datasets and compared with the original model to test the grading effect of the improved model. Subsequently, the model was compared with the VGGNet16, ResNet50, and DenseNet169 network models on the vegetable grading dataset, and ultimately, an ablation experiment was conducted. Both the comparison experiment and the ablation experiment validated the viability and efficacy of the improved model.
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Informatization, a vital element in economic development, plays a pivotal role in shaping rural areas by promoting efficient resource allocation and fostering the prosperity of high-income rural farmers. This research delves into the intricate relationship between informatization and the enhancement of farmers' income, revealing a variety of perspectives on the matter. The research explores three distinct angles that highlight the complexities of the relationship between informatization and the growth of income in rural areas. Through rigorous analysis, the study aims to provide insights into the interplay between informatization and farmers' income growth. It identifies challenges and opportunities in the process of rural digitalization, such as the incomplete industrial chain of agricultural digitalization and the need for enhanced agricultural market information platforms. The study also underscores the importance of increasing farmers' digital literacy as a means to broaden income growth avenues. In doing so, the research strives to contribute to a more balanced and equitable rural society in China. This investigation employs various research methodologies, including panel analysis and threshold effect analysis, to explore the multifaceted relationships between informatization and farmers' income growth. The findings of this study provide valuable insights for policymakers and stakeholders involved in the ongoing development of rural areas and in ensuring the equitable distribution of wealth in China.
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1 Introduction

The 20th National Congress of the Communist Party of China (CPC) has highlighted the important aim of realizing shared prosperity by 2035. This goal is acknowledged as a vital duty for both the CPC and the entire nation. The Congress has identified that the primary hurdle to achieving this objective is centered around the development of rural areas, specifically in enhancing the living standards of the farming population. This recognition underscores the critical need to address rural development as a fundamental aspect in working toward the broader aspiration of shared prosperity (Jinping, 2022). Presently, the income of farmers in China is considerably lower than that of other segments of society, resulting in a significant wealth disparity between urban and rural areas. This situation is a matter of serious concern, not only for social stability but also for the realization of a consumer-oriented economy. To achieve a more balanced and equitable society, it is imperative to address this disparity. Jinping places great importance on the role of rural Information Technology (IT) in increasing farmers' incomes. He emphasizes the use of digital agriculture, the adoption of agricultural IT, and the establishment of rural e-commerce platforms as effective means to boost farmers' incomes (Jiang et al., 2020).

By 2035, the CPC, in the 20th National Congress, is determined to achieve “Shared Prosperity,” acknowledging the vital importance of enhancing rural areas, particularly in raising the living standards of the farming population. The disparity in income between urban and rural sectors poses a significant challenge to this objective, impacting social stability and economic growth. While substantial efforts have been made to integrate IT into rural areas and boost farmers' incomes, there are persisting challenges hindering the full realization of its potential. Issues such as incomplete agricultural digitalization, insufficient market information platforms, and limited digital literacy among farmers have restricted the efficacy of IT in rural development. Conflicting perspectives in academic research further complicate the understanding of the actual impact of informatization on farmers' incomes, leading to a “productivity paradox” in some instances while showing promising results in others.

Recent studies on the relationship between rural IT and the increase in farmers' income have primarily revealed three types of perspectives. The first viewpoint suggests that the actual efficiency of gains in increasing farmers' incomes through informatization is lower than expected, leading to a “productivity paradox” in informatization (Hongpeng et al., 2013; Aimin, 2015; Zhang et al., 2016; Qubo et al., 2019). The second perspective asserts that informatization has yielded substantial results in increasing farmers' income and has demonstrated a discernible impact (Hongpeng et al., 2013; Aimin, 2015). A third perspective underscores the significance of farmers' informatization literacy and the extent of rural IT as two pivotal factors influencing the effectiveness of informatization in elevating farmers' incomes. Furthermore, this perspective emphasizes that the effects of these factors may vary across different regions within China (Haibin and Li, 2015; Yang and Ziheng, 2018). These diverse perspectives reflect that academic research on the impact of IT on increasing farmers' incomes is still in the exploratory stage.

Pingda et al. (2022) illustrated that the application of science and technology in agricultural science boosted investment opportunities by up to 90% in 2019, signaling an upward trajectory in overall income (Pingda et al., 2022). Wei and Lu (2023) noted an increase in farmers' independence compared to the pre-internet era in China, coinciding with income growth (Wei and Lu, 2023). Jin et al. (2023) highlighted that while productivity advancements impact natural ecology due to population growth, the focus should be on adopting low-carbon and science-based agricultural practices rather than halting productivity. Research conducted in Shandong province by Kang et al. (2023) shed light on the impact of ICT utilization on the growth, performance, and delivery of vegetable farms. Additionally, Li et al. (2023) suggested that utilizing IT might help narrow the income gap between rural and urban areas. With the strong promotion of digital rural planning in 2019, the use of IT is a prerequisite for increasing agricultural production and increasing farmers' income in China's existing rural areas. For which the construction of rural networking infrastructure has been completed, and the hardware requirements for informatization1 have been met. According to the “50th Statistical Report on China's Internet Network Development,” by June 2022, a total of 1.854 million 5G base stations had been built and operationalized across the country, which has 5G coverage in counties and broadband connectivity in villages. The goal is to reach 58.8 percent rural Internet penetration, and 293 million rural Internet users (CINI Center, 2022). On the other hand, the introduction of policies such as the “14th Five-Year Plan to Promote Modernization of Agriculture and Rural Areas” and “Digital Rural Development Action Plan (2022–2025)”, party and government cadres in charge of the agricultural sector and agriculture-related enterprises attached great importance to IT. The use of relevant departments has increased the intensity of support for agricultural technology innovation, strengthening farmers' technical skills and software usage, which are prerequisites for the integration of IT in rural areas (Aimin, 2015).

However, it should also be noted that there are still many challenges in the ongoing process of rural digitalization. These include the incomplete industrial chain of agricultural digitalization, insufficient development of agricultural product market information platforms, and a deficiency in farmers' digital literacy. These factors have limited the channels for farmers to increase their income. Therefore, it is imperative to address these barriers to further enhance the role of IT in rural development and ensure equitable wealth distribution (Benqing and Hongzhi, 2022; Mingxian and Jiabin, 2023).

Furthermore, a complex relationship exists between the synergistic effects of multiple factors in the realm of digitalization, necessitating further exploration of its impacts. This paper employs a panel analysis, utilizing data from 31 Chinese provinces spanning 2010 to 2021, to comprehensively assess the real impact of Information Technology (IT) on farmers' income and delve into the factors influencing its effectiveness. Specifically, the study aims to: (1) Establish a theoretical model of Synergy Analysis (SA) to examine the effects of informatization on farmers' income growth, with a particular focus on rural informatization as a significant factor. (2) Develop a measurement index system for assessing rural informatization levels and conduct a fixed-effect model regression analysis to scrutinize the impact of digitalization on farmers' income growth. (3) Perform a regression analysis using the Spatial Durbin Model to evaluate the impact of IT on farmers' income growth, considering time and regional heterogeneity from 2010 to 2021. (4) Conduct a threshold effect test on control variables related to social environmental constraints, such as “urbanization rate,” “local government financial support for agriculture,” and “agricultural science and technology innovation research and Development (R&D) funds,” analyzing their non-linear impact.

The research identifies crucial gaps related to challenges in numerous rural areas, emphasizing constraints such as low literacy rates, insufficient familiarity with household technological tools, and the farmers' ability to leverage technological information. Additionally, disparities in financial support from local governments across different regions act as barriers to rural digitization, impeding income growth across the 31 provinces. The study delves into investigating the long-term sustainability and resilience of digital farming practices in enhancing farmers' income, aiming to comprehend the durability of income gains resulting from informatization over extended periods and changing market conditions. Furthermore, it involves evaluating existing policies and proposing potential interventions or frameworks to maximize the positive impact of informatization on farmers' income, conducting policy assessments at local, provincial, and national levels. Addressing these research gaps holds the potential to provide a more nuanced understanding of the intricate relationship between informatization, digital farming, and the income of rural farmers in China, ultimately facilitating the development of more effective strategies and policies for sustainable agricultural development.



2 Theoretical model

Continuously improving the level of rural IT is an important prerequisite for effectively boosting farmers' incomes through optimal utilization of agricultural resources and smooth operation of the entire agricultural value chain (Yuezhou and Junnan, 2015; Benqing and Hongzhi, 2022; Mingxian and Jiabin, 2023). In recent years, China's digital village strategy has boosted rural informatization, enabling IT to enhance agricultural productivity. This technology has improved the allocation of resources and information dissemination in agricultural markets, thereby increasing farmers' real income. Consequently, IT advancements have elevated Total Factor Productivity (TFP) in agriculture, closing the urban-rural income gap (Yuezhou and Junnan, 2015).

The rapid global development of IT and its pervasive role in various sectors necessitates the effective management of data collection, retrieval, processing, and storage to drive economic development (Kalinina, 2008). Following the principles of collaborative governance, in the era of informatization, the coordination of multiple elements is leveraged to enhance the overall efficiency of the governing system (Guisheng and Mingchen, 2022). The researchers discovered the effectiveness of the informatization model for cross-regional poverty alleviation cooperation (Xiaohui, 2020). A clear example of a comprehensive analysis involves examining the effectiveness of implementing IT in increasing farmers' income. Specifically, rural informatization stands out as the most significant factor influencing the rise in farmers' income.

The paramount factor influencing the growth of farmers' income is the degree of rural informatization. This enhancement is achieved through the effective utilization of IT in rural agriculture. The aim of increasing farmers' income and fostering integrated urban-rural development can be realized through the synchronized use of IT. This assertion finds robust support from multiple researchers, who contend that elevating the level of rural IT has the potential to substantially improve the agricultural sector. It can invigorate rural markets, facilitate cross-regional product circulation, and diminish the urban-rural income disparity. In the long term, these advancements can lead to a significant increase in total rural social productivity, potentially up to 51% (Hui et al., 2022).

In a 2022 study, Huang et al. analyzed 9 years of panel data from 30 provinces (2011–2020). They observed that the rise in rural informatization substantially enhances resource utilization and allocation to production factors like land, capital, and labor. This progress is linked to a narrowing income gap between urban and rural regions, driven by the “IT level → allocation → urban-rural integration and development” transmission mechanism (Yongchun et al., 2022).

In a distinct study, Ningze and Jing (2019) investigated the influence of the Internet on farmers' income through an analysis of data from the China General Social Survey (CGSS). Their findings revealed that the utilization of the Internet by farmers led to a significant increase of 41.2–51.1% in non-agricultural income (Ningze and Jing, 2019).

Wei (2022) conducted a study on Internet broadband access and mobile phone usage in 86 counties of the Inner Mongolia Autonomous Region from 2015 to 2019, examining its correlation with farmers' disposable income. The research revealed that for each 1% increase in Internet broadband access, farmers' income increased by 0.11%. Similarly, for each 1% increase in mobile phone usage, farmers' income increased by 0.07%. Additionally, for each 1% increase in the county's Internet broadband access rate, the total agricultural output value of the county increased by 0.14% (Wei, 2022).

Empirical evidence demonstrates that regions in rural China with higher levels of IT are more effective in elevating farmers' incomes through IT adoption. This, in turn, contributes to increased disposable incomes for farmers and a reduction in the income disparity between urban and rural areas. For instance, in 2021, Zhejiang Province ranked second in the country in terms of per capita disposable income, reaching 35,247 Yuan. Simultaneously, Zhejiang Province succeeded in narrowing the income gap between urban and rural areas. These findings suggest that enhancing IT can significantly boost the real income of farmers and decrease the urban-rural income gap.



3 Research hypothesis

H1, positing that the enhancement of rural IT significantly contributes to an increase in farmers' income.

H2, variations exist in the level of rural informatization among different regions or provinces.

H3, Hypotheses related to the impact of social environmental constraints on the relationship between informatization and the growth of farmers’ income include H31, H32, and H33.

H31: The urbanization rate significantly moderates the effect of informatization on farmers' income growth, with higher urbanization rates strengthening this relationship.

H32: The level of financial support provided by local governments for agriculture significantly moderates the impact of informatization on farmers' income growth, with increased financial support enhancing this relationship.

H33: R&D funds for agricultural technology innovation significantly moderate the effect of informatization on farmers' income growth, with higher R&D investment strengthening this relationship.


3.1 Regional disparity level of rural China in IT

The promotion of balanced economic development and the establishment of digital villages greatly hinges on rural informatization. In 2022, Beijing launched the “Beijing NongTong” pilot project, utilizing advanced technologies such as 5G, the Internet of Things, and remote sensing to facilitate smart agriculture through IT integration. Jiangxi Province has established comprehensive digital villages at various administrative levels and plans to create more in pilot counties. Shaanxi Province is actively developing the digital agriculture industry in 2022. It launched the “National Digital & Animal Husbandry Innovation” platform for arid areas and aims to build 50 provincial-level agricultural smart parks and 100 provincial-level agricultural Internet of Things applications by 20252.

There are still hurdles in the way of simultaneous rural informatization. Provincial governments have differing perspectives on its planning and implementation. There are differences among government cadres regarding its urgency, and information availability is also a concern. Relevant studies conducted by Zhichuan et al. (2018) used rural broadband access users as a measurement of the level of rural informatization in 31 provinces. The results show that the level of rural informatization in China is decreasing from eastern to central to western to northern to southwestern regions (Zhichuan et al., 2018).

Junjie (2022) employed the entropy-weight TOPSIS method and utilized “network coverage level” as the core indicator to measure the level of rural informatization in 30 provinces of China. The study found that the score of rural informatization in China was 0.009 in 2010, 0.012 in 2015, and 0.026 in 2020. This indicates that regional disparity based on informatization is decreasing over time (Junjie, 2022).



3.2 Impact of economic constraints on IT-led income growth of farmers

China's agricultural industry significantly influences its GDP, and in turn, the state of the economy impacts the agricultural sector. Economic constraints play a pivotal role in shaping the dynamics and evolution of the agricultural industry. In recent years, the widespread integration of IT in agriculture has transformed the sector from a traditional endeavor into a more intensive, large-scale, and industrialized business. Official statistics reveal that the agricultural sector, along with its related industries, contributed to a total value of 18.4 trillion yuan, accounting for ~16.05% of China's GDP in 2021.

The integration of agriculture with other industries necessitates IT support to overcome the confines of the traditional agricultural sector. The ongoing refinement of the agricultural industrial structure significantly influences the increase in farmers' income, and several empirical studies have substantiated the concept of technological integration with agriculture. Informatization can empower the high-quality development of agriculture through two mediating variables: industrial structure upgrading and industrial structure rationalization. In particular, the upgrading of industrial structure can yield a positive facilitating effect of 1.064%, while rationalizing industrial structure can contribute a 0.033% positive impact (Zhaoyang and Yutong, 2022).

A study conducted by Liangjiao (2018) examined the effectiveness of “Internet Plus Agriculture” in improving the agricultural industrial structure in 30 provinces over the period from 2012 to 2016 using the maximum order difference method. The study revealed that the western region exhibited the highest average growth rate contribution at 87.8%, followed by the central region at 80.9%, and the eastern region at 47.4% (Liangjiao, 2018).

This paper considers three indicators as social environmental constraints: the urbanization rate, local government financial support for agriculture, and agricultural R&D funds.



3.3 Impact of informatization on urbanization

Wenting and Zhibiao (2022) conducted a panel analysis on 106 cities in nine provinces in the Yangtze River Economic Belt from 2013 to 2018. They found that the level of rural informatization has a non-linear effect on farmers' income growth. Specifically, the urbanization rate indicator exhibits a threshold effect. When the urbanization rate exceeds 62.82%, it results in a 0.61% increase in farmers' income. In the range of 57.22–62.82% urbanization, it has a positive but statistically insignificant effect on farmers' income. However, when the urbanization rate falls below 57.22%, it has a negative impact on farmers' income growth (Wenting and Zhibiao, 2022). Wuke (2022) conducted an analysis of panel data from Henan Province covering the period from 1998 to 2017. Their findings indicate that for every 1% increase in the level of urbanization, the per capita income of rural residents would increase by 1.204% in the same year and by 1.1067% in the following year (Wuke, 2022).



3.4 Impact of government financial aid on agriculture and informatization

Considering that agriculture is a capital-intensive industry marked by low returns and high natural risks, the support provided by local governments through financial means plays a pivotal role in fostering rural economic development (Lipton, 1976; Ping and Zhong, 2006), enhancing farmers' income (Shen and Jincai, 2022), and alleviating absolute rural poverty (Akanfe et al., 2019).

Junyong and Lezhu (2022) assessed China's financial support for agriculture using the Data Envelopment Analysis (DEA) model from 2008 to 2019. The study revealed that local government financial support for agriculture had a substantial 10% impact on the growth of farmers' income (Junyong and Lezhu, 2022). Likewise, a study by Hongxia (2021) highlighted significant regional variations in the impact of local government financial support for agriculture. The Eastern region exhibited the highest agricultural industry productivity, the Central region demonstrated the most pronounced influence of financial support for agricultural digitization, and the Western region displayed the greatest level of financial support for agricultural technology innovation (Hongxia, 2021).



3.5 The impact of R&D its innovation on agriculture

Scientific and technological innovation is a crucial factor in driving the high-quality development of agriculture. Enhancing cereal seeds and agricultural production practices can effectively boost farmers' income. Agricultural science and technology innovation, as well as research and development (R&D) investment in agriculture, serve as indicators to assess the influence of agricultural science and technology innovation on farmers' income. Yang Yiwu (2018) examined the connection between “agricultural science and technology innovation and R&D investment” and farmers' per capita disposable income from 2002 to 2013. Their study revealed that agricultural science and technology innovation has a positive impact on increasing farmers' income. However, it exhibits a threshold effect based on geographical distance (Yang Yiwu, 2018). These findings emphasize the significance of farmers' proximity to sources of technological innovation as a determining factor in the effectiveness of such interventions for enhancing farmers' incomes. In a study conducted by Yang (2022), an analysis was performed on the correlation between the advancement of agricultural science and technology in China's potato industry, investment in scientific and technological R&D funds, and farmers' income spanning from 2011 to 2018. The study revealed the presence of a threshold effect between the “level of agricultural science and technology progress,” “R&D investment in science and technology,” and “farmer household income.” When the level of agricultural science and technology development is <0.094, an increase in R&D funds can positively impact farmers' income. When it ranges from 0.094 to 0.9970, an increase in R&D input has a dampening effect on farmers' income. However, when the level of agricultural science and technology development is >0.9970, an increase in R&D input can significantly boost farmers' income (Yang, 2022).



3.6 The effects of informatization on farmers' income growth: an overview

Farmers are the most important actors in agricultural production, and their skill levels are also crucial factors affecting their ability to utilize IT. These factors, in turn, determine the ultimate impact of rural IT on increasing farmers' incomes (Haibin and Li, 2015; Yang and Ziheng, 2018).

The use of IT in rural areas to increase farmers' income is a recent approach to agricultural development that depends on farmers' skills in using technology, which, in turn, predicts their level of human capital. Unfortunately, the current situation suggests that a substantial number of farmers in rural areas have limited awareness and skills in the use of IT, which hinders their ability to increase income and improve their economic status. The academic community commonly uses a composite index of educational attainment to measure the level of rural human capital (Haibin and Li, 2015).

Haibin and Li (2015) divided rural human capital into high, medium, and low levels according to the comprehensive index of educational attainment. The research found that high and medium levels of rural human capital can achieve the effect of increasing farmers' income through informatization, while low levels of rural human capital do not have a significant effect on farmers' income growth (Haibin and Li, 2015). Shenglong et al. (2021) analyzed 30,993 observations from the Peking University Social Survey Center's China Family Tracking Survey (CFPS) in 2010, 2014, and 2018 and found that Internet use in rural areas can increase farmers' disposable income by 0.7253. Farmers with <6 years of primary school education have the lowest return on income from Internet use compared to farmers with more than 12 years of education, such as high school education or above (Shenglong et al., 2021). The hypotheses H31, H32, and H33 suggest that social environmental factors like urbanization, financial backing, and technological innovation funding may impact the connection between informatization and the growth of farmers' income.




4 Research design


4.1 Model structuring

According to the theoretical model of convergence analysis synergy analysis (SA), the process of increasing farmers' income through informatization primarily involves information as a crucial production factor, leading to the development of rural knowledge and rural IT. Economic constraints, social environmental constraints, and individual farmers' constraints are being addressed. In the context of limited production capacity, farmers have an interactive effect on increasing overall agricultural productivity. Increasing capacity can lead to the goal of raising farmers' income.

By integrating the development of rural IT with the restrictive constraints of the economic environment, social environment, and farmers' individual ability, the total factor productivity of agriculture can be elevated, resulting in the growth of farmers' income. Therefore, the process of using IT to increase farmers' income involves a complex interaction between various environmental and individual factors to achieve the desired results. Based on the convergence theoretical analysis model and the SA theoretical analysis model of informatization, this paper constructs the following formula for constructing a model of farmers' income growth.

(1) Econometric statistical model (Equation 1)

[image: image]

Where Yt is the per capita disposable income of farmers in time period t, A0 is a constant independent variable, I is the level of rural informational technology, C is the economic environment constraint, i.e., “the share of agriculture in GDP”, K is the social environment constraint, i.e., “the urbanization rate”, “local government financial support to agriculture” and “R&D investment in agricultural science and technology innovation”, and L is the individual farmer capacity constraint, i.e., “the level of rural human capital”.

In order to reduce the error, we take the natural logarithm of both sides of Equation (2) to obtain an econometric model (Equation 2).

[image: image]

Enable Yt = InYt, A = InAO, Ct = InCt, Kt = InKt, Lt = InLt, It = InIt, brought into the model (Equation 2) to obtain model (Equation 3).
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Considering the relationship to be measured for different years in 31 provinces, adding variable i to model (Equation 3) produces:

[image: image]

Model (Equation 4) is the econometric statistical model used in this paper, where A is a constant item, α, β, Y, and ∅ are, respectively the elasticity coefficients of the economic environmental constraint, social environmental constraint, the individual farmer's ability constraint and the level of rural IT, respectively.




5 Data sources and variables


5.1 Variable selection
 
5.1.1 Dependent variable

An important prerequisite for analyzing the impact of information on farmers' income growth is the selection of indicators that can accurately measure farmers' income growth. Some researchers have chosen farmers' per capita disposable income as an indicator to measure the increase in farmers' income. For example, Ru and Yewei (2022) used the per capita disposable income of farmers as the primary indicator to measure common prosperity among different regions in China. They discovered that the common prosperity index is relatively high in the eastern coastal areas, particularly in Shanghai, which stands out as the most prosperous with an index of 0.54. In contrast, the five northwestern provinces displayed a comparatively lower average index of 0.218. Additionally, rural informatization positively contributes to reducing the imbalance in development between regions (Ru and Yewei, 2022). Jing (2022) found that digital inclusive finance can significantly increase agricultural productivity. The proportion of agricultural product processing and e-commerce transactions also contributes to the per capita disposable income of farmers (Jing, 2022). Drawing on the above studies, this paper selects the per capita disposable income of farmers as dependent variable to measure the growth of farmers' income.



5.1.2 Independent variable

In this study, the level of rural informatization is the independent variable that significantly influences farmers' income growth. As demonstrated by researchers like Mingxian and Jiabin (2023), five indicators were selected (see Table 1), including the number of Internet broadband access per 100 households, the number of mobile phones per 100 households, per capita telecommunication business volume, cable TV household rate, and broadcast coverage. Principal component analysis was employed to generate a comprehensive index of rural informatization level, aiming to measure the effectiveness of informatization in driving farmers' income growth in Hunan Province from 2012 to 2020 (Mingxian and Jiabin, 2023).


TABLE 1 EWM key indicators & level of rural IT of targeted population.

[image: Table 1]

Benqing and Hongzhi (2022) selected four indicators, including the number of rural broadband access users, the average annual mobile phone ownership per 100 rural households, the proportion of rural households' annual consumption expenditure on smart devices, the transaction volume of rural e-commerce, and applied factor analysis. The study revealed that an increase in each unit corresponds to an improvement in informatization, which contributes to the high-quality development of agriculture (Benqing and Hongzhi, 2022). Building on prior research, this paper uses the level of rural informatization as an independent variable to gauge farmers' income growth. Six indicators have been chosen to reflect rural IT infrastructure and residents' usage: radio program population coverage, rural TV program coverage, rural Internet broadband users, the ratio of color TV sets per 100 households (HH), computers per 100 HH, and mobile phones per 100 HH. To ensure an unbiased evaluation of rural informatization levels, we employ the Entropy Weighting Method (EWM) to eliminate human interference and account for dimensional differences (Zhu et al., 2020). To mitigate potential dimensional differences among various data indicators, we standardized the data from the aforementioned six indicators. Subsequently, we applied the Entropy Weighting Method (EWM) to compute the weight of each indicator, yielding the rural informatization levels for different provinces across the country (see Table 1). The following entropy method is used to calculate the Weight Model Equation 5:

[image: image]

In: Ej ≥ 0 like, Pij = 0, defined Ej = 0, Degree is Dj = 1 – Ej:

The Information redundancy is: Dj = 1 – Ej

The Coefficient calculation Equation (6) is:

[image: image]
 

5.1.3 Controlled variable

The ultimate impact of the informatization drive on increasing farmers' income growth is influenced by several environmental factors. This paper categorizes these factors into three types of controlled variables: economic constraints, social-environmental constraints (urbanization rate, local government financial support for agriculture, and agricultural science and technology innovation R&D funding), and farmers' individual capacity constraints (rural human capital level).”

1. Economic-environmental constraints, such as “the proportion of agriculture GDP.”

2. Socio-environmental constraints, including the urbanization rate, financial support for agriculture, and R&D funds for agricultural technology innovation.

3. Farmers' capacity, encompassing rural farmers' skills, the level of rural informatization, and these controlled variables, have created a linkage and integration effect that collectively influences the actual outcome of increasing farmers' income. This study constructs a theoretical analysis model based on the relationship between the above variables as shown in Figure 1 below.


[image: Figure 1]
FIGURE 1
 Synergistic analysis of the theoretical model of informatization driving farmers' income growth.



5.1.3.1 Explanation of SA model

The controlled variable representing the economic environment, “the proportion of agriculture in GDP,” is a commonly used indicator in academic circles. It reflects changes in China's economic structure, and this paper also utilizes this indicator for measurement. The controlled variable representing the social environment comprises three indicators: urbanization rate, local government financial support for agriculture, and agricultural science and technology innovation R&D funding input. Among these, the urbanization rate and agricultural science and technology innovation R&D funding input are commonly used indicators (Table 2). This study, like some scholars, uses the indicator of “expenditure on agriculture, forestry, and water management” to assess the influence of “local government financial support for agriculture” on local farmers' consumption (Xiao, 2022), the provincial poverty reduction ability (Yuqiang and Qun, 2020). Building on the composite index method (CI) employed by Haibin and Li (2015), the indicator for “Rural Human Capital,” representing the constraint on individual farmers' abilities, is calculated using the following formula: Rural Human Capital = (Number of individuals with no formal education × 0 + Number of individuals with primary school education × 6 + Number of individuals with middle school education × 9 + Number of individuals with high school or secondary school education × 12 + Number of individuals with college or undergraduate education or above × 16)/Total population aged 6 or older (Haibin and Li, 2015).


TABLE 2 Comprehensive index of variables: the specific indicator meanings and coding of the dependent, independent, and controlled variables in detail.

[image: Table 2]




5.2 Data sources

Given the need for stable and available data, this paper establishes a time interval for the selection of dependent variables, independent variables, and control variables from 2010 to 2021. Panel data from 31 provinces (excluding Hong Kong, Macao, and Taiwan) has been sourced from publications such as the “China Statistical Yearbook,” “China Rural Statistical Yearbook,” “China Population and Employment Statistical Yearbook,” “China's Labor Statistical Yearbook,” and the National Bureau of Statistics.



5.3 ADF model, multicollinearity and endogeneity tests
 
5.3.1 Augmented Dickey-Fuller Test

To conduct the regression analysis of the benchmark model, an Augmented Dickey-Fuller (ADF) test was performed on the panel data of 31 provinces from 2010 to 2021 to assess time series robustness. The results, displayed in Table 3, reveal that all variables have ADF test p-values of <0.01, indicating strong confidence in rejecting the null hypothesis. Therefore, the selected panel data is robust and suitable for regression analysis.


TABLE 3 ADF test result.
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5.3.2 Multicollinearity test

To ensure the accuracy of the regression analysis results and mitigate potential issues related to collinearity, this study conducted a variance inflation factor (VIF) test. The results, presented in Table 4 and Figure 2, reveal that all VIF values are below 3. This indicates the absence of multicollinearity among the variables and confirms the suitability of the statistical models for regression analysis.


TABLE 4 Multicollinearity test results.
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FIGURE 2
 Multicollinearity test results.




5.3.3 Endogeneity Test

To assess the presence of potential causal relationships among the six selected variables, this study conducted a Durbin-Wu-Hausman (DWH) test using a random effect model. The findings, outlined in Table 5, highlighted the presence of endogeneity within the variables. However, considering that the endogeneity primarily arises from individual differences among the provinces, the study addressed this issue by using the individual fixed effect model for regression analysis on the sample data encompassing the 31 provinces from 2010 to 2021.


TABLE 5 DWH test results.
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6 Results


6.1 Benchmark regression analysis results

To investigate the specific effects and influencing factors of rural informatization on driving the growth of farmers' income, this study utilized the individual fixed effect (FE) model for regression analysis of the indicator variables. The findings are showcased in Table 6, revealing a statistically significant relationship: an enhancement in rural informatization (IFO) notably correlates with an increase in the per capita disposable income of farmers. These results are significant at the 1% level, and the regression coefficient value is 1.05, which is greater than zero. This implies that rural informatization has a positive effect on increasing farmers' income, thus validating hypothesis H1. The variable “the proportion of agriculture in GDP” (poa) did not exhibit statistical significance, thus failing to establish research hypothesis H3. This suggests that alterations in the agricultural industrial structure do not significantly impact the outcome of rural informatization driving farmers' income growth. Furthermore, the variables “urbanization rate” (urb) and “agricultural science and technology innovation R&D investment (tec)” did not pass the significance test. However, the variable “local government financial support for agriculture” (fin) was statistically significant, indicating that an increase in local government financial expenditure on agricultural investment has a positive effect on increasing farmers' income. The comprehensive research hypotheses H31, H32, and H33 indicate that research hypothesis H3 is partly supported. This suggests that the relationship between social environmental constraints and the impact of rural informatization on farmers' income growth is not simply linear. Further research is needed to better understand the interactions among these three variables. The non-linear effect test revealed that there is a threshold effect. The regression coefficient of “rural human capital” (edu) is 0.204, which passes the significance test at the 1% level. This confirms the validity of research hypothesis H33, demonstrating that an improvement in the level of rural human capital significantly increases the per capita disposable income of farmers.


TABLE 6 Analysis of baseline regression results.
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6.2 Spatio-temporal heterogeneity analysis of rural informatization

To assess the validity of research hypothesis H2, this study employs the spatio-temporal heterogeneity analysis approach in examining the coordinated development of rural informatization, as suggested by Yuxin et al. (2022), to examine the impact of rural informatization on the growth of farmers' income. For an accurate evaluation of rural informatization development, this paper initially standardized the pertinent data associated with rural informatization. Subsequently, it utilized SPSS 22.0 to analyze the main components influencing the scale of rural informatization across 31 provinces from 2010 to 2021. The selection process involved choosing indices with characteristic values exceeding 1 as the principal component factors of rural informatization. After conducting factor analysis from 2010 to 2021, it was observed that only the first factor had a characteristic value exceeding 1, while the second and third factors fell below this threshold. As a result, factor 1 was chosen for principal component analysis. Table 7 displays the data for the past 12 years, indicating that the characteristic values of factor 1 across the 31 provinces consistently exceeded 1, with high factor contribution rates and cumulative factor contribution rates exceeding 65%. Additionally, the KMO test value was above 0.6, and the data passed the Bartlett spherical significance test. Thus, this factor can effectively evaluate the level of rural informatization in China.


TABLE 7 Factors analysis index of main components of rural informatization in China.
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To further assess the variation in rural informatization among the 31 provinces between 2010 and 2021, this study applied data weighting methods to recalculate and categorize the rural informatization balance in these provinces. Consequently, it generated specific scores and rankings for each province in China. Due to space constraints, only the scores and rankings of rural informatization levels for the 5-year period from 2017 to 2021 are displayed in Figure 3.


[image: Figure 3]
FIGURE 3
 2017–2021 China's 31 provinces' comprehensive score and ranking of rural informatization.


Upon examining the data depicted in Figure 3, it is evident that the extent of rural informatization in all provinces has consistently increased each year. Simultaneously, there has been a reduction in the significant disparities in rural informatization, with the regional gap gradually narrowing from 4.54 to 3.65. These trends imply that regional disparities in rural informatization are gradually diminishing over the years. However, the scores of rural informatization in the 31 provinces still indicate the characteristics of imbalanced and uncoordinated regional development. The informatization level of Zhejiang, Jiangsu, Beijing, Shanghai, and Tianjin is high. Gansu, Guizhou, Xinjiang, Yunnan, Hainan, Tibet, and other six provinces the informatization is at a low level.

To investigate the temporal changes in the rural IT level across China, this study employs the fuzzy cluster analysis method as utilized by Suzhen et al. (2014) to cluster the IT levels of the 31 provinces from 2010 to 2021. By employing computer algorithms, the rural informatization levels in the 31 provinces are analyzed using two dimensions and six secondary indicators, focusing on the infrastructure development of rural informatization and the informatization of rural residents. This analysis generates a fuzzy equivalence relationship used for clustering and classifying, denoted as “R”. The obtained cluster classification fuzzy equivalence relationship value, “R~,” is employed to categorize the rural IT level of the 31 provinces into four regions: high level, higher level, medium level, and lower level regions. Table 8 illustrates the regional changes observed during the last 5 years (2017–2021).


TABLE 8 Regional classification of rural informatization development from 2017 to 2021.
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From a spatial perspective, the regions with a high level of rural informatization are concentrated in the economically developed eastern areas. Provinces in this region have established informatization infrastructure and have essentially realized the goal of increasing farmers' income through informatization. These regions also exhibit high per capita disposable incomes for farmers, positioning them among the top in China. Meanwhile, areas with high levels of rural informatization are concentrated in some of the larger agricultural provinces in central China. The informatization infrastructure in these regions is comparatively well-established, and the fusion of informatization and modern agriculture is gaining momentum. The per capita disposable income of farmers in this region falls within the mid to upper range across the country. Exception for Heilongjiang Province, the provinces with a moderate level of rural informatization are primarily located in the central and western regions. The regional disparities have somewhat diminished due to financial investments in infrastructure development, and the per capita disposable income of farmers in these regions falls within the mid-level range nationwide. With the exception of Hainan Province, the provinces with lower levels of rural informatization are predominantly located in the northwest region. These areas face relatively challenging conditions in terms of rural information infrastructure, and the per capita disposable income of farmers in these regions ranks among the lowest in the country.

In order to further verify research hypothesis H2 and test for potential time series and regional differences in the impact of informatization on farmers' income growth, fixed effect regression analyses were conducted on panel data, considering different time intervals and levels of informatization across regions. The results are presented in Table 9 below. Analyzing the regression results in Table 9, concerning the temporal dimension, the time period from 2010 to 2013 did not yield significant results, while the time period from 2014 to 2021 did produce significant outcomes. When combined with Figure 2, we can discern the impact of informatization on farmers' income growth. The driving effect becomes more apparent after 2014, underscoring the significant role of China's implementation of the digital village strategy in increasing farmers' disposable income. Table 9 also provides regression test results for the four different areas of rural informatization levels. Table 10 indicates that the positive impact of increasing the level of rural informatization on farmers' income growth is observed in areas with high, middle, and low levels of rural informatization.


TABLE 9 Regression results of spatio-temporal heterogeneity of farmers' income growth driven by informatization.
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TABLE 10 Threshold regression results of social environment constraints on rural informatization.
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The findings extracted from Table 9 indicate that the influence of elevating rural informatization levels on farmers' income growth is most pronounced in regions characterized by low rural informatization. This effect diminishes in medium-level areas and is least significant in high-level areas. In fact, high-level areas did not pass the significance test, and there is a negative correlation between rural informatization and farmers' income. These findings indicate that strengthening rural informatization development is not effective in increasing farmers' income in areas with high levels of informatization. Overall, the regression results for different time periods and horizontal areas of rural informatization support the research hypothesis H2 proposed in this paper.



6.3 Analysis of nonlinear effects

In order to investigate the non-linear effects of social environmental constraints and further test the validity of research hypotheses H3, H31, H32, and H33, this paper establishes single thresholds, double thresholds, and triple thresholds for the indicators “urbanization rate,” “local government financial support for agriculture,” and “agricultural science and technology innovation R&D funding.” These thresholds are used to test the existence of non-linear effects.

In this section, the study aims to assess the validity of research hypotheses H3, H31, H32, and H33 by examining the non-linear effects of socio-environmental constraint variables. To achieve this objective, single, double, and triple thresholds are defined to test the threshold effect on the “urbanization rate,” “local government financial support for agriculture,” and “R&D funds for agricultural technology innovation.” The threshold values for these three variables were estimated using the Bootstrap sampling method, and the results are presented in Table 11 below.


TABLE 11 Threshold test results of the controlled variables of rural informatization social environment (P-values and critical values are obtained by using Bootstrap repeated sampling 300 times).
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Among these variables, “urbanization rate” and “local government fiscal support for agriculture” passed the double threshold test, while “agricultural technology innovation R&D funding” passed the single threshold test. The results indicate that among the controlled variables related to the social environment, “local government fiscal support for agriculture” significantly contributes to increasing farmers' income driven by informatization. However, there is an optimal range for the effects of “urbanization rate” and “agricultural science and technology innovation R&D funds.” These variables need to reach a certain threshold value to have a meaningful impact, confirming the establishment of the null hypotheses H31, H32, and H33.

The implementation of the national rural revitalization strategy, coupled with enhanced policy support and increased capital investment in rural industrial development, has improved the social environment for driving farmers' income growth through rural informatization. However, the social environment, as a complex controlled variable, exhibits a non-linear impact on the relationship between rural informatization and farmers' income growth. This study considered three indicators for regression analysis: “urbanization rate,” “local government financial support for agriculture ‘and' R&D funds for agricultural technology innovation.” The results of moderating variables (1), (2), and (3) in Table 10 reveal a positive non-linear relationship in the effect of informatization on farmers' income growth under the social environmental constraints of these threshold variables.

Analyzing the “urbanization rate” (urb) indicator, when the urbanization rate (urb) is below 64.62%, the regression coefficient for rural informatization's impact on farmers' income growth is 0.691. However, when the urbanization rate (urb) surpasses 64.62%, the regression coefficient increases to 1.446. As the urbanization rate (urb) continues to rise beyond 87.55%, the regression coefficient becomes −11.940. This suggests that moderate urbanization development can effectively increase farmers' disposable income, but an excessively high urbanization rate is not conducive to increasing farmers' income.

Regarding the “Local Government Fiscal Support to Agriculture” (fis) indicator, when the annual average local government financial support to agriculture (fis) is below 15.14 billion Yuan (the threshold value is based on the standardized processing of the original sample data), the impact of informatization on increasing farmers' income is not significant. However, when the expenditure (fis) exceeds 15.14 billion Yuan, the regression coefficient for informatization driving farmers' income growth rises to 0.243. As the expenditure (fis) continues to increase to 40.748 billion Yuan, the regression coefficient for informatization driving farmers' income growth further rises to 0.353. This indicates that “local government fiscal support for agriculture” exhibits characteristics of increasing marginal effects, and higher agricultural fiscal expenditure can effectively drive the growth of farmers' disposable income.

Regarding the “Agricultural Science and Technology Innovation R&D Expenditure” (tec) indicator, when the average R&D expenditure (tec) for the year is below 5.1784 million yuan (the threshold value was obtained after standardizing the original sample data and dimensionally restored here), the effect of informatization on increasing farmers' income is not significant. However, when it (tec) exceeds 5.1784 million yuan, the regression coefficient for informatization driving farmers' income growth rises to 1.018 (Table 10). This indicates that financial support for agricultural technology innovation can bring significant incremental marginal effects and effectively drive the growth of farmers' disposable income. The results of the non-linear effect analysis above show that the effect of informatization on increasing farmers' income will increase with the improvement of social environmental constraints, and present a non-linear feature of increasing marginal benefits. This shows that the local government's financial support and agricultural R&D investment should be further strengthened to create strong social environmental development conditions for the sustainable growth of farmers' income.



6.4 Robustness test

In order to ensure the stability of the above regression results, this paper has done the following robustness test. First, the core variables are subjected to a substitution test. Replace the dependent variable “per capita disposable income of farmers” with “per capita consumption expenditure of rural residents”; secondly, change the test period of the panel data. Replace 2010–2021 with 2014–2021 for inspection; again, perform shrinkage inspection on panel data. With reference to Jun and Xi's (2023) shrinking test method, the independent variable “rural informatization level” from 2010 to 2021 was shrinked at the 1% significance level, and regression analysis was performed on the remaining control variables (Jun and Xi, 2023). The robustness test results of these three methods are shown in Table 12. The significance of the main indicators and the sign of the coefficients in the regression results are consistent, which proves that the estimated regression results in this paper are robust.


TABLE 12 Robustness test results.
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6.5 Descriptive analysis of targeted provinces

To mitigate dimensional discrepancies among data indicators, this paper utilized logarithmic standardization for the relevant data. In analyzing regional disparities in rural informatization and its influence on farmers' income growth, the study classified the 31 provincial administrative units (excluding Hong Kong, Macao, and Taiwan) according to the economic region classification provided by the National Bureau of Statistics. To achieve this, the selected provinces were categorized into four regions: East, Central, West, and Northeast (see for results Figure 4). Figure 4 illustrates significant variations not only in the independent variable “rural informatization level” but also in the dependent variable “farmers” per capita disposable income' and the control variables “economic environment constraints, social environment constraints, and individual ability constraints” across the eastern, central, western, and northeastern regions. These disparities suggest regional differences in China, warranting further analysis of regional heterogeneity.


[image: Figure 4]
FIGURE 4
 Relevant indicators of Informatization of 31 provinces of China from 2010 to 2021.





7 Conclusion

Since the 19th National Congress of the Communist Party of China, there has been a rapid acceleration in the digitalization of rural areas. Consequently, the level of informatization in China's rural areas has notably advanced. This progress has effectively promoted the optimal distribution of agricultural resources across urban and rural regions, facilitating the transmission and dissemination of agricultural market information across different times and locations. As a result, there has been a significant upsurge in the disposable income of farmers.

According to the results of this paper, the effect of rural informatization on increasing farmers' income is not a simple linear effect, but is affected by several controlled variables such as economic environment constraints, social environment constraints, and farmers' Individual capacity constraints are collective influencing factors. The Independent variable “rural informatization level” and the control variable of farmers' individual ability “rural human capital” will have a significant positive effect on increasing farmers' income, and the social environment control variables “urbanization rate,” “local government financial support for agriculture” and “Agricultural science and technology innovation R&D expenditure” has a threshold effect and shows the characteristics of increasing marginal effect, and the economic environment control variable “agriculture-to-GDP ratio” has a positive effect on farmers' income increase but has not passed the significance test.

First, the independent variable “rural informatization level” has a significant promotion effect on the dependent variable “farmers' per capita disposable income”, that is, for every 1 percentage point increase in the rural informatization level, the per capita disposable income of farmers will increase by 1.05 percentage points. Specifically, the economic environment constraint “the proportion of agriculture in GDP” did not pass the significance test, the three variables of the social environment constraint had nonlinear threshold effects, and the farmers' individual ability “rural human capital” had a significant positive effect. To promote the effect, every increase in the number of years of education received by farmers can increase the per capita disposable income of farmers by 0.204 percentage points.

Second, from 2010 to 2021, the results of farmers' income increase in China's 31 provinces showed heterogeneity. From the perspective of time series, the level of rural informatization plays a significant role in stimulating the growth of farmers' income from 2014 to 2021. From the perspective of the regional distribution of informatization level, the pulling effect of rural informatization level on farmers' income growth shows a significant difference of “low-level area > medium-level area > high-level area”, but the pulling effect of “higher-level area” is not obvious, and has a negative correlation effect on farmers' income.

Third, the controlled variables of the social environment have a threshold effect on the effect of informatization on farmers' income growth, and present a non-linear characteristic of increasing marginal benefits. Among them, “urbanization rate” and “local government financial support for agriculture” passed the double threshold test, and “agricultural science and technology innovation R&D funds” passed the single threshold test. When the “urbanization rate” is <64.62%, the regression coefficient of farmers' income growth driven by informatization is 0.691, and when the “urbanization rate” is >64.62%, the regression coefficient rises to 1.446. When the “local government fiscal support for agriculture” is <15.14 billion yuan per year, the effect of informatization driving farmers' income growth is not significant. When it is >15.14 billion yuan, the regression coefficient rises to 0.243, and when it continues to increase to more than 40.748 billion yuan, the regression coefficient continues to rise to 0.353. When the average annual “agricultural science and technology innovation R&D expenditure” is <5.1784 million yuan, the effect of informatization driving farmers' income growth is not significant. When it exceeds 5.1784 million yuan, farmers' income will increase significantly.

The overall contribution of the study outlined in the text lies in its multi-faceted approach to understanding and addressing the challenges impeding the successful integration of IT in rural China, specifically aimed at improving the livelihoods of the farming population. By conducting a comprehensive panel analysis utilizing data from various provinces over a substantial timeframe, the study endeavors to:

i) It aims to empirically assess the actual impact of IT on farmers' income. This empirical analysis, spanning multiple regions and years, will provide concrete evidence regarding the effectiveness of digitalization in rural areas.

ii) The study seeks to identify and analyze the factors that influence the efficacy of IT in rural development. This includes considering regional variations and understanding how different elements interact in the process of rural digitization.

iii) By acknowledging conflicting perspectives in existing academic research, the study aims to navigate the complexities surrounding the impact of informatization on farmers' incomes. This comprehensive analysis intends to offer clarity amidst the “productivity paradox” observed in some cases and promising outcomes in others.

iv) Ultimately, the study's findings are expected to yield valuable insights. These insights can inform policymakers, stakeholders, and development agencies about optimizing IT's role for equitable wealth distribution and sustainable rural development in China.

In essence, the study aspires to contribute substantial empirical evidence and nuanced understanding, shedding light on the intricate relationship between IT and rural income enhancement. Its findings have the potential to guide future strategies and initiatives aimed at bridging the rural-urban income gap, fostering social stability, and bolstering economic growth in China's agricultural regions.


7.1 Policy recommendations

Based on the above conclusions and the detailed findings outlined, here are some specific policy recommendations:


7.1.1 Investment in rural informatization

Encourage continued investment and efforts in the digitalization and informatization of rural areas. Prioritize enhancing the rural informatization level by deploying advanced technologies and infrastructure across agricultural sectors.



7.1.2 Focus on human capital development

Promote initiatives that focus on enhancing rural human capital, such as education and skill development programs for farmers. Increasing farmers' education levels can significantly boost per capita disposable income.



7.1.3 Strategic approach to social environment variables

Develop nuanced policies addressing social environment constraints. For instance, considering the thresholds identified in the study, tailor urbanization policies and increase financial support for agriculture, aligning with the identified inflection points to maximize the impact on farmers' income growth.



7.1.4 Optimizing agricultural innovation

Emphasize agricultural science and technology innovation through increased R&D expenditure. Ensure that the investment in innovation reaches a threshold level, identified in the study, to achieve significant growth in farmers' income.



7.1.5 Regional strategies for rural informatization

Acknowledge the regional disparities in the impact of rural informatization. Tailor strategies are based on regional differences, focusing on low and medium-level areas where the impact of informatization on income growth is more prominent.



7.1.6 Environmental considerations in productivity enhancement

Promote low-carbon agriculture and sustainable practices while enhancing productivity. Encourage the adoption of environmentally friendly agricultural methods to mitigate negative ecological impacts due to increased productivity.



7.1.7 Continuous monitoring and evaluation

Implement a system for ongoing monitoring and evaluation of the impact of rural informatization initiatives. This evaluation should consider the identified variables and their threshold effects to fine-tune policies for optimal results.

These policy recommendations aim to capitalize on the positive impact of rural informatization while addressing the nuanced variables influencing farmers' income growth in different contexts, thereby fostering sustainable and inclusive agricultural development across regions in China.
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Footnotes

1Informatization (INF) shares similarities with Industrialization and Civilization. It refers to the transformation of a geographical area's economy or society into an information-based entity, characterized by a growing information labor force. INF signifies a progression wherein emerging communication technologies are utilized to drive socio-economic development, leading a nation toward the evolution of an information society (Rogers, 2000).

2Digital Countryside Promotion Route Map of 31 Provinces (2022). Available online at: https://www.163.com/dy/article/H9E6SV8J0511N341.html.
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Worldwide, the continuous advancement of off-grid solar photovoltaic irrigation seeks to improve water access, increase food production, and reduce carbon emissions and energy costs associated with fuel usage. Consequently, this enhances human resilience to climate change and contributes to the improvement of farmers’ income. This study investigates the influence of solar energy adoption on farmers’ income, drawing insights from 1,080 growers in Pakistan. It uses the logit model and propensity score matching (PSM) to address bias. Factors influencing income, including gender, education, decision-making autonomy, farm size, extension services, cooperative associations, access to credit, risk perception, market distance, and tube well availability, are identified. Findings reveal a positive correlation between solar energy adoption and increased crop farmer income. PSM analysis validates this, emphasizing the need for government and agricultural extension interventions to enhance financial accessibility for farmers facing mobility challenges. This includes subsidies for technology adoption and knowledge dissemination about digital technology. The study advocates for an accelerated adoption of solar energy to foster agricultural development in Pakistan. In resource-poor nations like Pakistan, government subsidies are crucial to offset technology costs for citizens facing challenges in affording green energy. Addressing Pakistan’s energy crisis through promoting solar energy for irrigation can amplify farmers’ income. It is imperative to promote access to this technology, particularly for water pumping, through subsidies and readily available credit facilities, given the resource limitations and small landholdings of many farmers in Pakistan.
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1 Introduction

Globally, approximately 2 billion people face food insecurity, reflecting a discouraging trend in nutrition indicators (Lefore et al., 2021). Unfortunately, strategies aimed at reducing chronic hunger and enhancing livelihoods encounter limitations due to risks associated with climate change and ecological resilience. In historical contexts, irrigation has proven instrumental in significantly boosting food production. Recent studies suggest that implementing irrigation in severely food-insecure areas could pave multiple pathways to improved nutrition. Additionally, access to water for domestic and sanitation purposes is crucial for advancing nutrition and livelihoods (Passarelli et al., 2018). However, the development of water access strategies must carefully consider climate and environmental risk mitigation. The efficacy of water usage in addressing nutritional gaps and reducing poverty is now under scrutiny due to the uncertainties posed by climate change (Balasubramanya and Stifel, 2020). Amid global challenges such as climate change and food security, South Asia, particularly Pakistan, faces a pressing issue deeply intertwined with its agrarian foundation (Rasul, 2021; Khan et al., 2023). The region heavily relies on pump-lift irrigation, predominantly utilizing groundwater for crop irrigation. According to Mukherji’s findings, South Asia stands out as the world’s largest consumer of groundwater, withdrawing a staggering 210 km3 annually. This critical dependence on pumping groundwater underscores the intricate relationship between the energy sector and irrigation, commonly referred to as the “energy-irrigation” nexus (Mukherji and Shah, 2005; Ali and Behera, 2016; Batool et al., 2022).

However, this nexus does not exist in isolation; it forms a complex triad with poverty, creating what is referred to as the “energy-irrigation-poverty” nexus. Understanding the intricacies of this nexus becomes paramount, especially in the agricultural landscape of developing nations like Pakistan, as global challenges loom large. In recent years, Pakistan has confronted severe electricity shortages due to a substantial deficit in power generation and a continuous surge in energy demand across the industrial, agricultural, and domestic sectors. Recognizing energy as the central driver for the nation’s financial advancement, the growing gap between energy demand and capacity significantly hinders Pakistan’s inclusive development. This difference has led to an escalation in electricity prices, creating barriers to affordable and sufficient energy access for a significant proportion of the impoverished population (Asif, 2012). The repercussions extend beyond economic constraints, significantly impacting various sectors, particularly the agricultural domain in Pakistan.

With over 63% of Pakistan’s 180 million-strong population residing in rural areas, where agriculture and related activities form the backbone of livelihoods, the consequences are profound. The agricultural industry makes up around 22.9% of the national GDP, supporting approximately two-thirds of the population. It accounts for 50% of the nation’s exports and engages 37.4% of the workforce (Ali and Behera, 2016; Khan et al., 2020). This noteworthy contribution stems from favorable climatic conditions that empower farmers to cultivate a diverse array of economically viable fruits, crops, nuts, and vegetables of the highest export quality, positioning the sector favourably on a global scale. In Pakistan, the widespread practice of irrigating farmlands with conventional electricity-powered water pumping is crucial for cultivating staple crops like maize, wheat, and rice, ensuring food security and poverty alleviation (Ullah et al., 2023). The country has faced a severe energy crisis, leading to frequent power outages and rising electricity tariffs, particularly impacting farmers relying on pump-lift irrigation. This energy shortage hampers input applications, affecting crop production and national food security. In response, farmers are increasingly seeking reliable alternatives to electrically-driven pumps, with a notable shift towards solar energy technology.

This transition addresses uncertainties in power supply and strategically meets the rising water demand for crop irrigation throughout the harvesting period. It reflects a pragmatic adaptation to the challenges posed by the energy crisis, ensuring a stable energy source for sustaining agricultural activities and contributing to the broader goal of consistent water supply for crop irrigation. The pump sets driven by alternative energy sources offer cost-effective and convenient solutions, providing farmers with greater elasticity and autonomy in watering their crops compared to traditional electrically powered pumps. The escalating costs and scarcity of traditional energy sources, such as diesel and electricity, have created substantial potential for the adoption of renewable energy-utilizing water pumps in Pakistan (Raza et al., 2020). Water energy via solar systems, in particular, is anticipated to provide a fitting solution to supply water for household usage and irrigation requirements, especially in rural regions of Pakistan where lack of grid electricity or insufficient availability.

Globally, concerted efforts are underway, both in Pakistan and elsewhere, to implement the utilization of solar energy pumps for crop irrigation (Kamran, 2018; Raza et al., 2020). The water pumping technologies through the immense efficiency of renewable energy base in Pakistan are underscored by the abundant sunlight of the country, with approximately 300 days of sun per year. Additionally, the prevalence of huge areas in rural villages that have no approach to grid connections, coupled with extensive use of groundwater for irrigation, further accentuates the suitability of renewable energy solutions. The study also delves into the contemporary shift to solar energy, positioning itself at the forefront of sustainable agricultural practices amid Pakistan’s severe energy crisis. The research provides valuable insights into the economic, environmental, and practical dimensions of renewable energy adoption, contributing significantly to discussions on inclusive development and agricultural sector resilience.

However, the widespread implementation of this renewable-energy technology for water pumping hinges on its fiscal feasibility and ecological viability (Ali and Behera, 2016; Terang and Baruah, 2023). Despite the promising prospects, the economic and environmental sustainability of this technology will play a crucial role in determining its large-scale acceptance. In addition to these factors, the dispersion of renewable water-pumping technology in remote areas of Pakistan will be significantly influenced by the intensity of awareness among farmers and various social, economic, and demographical features. The primary objective of the current study is to systematically identify the adoption of solar energy technology and its impact on farmers’ income. By delving into the drivers behind the adoption of specific technology, the research endeavors to contribute valuable insights that can inform policies and practices in the agricultural sector, especially in the context of sustainable and renewable energy usage.

The remainder of the paper is ordered as follows. The methodology and analytical framework are shown in Section 2. Part three delves into the results and discussion, while part four outlines the conclusions.



2 Theoretical framework and method


2.1 Theoretical framework


2.1.1 Adoption decision modeling and affecting issues

The adoption of technology in developing countries is often hindered by challenges such as insufficient financial resources, inefficient marketplaces, inadequate rural infrastructure, and a lack of knowledge (Alshubiri et al., 2019; Zhang et al., 2021). Despite these obstacles, estimates from Asfaw et al. (2012), Aker et al. (2016) suggest that farmers would be inclined to embrace technological advancements if they can enhance their efficiency and net income. In light of these considerations, the study employed the random utility framework proposed by Asfaw et al. (2012) to simulate the adoption of solar energy. The existing investigation assumes that farmers exhibit risk-averse behavior and choose solar energy that optimizes their utility function while considering input costs and other limitations. Let [image: image] represent the utility derived by farmer [image: image] from adopting solar energy and [image: image] represent the utility gained by not accepting solar energy. Under this postulation, [image: image] is defined as [image: image], and it is considered a positive [image: image] if the utility gained from adopting modern technology exceeds the value obtained from not adopting it (Abdulai and Huffman, 2014; Deng et al., 2019; Martínez-Domínguez and Mora-Rivera, 2020; Twumasi et al., 2021; Zheng H. et al., 2021; Zhu et al., 2021). Moreover, since the actual values of these utility ratings cannot be directly observed, the study represents them in the latent variable model as functional aspects, addressing the challenge of unobservable variables.

[image: image]

The [image: image] equation represents the relationship, where [image: image] is a binary variable taking the value of one if [image: image] is greater than zero (indicating the adoption of solar energy) and zero otherwise (Eq. 1). In this equation, [image: image] is a vector encompassing household characteristics and technology, [image: image] represents the parameter vectors to be determined, and [image: image] is the error term, with [image: image] following a normal distribution [image: image]

The vectors [image: image] represent household characteristics and technological factors, respectively. The parameter vectors [image: image] need to be evaluated, and [image: image] is the error term with [image: image] following a normal distribution [image: image]

[image: image]

The Eq. 2 “[image: image]” were used to calculate the direct impact of solar energy adoption on the dependent variable, such as farmers’ income. However, this approach may yield inaccurate results since it assumes that external factors have minimal influence on the adoption of solar energy. Furthermore, the non-random nature of the treatment task, stemming from individual self-selection and planning, introduces selection bias issues. This bias arises when unobserved factors are correlated with the standard error [image: image] in the adopted definition and the error term [image: image] in the outcome model. In light of this consideration, the ordinary least square approach is likely to produce biased results (Ali and Abdulai, 2010; Zhang et al., 2021).

In earlier research, various econometric models have been employed to address the challenge of selection bias. These models include the instrumental variable, Heckman’s two-stage, propensity score matching (PSM), and differences in differences (DID) approaches. Heckman’s two-stage method operates under the assumption that unobserved factors are typically distributed. However, the instrumental variable approach faces constraints, particularly when attempting to incorporate at least one variable into its selection model, limiting its usefulness for outcome assessment. Additionally, this approach’s effectiveness is contingent upon the functional procedure of the result equation. Another promising method for reliable and unbiased evaluation of selection bias is the DID approach. It is worth noting that the DID approach is specifically tailored for panel data surveys (Ali and Abdulai, 2010; Khan et al., 2021; Li et al., 2021), which regrettably have not been leveraged in earlier investigations. This absence of utilization surpasses the limitations inherent in previous techniques. To address bias in the data, this study adopts the PSM procedure developed by Rosenbaum and Rubin (1983). This approach enhances the comprehensibility of the operational forms and distributional prospects used in describing the outcome equation (Becerril and Abdulai, 2010; Luo and Niu, 2019; Dohmwirth and Liu, 2020).



2.1.2 PSM method estimations

We assessed the outcome variables by comparing cases where farmers received treatment for solar energy adoption with cases where they did not measure the impact. The challenge lies in deciphering the effects of solar energy adoption when considering counterfactual findings. The calculation of the average treatment effect (ATE) in the counterfactual scenario is outlined as follows (Rosenbaum and Rubin, 1983).

[image: image]

Where [image: image] represent the outcomes of farmers i who have adopted solar energy and farmers i who have not adopted solar energy, respectively. However, placing farmers accurately into treatment or control groups may pose a challenge, leading to potentially inaccurate estimates in the explanation provided by Eq. 3 (Dillon, 2011). Frequently, for each farmer i, only the outcome [image: image] is deliberate at a given point in time. The variable D represents a dummy variable, which is equal to one for a farmer’s adopter and zero for a farmer’s non-adopter. Therefore, the discovered result [image: image] is offered as follows:

[image: image]

Assuming the absence of selection bias, this research explores the influence of solar energy adoption on households that have embraced it, focusing on the ATT.

[image: image]

In this context, [image: image] represents the counterfactual outcome, with [image: image] denoting the household feature vector. The calculation of the ATT in the formula is imperative, as the absence of counterfactual findings introduces the potential for bias in the computation Eq. 5 (Ngango and Seungjee, 2021; Zhou et al., 2021).

The PSM method facilitates the pairing of solar energy adopters with non-adopters by aligning their distributions across various observed variables (Li et al., 2021). Commonly referred to as the probability of solar energy adoption, PSM is underpinned by two competing concepts. According to the conditional independence hypothesis (Imbens and Wooldridge, 2009), the selected outcome and state variables are independent for a typical range of observable covariates [image: image]. The second hypothesis, known as the frequent sustenance stipulation, posits that 0 < Pr (D = 1X) < 1. This condition is deemed crucial as it signifies an overlapping requirement, given that adopters and non-adopters are more possible to select comparable covariates.

The examination of PSM for solar energy adoption involves employing the logit method. Subsequently, the treatment and control groups undergo matching using three distinct techniques: radius matching (RM), nearest neighbor matching (NNM), and kernel-based matching (KBM). These algorithms, commonly utilized in cross-sectional datasets, aim to assess the average effect of a treatment. The NNM estimator is employed to match each treated individual with the nearest PSM control individual (Hou et al., 2018; Zheng H. et al., 2021). In the KBM approach, each analyzed individual is matched with the weighted average of every control individual in the shared support part (Becerril and Abdulai, 2010; Hou et al., 2018; Heckman et al., n.d.). Conversely, the RM procedure within the defined PSM range (calipers) matches the treated information to the control observation (Dan et al., 2021).

Ensuring a balanced variable distribution between the treatment and control sets is crucial post-matching. The data supporting the balancing test reveals no latent variances in the variables between these two groups (Dan et al., 2021). For a comprehensive illustration of diagnostic statistics, (Sianesi, 2004) suggests a comparative approach using pseudo-R2 values before and after matching. Pseudo R2 reflects the impact of the independent variable on the likelihood of enrolling in the program. Post-matching, systematically consistent distribution of the crucial variable across adopter and non-adopter groups results in a lower pseudo R2 (Becerril and Abdulai, 2010). The covariate balancing hypothesis posits that the cumulative effect of independent variables is nullified following correlation (Ali and Abdulai, 2010). Nevertheless, the absence of systematic distinctions or noticeable bias in covariate distribution between the two groups does not automatically ensure the absence of hidden bias robustness. A thorough evaluation of the assessed ATA is imperative for bias consideration. Hence, we implemented the boundary strategy to determine the significance of unobserved factors’ influence on outcome variables, assessing whether it could substantially affect the matching technique.




2.2 Study sites and data collection

Balochistan, the largest province in Pakistan spanning 347,190 square kilometers, presents significant economic opportunities in agriculture. The region’s conducive environment for cultivating cash crops suggests a potential thriving agricultural sector (Shami et al., 2016; Abdullah and Ahmed, 2018). However, this potential faces obstacles, with water scarcity and inadequate energy infrastructure ranking among the foremost concerns. A notable 81% of farmers express apprehension about these challenges (Ashraf and Routray, 2013). To illuminate this scenario, an extensive study was conducted in Balochistan between September 2022 and February 2023 (Figure 1). The research involved the distribution of 1,080 questionnaires to crop farmers and direct interactions with growers, employing a multistage random sample technique for data collection. The research delved into the initial adoption of solar energy by farmers, focusing on five districts chosen based on their respective farming production proportions. In the second phase, ten tehsils were thoughtfully selected from the districts to ensure comprehensive coverage. These tehsils became the target for completing the planned questionnaire. Advancing to the third phase, twenty union councils were chosen from the ten tehsils, facilitating a representative sample of the population. In the fourth stage, forty villages were randomly nominated from the twenty union councils, ensuring a diverse range of perspectives. Valuable information was then collected from 1,080 growers residing in these nominated villages. The research questionnaire, designed to be comprehensive, covered various aspects. The primary section focused on collecting socioeconomic and demographic data from the contributors, whereas the subsequent sections were tailored to collect data on solar energy adoption. To ensure accuracy and clarity, detailed interviews were conducted due to the questionnaire’s complexity. A pre-testing phase was implemented to address uncertainties and refine the questionnaire, covering a wide range of information on growers’ socioeconomic aspects, solar energy adoption, and other relevant study variables. The collected data underwent meticulous editing and coding using Stata 14 to guarantee accuracy, authenticity, homogeneity, coherence, and completeness.

[image: Figure 1]

FIGURE 1
 Sampling stages to select farmers.





3 Empirical results and discussion


3.1 Main variables and their descriptions

The data presented in Table 1 provides insights into key variables. Notably, 43% of respondents in the study district accepted solar energy, with a dominant 71% being male among the sampled household heads. Respondents had an average age of about 49 years and an educational attainment of around 4 years. These statistics shed light on demographic patterns and adoption trends in the surveyed population, enriching our analytical perspective. The average family size is 6 individuals, and each family typically owns 3.21 tropical livestock units. Tube well ownership is limited to 31% of farmers, while the remaining 69% depend on borrowing water for irrigation, indicating a thriving groundwater market in Pakistan. Load-shedding statistics reveal daily outages exceeding 11 h in rural areas, severely impeding the use of modern inputs and negatively impacting agricultural areas. The study estimates that 48 growers are living in poverty. Exploring energy sources, electricity emerges as the preferred choice for most farmers, followed by solar energy. On average, each household cultivates 1.8 hectares of arable land, and the annual farmers’ income was 65,840 PKR. This comprehensive information offers valuable insights into the intricate dynamics of solar energy adoption, water management, and socio-economic conditions within the surveyed population.



TABLE 1 Descriptive statistics for vital variables.
[image: Table1]



3.2 Variations in household characteristics by an adoption group

Based on the insights gleaned from Table 2, there are notable distinctions in socioeconomic and farm-level characteristics between adopter growers and non-adopter producers. Specifically, the average income of wheat farmers who have accepted solar energy (105.786 PKR) surpasses that of non-adopters (78.564 PKR). Furthermore, those who have embraced solar energy exhibit significant differences in asset ownership, possessing larger quantities of both cattle and land. These outcomes underscore that, when considering demographic aspects such as age, gender, education level, and family size, the average solar energy adoption among growers is higher compared to non-adopters. Additionally, a noteworthy difference exists in the proportion of male-headed households between solar energy adopters and non-adopters. Table 2 reveals that solar energy adopters are more likely to have access to agricultural extension services, weather prediction data, credit facilities, and reliable data sources.



TABLE 2 Variations in family features by adopting group.
[image: Table2]

Crucially, farmers utilizing solar energy display a greater awareness of new technologies and a higher propensity to experiment with them compared to their non-adopting counterparts. Regarding growers’ understanding of subsidy strategies, there is no statistically significant difference between adopters and non-adopters. Another notable distinction among adopters lies in their affiliation with farmers’ organizations, with a higher proportion of adopters being members of growers’ cooperatives. According to these findings, younger growers are more likely to accept renewable energy technology for land irrigation, while experienced growers tend to adhere to conventional and non-renewable energy machinery. This divergence may be attributed to the lesser familiarity of elderly farmers with modern, renewable energy technologies.



3.3 Determinants of solar energy

Table 3 presents an analysis of the potential outcomes of a guestimate logit model evaluating factors influencing the adoption of solar energy. The results indicate that various factors significantly impact farmers’ income and the likelihood of farmers embracing solar energy. The gender-specific coefficient for solar energy is positively significant, indicating that male wheat producers exhibit a greater inclination than their female counterparts toward adopting innovative energy sources, such as solar energy. For both biogas and solar technology, the coefficients associated with access to credit are positive and substantial. This suggests that access to financial resources plays a crucial role in encouraging the adoption of energy-efficient water pumps in Pakistan. In the context of solar energy adoption in China, our findings align with those of earlier lessons (Yang et al., 2021). This underscores the empowering effect of education on farmers, enabling them to consider and implement modern technologies. Our research in specific areas indicates a higher likelihood of solar energy usage among male farmers compared to their female counterparts (Zhu et al., 2021). This observation resonates with the findings of (Nahayo et al., 2017; Zheng X. et al., 2021), highlighting that female farmers are less likely to embrace contemporary farming techniques due to limited access and control over assets. Furthermore, the size of land holdings and the impact of climate change emerge as significant factors influencing the likelihood of adopting solar-powered machinery. These results donate to a complete aware of the multifaceted determinants of solar energy adoption in agricultural contexts.



TABLE 3 Calculation of logit model for factors of solar energy adoption.
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Consistent with a previous study, we observed a higher propensity for members of farmers’ cooperatives to adopt solar energy compared to non-members. This underscores the pivotal role of social capital in expediting the acceptance of technology. Our findings indicate that households receiving regular visits from agricultural extension specialists are more inclined to adopt modern solar technologies than those without such visits. The rationale behind Agri-extension networks lies in their ability to assist farmers in acquiring essential knowledge and pertinent data related to farming production (Dan et al., 2021). Access to financing is also deemed crucial in increasing the likelihood of solar energy adoption, aligning with the findings of Kim et al. (2021), who emphasized the role of credit in helping producers amass sufficient funds for contemporary technology. The results presented in Table 3 highlight that access to weather prediction information significantly enhances the likelihood of solar energy adoption. Meteorological data availability empowers producers to make more informed decisions in their agricultural activities. The swift adoption of agricultural technology in Nigeria lends support to this conclusion (Wossen et al., 2017). Furthermore, the favorable and significant climate risk coefficient suggests that farmers motivated to explore technological advancements have a higher likelihood of success. This outcome corroborates the findings of Koundouri et al. (2006) regarding the utilization of contemporary technologies in Greece. Frisk-averse farmers may address productivity uncertainties and risks by embracing modern technologies. In contrast, (Mariano et al., 2012) in the Philippines noted that risk-averse and profit-oriented growers are frequently attracted to contemporary high-yield products and farmers’ income.



3.4 Impact of solar energy adoption on farmers income

To assess the influence of solar energy adoption on farmers’ income, we employed the propensity score matching approach, as detailed in the methodology section. The propensity score matching technique ensures an equitable distribution of independent variables between solar energy adopter growers and non-adopter growers. Figure 2 illustrates the extent of the application of the propensity score matching method and the areas where both groups received support. Consistent with the hypothesis proposed by Caliendo and Kopeinig (2008), the density distribution of adopter growers and non-adopter growers, as determined through this approach, aligns with typical support scenarios. To ensure a proper match of observable household attributes between adopter growers and non-adopter growers, twenty-seven treated cases that were identified as unsupported were eliminated post-analysis. This step is crucial for maintaining the integrity of the comparison between the two groups.

[image: Figure 2]

FIGURE 2
 PSM is employed to estimate the comparability between treated and untreated groups, showcasing the robustness of the obtained results.


Table 4 provides an in-depth analysis of the ATT, illustrating the influence of adopting solar energy on farmers’ income. Three commonly used propensity score matching algorithms KBM, RNM, and RM are employed to evaluate the ATT value. The outcomes from these algorithms consistently reveal a significant impact of solar energy adoption on farmers’ income. Specifically, the adoption of solar energy is associated with an average income increase of approximately 193.38 (using KBM), 199.79 (with RNM), and 197.14 (using RM). On average, farmers adopting solar energy generate 193.38 to 199.79 more income per hectare of land compared to non-adopters. This finding is in line with Kim et al. (2021), emphasizing that the adoption of technologies significantly enhances farmers’ income.



TABLE 4 Propensity score matching results of sensitivity analysis and solar energy adoption impact on farmers’ income.
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In Section 3, an examination of sensitivity and a test for balancing covariates were imperative to assess the strength and effectiveness of the matching procedure’s results. The outcomes, presented in Table 5, confirm the precision of the matching, revealing a significant decrease in deviance through the employed strategy. Specifically, there was a substantial reduction in bias, decreasing from 64.32% before matching to a range of 10–14% post-matching, indicating a consistent 80–87% overall reduction in bias. Furthermore, the post-matching R2 values for all techniques consistently decreased compared to pre-matching, evident in the difference between the pseudo-R2 values in the second and third columns. After the matching process, there is limited evidence suggesting a consistent change in the distribution of independent factors between adopter and non-adopter groups. Additionally, the elevated p-value from the likelihood ratio test post-matching dismisses the idea that the collective significance of descriptive variables differs between the two groups. Overall, both adopter and non-adopter farmers exhibit minimal variations in covariate distribution after matching, aligning with the findings of previous studies utilizing comprehensive covariate matching assessments. Consequently, we can assert that the proposed design of the propensity score matching analysis method effectively balances the characteristics of adopters and non-adopters.



TABLE 5 Results of the balancing analysis of covariates from matching estimators.
[image: Table5]

We delved deeper into hidden biases arising from unobservable factors using the Rosenbaum boundary sensitivity examination approach. The critical results regarding hidden bias for the three matching approaches are detailed across seven columns in Table 4. The outcomes from RM and KBM suggest that, at a 5% significance level, the measured hidden bias value was 3.75. This finding indicates that solar energy adoption is not responsive to unobserved variations, significantly enhancing the reliability of using solar energy to predict the average treatment impact of growers’ profits. Furthermore, the study’s outcomes exhibit resilience against concealed bias and align with the conditional fairness assumption inherent in the propensity score matching technique.




4 Conclusion

In modern agricultural practices, the study reveals a significant interconnection between energy and irrigation, with groundwater abstraction being the primary source. This relationship plays a pivotal role in contributing to agricultural yields, farm revenue, and rural employment. However, the adverse effects of Pakistan’s energy challenges on the agricultural sector are evident, prompting farmers reliant on groundwater to explore alternative energy sources for pumping. Drawing on data from 1,080 growers and utilizing the logit model, the study identifies key factors influencing solar energy adoption. Education, gender, agricultural extension services, farm size, cooperative membership, risk and credit awareness, and tube well ownership are highlighted as crucial determinants of adoption decisions. The subsequent PSM analysis validates that the adoption of solar energy significantly enhances income, emphasizing its potential impact on the economic well-being of crop farmers.



5 Policy implications

Given the identified factors influencing solar energy adoption and its positive impact on income, policy implications emerge. Government and agricultural extension interventions are deemed necessary to enhance financial accessibility for growers facing mobility challenges. Subsidies for technology adoption and knowledge dissemination about digital technology are recommended to encourage solar energy adoption among farmers. Effective extension services and support for farmer cooperatives are highlighted as key strategies to address barriers to adoption. The study underscores the strategic importance of raising farmers’ education levels to bolster solar energy adoption. The policy recommendations advocate for urgent implementation of regulations ensuring universal access to digitalization and a strategic increase in adoption through public-private collaboration, carrying significant implications for Pakistan’s agricultural landscape.



6 Limitations and future research directions

Despite the potential benefits, the study acknowledges certain limitations. The affordability of renewable energy-powered water pumps poses a hurdle, particularly for marginal and small-scale farmers, necessitating targeted financial support from the government. In suggesting future research directions, the study identifies potential avenues for further investigation. This includes broadening the scope beyond solar energy adoption to explore additional antecedents such as eco-friendliness concerns and financial sanctions. The examination of variables like dedication and participation concerning farm household characteristics and green innovation willingness represents a promising research direction. The study emphasizes the importance of expanding the sample size to validate findings and conducting analogous studies in diverse emerging countries to enhance result generalizability. Furthermore, the suggestion to diversify data collection methods, including semi-structured questionnaires and online interview techniques, is made to provide deeper insights into the intricate dynamics of solar energy technology adoption and its implications.
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Introduction: The construction of digital villages is widely acknowledged as a way to achieve the “dual goals” of high quality of the agricultural and rural economy and common prosperity under the digital China strategy. Studies have explored the socio-economic benefits of different aspects of rural digitization, but few have focused on the productivity role of rural broadband development in the context of the urban-rural broadband divide. The purpose of this paper is to explore the relationship between rural broadband development and agricultural total factor productivity (TFP) and the intrinsic mechanism of action, and to provide empirical evidence on the productivity effect of promoting digital transformation in rural agriculture.

Methods: Using panel data from 31 provinces in China from 2011 to 2020, this paper investigates the impact and mechanism of rural broadband development on agricultural TFP from the perspective of agriculture-related loans by setting up a two-way fixed effects model, a mechanism effects model and a threshold effects model.

Results: The results find that rural broadband development has a significant role in enhancing agricultural TFP. Heterogeneity analysis indicates that the productivity-enhancing effect of rural broadband development is remarkable only in the central region and the region with higher rural disposable income. Mechanism analysis points out that rural broadband development can increase agricultural TFP by influencing the share of farm-related loans. Threshold analysis further reveals that the role of increasing the share of farm-related loans on agricultural TFP is marked only after rural broadband development reaches a certain level.

Discussion: These findings can provide practical guidance for other developing countries in accelerating the digital transformation of villages and optimizing factor allocation to achieve high-quality agricultural development.
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1 Introduction

With the promotion, application, innovation, and upgrading of the new generation of information technology, the digital economy has become a new form of economic development in various countries (Pan et al., 2022). Relevant data show that the scale of digital economic value added in 47 countries reached 38.1 trillion US dollars in 2021, with 45 percent of gross domestic product (GDP) providing important support for the global economic recovery, of which the industrial digitization scale is $32.4 trillion.1 As an important engine of the digital economy, industrial digitization refers to the increase in output and efficiency brought about by the application of digital technology in traditional industries. With the increasing penetration of digital technology in various stages, such as production, distribution, and sales, scholars have conducted a series of studies on industrial digitalization, combining digital technology application practices (Malik et al., 2022) and application prospects (Deller et al., 2021). Although the level of agricultural digitization is relatively low due to the characteristics of the industry (Rijswijk et al., 2021), the regional digital divide (Philip and Williams, 2019), and other constraints, its importance to the development of the agricultural economy, the importance of social harmony and stability and the transformation of the national economy, and the related issues that determine the interaction between digital technology and the development of the agricultural industry will remain a focus of attention for stakeholders in the future.

According to a McKinsey research report2, by 2030, the widespread adoption of agricultural internet could bring an additional value of $500 billion to the global GDP, which is 7 to 9% higher than the previously expected total. To ensure interconnectivity between rural households, farms, and businesses, the US Department of Agriculture (USDA) invested $1.3 billion in rural broadband infrastructure in 20203. As a digital technology, broadband internet has obvious advantages in reducing the time cost of production and marketing information transmission (Ogutu et al., 2014; Fernando, 2021). Scholars have studied the utility of different digital tools in terms of technology adoption (Zhu et al., 2021), poverty reduction, and income generation (Leng, 2022) in the context of their practical application, but the relationship with agricultural productivity has been less explored. Existing studies on agricultural productivity have centered on its measurement and evolution (Wang et al., 2019), influencing factors (Fabregas et al., 2019), allocative efficiency (Liu D. et al., 2023; Liu S. et al., 2023; Zhang A. et al., 2023; Zhang X. et al., 2023), etc. The digital transformation of agriculture in the digital era adjusts the dynamics of agricultural economic growth (Fu and Zhang, 2022; Shen et al., 2022) and creates opportunities to improve the long-standing factor-input-led agricultural economic growth (Gong, 2018). As a key to agricultural digitization, rural broadband development can provide a strong and reliable network base for diverse digital technology applications (Malik et al., 2022). Therefore, this paper attempts to analyze the relationship between rural broadband development and agricultural TFP at the macro level in order to strengthen the general understanding of the sharing of digital dividends on the production side of agriculture and to help scale and intensify the development of agricultural and rural digitization.

Credit is a crucial component of agricultural production systems that can provide producers with financing for production (Feder et al., 1990), but credit constraints have been a significant factor contributing to the adoption of modern agricultural technologies and low agricultural productivity in l middle- and low-income countries (Balana et al., 2022). Smallholder farmers, in particular, have long been constrained in their production investment decisions by the financial market environment (Karlan et al., 2014). Governments have actively formulated differentiated lending policies and fiscal policies to guide the flow of financial capital to rural areas and agriculture to reduce credit constraints, such as China’s agricultural loan increase incentive policy in 2009. Compared with other informal financial institutions, agriculture-related financial institutions can, to a certain extent, alleviate the exclusion of investment in the “three rural” sectors by the profit-oriented attributes of the capital market. The purpose of obtaining credit is to finance agricultural production (Ai et al., 2023), and formal sources of credit have higher rates of technology adoption (Regassa and Melesse, 2023). So, can rural broadband development in the context of digitization leverage its advantages in reducing market information uncertainty (Crawford et al., 2018) and innovating financial products (Niu et al., 2022) to ease agricultural credit constraints and enhance agricultural TFP? Therefore, this paper focuses on refining the role of Internet broadband technology in both new technological innovations and the reduction of information asymmetry, drawing the logical framework shown in Figure 1.
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FIGURE 1
 Logical framework of the mechanism.


This research uses data from provincial panel surveys from 2011 to 2020 in China to investigate the mechanisms and impacts of rural broadband development on agricultural TFP from the perspective of loans related to agriculture. The possible contributions of this paper are as follows: first, although the existing literature has explored the impact of different aspects of rural digital transformation on agricultural total factor productivity, this paper finds ways to improve the rate of agricultural total factor productivity development by analyzing the impact of rural broadband development on agricultural total factor productivity based on the fact of the digital access gap between urban and rural areas in China and in light of the importance that countries have attached to investment in rural broadband development. Second, based on the importance of credit to agricultural production, this paper analyzes the role of agriculture-related loans in the relationship between rural broadband development and agricultural total factor productivity and broadens the path for improving agricultural total factor productivity in the digital transformation of the countryside. Third, this study further points out the variability of the role constraints and effects that rural broadband development has on productivity in different agriculture-related loan allocations, providing ideas for optimizing factor allocation.

The remainder of the study is structured as follows: Section 2 gives the theoretical mechanisms and research hypotheses. Section 3 is the research design. Section 4 is the analysis of the empirical results. Section 5 is the discussion. Section 6 presents the conclusion and policy recommendations.



2 Theoretical mechanism and research hypothesis


2.1 Relationship between rural broadband development and agricultural TFP in China

The advancement of agricultural TFP has long been the subject of research since it is a crucial sign of high-quality agricultural development (Fan, 1991; Bustos et al., 2016; Gebresilasse, 2023). In addition to being the cornerstone of sustainable economic development and the foundation of national economic growth (Gong, 2020), improving agricultural TFP is a key strategy for enhancing food conversion efficiency (Searchinger et al., 2018) and optimizing the rural industrial structure (Bustos et al., 2016). In the past, expansion based on inputs was the primary driver of agricultural output growth. In order to change the resource and environmental destruction caused by past input-based agricultural growth patterns, alleviate the current pressure of rising factor costs, and meet future demands for healthy and nutritious food, institutional changes (Sheng et al., 2019), technological advances (Gong, 2018; Chambers and Pieralli, 2020) are needed to enhance the ability to respond to technological frontiers for to cope with weather changes and increase agricultural productivity.

The innovative application of diverse digital technologies such as IoT and blockchain under the rapid growth of information and communication technologies has created conditions for the digitalization of agriculture (Shen et al., 2022). Among them, agricultural broadband development can provide a reliable and powerful network foundation for its digital transformation and scale development. First, rural broadband development has the generic attributes of information and communication technology, which can break the spatial and temporal barriers of information transmission (Wu and Zhang, 2020). The negative impact of market information asymmetry and long distribution channels on the total and structural imbalance between supply and demand of farm products has seriously hindered the improvement of agricultural production efficiency and effectiveness, while the construction of network bridges under rural broadband development can increase the connectivity density between the main bodies, and improve the access to the market for small farmers (Ogutu et al., 2014).

Second, rural broadband growth is conducive to the subjects’ enrichment of technology access and innovation of production and business models (Pant and Odame, 2017). Such as small farmers can use cell phones and computers to obtain production technology guidance (Zhu et al., 2021), and adjust agricultural fertilizer and other factor inputs (Ma and Zheng, 2021). At the same time, as the “last mile” of the digital divide, the scaled-up growth of rural broadband can maximize the digital dividend brought by market connectivity and make up for the higher construction costs (Hambly and Rajabiun, 2021). The emergence of distinctive “Taobao villages”4 across China in recent years is also a manifestation of the large-scale expansion of rural expansion, which has effectively improved the structure of the rural labor force and promoted qualitative agricultural development.

Third, the expansion of rural broadband could provide the network infrastructure that smart agriculture and precision agriculture require (Jiang et al., 2022). The integration of various digital technologies can improve the accuracy of factor inputs, achieve product traceability, innovate industrial organization, and increase productivity (Gebbers and Adamchuk, 2010; Fu and Zhang, 2022), but the realization of all these utilities is based on the premise of information interconnection, real-time data transmission, and effective analysis of the whole agricultural industry chain. Finger et al. (2019) also clearly stated that providing high-speed internet access to farmers is the essence of precision agriculture extension. Therefore, regardless of whether rural broadband is a communication infrastructure or an information delivery vehicle, the agricultural sector can maximize economic benefits through technological change (Farrokhi and Pellegrina, 2023).


Hypothesis 1: China’s rural broadband development can boost agricultural TFP.
 



2.2 The mechanism of rural broadband development’s effects on China’s agricultural TFP

Credit constraints have always been one of the main reasons for the low adoption of modern agricultural technologies and low agricultural productivity in middle- and low-income countries (Balana et al., 2022). This is partly related to historical factors, such as the reallocation of rural savings to urban areas due to the scissor effect between agriculture and industry during the process of economic development (Tsai, 2004), as well as by smallholder farmers’ own factors, such as limited knowledge of market information, fear of uncertain risks, and insufficient collateral (Balana et al., 2022). The market-oriented development of finance and the imperfection of rural credit institutions further induce small farmers to invest their surplus savings in other regions or nonagricultural industries, exacerbating the impact of credit constraints on agricultural production development. Scholars have explored a great deal around credit and agricultural production (Feder et al., 1990; Burgess and Pande, 2005). For example, land titling can alleviate the credit constraints of smallholder farmers with insufficient collateral (Gong and Elahi, 2022), access to credit can facilitate smallholder farmers’ choice of more productive technologies (Hossain et al., 2018), and sufficient credit funds can also increase agriculture inputs or make other productive investments.

ICTs have revolutionized the financial sector landscape (Niu et al., 2022). First, rural broadband can take advantage of ICTs in overcoming spatial and temporal constraints on information dissemination, reducing information asymmetry, and search costs (Wu and Zhang, 2020). Small farmers can utilize rural broadband for multi-subject online exchanges, access to production experience, and credit knowledge, and reduce uncertain risks, and can also accumulate human capital, and social capital to improve credit levels and broaden credit access channels. The current innovation of digital financial products and services has also alleviated, to a certain extent, the constraints of market uncertainty and lack of collateral faced by traditional finance (Crawford et al., 2018). Second, the innovative use of various digital technologies under rural broadband growth facilitates precise factor inputs, directly reduces production costs (Fabregas et al., 2019), and promotes the digital transformation of agriculture (Malik et al., 2022).


Hypothesis 2: China’s rural broadband development can affect agricultural TFP through agricultural loans and unleash the contribution of the ratio of farm-related loans to agricultural TFP.
 

ICTs can contribute directly to economic growth and can also increase the indirect effects of financial development on economic growth after a certain level of development (Gheraia et al., 2021). In terms of the economic growth effect of agriculture-related loans, although credit support can promote the adoption of higher productivity technologies, the increase in investment efficiency or profitability is also influenced by other factors (Hossain et al., 2018). For instance, by distributing risk and covering losses, agricultural insurance may expand the amount of credit available to farmers (Ai et al., 2023) and boost smallholder investment (Karlan et al., 2014). In contrast, rural broadband connectivity can mitigate market investment risks caused by information asymmetry, and the corresponding scale of development and the application of diverse digital technologies can enhance the early warning of natural risks, thus fundamentally and multidimensionally enhancing the efficiency-enhancing role of agriculture-related loans.


Hypothesis 3: The productivity-enhancing effect of the agri-related loan share is affected by rural broadband growth, and the contribution of the ratio to TFP in agriculture will be noteworthy only when rural broadband development reaches a certain level.
 

Based on the above analysis, Figure 2 presents a simple theoretical analysis diagram.

[image: Figure 2]

FIGURE 2
 Theoretical analysis diagram.





3 Data sources and methodology


3.1 Data sources

Combined with the availability of relevant variables in the research question, this paper selects 31 provincial panel data from 2011 to 2020 in China to analyze the impact and mechanism of rural broadband development on agricultural TFP based on agricultural loans. The following are the specific data sources. (1) The China Statistical Yearbook, China Population and Employment Statistics Yearbook, and statistical yearbooks for various Chinese provinces and cities are the sources of the input–output indicators of agricultural TFP, rural broadband growth indicators, and crucial control variables. (2) The primary sources of information regarding loan indicators relating to agriculture are the China Financial Statistics Yearbook and the China Rural Financial Services Report. (3) The digital finance index is from the Digital Finance Research Center of Peking University.



3.2 Variables


3.2.1 Dependent variable

This study utilizes the MaxDEA 7 Ultra software to measure the Global Malmquist index (GMI) as an indicator for calculating the TFP in agriculture. Considering the decomposability of the GMI, this index can be further defined as shown in Equation (1):
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where [image: image] and [image: image] denote the global distance indices in period t + 1 and period t, respectively. Considering the cumulative nature of the GMI index, namely TFP, this analysis uses 2011 as the base period for the gross output value of agriculture, forestry, animal husbandry, and fishery at constant prices. The input indicators specifically represent the input quantities of labor, land, machinery, fertilizer, and water resources, respectively. They include the total number of employees in the primary industry (10,000 people), the total area used for cultivation and aquaculture (1,000 hectares), the total power of agricultural machinery (10,000 kilowatts), the pure amount of chemical fertilizer applied (10,000 tons), and the amount of agricultural water consumed (100,000,000 cubic meters).



3.2.2 Independent variable

In terms of rural broadband development, this study adopts the rural per capita internet broadband penetration rate as its alternative variable, specifically measured by the ratio of the number of rural internet broadband access households to the number of rural households. On the one hand, this is because the rural labor force’s current organizational structure favors the use of mobile phones and other internet technologies more for communication and leisure than for production and operations. On the other hand, effective connectivity of rural broadband internet and network sharing can lower the scale-related costs of production and operations for the labor force involved in returning to their hometown for entrepreneurship, contributing to sustainable development. Philip and Williams (2019) also argued that it is important to focus on the availability and degree of rural broadband connectivity to drive the digital transformation of rural agriculture.



3.2.3 Control variables

By combing through the existing literature, this study further controls for other variables that may affect agricultural TFP (Fang et al., 2021; Hu et al., 2021; Zheng and Ma, 2021; Sun, 2022; Liu D. et al., 2023; Liu S. et al., 2023). First, the level of economic development and industrialization of a region is specifically measured by the per capita GDP and the share of value added of the secondary industry in the GDP. In general, regions with higher levels of economic development and industrialization will have more diversified demands for the quantity and quality of agricultural products, and provide more material products or technical support for agricultural production. Second, financial support for agricultural production is considered from both financial and technical aspects, using the share of regional public budget expenditure on agricultural, forestry, and water affairs and the digital financial index as its proxy variables, respectively. For a long time, credit constraint has been an important hurdle for agricultural production, farmers’ income, and rural prosperity. Increasing regional financial support for agriculture can directly alleviate financial constraints, such as reducing costs and improving operational efficiency through production subsidies or technology promotion. Digital finance, on the other hand, is an innovative form of financing with the rapid popularization and diversified application of Internet technology. Digital finance can reduce the degree of asymmetry of information in the trading market, broaden the subject’s access to financial support channels, and improve production and operation, but there are certain requirements for the level of digitalization of the region and individual digital literacy.

Third, the scale of agricultural production, the degree of mechanization, and the level of disaster will also affect the efficiency of agricultural production. In this paper, using the per capita sown area of crops, the ratio of the total power of agricultural machinery to the sown area of crops, and the ratio of the affected area of crops to the total area of crops to measure them, respectively. The degree of agricultural scale and the degree of mechanization can reflect the transformation of the mode of agricultural production and operation, and the improvement of the former also indicates the optimization of agricultural labor allocation. However, the productivity-enhancing effect of the degree of agricultural mechanization may also be affected by the matching of technology demand and supply, especially in the face of the increasing demand for functional innovations in machinery in the development of digital agriculture. In addition, the level of agricultural disaster affects agricultural total factor productivity negatively, but it is also likely to gradually weaken its impact on agricultural production with economic development and technological progress.



3.2.4 Other variables

This study primarily analyzes the effect and process of rural broadband development on agricultural TFP using the viewpoint of agriculture loans in light of the financial exclusion faced in the course of agricultural growth, rural transformation, and farmers’ income increase. The proportion of agro-related loans in each loan is used to illustrate the amount of support from financial institutions in the agricultural sector, taking into account the allocation of funds by financial institutions in the agricultural and nonagricultural sectors. Although Kassouri and Kacou (2021) found that the structure of the credit market influences agricultural development, not all farmers face credit constraints (Feder et al., 1990). The share of loans for agriculture, forestry, animal husbandry, fisheries, rural loans, and household loans within agricultural loans are further investigated to examine the structural effects and differences in the allocation of agricultural loans among different purposes, regions, and entities while considering the characteristics of agriculture, rural development, and farmers’ needs. Table 1 shows the statistic descriptions of the variables.



TABLE 1 Evaluation index system of rural industrial integration.
[image: Table1]




3.3 Model setting


3.3.1 Basic model

This study explores the effects of rural broadband development on agricultural TFP by using the Hausman test results and building a two-way fixed effects model, as defined in Eq. 2.

[image: image]

Where [image: image] is a series of control variables affecting agricultural TFP, [image: image] denotes province fixed effects, [image: image] denotes time fixed effects, and [image: image] denotes random error term.

This research builds two-way fixed effects models and random effects models to examine the impact of rural broadband expansion on agricultural technological progress and agricultural technical efficiency, respectively. This analysis helps to further understand the driving factors of agricultural TFP at the structural level. Therefore, Eqs. (3) and (4) correspond to the model estimation equations at the structural level, respectively:
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3.3.2 Mechanism analysis model

This study aims to evaluate the mechanism by which rural broadband development impacts TFP in agriculture from the standpoint of agricultural loans. Therefore, the following direct relationship and interaction effect between rural broadband expansion and agricultural loans are taken into consideration when building the econometric models, as defined in Eqs. (5) and (6).

[image: image]

[image: image]

Furthermore, with the advancement of the digital China initiative, the digital rural strategy, and the digital transformation of agriculture and rural areas, rural broadband growth can both represent and release the nonlinear effects of digital technology or data elements on the relationship between agricultural loans and agricultural TFP, as well as reflect and unleash the efficiency improvement of rural digital infrastructure. This study offers the following model based on the fixed effects threshold model by Hansen (1999).

[image: image]

Where [image: image] is the threshold value of rural broadband development, and [image: image]is the indicator function, which takes a value of 1 if the threshold condition in parentheses is satisfied and 0 otherwise. Based on the outcomes of the threshold effect tests, Eq. 7 gives a single threshold model that can be expanded to many threshold scenarios. This study further examines the threshold effects of rural broadband development on the relationship between various structural aspects of agricultural loans and agricultural TFP by taking differentiation criteria into account, such as the percentage of agricultural loans, rural loans, and household loans in agricultural loans.





4 Empirical results and analysis


4.1 Benchmark regression analysis

The effect of rural broadband development on China’s agricultural TFP is shown in Table 2. To determine the effect of rural broadband development on agricultural TFP, Models (1) to (4) gradually incorporate numerous control variables, including economic considerations, capital, and the agricultural production environment. The structural elements of agricultural TFP, namely agricultural technological advancement and agricultural technical efficiency, are specifically examined in Models (5) and (6). First, the regression analysis of Models (1) to (4) demonstrates that the growth of rural broadband greatly raises TFP in agriculture. The effect size of rural broadband development on agricultural TFP at a significant level of 1% is thus 0.136, supporting Hypothesis 1 when taking into account economic and capital control factors together. This also proves that the country’s efforts to establish a strategy for constructing the digital countryside and actively promoting the digital transformation of agriculture have achieved some results in agriculture’s economic growth.



TABLE 2 Benchmark regression results.
[image: Table2]

Second, the level of GDP per capita, the level of industrialization development, funding for agriculture, and the scale of agricultural production and operation all have a significant positive effect on agricultural TFP, and the efficiency enhancement effect of financial support for agriculture is the greatest. This finding suggests that financial support is still a key factor in advancing agricultural TFP. This implies that improving agricultural TFP can be facilitated by increasing or optimizing fiscal assistance for agriculture, as well as enhancing agricultural financial support forms. The negative impact of digital finance and agricultural mechanization intensity on agricultural TFP may be due to the relative complexity of the efficiency-enhancing effects of the two, such as the existence of a non-linear connection or restrictions by other factors. For instance, the degree of agricultural and rural digitization, the digital literacy of different business subjects, and the suitability of the supply and demand for machinery intelligence.

In addition, model (5) and model (6) set out the relationship between rural broadband development on agricultural technological progress and agricultural technological efficiency. Specifically, rural broadband development contributes 0.071 and 0.072 to agricultural technical advancement and agricultural technical effectiveness at the 1 and 5% significance levels, respectively. This result suggests that rural broadband growth can help improve the “single-wheel-drive” effect of agricultural technological progress on agricultural TFP, and liberates the previously underappreciated promotional value of agriculture technical efficiency on agricultural TFP.



4.2 Robustness test

To some extent, this study partially addresses the endogeneity issue caused by time-invariant, unobservable, and omitted variables by establishing a two-way fixed effects model and accounting for additional variables that influence agricultural TFP. In this paper, further tests are conducted in the following aspects, and the specific results are shown in Table 3.



TABLE 3 Robustness test.
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(1) Change the core explanatory factor. Combined with the research (Yu et al., 2021), this article investigates the association between rural broadband development and agricultural TFP by using the logarithmic value of rural broadband internet access subscribers, the first-order lagged term as a proxy for the core explanatory variables, respectively.

(2) Alter the sample size. Considering the proportion of the agricultural economy and the completeness of data in the four municipalities of Beijing, Tianjin, Shanghai, and Chongqing, as well as in Tibet, this study excludes these five samples and uses data from the remaining 26 provinces during the same period to evaluate the effect of rural broadband on agricultural TFP.

(3) Adjust the sample duration. Current digitalization, driven by various digital technologies such as the internet, has been a new driver in boosting the economies of various countries. However, the concept of “Internet Plus” as a national strategy in China was first proposed in 2015, and the rise of “Taobao Villages” occurred in 2014. It is possible that the subsequent expansion of rural broadband has had a more significant impact on agricultural TFP. Therefore, this study further examines the connection between these two factors using panel data from 31 provinces and cities in China from 2014 to 2020.

(4) Apply a new econometric model. Following Moser and Voena's (2012) research, this study extends the two-way fixed effects model to include the province–time interaction term.

All the regression findings, which correspond to Models (1) through (5) in Table 3, are consistent with the idea that rural broadband expansion considerably increases agricultural TFP. The outcomes of Model (4), which has the highest coefficient estimate, also imply that the efficiency-improving impact of rural broadband development is increasingly noticeable.



4.3 Endogenous test

This study expands on prior research (Lewbel, 1997; Bellemare et al., 2017) in order to reduce the endogeneity issue caused by other factors such as mutual causation. It then tests the basic model with the one-period and two-period lag terms of the core explanatory variables as well as the third-order moments to construct the two types of instrumental variables for rural broadband growth, respectively. The findings in Table 4 show that both models estimates are consistent with the claim that China’s rural broadband development greatly enhances agricultural TFP.



TABLE 4 Endogeneity test.
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4.4 Heterogeneity analysis

The level of rural broadband development and utilization in different regions may vary somewhat, and the corresponding efficiency-enhancing effects may also be heterogeneous. Therefore, this study splits the sample according to the east, center, and west regions and the average value of disposable income of rural residents for further analysis.

The regression results in Table 5 show that while the efficiency-enhancing effect of rural broadband in the eastern and western regions does not reach a significant level, the contribution of rural broadband development to agricultural TFP in the central region is significant at the 5 % level. Only the high-income samples show a substantial correlation between rural broadband expansion and agricultural TFP in terms of income levels. These findings imply that rural inhabitants across areas, especially those with varying income levels, do not equally benefit from the digital dividends of rural broadband growth. This may be connected to the rural dwellers’ economic pattern, which includes the rate of wage income and income from family businesses.



TABLE 5 Heterogeneity analysis.
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4.5 Mechanism analysis

Table 6 reports the impact of rural broadband development on agricultural TFP from the perspective of farm-related loans. Model (1) indicates that the negative contribution of rural broadband development to the agricultural loan share is significant at the 1% level. It also suggests that rural broadband development may have a greater promotion effect on non-agriculture-related loans. Well, can rural broadband development contribute to the increase of farm-related loans? The article analyzes the effect of rural broadband development on the non-farm related loan share and the agricultural loan absolute amount. To eliminate the unit effect, take the logarithmic value of the absolute value of the agricultural loan, the results are shown in the attached table. The study found that rural broadband development has a significant positive contribution to the share of non-farm-related loans, and the positive impact on the absolute value of farm-related loans did not reach a significant level.



TABLE 6 Mechanism analysis.
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Although rural broadband development negatively affects the share of farm-related loans, it does change the allocation of farm-related and non-farm-related loans in financial institutions, which in turn can affect agricultural productivity. Therefore, this paper further analyzes the relationship between rural broadband development, the share of farm-related loans, and agricultural TFP by combining the mediating and interaction effects. Comparing models (2), (3), and (4), it is found that when rural broadband growth and the share of farm-related loans are considered together, only the promotion effect of rural broadband development on agricultural TFP is significant at the 5% level. When further considering the interaction of the two, the productivity-enhancing effects of rural broadband development, the share of farm-related loans, and the interaction term are significant at the 1, 5, and 10% significance levels, respectively, with corresponding coefficient sizes of 0.179, 0.490, and 0.734. This suggests that the productivity-enhancing effects of rural broadband development and farm-related loans may be relatively complex and interactive. While comprehensively understanding the effect of rural broadband development on the farm-related loan share or total amount, it is also necessary to pay attention to the constraints on the agricultural broadband development level faced by the productivity-enhancing effect of the farm-related loan share.



4.6 Further analysis

In addition to the study mentioned above, the article uses the threshold effect model to examine the relationship between rural broadband development, agricultural loans, their structure, and agricultural TFP. Following the threshold effect tests and threshold estimation (See Supplementary Tables S1, S2), it is found that the growth of rural broadband has a single threshold effect on the efficiency improvement of the ratios of loans for agriculture, forestry, animal husbandry, and fisheries, loans to farmers, and loans to rural areas. The threshold values for rural broadband growth, namely 0.591, 0.422, 0.591, and 0.611, are all higher than the average development level of 0.398. Still, a major disparity remains in contrast to the maximum value of 1.869. This outcome also reflects regional disparities in rural broadband deployment, and the resulting digital dividends will likewise vary widely.

Table 7 shows that when rural broadband expansion exceeds the threshold value, the farm-related loan share has a considerable efficiency-boosting effect at the 10% level, with a magnitude of 0.317. Regarding the structure for specific farm-related loans, the amount of the efficiency-boosting impact of the agriculture, forestry, animal husbandry, and fishery loan ratio rises from 0.182 at the 10% level to 0.482 at the 1% level, which is a notable effect, given as rural broadband access keeps maturing. For the allocation of agriculture-related loans between different regions and subjects, when the level of rural broadband development exceeds the threshold value, the negative effect of the rural loan share on agricultural TFP is not significant; the direction of the efficiency effect of the loans to farmers is changed from negative to positive, but only the negative effect is significant. This indicates that the financial distribution among rural industries may also have some effect on the efficiency-enhancing impact of rural agricultural loans. It also shows that rural broadband expansion helps mitigate the production constraints caused by farmers’ inability to obtain credit; however, future agricultural lending should be optimized based on unique circumstances.



TABLE 7 Analysis of threshold effects.
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5 Discussion

This paper mainly examines the impact and mechanism of rural broadband development on agricultural TFP in China and conducts heterogeneity analysis and threshold effect analysis to provide ideas for exploring the path of high-quality development of agriculture and rural areas in the context of digital transformation.

First, this study concludes that rural broadband development significantly increases agricultural TFP, which is consistent with existing studies (Rao et al., 2022). Other studies, although less focused on the productivity effect of rural broadband development as a single factor, have acknowledged the boosting effect of digitization on agricultural TFP (Jiang et al., 2022). However, in contrast to the majority of studies, which suggest that agricultural TFP is driven by technological progressor technological efficiency, this study suggests that the development of rural broadband can achieve both technological progress and technological efficiency, which provides a way to change the “single-wheel-driven” state of TFP in agriculture. In particular, the study of rural broadband development and its effects during the period of digital transformation can clearly understand the level of access to rural digital infrastructure and create conditions for accurately eliminating the access divide and sharing the development of digital dividends.

The study also identifies significant regional and group differences in the contribution of rural broadband development to agricultural TFP. The previous study (Rao et al., 2022) has also concluded that there is regional heterogeneity in the impact of broadband development on agricultural TFP. This paper explores the reasons for these differences. First, it is related to the level of regional digitization (Fu and Zhang, 2022). In contrast to the higher level of digitization in the eastern region that masks the productivity effect of rural broadband development, the scale of broadband development in the western region may not have reached the level of productivity enhancement. Second, it might be relevant to the disposable income of regional rural residents. This is because the logic behind the impact of digitization on agricultural productivity is based on the use of various digital technologies among different business entities (Ma and Zheng, 2021). Therefore, the income of rural residents should be increased simultaneously to balance efficiency and equality in the digital transformation process.

Third, this study argues that rural broadband development can affect agricultural TFP. through agriculture-related loans. Studies have examined the role of farm-related loans on TFP in agriculture (Wang et al., 2022), but few have explored the role of rural broadband development on agriculture-related loans. Previous studies on the mechanism of rural digitalization affecting agricultural TFP have also not focused on agriculture-related loans (Rao et al., 2022), but broadband development does contribute to the innovation of financial products or services (Niu et al., 2022), so this study helps to fill the gap and broaden the path of agricultural TFP enhancement in the context of digitalization.

Finally, this study further reveals that there is a threshold constraint on the productivity-enhancing effect of rural broadband development on farm-related loans and that there are significant differences in the productivity effects and constraints on different farm-related loan allocations. This is similar to the role of IT diffusion on economic growth (Gheraia et al., 2021). Increasing the total supply of agricultural credit cannot guarantee that production operators increase their real investments and improve their operations when facing various uncertainty risks. Instead, the reduction of market information asymmetry (Ye et al., 2021) and the acceleration of the development of smart and intelligent agricultural and rural products and services (Jiang et al., 2022) by a variety of connected digital technologies can help to diversify risk and promote investment, provided that the level of digitization is commensurate.



6 Conclusions and recommendations


6.1 Conclusion

Rural broadband development, which is the foundation of digital transformation in agriculture and rural areas, plays an important role in optimizing cross-sectoral and cross-regional flows of various factors and creates new opportunities for high-quality agricultural development. Based on China’s provincial-level panel data from 2011 to 2020, this study investigates the effects of rural broadband development on agricultural TFP and the mechanisms from the perspective of agriculture-related loans by building a two-way fixed effects model and a threshold effects model. The results of the study are as follows:

(1) Rural broadband development has significantly increased agricultural TFP. At the structural level, rural broadband development can simultaneously achieve technological progress and technical efficiency, effectively improving the “single-wheel drive” state of agricultural TFP.

(2) The impact of rural broadband development on agricultural TFP varies noticeably due to different resource endowments and levels of economic development between regions. Specifically, the productivity enhancement effect of rural broadband development in the central region and areas with higher rural disposable income is obvious.

(3) Rural broadband development can affect agricultural TFP through agriculture-related loans. Rural broadband development significantly reduces the proportion of farm-related loans but can increase the total amount of farm-related loans, effectively releasing the promotion effect of increasing the farm-related loan ratio on agricultural TFP.

(4) Rural broadband development has certain threshold constraints on the agricultural TFP enhancement of the ratio of farm-related loans. For the productivity effect of different allocation structures of agriculture-related loans, the threshold constraints and role of rural broadband development are also heterogeneous.



6.2 Recommendations

(1) Strengthen the support for rural broadband and other digital infrastructure construction, and innovate the way of combining communication consumption. For a long time, technological progress has been regarded as the fundamental driving force for the improvement of agricultural TFP (Fan, 1991; Gong, 2018), but this study argues that rural broadband development can promote technological progress, enhance technological efficiency, change the frontiers of agricultural production, narrow the gap between actual and potential production capacity, and improve agricultural TFP. Based on the existing urban and rural industrial development as well as the personnel structure, the innovation of communication consumption mix may be one of the paths to reduce the digital divide between urban and rural areas. The rural penetration of communication technology not only faces the disadvantage of high-cost construction in terms of distance and remoteness (Salemink et al., 2017) but also suffers from insufficient potential in the consumer market. Following Li Keqiang’s policy of speeding up the network and reducing fees in 2017, the Ministry of Industry and Information Technology (MIIT) can further encourage operators to optimize their communication consumption portfolio, such as reducing or eliminating cross-province and cross-region broadband installation fees based on encouraging the bundling of communication fees for affinity numbers. Especially for rural families with migrant workers and those who stay behind, this communication consumption method of sharing network costs between two generations can stimulate the older generation’s demand for new technologies, providing opportunities to safeguard connectivity and share digital dividends.

(2) Take advantage of the opportunity of digital transformation to promote the digital innovation of agricultural and rural products and services. Broadband development effectively promotes farmers’ income (Leng, 2022), but there is heterogeneity in the level and effect of rural broadband development for residents in different regions or at different income levels. For example, for regions in the central part of the region that provide bulk products such as grain, innovating the intelligence of agricultural machinery and equipment and promoting the digitization and precision of agricultural production may be a breakthrough for the improvement of TFP in agriculture. As for regions with mainly economic crops or characteristic industries, it is fundamental to prioritize the use of digital platforms to ensure the effective matching of product and service information between the supply and demand markets, and then achieve the digital transformation of the whole industrial chain in the process of upgrading information-technology-products-services. Therefore, exploring suitable digital transformation paths and innovating support methods in combination with the characteristics of regional industries and the income structure of residents is the key to improving the suitability of digital tools for supply and demand, optimizing the industrial structure, and ensuring the increase of farmers’ incomes and the high-quality development of agriculture and rural areas in each region.

(3) Innovate ways to increase the total volume of agriculture-related loans and optimize the allocation structure of agriculture-related loans. The digital transformation of agriculture and rural areas not only increases the demand for agriculture-related loans, but also creates opportunities for optimizing their allocation and increasing their supply, and gives the possibility of enhancing the TFP of agriculture. Therefore, local governments should combine the different paths of industrial upgrading in the process of rural digital development, such as the intelligent agricultural transformation of production precision and the integrated development of agriculture, culture, and tourism of service diversification, to provide valuable practices of increasing demand for agriculture-related loans and to improve the chances of agriculture-related loan supply growth. In addition, it is available to innovate financial lending methods combined with rural broadband development (Niu et al., 2022) and to optimize the allocation structure of agriculture-related loans in the projects of different target subjects. For such innovations in the way policies are combined in the process of digital transformation for agricultural different production and management segments, rural industries, and different business subjects, efforts should be made to balance efficiency and fairness.

Different from the existing studies focusing on the efficiency-enhancing effect of the overall digital economy or the internet, this research focuses on rural areas and investigates the impact and mechanism of rural broadband development on agricultural TFP, but there are some weaknesses due to various factors. These include (1) constrained by the rural digitalization level, this study analyzes the productivity enhancement role of rural broadband development. The subsequent process can be combined with the construction of digital villages to explore the benefit and efficiency of the different patterns and the integration depth of various types of digital technology and agriculture. (2) As the existing provincial and municipal public data related to agricultural loans are available until 2020, the scope of this study is the data of 31 provinces and municipalities in China from 2011 to 2020, and there is no approach to analyze the change in the operation mechanism of rural broadband productivity enhancement in the past 2 years under this viewpoint. In the future, the mechanism of agricultural TFP advancement can be analyzed from other perspectives based on the availability of data.
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Introduction: Pasta is a key product in Italy’s agri-food industry, consumed due to its ease of preparation, nutritional richness, and cultural importance. Evolving consumer awareness has prompted adaptations in the pasta market, to address concerns about social, environmental, quality, and food safety issues. This study examines Italian consumers’ willingness to pay (WTP) for pasta in local markets, analysing their behaviours and preferences.

Methods: For this purpose, we used a discrete choice experiment (DCE) technique combined with a latent variable model. We also collected 397 valid online questionnaires.

Results and Discussion: The results reveal an interest utility among all respondents to pay a price premium of €1.16, €0.82, €0.62, €0.41, and €0.36 for 500 g of pasta, for the use of blockchain/QR code (BC) technology on the label, providing data on credence attributes such as safety, environmental and social sustainability as well as business innovative practices, respectively. As such, this research has private and public implications. On one hand, this research may bridge the scarcity in studies regarding consumer preferences and WTP for BC in the pasta value chain, preventing agricultural frauds, ensuring the sustainability and quality of agri-food products like pasta, and protecting and educating consumers through clear and transparent information. On the other hand, this research may incentivise pasta businesses to meet social and environmental consumers’ demands while simultaneously enhancing their financial performance.

Keywords
 blockchain technology; choice behaviour; food innovation; food safety and quality; food sustainability; food traceability information; willingness to pay (WTP)


1 Introduction

Pasta value chain constitutes a strategic Italian agri-food sector. With an average of 23 kg/capita/year, Italy is the universal leading country in pasta consumption in 2022 and has the first worldwide position in pasta production which is estimated near to 4 million tonnes in 2021 as depicted in Tables 1, 2. Furthermore, Italy holds a share of 28.3% of the global dried pasta export, generating an export value of this category of foods of approximately 4 billion euro in 2022. In addition, Italy produces 3.8 million tonnes of durum wheat from 1.24 million hectares, mostly located in Apulia and Sicily regions (southern Italy), representing approximately 28 and 21% of the total cultivated area in durum wheat, respectively. Despite, it is important to spotlight how the country cannot meet the growing national demand. Thereby, Italy imports pasta and derivatives, with a total of 40.1 thousand tonnes, especially from China and Germany as presented in Table 3 (Statista, 2023). Consumed on a daily based in Italy, dried pasta and similar substances are considered as easy-to-cook, convenient, nutritious, and affordable food category items. However, their relative high carbohydrate contents may cause a barrier for their market growth, mainly for consumers overs 50 years old (Pounis et al., 2016). In this direction, to attract and satisfy consumers, a wide variety of pasta is evolving, integrating different ingredients (i.e., carrots, herbs, beet, and legumes), and including innovative production processes such as organic, gluten-free, and vegan. However, the rising of environmental and social sustainability issues, the food frauds, the food quality and safety, and the impact of innovative technologies constitute continuously the major consumer concerns in the developed countries such Italy. As a result, all economical actors are joining their efforts to satisfy this increasing aware of consumers’ requirements toward more traceable, sustainable, innovative, safe, and high-quality Italian pasta products, inducing a greater consumer willingness to pay (WTP) (Rossi et al., 2023). On the contrary, a lower WTP to them may occur if they have modest information and awareness about safety and healthy features of pasta (Altamore et al., 2017). Thus, there is a need for new research to explore these consumers’ requirements toward as well as their consumption of pasta.



TABLE 1 Leading countries in pasta consumption in 2022 (kg per capita).
[image: Table1]



TABLE 2 Leading countries in pasta production in 2021 (Tonnes).
[image: Table2]



TABLE 3 Leading suppliers of Italy’s imports of pasta in 2022 (million euros).
[image: Table3]

In this direction, many studies have looked at food traceability, sustainability, innovation, and safety from a consumer behaviour perspective. Regarding the traceability issues, several research studies have explored the consumers’ acceptability of blockchain traceability system (BT) as an innovative digital tracking food. Since 2008, the concept of the Internet of Things (IoT) was applied, to become a reality the application of electronic and real-time information sharing (Qian et al., 2020). Consumers’ purchasing behaviour toward traceable food could change according to their perception of these technologies. In their studies, Spence et al. (2018), Yeh et al. (2019), and Lin et al. (2021) analysed consumers’ intention to adopt BT toward the traceability of organic food products, indicating that BT influences positively and significantly their purchase decision. Therefore, BT is considered an important aspect in our research. In terms of sustainability issues, the determinants of consumer behaviour toward environmental and social sustainable pasta production were relatively less addressed in the literature review. In their study, Altamore et al. (2017) assessed consumers’ preferences and opinions toward environmental issues associated with pasta in Sicily, in which the participants, evaluated very interesting the absence of toxins, related to climate conditions in Sicily. This could, therefore, be considered as an ecosystem service that would be useful to evaluate the adoption of sustainable and healthy agricultural models, as suggested by Mediterranean diet. Furthermore, it is crucial to inform consumers how the food traceability system works to gain consumers’ trust in food safety and to build their confidence in it. This consideration was also exposed by Bandinelli et al. (2023), who considered that BT can constitute an important tool, but the mechanism that regulates it must be correctly communicated, so that the consumers can understand its effectiveness in guaranteeing transparency and accountability. Practically, the use of IoT sensors gathers both field and meteorological information about durum wheat production and uploads them into Hyperledger Fabric (Fiore et al., 2023, 2024). An edge computing unit is responsible of converting this huge amount of data into valuable information; then, it uploads the output of the processing to Ethereum. Growers also upload some information about the wheat production (i.e., where it is produced and how it is transported from the field to the cooperative). A consumer, looking at the pasta package in a supermarket, decides to know more about this food. He may open the web app and scans the QR code that he finds on the pasta label. He then retrieves all relevant information about a lot of pasta product, at different stages of the value chain (Galvez et al., 2018), such as: stage of production (i.e., gathering information on but not limited to: varieties, agricultural practices such as the use of the pesticides, fertilisers, or any other agricultural practices that have been applied during the cultivation process, timing, production area, and working conditions); stage of processing (i.e., gathering data on but not limited to: operations conditions, packaging, process of fabrication, safety, and quality assurance); stage of storage (i.e., retrieving data on but not limited to: the quantity, temperature, and humidity); and stage of distribution (i.e., getting data on real-time environmental data of transport and storage, location of the distribution vehicles, transportation timing, and quality control). Consequently, the advantages that the application of BT in a food supply such pasta value chain can bring are many and involve both consumers and producers in terms of: transparency and authenticity of data; security, as the problem of fraud is kept under control; decentralisation; automation and consequent reduction of administrative costs and bureaucratic practices; recognition of goods that do not comply with safety standards and consequent withdrawal of goods from the market; and identification of the true origin of the products as well as the reduction of counterfeiting and falsification of pasta products. In addition, the use of BT technology implements the social sustainability of the pasta, emerging many social elements. In fact, the social sustainability encompasses a series of manoeuvres that aim mainly to ensure a comfortable and dignified life for workers without any distinction between them. In this direction, the social sustainability of pasta products will involve a significant commitment on the part of agricultural households, especially in terms of enhancing human capital through carrying out professional and extra-professional training activities for workers as well as transparency toward illegal work and fair retribution. Furthermore, other potential elements may emerge through this sustainability dimension in terms of: (i) occupational safety, leading to personnel safety training activities, controls, and certifications; (ii) health insurance, prevention, and assistance services; (iii) potential pension funds and insurance policies for workers; (iv) initiatives for the reconciliation of work with personal needs such as leave and flexibility of hours, support for parents for the management of children, facilitations for meals, transport, and accommodation; and (v) initiatives to support immigrant workers for housing facilities, bureaucratic facilitations, and language training.

With respect to innovation issues, numerous scientific studies have addressed the determinants that affect consumers’ perception and estimated the WTP by type of pasta toward this attribute. To examine whether increased vegetable variety enhances healthy food choices and improves meal composition, Bucher et al. (2011) have used a randomised experiment, in which participants tend to select an assortment of pasta and vegetables, inducing a balance meal and improving their food selection. In their studies, Foschia et al. (2014) explored the variation in the preparation processes of pasta made by durum wheat pasta (as a control) and pasta made with durum wheat semolina and pea flour combinations, to assess the quality and to identify the best predictive in vitro glycaemic response in terms of starch degradation. Based on WTP, Pappalardo et al. (2017) have evaluated the economic feasibility of high heat treatments, a physical eco-friendly method for pest control in industrial plants that produce pasta in Sicily (Italy), increasing the factory’s turnover and reducing the environmental impact. In their research, Pasdar et al. (2017) elucidated the compliance between information presented in food labelling of widely consumed foods such as pasta and their true values, inducing misleading effects on food choice and leading to public unhealthy eating. In addition, Predieri et al. (2018) explored the Italian older adults’ consumers toward the development of innovative and healthy pasta sauces. Van der Stricht et al. (2023) studied WTP for front-of-pack labels on microalgae protein pulps. In their studies, Stasi and Baino (2023) assessed consumers’ desires and willingness to purchase five frozen gnocchi formulations, while Palmieri et al. (2021) analysed consumers’ WTP for a novel functional pasta based on Opuntia Ficus Indica. Furthermore, a small number of studies have looked at consumer preferences for the characteristics of pasta as it is. In this direction, Cavallo et al. (2014) conducted a real-world choice experiment considering 10 main intrinsic and extrinsic attributes (i.e., local origin, labelling, organic certification, and branding) of pasta. Finally, Castellini et al. (2022) stated that the acceptance of new food traceability technologies has shown that individual factors are the ones that most influence acceptability.

In this context, the present study will explore the behaviour, preferences, and purchasing decisions of Italian consumers and estimate their WTP toward pasta sold in the Italian markets. Precisely, this research focussed on dried pasta and aimed to answer to the following scientific questions: (i) What are Italian consumers’ attitude and propensity toward consuming dried pasta? (ii) What are their WTP for the presence of the blockchain technology/QR code (hereafter, BC) on the pasta label as an implemented digital tool of traceability? (iii) What are their WTP toward the provision of additional labelling information associated to the environmental sustainability conditions (hereafter, IE), social sustainability issues (hereafter, IS), quality, and safety aspects (hereafter, IQ), and to the innovation business practices (hereafter, IN) used to produce pasta in Italy? (iv) How do their beliefs on food traceability and attention to credence food attributes such pasta, influence their consumption behaviour and purchase decision?

In summary, the originality and relevance of this research might be envisaged in different dimensions. First, there is a dearth of research that have explored the Italian consumer behaviour, propensity, and WTP toward the concerned attributes associated with pasta among the most internationally traded food products, as synthetised in Table 3. For these purposes, we used simultaneously a discrete choice experiment (DCE) approach by means of a mixed logit model (MXL), and a latent variable model estimated within the structural equation model (Ali et al., 2021; Figure 1). Therefore, the remainder of the study is structured into six sections. The next section provides a brief outline of the econometric conceptual framework used for pasta choice. The subsequent section describes the DCE, MXL, and SEM models, in which the choice variables and the data collection survey are also stressed. The results are presented in section four and are followed by the discussion and limitations of the research in section 5. The concluding remarks are highlighted in the final section.

[image: Figure 1]

FIGURE 1
 Conceptual framework used in the analysis based on Ali et al. (2021).




2 Materials and methods


2.1 Choice experiment model: consumers’ utility

The DCE is commonly applied to (i) explore decision choices in economy (Friedel et al., 2022), (ii) elicit consumers’ preferences in marketing research, and (iii) estimate their WTP toward food product characteristics (Petrontino et al., 2022). DCE has also been adequately used in the literature in different contexts to explore pasta consumption. The DCE model involves the following stages: (i) selection of the attributes and the assignment of levels, (ii) experimental design and construction of choice sets, (iii) elaboration of a social questionnaire, (iv) sampling of respondents and survey, (v) econometric data analysis and estimation of the WTP, as described below. Furthermore, the DCE is based on the random utility maximisation (McFadden, 1974), assuming that a consumer would gain a utility from (Equation 1) a food product such as pasta. As such, the utility (Unj) is modelled as follows:

[image: image]

where “No buy” is an alternative specific constant (ASC) representing the no-purchase option, Xj denotes the vector for each alternative j, containing different attributes (BC, IE, IS, IQ, IN) coded as dummy variables, β is a vector of the coefficients associated with each attribute, price is the price vector, and λ is the effect of price on utility (Equation 2). The εnj is the unobserved error term. Heterogeneity in preferences can be considered in the choice model including interaction terms representing the attitudes and beliefs of the consumers as latent variables.

[image: image]

where Zn is the vector of the latent variables scores of n-th respondent, and γ is the effect of this characteristic on the utility function.



2.2 Latent variable model: heterogeneity of consumers’ preferences

Assuming that utility function is individually determined and that psychographic variables are determinants in the behaviour of each respondent, a structural equation model (SEM) was structured to test the relationships between “closeness to blockchain technology” and the psychographic consumers’ latent variables, namely, “attention to credence attributes” and “beliefs on traceability” (Rungie et al., 2012). SEM comprises a system of linear equations that concurrently assess the connections between observable variables, which are measurable items, and the unobservable constructs evaluated by these items. An essential practical benefit of employing SEM for data analysis is its capability to unveil relationships between latent variables that remain unobservable but can be deduced from observable variables. In this direction, the main underlying hypothesis is that the latent constructs of opinion and beliefs can explain the differences in preferences across respondents, resulting in a more efficient and parsimonious model. Since the latent characteristics are not directly observed, a set of k responses to the questions (items) are functions of the latent variables. Zn scores are then estimated through a measurement model that implies the weights of the single items contributing to the latent variables, according to the set of equations where the values of the Ikn indicators (Equation 3) are dependent on the value of the related latent variable:

[image: image]

where δIk is a constant for the k-th indicator, ζIk is the estimated effect of the latent variable Zn on this indicator, and υkn is a disturbance term that is assumed to be normally distributed.



2.3 Choice variables: attributes and levels

In the DCE approach, attributes are referred to as choice variables, factors, or features used by scientists to describe adequately the consumer’s decision outcome in a hypothetical situation (Friedel et al., 2022). Within each choice attribute, a few numbers of levels are assigned that could be qualitative or quantitative. In our DCE, we choose six attributes (i.e., BC, IE, IS, IQ, IN with 2 levels each, and Price with 3 levels as depicted in Table 4), using a focus group of technical experts, and considering their importance and negligence in terms of traceability for Italian consumers (Petrontino et al., 2023a). In fact, the traceability was often analysed with respect to the food safety and security issues and is considered relatively decisive in marketing strategies that may help to improve the performance of the pasta market. Regarding the social sustainability, we also considered that this attribute is often neglected compared to environmental sustainability and business innovation practices and could influence consumers’ purchase decision and their WTP. The price was considered in this study as discrete variable (Petrontino et al., 2022), and its levels were assigned to cover the current different retail selling prices of the most popular Italian pasta packs of 500 g.



TABLE 4 Attributes and levels assigned in our discrete choice experiment for pasta.
[image: Table4]



2.4 Designing choice sets and data collection: experimental design and social questionnaire

A combination of levels for each attribute (Table 5) is presented to each respondent. Given the excessive number of combinations (i.e., 25 *31 = 96 alternatives), a D-efficient optimal design has been implemented, resulting in 2 blocks with 6 choice sets and 2 alternatives. Accordingly, we elaborated and divided the questionnaire into three different sections. The first section explored respondents’ attitudes and propensity toward the consumption and purchase of pasta, along with 9 questions such as the following: “What is your frequency of pasta purchase? (i.e., once a day; more than once a week; once a week; more than once a month; once a month; less than once a month; never)” (Q1); “Where do you habitually purchase dried pasta? (i.e., hypermarkets, supermarkets, discount shops, pasta factories, local shops, online (e-commerce), other)” (Q2); “When purchasing dried pasta, how much attention (low, medium, and high) do you pay for the following features: price, information labelling, nutritional facts, brand, presence of organic certification, presence of origin certification, and mode of packaging” (Q3); “According to your personal experience, how much (high, medium, or low) of the following characteristics affect the price of dried pasta: origin, purchase site, promotion strategy, qualitative characteristics of the product and characteristics related to the process of production” (Q4); “Which of the following sentences identifies better your behaviour in relation to the purchase of dried pasta: I am willing to buy a larger amount of pasta if the price is low; I am willing to pay a price premium if the pasta is safe and certified; I prefer an adequate quality/price, without caring about the safety of the product” (Q5); Express your level of consent (Strongly disagree; disagree; neither agree nor disagree; agree; strongly agree) related to the transparency of operations along the pasta value chain such a greater transparency of operations along the pasta value chain offer: a guarantee on the quality of the product; social benefits (i.e., respect of the job contract, undeclared work, reduction of labour exploitation, etc.); Environmental benefits (i.e., reduction of gas emissions, better efficiency in the use of water and energy, reduction of food waste, etc.); Benefits in terms of traceability of the production and food safety; An increase of innovation in the agricultural sector (i.e., use of sensors IoT, GPS, drones, etc.), offering benefits in terms of food security” (Q6); “Have you heard about the blockchain technology?” (Q7). “Are you aware (not all; a little, enough; a lot; very much) about blockchain technology associated to agri-food products?” (Q8); “What is your frequency (not all; a little, enough; a lot; very much) of agri-food purchase tracked with the blockchain technology?” (Q9).



TABLE 5 Example of a set choice shown to respondent.
[image: Table5]

The second section of the questionnaire was introduced by a chip talk scripts (Tonsor and Shupp, 2011; Van Loo et al., 2011; Dahlhausen et al., 2018; Jürkenbeck, 2023) describing the selected attributes and providing an example of a set choice (Table 4) to help the respondent in his decision process. Consequently, we presented an adequate number of 6 purchase simulations (i.e., set choice/task choice, Table 4) to prevent respondent fatigue (Hess et al., 2012; Dahlhausen et al., 2018; Petrontino et al., 2023b) and in which each respondent had to select between 2 alternatives (A, B) among each task choice that differed in the presence or absence on the label of the studied product the following: (i) QR code that reflects the blockchain technology, (ii) information on the environmental sustainability issues associated with the production of dried pasta, (iii) information on the social sustainability conditions associated with the production of dried pasta, (iv) information on the quality and safety production, (v) information of the innovation process of dried pasta production, and (vi) price. In addition, the set choice included a no buy option (C) in which we used pictograms reflecting the presence of the concerned attributes (Petrontino et al., 2023a).

The third section revealed the socio-demographic and economic profile of the respondents (i.e., gender, age, residence, civil status, family composition, level of education, work position, work sector, and annual household income).



2.5 Sampling: participants’ survey

We carried out an online survey (Survey Monkey, 2023), from June to September 2023, covering the population living in Italy, and engaging 397 valid pasta respondents, considering the Italian population age, gender repartition, and annual household income, in which the sample was in a similar range to the main statistics of Italian population (Istituto Nazionale di Statistica – ISTAT, 2023) as reported in Table 6. Thus, the respondents in the survey were the main responsible for shopping for food for household consumption. For this purpose, we used the Equation 4 considering a margin of error 5%, and a confidence level of 95%, in which we calculated a sample size of 384 respondents and then we decided to increase this value to 400, and finally, we retained 397 valid respondents. Furthermore, the data collected through the online questionnaire were used exclusively for statistical purposes and for this study. They will not be disclosed to third parties or used for private interests, own or others, according to Regulation (EU) 2016/679 on the protection of individuals regarding the processing of personal data. The acquired information was exclusively used in an aggregate way, thus guaranteeing the most complete anonymity of the respondent. Furthermore, the consent from the participants was requested, at the beginning of the survey, to participate in this study in accordance with the national legislation and the institutional requirements.

[image: image]



TABLE 6 Sample of Italian respondents used in our discrete choice experiment for pasta.
[image: Table6]

Where n is the sample size, N is the population size over 18 years old (N = 48,021,983 in the first of January 2023 based on ISTAT 2023), e is the margin of error (percentage in decimal form: 5%), z is the z-score (z = 1.96 for a desired confidence level of 95%), and p is the standard deviation (p = 0.5).



2.6 Data analysis: statistical and econometric analysis

On the one hand, DCE was analysed with the econometric software Nlogit version 5, and Krinsky-Robb method with 500 draws has been utilised to estimate the WTP for each attributes according to their coefficients obtained in MXL model. The weights and the standard deviation of the items belonging to the respective latent variables contributed to calculate the scores to be used in the MXL model as interaction terms with the attributes of DCE. On the other hand, SEM was analysed using the partial least square structural equation modelling tool of the software JASP version 0.17.1.0. The latent variable “closeness to blockchain technology” (BLO) has been putted in relation with the following two latent variables “attention to credence attributes” (ATT) and “beliefs on traceability” (TRA), assuming that BLO is influenced by TRA and ATT while TRA is also influenced by ATT as shown in the Figure 2. After an accurate analysis of the model fit indexes, internal and external reliability, and significance of the settled relations, the composition of the latent construct has been defined as follows. BLO latent variable comprises the two items derived from the question Q7 and Q9. ATT latent variable comprises the four items derived from the question Q3, namely, the presence of organic certification (A_Organic), the presence of origin certification (A_Origin), nutritional facts (A_Nutrition), and information labelling (A_label). TRA latent variable comprises the three items derived from the question Q6, namely, benefits in terms of traceability of the production and food safety (T_Trace), social benefits (T_Social), and an increase of innovation in the agricultural sector (T_innovation).

[image: Figure 2]

FIGURE 2
 Relation between the latent variable “closeness to blockchain technology” (BLO) and the two latent variables “Attention to credence attributes” (ATT) and “Beliefs on traceability” (TRA).





3 Results


3.1 Descriptive results: respondents’ attitudes and propensity

This section presents the main descriptive statistics results related to the parts 1 and 2 of the online questionnaire survey toward the respondents’ attitudes and propensity to purchase food such as dried pasta as well as their socio-economic profile. As a result, supermarkets were the most popular places of purchase of such category of food (28.72%), followed by hypermarkets (19.40%) and discount markets (11.59%), more than once a week as depicted in Table 7. Moreover, approximately 50% of the respondents in this survey conferred a high self-level of attention toward the price of the products and the importance of labelling information, nutritional facts, a medium self-level of attention regarding the nutritional facts, the presence of the origin certification, and the mode of packaging, which indicates that their purchase behaviour was mainly influenced by these product attributes as illustrated in Table 8. With respect to their self-level of experience with the level of influence of pasta features on its purchase price (Table 9), 34.26% of the respondents believed that the aspect of this food category influenced its purchase price, but approximately 10% of them were convinced that the purchase site or the promotional strategy presented relatively a low level of influence on its purchase price. In addition, most of respondents were willing to pay a “price premium” if the dried pasta was safe and certified, followed sequentially by its other attributes, such as its adequate quality/price report, and its relative lower price as revealed in Table 10. The research was also explored into Italian consumer awareness and purchase frequency of agri-food tracked with BC, adopting a five-point Likert scale range, with 1 representing “not at all” or “never” and 5 “very much” or “always” as illustrated in Tables 10, 11. Consequently, very few respondents were very much (3.53%) or a lot (9.57%) aware about blockchain technology and were always (1.26%) or often (8.56%) purchased agri-food products tracked with digital BC as depicted in Tables 11, 12.



TABLE 7 Purchase sites by frequency of pasta purchase (in number N and % of respondents).
[image: Table7]



TABLE 8 Respondents’ self-level attention on the characteristics of pasta (in number N and % of respondents).
[image: Table8]



TABLE 9 Respondents’ self-level experience with the level of influence of pasta features on its purchase price (in number N and % of respondents).
[image: Table9]



TABLE 10 Respondents’ behaviour related to pasta purchasing (in number N and % of respondents).
[image: Table10]



TABLE 11 Respondents’ awareness about blockchain technology (in number N and % of respondents).
[image: Table11]



TABLE 12 Respondents’ purchase frequency of agri-food products tracked with the blockchain technology (in number N and % of respondents).
[image: Table12]

Despite these results, most of respondents agreed that a greater transparency of operations along the value chain, through the use of BC, offered the following: (i) a guarantee on the quality of the product such as dried pasta (52.14% of respondents), (ii) social benefits in terms of the respect of the job contract, undeclared work, and reduction of labour abuse (54.66% of respondents), (iii) environmental benefits in terms of reduction of gas emissions, a better efficiency in the use of water and energy, reduction of food waste, etc. (51.89% of respondents), (iv) benefits in terms of traceability of the production and food safety (56.68% of respondents), and (v) an increase of innovation within the agriculture sector, offering more benefits in terms of food security (48.61% of respondents). For this issue, we also adopted a five-point Likert scale range, with 1 representing “not at all” or “never” and 5 “very much” or “always” as depicted in Table 13.



TABLE 13 Respondents’ consent related to the transparency of operations along the pasta value chain (in number N and % of respondents).
[image: Table13]



3.2 Latent construct: reliability and validity

The latent construct settled to produce the interaction terms to be used in the econometric model as resulted in the following paragraphs has been preliminarily verified in terms of internal consistency, reliability, and discriminant validity (Table 14). Factor loadings and average variance extracted (AVE) values show a satisfactory convergent validity of the items used in the construct. In addition, the reliability of the construct, as shown in Table 15, is high.



TABLE 14 Psychographic latent variable composition.
[image: Table14]



TABLE 15 Reliability measures.
[image: Table15]



3.3 Econometric results


3.3.1 Pasta consumers’ preferences

The estimation results from the multinomial logit model (MNL), MXL model, and MXL model including interaction with psychographic terms are reported in Table 16. MXL model with interactions looks to be the more adequate model to explain the consumer choices because it shows improvements in terms of likelihood and information criterion. The coefficient for the price is both negative and statistically significant in all the elaborations, mirroring a discernible impact on consumer choice. Similarly, the no buy option exhibits a noteworthy negative coefficient. Furthermore, the estimated standard deviations for all attributes markedly differ from zero, signifying substantial heterogeneity in consumer preferences for blockchain technology, alongside information pertaining to the environment, social factors, quality, and innovation. The attributes related to blockchain technology and information on pasta production have always positive and significant coefficients, meaning that consumers retrieve utility form this kind of information. The most appreciated attribute is IQ letting believe that consumers are interested mostly in quality information on the food product. The effect of “attention to credence attributes” and “beliefs on traceability” on consumer preferences for all the attributes is included by interaction terms. Looking at the results that come from the interaction between MXL model attributes and the scores of the latent construct, it looks that those consumers that have a stronger belief on benefits of traceability show a greater preference for blockchain technology and the information on environment and quality of pasta. On the contrary, those consumers that pay more attention to credence attributes have a greater preference for social information and innovation of production.



TABLE 16 Multinomial logit model, mixed logit model, and mixed logit model with interaction with psychographic terms.
[image: Table16]



3.3.2 Pasta consumers’ willingness to pay

Table 16 summarises the consumer’s WTP per attribute type, in which respondents are willing to pay extra EUR 1.16, 0.82, 0.62, 0.41, and 0.36 per 500 g of pasta for a complete information of pasta safety, environmental sustainability, blockchain technology/QR code, innovation business, and social sustainability, respectively. As such, the highest WTP is determined by the “food safety” attribute (average price premium of EUR 1.16/500 g), while the least WTP is determined by the “social sustainability information” (average price premium of EUR 0.36/500 g), indicating that food safety appears to be the most critical consumers’ concerns among the concerned attributes. However, these WTP differences across pasta attributes and consumers are statistically significant as depicted in Table 17.



TABLE 17 WTP calculation based on a Krinsky-Robb method with 500.
[image: Table17]





4 Discussion


4.1 Comparison and interpretation

In this study, we applied and extended the DCE model to explore the influence of a set of attributes (BC, IE, IS, IQ, IN) toward consumers’ purchase propensity for pasta in Italy. As such, we estimated the preferences of respondents through MXL where attributes of the product were interacted with latent variables that proved significant interactions with respect to “behaviour” related to blockchain technology in food choice. Regarding the BC technology for pasta, our results are in line with Contò et al. (2016), who stated that when simulating a pasta buying process through CE, consumers seemed likely to choose products characterised by credibility attributes such as the origin of the wheat, for which they were also willing to pay a premium price. This certainly reflects that the application of a traceability system, through BC, on pasta would positively influence consumer purchasing behaviour, indicating that consumers are willing to pay a premium for the traceability of products. However, digital transformation process could stimulate the innovation in the agri-food sector too. In fact, the technology 4.0 can offer the agri-food companies to create new opportunities for success and gain competitive benefits. In addition, in this context, it is crucial consumer orientation as core competencies in dynamic market environments. Among others industry 4.0 technology, BC represents an innovative voluntary certification system that can improve efficiency, security, safety, and transparency even in food supply chains (Galvez et al., 2018). In addition, Chen et al. (2021) demonstrated that Chinese utility can benefit from both the application of blockchain technology and traditional traceability technologies, and consumers are more inclined to buy ecological agricultural products that use blockchain technology than those that use traditional traceability technologies. In this context, Bandinelli et al. (2023) also evaluated the consumers’ interest in buying a package of ancient wheat pasta that includes all the information about its origin and processing methods. Their results highlighted the importance of the construct “perceived security,” corresponding to “a threat that creates a circumstance, condition, or event with the potential to cause economic hardship in the form of destruction, disclosure, modification of data, fraud, waste, and abuse.”

With respect to the safety and environmental sustainability of the pasta, these issues prevail for Italian consumers, reflecting their concern regarding the food safety information and the sustainable conditions of harvesting and processing, as well as antifraud issues related to pasta. This result is consistent with Altamore et al. (2019), who found that more than 90% of the sample wanted information on the healthiness of pasta or how it is produced, the origin of the raw material, and the absence of elements potentially harmful to human health, confirming the importance of labelling on purchasing choices. In addition, they found that health and origin are characteristics that consumers consider the most important in purchasing choices. Therefore, information and communication on the identity characteristics of pasta seem to play an important role in building consumer awareness and thus influencing the purchase decision (Neuninger et al., 2017). In fact, more informed consumers are more likely to improve preferences for locally grown wheat and local pasta production. Moreover, since a traceability system can become a guarantee for the end user of the purchase of a sustainable product, the results produced by Defrancesco et al. (2017), which tested consumer preferences for the environmental attitudes of pasta, can be considered relevant for the research hypothesis presented. However, they found that, overall, consumers were not only unwilling to pay more for pasta products with beneficial environmental attributes and, to a lesser extent, health effects, but they firmly preferred traditional pasta. Similarly, Rossi et al. (2023) evaluated the WTP of Italian consumers for pasta from sustainable agriculture and the drivers that determine this WTP, but they arrived at more moderate results: Consumers recognised a higher WTP for sustainable pasta, but this value was influenced by drivers such as purchasing habits, personal characteristics, and environmental attitudes. In addition, our findings are consistent with Bandinelli et al. (2023), who reported that consumers are becoming more sceptical of the degree to which information reported on labels matches the actual product (Profeta et al., 2008; Sodano et al., 2008).

In addition, Wang and Scrimgeour (2023) determined that the product origin, quality control, food safety information, hygienic conditions, and scarcity management are the key features of blockchain food traceability that consumers considered to be crucial. Regarding the social sustainability information, our findings are more or less consistent with Nayal et al. (2023) and Kamilaris et al. (2019), who found that BC contributed to social sustainability, helping small farmers in insurance programmes, promoting smart contracts to protect labour from exploitation, and ensuring fairness in payments and taxation. However, our results are less consistent with Rana and Paul (2017), who found that consumers were willing to pay more for socially responsible products. In terms of innovation business, our results are less consistent with Basarir and Dayan (2022), who investigated on how innovative food products are perceived by consumers in United Arab Emirates, and how that perception affects their perceived risk and uncertainty, perceived cost/benefit, and attitude strengths toward the innovations. Moreover, Nazzaro et al. (2019) found that consumers were willing to pay higher price levels for the innovative product rather than for the traditional one. They also found a broad correlation between the innovative product attributes and the psychographic characteristics of consumers in two of the three consumer groups that were identified (i.e., rational adopters and pro-innovation), indicating the existence of many potential consumers. Moreover, as reported by Nazzaro et al. (2019), innovation in the agri-food sector is a tool for addressing the consumer-citizen’s needs (Capitanio et al., 2012) and growing societal issues (Roucan-Kane et al., 2011). In fact it needs to be consider closely social and environmental changes too (Earle, 1997), contrary to the prevalent notion that innovation is primarily a technological process. For these reasons, academic and business attention in food innovations has increased, with a focus on the drivers that could guide consumer acceptance of innovation. In fact, for food firms to succeed in the food market, consumer perceptions of food innovations and their willingness to adopt or adapt them are crucial (Siegrist, 2008).



4.2 Implications, limitations, and future research

The obtained findings induce here public and private implications. In fact, this research contributes to the scientific literature by exploring new insights into Italian consumption in pasta preferences utility. Third, the current econometric exploration is primordial to set up market outreach strategies by pasta industrials that would meet Italian consumers’ expectations and, consequently, enhance their financial performances. Fourth, examining consumers’ attitudes and propensity toward the selected attributes has also public implications in terms of protecting and informing the consumer through clear and transparent information, preventing the problem of agri-frauds, permitting to obtain continuous monitoring of the production processes to guarantee the sustainability and quality of the agri-food products such pasta, and providing added services to the consumers. However, the research does not verify spatial variability in consumers’ preferences among Italian regions for the concerned pasta attributes. In this direction, we suggest an extension on examining Italian consumer needs regarding pasta in each region of the country through a face-to-face field social survey and including all species of pasta. In addition, we may allow for extending the research of the consumer segmentation between communities and different socio-demographic and psycho-variables classes.




5 Conclusion

The analysis conducted revealed, among others, a particularly significant element with respect to the impact of BC on the pasta market. The consumer was willing to pay a price premium toward the guarantee of purchasing a safe product, in terms of the quality and safety, and that was traceable in relation to all the links in its value chain. Meanwhile, studies on consumer preferences and willingness to pay for blockchain technology in agri-food supply chain are limited, and academic research studies investigating supply chain of pasta are rare. In this context, our study aimed to fill this research gap regarding the WTP of consumers for food such as pasta traced through BC, encouraging consumers to make knowledgeable decisions and to take a proactive approach to achieving the goals of social and environmental sustainability as well as public health. In this direction, BC appears to support green practices contributing to achieve environmental targets and can give more benefits for the society. Italian consumers’ preferences may push companies to achieve environmental sustainability and increase demands related to social issues by providing authentic product feedback. All these issues enhance consumers’ environmental and social awareness and improve sustainable performance of the pasta supply chain. Moreover, BC pasta traceability system could overcome the problematic nature of traditional food traceability systems and will reduce the chances of food adulteration and frauds, ensuring that the information on products’ labels is adherence. These capabilities can improve consumers’ awareness in terms of assurance of quality, real-time tracking, safety along the food chain, healthy, and chain clarity. At the same time, BC can be used by stakeholders to promote consumer loyalty, enhance the product’s reputation, and draw in new clients.
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Introduction: This study examines the behavior of wine consumers toward virtual wine experiences (VWEs), which are innovative and resilient solutions adopted by actors in the wine and wine tourism sectors during the recent pandemic, with an inherent potential for sustainability. While the phenomenon is still evolving due to the digitalization megatrend and the marketing potential of VWEs for wineries, the literature on this topic is still limited.

Methods: We apply an extended Theory of Planned Behavior (TPB), relying on a large and representative sample of Italian wine consumers to analyze the effect of personal wine involvement, risk attitude, and future wine tourism intention in addition to attitude, subjective norms, and perceived behavioral control.

Results: The results confirm that attitude, subjective norms, perceived behavioral control, wine involvement, and future wine tourism intention positively influence intentions, while risk aversion negatively affects behavior.

Discussion: This first application of the TPB to technology-based wine experiences. It provides key insights for researchers, practitioners (such as wineries and wine tourism stakeholders), and policymakers for the development of VWEs.
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1 Introduction

Virtual wine experiences (VWE) can be a useful tool to the wine tourism industry, representing a technology-based sustainable strategy for the resilience of wineries in times of crisis and, potentially, beyond. This technological transformation opens the sector to new potential sustainable scenarios. For example, VWE can reduce people transfers for reaching a destination and the related carbon footprint (Ozdemir et al., 2023).

This sustainability potential can be particularly relevant in the context of wine as it is among the most consumed beverages worldwide. According to recent estimates, in 2021 people consumed over 236 million hectoliters of wine and the trend has been rather stable over the last 10 years (International Organization of Vine and Wine, 2021). Italy, the second largest EU wine market and the third globally, has an estimated consumption of 24.2 million hectoliters. In this country, wine consumption connected to tourism involves about 15 million tourists and generates a revenue of over 2.6 billion euros (Statista, 2023). In 2020, the lockdown measures and the mobility limitations following the Covid-19 pandemic have disrupted many consumption occasions but, at the same time, have also stimulated the diffusion of new ways to drink and experience wine. Internet-based experiences are one of them, which we further define as virtual wine experiences (VWEs). The basic idea behind VWEs is to entertain consumers by offering the possibility to virtually interact with winemakers or wine experts while tasting wine from the comfort and safety of their homes and discovering new brands or wine regions, also delivering educational content. Hence, VWEs were initially developed as an innovative strategy to overcome the imposed limitations (i.e., mobility restrictions and social distancing) and many wineries implemented various forms of VWEs in the aftermath of the pandemic (Garibaldi and Pozzi, 2020). To date, several wine actors like wineries and wine regions are still offering VWEs to interact with consumers all over the world and to attract potential visitors. Recent literature suggests that virtual reality can be used to stimulate onsite visits for wine tourism (Alebaki et al., 2022; Monaco and Sacchi, 2023). Studies on virtual tourism also indicate that participation in such experiences can positively influence the intention to visit the virtually browsed destination on-site (El-Said and Aziz, 2022; Lu et al., 2022). Therefore, virtual tours may have significant marketing potential. Moreover, VWEs provide several advantages for wine consumers as the possibility to receive wine from faraway wineries at home and taste it under the guidance of a knowledgeable person who provides them with comparable educational content to on-site visits (Szolnoki et al., 2021). This allows the lowering of the costs of both retrieving the product and gathering knowledge about it (Gastaldello et al., 2022). The virtual turn of wine consumption seems to be part of a longer-term strategy for wine operators, several of which are still offering these services. For instance, the governing body of the Conegliano Valdobbiadene Prosecco Superiore DOCG geographical indication is providing virtual tastings to introduce new producers from the region and highlight unique features of the local wines. Several wine producers are also offering pre-recorded or live-streamed guided tastings through different platforms like Wine.com or Divinea.it. Therefore, VWEs may represent a marketing tool for wine regions and their producers including smaller, unknown ones, which represent a conspicuous part of the winery population in Italy (i.e., 44%) (Nomisma Wine Monitor, 2022). Yet, to the best of the authors’ knowledge, the scientific evidence around VWEs is still rather scarce, and little attention has been devoted to investigating the behavioral patterns of their main users, i.e., wine consumers.

To fill this gap, the present work builds on a sound methodology proposing an extended Theory of Planned Behavior (TPB) model to unravel the drivers of wine consumers’ intentions and behavior toward VWEs, intended as virtual wine tastings, virtual winery tours and wine events. Moreover, the study supports the results’ generalizability by making use of a large, nationally representative sample. Findings contribute to the theoretical development of TPB models and provide strategic information to understand consumers’ behavior toward VWEs, highlighting avenues for future research.

The paper is structured as follows. Section 2 reviews the literature on wine tourism digitalization and describes the theoretical framework used and the hypotheses tested, and data and methods are outlined in section 3. Finally, results and discussion are presented, followed by the conclusions.



2 Literature review


2.1 The digitalization of wine consumption

During the recent pandemic, several wine actors worldwide have implemented VWEs to offer consumers a new way to interactively taste local wines. Recent statistics reveal that six in ten U.S. wineries conducted virtual tastings, and about three in ten Italian wineries declared performing them (Statista, 2023). After the Covid-19 restrictions’ removal, some of them only kept providing VWEs as corporate or group activities upon request (e.g., see Amarendra and Das, 2022), while others have maintained them in their offer. Several examples can be found among Italian governing bodies of geographical indications known as Consortia (in Italy called Consorzi di Tutela), wine organizations (e.g., the German Wine Institute), and single producers. Since the pandemic, the Italian Consorzio of Conegliano Valdobbiadene Prosecco is organizing paid virtual wine tastings during the low season. More precisely, consumers receive Prosecco wine bottles from different producers at home and attend a virtual guided tasting where wine experts of Consortium explain the wine style, terroir, and history behind it. The pandemic has contemporarily played a role in fostering the diffusion of similar tools among consumers, leading them to a behavioral rethinking while acquiring familiarity with streaming platforms (Alaimo et al., 2020).

The phenomenon is gaining increasing attention among academics as well. Pre-Covid literature had already identified virtual reality (VR) as a strategic tool for developing multisensory wine tourism offers (Martins et al., 2017). More recently, researchers explored consumers’ perception of virtual wine tastings via Zoom platform through the 4Es experience economy framework (Paluch and Wittkop, 2021), the virtual embodiment effect occurring in virtual wine tastings and purchase decisions (Wen and Leung, 2021), and the impact of context and tasting environment during in-presence and VR-simulated wine tastings (Torrico et al., 2020). A study done by Amarendra and Das (2022) qualitatively compared virtual and cellar-door wine tourism experiences considering different virtual wine tasting experiences (happy hours, Livestream, and personalized tastings) and tours. The authors highlight the potential of Livestream tasting activities in creating brand loyalty and virtual tours as a long-term destination marketing strategy. Additionally, Szolnoki et al. (2021) conducted a supply analysis for virtual wine tastings involving over 1,000 wineries in 40 countries. The authors identified virtual wine tastings as a valuable and profitable activity to attract new customers and to keep existing ones loyal. Lastly, Gastaldello et al. (2022) explored the drivers of interest in virtual wine tourism experiences on a sample of Italian wine tourists. They found that personal involvement with wine plays a crucial role as a long-term stimulus, jointly with consumers’ willingness to support wineries and acquaintance with other wine digital tools. The authors argue that such experiences should not be seen as a substitute for regular wine tourism but as a separate product or marketing tool for wineries. Moreover, the authors found that the pandemic promoted interest in VWEs, particularly the resulting fear and anxiety, which might have pushed scared tourists to explore virtual options. Similarly, El-Said and Aziz (2022) found that hazard attributes, mostly related to the risk of Covid-19 infection, increased the intention to take virtual tours among individuals from Germany and the Sultanate of Oman.



2.2 The TPB model and the hypotheses development

Ajzen’s Theory of Planned Behavior Ajzen (1991) is one of the most widely applied and validated theory to predict consumer behavior. To date, a plethora of researchers in the field of economics and tourism used this framework or variations of it to explain, for example, consumers’ purchase intentions toward planning or replicating a wine holiday (Sparks, 2007; Quintal et al., 2015). TPB postulates that the intention to behave in a particular manner results from the combined effect of subject’s attitude toward that behavior, subjective norms, and perceived behavioral control. Moreover, a subject’s behavior results from the intention and the perceived behavioral control.

Attitude (ATT) can be described as a positive (or negative) feeling toward a given action or, more generally, a behavior. For example, positive feelings toward VWEs can strengthen people’s intention to partake in one, as many tourism studies found that attitude positively predicts travel intentions (Pratt and Sparks, 2014; Quintal et al., 2015; Han et al., 2016; Meng and Cui, 2020). Subjective norms (SN) embody the influence of significant others’ beliefs on one’s intentions to behave in a certain way: when SN is favorable, meaning that the subject’s reference group of people feels the target action is the right thing to do, its effect on the intention is positive. Although the direction of the relationship between SN and intention is supported by empirical evidence, the significance of this effect is controversial. For example, Sparks (2007) applied the TPB to a large sample of Australian wine tourists and found that the effect of SN on the intention to plan a wine holiday was positive but not significant. Diversely, Quintal et al. (2010) proved that SN in the form of social pressure to engage in the target behavior positively affects the intention. Nevertheless, the authors found that the size of this effect differ among the three countries analyzed (Japan, Korea, and China), suggesting that context and culture may play a role in moderating this relationship. Similarly, Sogari et al. (2023) use an extended TPB model on a large international sample to explore consumer’s attitude toward adopting a healthy diet. These authors found significantly heterogeneous positive effects of subjective norms on the intention. Looking at behavioral studies on Italian consumers, which is the context of this paper, the effect of SN tends to be positive and significant (Vesci and Botti, 2019; Caliskan et al., 2021; Wolstenholme et al., 2021), leading us to expect the same outcome.

The third predictor in TPB is the perceived behavioral control (PBC), which reflects the subject’s belief of having the means to pursue a target behavior. Such means can be tangible, e.g., financial, or intangible, like time or season (Lam and Hsu, 2006; Sparks, 2007).

Alike the previous predictors, empirical evidence from past studies proved that the effect of PBC on intention tends to be positive and often of substantial size (Sparks, 2007; Giampietri et al., 2016; Tomić Maksan et al., 2019; Vesci and Botti, 2019; Meng and Cui, 2020). Nevertheless, the effect of potential behavioral barriers resulting in PBC, formally referred to as control beliefs (Ajzen, 2015), can be negative whenever the perceived costs of pursuing a behavior are high (e.g., Sogari et al., 2023).

Sparks (2007) found PBC to have the greatest effect size among all the predictors (0.40) of future wine tourism intentions, and Giampietri et al. (2018) obtained the same outcome regarding the intention to purchase in short supply chains. Other studies on regular wine consumption (Tomić Maksan et al., 2019), processed red meat consumption reduction (Wolstenholme et al., 2021) or bicycle tourism (Han et al., 2016), found that the path between PBC and intention was always positive and significant but smaller than the one generated by attitude and subjective norms. Hence, while the relative importance of PBC over other antecedents of the intention seems to vary across product categories, we expect PBC to positively predict the intention to partake in a virtual wine tasting experience.

The ultimate result of intention is the behavior, namely the observable response for a target action of interest. According to TPB theory, a subject behavior is the result of his/her intention to perform the behavior and his/her PBC. The relationship between intention and behavior (i.e., the so-called intention-behavior gap) has long been under debate (Sultan et al., 2020). Nevertheless, tourism literature mostly focuses on behavioral and loyalty intentions neglecting behavior, so we rely on the entire TPB as done by the research tackling food and wine consumption. Recent findings confirm the presence of the intention-behavior gap as the variance in behavior explained by the intention tends to be small (Sultan et al., 2020) or moderate (Tomić Maksan et al., 2019). Meanwhile, they also support the existence of a positive relationship between intention and behavior (Tomić Maksan et al., 2019; ElHaffar et al., 2020; Sultan et al., 2020). Moreover, there is evidence that attitude affects behavior through intention (Sultan et al., 2020; Caliskan et al., 2021).

Instead, the effect of PBC on behavior tends to be positive (Giampietri et al., 2018; Sultan et al., 2020). Given the increasing diffusion of VWEs prompted by the pandemic and the relatively low time and financial investment required to join one, especially if compared to in-presence alternatives (i.e., winery visits), we believe that PBC would positively predict individuals’ behavior in our research context as well.

Considering these arguments and the current literature on TPB, we postulate the following hypotheses regarding the base TPB model to explain VWEs-related intention (VWEINT) and behavior (VWEBEH):


H1: Attitude toward virtual wine experiences (ATT) positively affects intention to partake in a virtual wine experience (VWEINT)

H2: Subjective norm (SN) positively affects the intention to partake in a virtual wine experience (VWEINT)

H3: Perceived behavioral control (PBC) positively affects the intention to partake in a virtual wine experience (VWEINT)

H4: Perceived behavioral control (PBC) positively affects the behavior toward virtual wine experience (VWEBEH)

H5: Intention to partake in a virtual wine experience (VWEINT) positively affects behavior toward virtual wine experiences (VWEBEH)

H6: Intention (VWEINT) mediates the effect of attitude (ATT) on behavior (VWEBEH).
 

Nevertheless, past research pointed out that the original TPB cannot predict consumer intention and behavior as it is, and thus needs to be enriched by including other dimensions (Lam and Hsu, 2004). This potentially explains why many studies apply TPB by including predictors to ATT, PBC and SN. Accordingly, we propose an extended version of the TPB model to test the effect of other potential determinants of VWE-related intention and behavior.

The literature shows the critical role of risk in assessing tourism consumer behavior (Luo and Lam, 2020; Villacé-Molinero et al., 2021). Indeed, risk has to be accounted when referring to virtual wine tourism experiences as these represent a novel way of experiencing win, especially when customers have a little experience and knowledge of wine. Hence, since consumer decisions are taken in a context of uncertainty, we consider the role of risk attitude. According to Bauer (1960), risk is connected to outcome unpredictability or undesirability when purchasing a product or a service. Whenever the perceived losses connected to a target action are high, subjects will adjust their risk-taking behavior (Sarin and Weber, 1993). Such behavior is lastly affected by their willingness to take risks, i.e., their risk attitude (Hillson and Murray-Webster, 2007), which is an inherent and stable trait of human beings. Thus, attitude toward risk can lead individuals to either be attracted by riskier options (i.e., risk lovers) or to avoid them (i.e., risk averse individuals) (Weber et al., 2002; Wu and Chang, 2007).

At first glance, VWEs may be thought to benefit from a safer perception compared to cellar-door wine experiences. For instance, during the Covid-19 pandemic VWEs were associated with lower perceived losses (e.g., virtual experiences did not expose people to uncontrolled contact with potentially sick individuals). Coherently, recent tourism research has highlighted the negative impact of risk perception (Villacé-Molinero et al., 2021) and risk aversion (Luo and Lam, 2020) on travel intentions. Hence, VWEs may be seen as a safer way to pursue one’s interest in wine. Nevertheless, preliminary evidence suggests that this hypothesis may not be true as these two activities are not considered substitutes (Gastaldello et al., 2022). Contrary, a source of perceived risk may be the novel and virtual nature of VWEs. When tourism experiences are purchased, all people have at hand the product description (e.g., duration, location, etc.), pictures, past experience (if any) and consumer reviews (Weathers et al., 2007). Still, ultimately, they can fully evaluate the quality only after living the real experience. The same happens for VWEs, which are often sold through the same channels as other tourism products and services (e.g., virtual travel agencies). Accordingly, the literature stresses how innovation can bring as much economic rewards as risks when it comes to market acceptance (Colombo et al., 2017), and how such risks can increase for new products due to a combination between limited knowledge and difficulties to evaluate their utility (Colombo et al., 2017; Aboulnasr and Tran, 2020).

VWEs are considered new products as they have started to be systematically offered only after the Covid outbreak. Therefore, both own’s and others’ past experiences are likely to be scarce and the perceived risk of unpredictable and undesirable outcomes from the experience can increase dramatically. Since the underlying perceived risk of purchasing a new product as VWE is higher, we expect that risk-averse subjects are likely to show a lower intention toward VWEs as well as a lower likelihood to join one (i.e., the behavior). Based on the above, the following hypotheses are tested:


H7: Risk attitude (RISKATT) negatively impacts the intention to partake in a virtual wine experience (VWEINT).

H8: Risk attitude (RISKATT) negatively impacts the behavior toward virtual wine experiences (VWEBEH).
 

Another critical issue of VWEs is the subjects’ involvement with wine (WI). WI is a form of enduring or personal involvement and, as such, it is connected to the presence of a long-term personal relevance for a given product or service (Lockshin and Spawton, 2001; Ogbeide and Bruwer, 2013). The consumption of hedonic products like wine and wine tourism experiences is connected to pleasure and enjoyment, and it is known to generate a greater involvement (Lesschaeve and Bruwer, 2010) which can ultimately affect many aspects of wine consumers’ behavior (e.g., Sparks, 2007; Bruwer and Buller, 2013). Thus, it is not surprising to find WI as a common trait of wine consumers and visitors of wine regions (e.g., Brown et al., 2007). Researchers usually distinguish between low and high-involvement wine consumers. Low-involvement consumers drink wine occasionally and are less interested in the product itself while highly involved consumers are frequent drinkers and wine spenders (Nella and Christou, 2014), and wine is in their lifestyle (Lockshin and Spawton, 2001; Brown et al., 2007). Moreover, there is evidence that highly involved wine tourists exhibit stronger wine tourism intentions (Brown et al., 2007; Sparks, 2007; Gastaldello et al., 2023) and revisit intentions (Nella and Christou, 2014). Since VWEs fall between wine consumption and wine tourism, we suppose that people having a stronger wine involvement exhibit stronger intentions to join a wine-related virtual experience. Therefore, the following hypothesis is postulated:


H9: Wine involvement (WI) is a positive antecedent of the intention to partake in a virtual wine experience (VWEINT).
 

Beyond attracting (new) wine consumers, VWEs are an interesting tool to promote wine tourism destinations. Since some traits of regular wine tourism (e.g., the atmospherics of the vineyards and the winery) are missing in VWEs (Amarendra and Das, 2022), virtual and offline experiences (e.g., wine tastings) are not perfect substitutes (Gastaldello et al., 2022). Thus, consumers may conceive the virtual option as a way to discover new wineries that may be visited in the future while lowering time and costs. If so, possessing a strong intention to go on a wine holiday in the next future (e.g., in the next year) should explain the intention toward VWEs, as follows:


H10: Future wine tourism intentions (FUTWTINT) are a positive antecedent of the intention to partake in a virtual wine experience (VWEINT).
 

Figure 1 reports all hypothesized paths for the base TPB model (white ovals) and the extended TPB model, with new constructs represented as light-grey ovals.
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FIGURE 1
 Hypothesized base and extended TPB paths. Note: Extended TPB constructs are represented as light-grey ovals; white ovals represent constructs from Ajzen’s original TPB theory. VWEBEH is depicted with a rectangle as it is an observed variable. H6 = mediation effect: RISKATT ➔ VWEINT ➔ VWEBEH.





3 Materials and methods


3.1 Data collection

The study was carried out in Italy in January 2022 through a virtual survey distributed among wine consumers, which constitute the target population. Specifically, respondents had to be wine consumers with past wine tourism experience. People drinking wine less than once a month or purchasing wine less than once per year, and those who had not experienced wine tourism in the last 5 years were screened out through some initial filtering questions. This choice was made to ensure the responses’ reliability as well as to involve consumers with a potentially longer-term interest in wine and wine experiences. Data collection was conducted by a professional online panel provider according to the quota sampling method to obtain a nationally representative sample in terms of age, gender, and geographic area of residence. All participant were Italian residents. A pilot study on a sample of 30 respondents was performed before the data collection to test the clarity and correctness of the questionnaire. The final sample includes 559 complete surveys. The study received ethical approval from the University of Padova in January 2022, and the research fully followed the principles stated by the Declaration of Helsinki.



3.2 Questionnaire description

The structured questionnaire consists of 4 separate sections. The first one includes the above-mentioned filter questions (i.e., past wine tourism experience, wine purchase and consumption frequency). Here, respondents were also provided with an example of a virtual wine experience, described as follows: “A virtual wine tasting involves the home delivery of a number of wine bottles and a tasting experience guided by wine professionals (producers, sommeliers, etc.), which allows you to learn about the wine, the winery, and the wine-growing region without the need to reach it physically.” Other VWE examples mentioned to respondents are virtual winery tours and food and wine events. The second section includes questions to measure the TPB variables measured through several 7-point agree/disagree Likert type scales, namely: intention (1 statement) to participate in a virtual wine experience in the next future (VWEINT), behavior (VWEBEH), attitude toward virtual wine tourism experiences (ATT – 6 items, Cronbach’s alpha = 0.92), subjective norms (SN – 3 items, Cronbach’s alpha = 0.93), and perceived behavioral control (PBC – 3 items, Cronbach’s alpha = 0.79). Scales for measuring ATT, SN and PBC are adapted from Lam and Hsu (2006) and Meng and Cui (2020).

VWEINT was measured through the following 7-point agree-disagree single-item construct, adapted from Sparks (2007): “I intend to participate in a virtual wine tourism experience in the next 12 months.” Also, VWEBEH was captured by the following statement (dummy variable): “Have you ever participated in a virtual wine tourism experience (e.g., virtual wine tastings)?.” In this section, we also measured variables to be included in the extended TPB model such as risk attitude (RISKATT), wine involvement (WI), and future wine tourism intention (WTINT). In line with Dohmen et al. (2011), RISKATT was self-assessed through the following statement: “On a scale from 0 (not at all willing to take risks) to 10 (very willing to take risks), how would you assess your personal preference to take risks?.” For data analysis, this scale was reversed so that higher values indicate greater risk aversion. We opted for this simple measure of risk attitude, as extensively done in the literature (Meraner and Finger, 2019; Höschle et al., 2023), to ensure proper survey length (due to the high number of questions in the survey), while producing results that can be compared to other elicitation methods (e.g., lotteries) (Dohmen et al., 2011). As for WI, we opted for Hirche and Bruwer’s (2014) 10-items scale (Cronbach’s alpha = 0.94), ranging from 1 = totally disagree to 7 = totally agree, while WTINT was assessed through a 7-point agree-disagree single-item construct adapted from Sparks (2007) and formulated as follows: “I plan to visit a wine region in the next 12 months.” The single-item constructs were operationalized as scales, following Hair et al. (2019) and Petrescu (2013). Specifically, factor loadings were set to the square root of the best-guess reliability (0.85), while the error variance term was set to one less than the best-guess reliability. The third section focuses on aspects related to wine consumption and wine tourism habits while the fourth section investigates the socio-demographic characteristics of the sample units.



3.3 Data analysis

For data analysis, the study applied structural equation modelling (SEM) using IBM SPSS AMOS 27 software. First, confirmatory factor analysis (CFA) assessed the validity of the measurement model including all the latent constructs (ATT, SN, PBC, WI, WTINT, RISKATT, VWEINT). Being BEH an observed variable, it was excluded from the CFA analysis. Afterwards, we run the structural model to test both the base version of Ajzen’s Theory of Planned Behavior and the extended TPB framework. Therefore, a Chi-square difference (Δχ2) tested the two models: notably, when a significant difference is shown, the extended version is preferred to the original. The goodness of fit of the models is tested considering the following cut-off values: less than 5 for CMIN/DF, less than 0.9 or more for CFI and TLI, less than 0.07 for RMSEA, less than 0.08 for SRMR (Hair et al., 2019).




4 Results


4.1 Sample description

The socio-demographic characteristics of the sample are shown in Table 1. Most respondents are between 35 and 64 years old (69.7%) and come from Northern Italy (47.1%). They are mostly employees (55.3%), with a high school qualification (51.5%), and with a medium economic class level (50.3%). The majority (65.7%) claim that the pandemic did not significantly impact their household income.



TABLE 1 Socio-demographic information of the sample (N = 559).
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Regarding wine consumption and wine tourism-related habits (Table 2), 59.7% of the sample drinks wine at least 2–3 times a week (27% every day), and 39.9% purchase it at least once a week (8.6% more than once a week). The usual place for buying wine is the supermarket (44.7%) followed by specialized shops (27.4%), and about one-fifth of the respondents purchase wine directly from the producer (19.3%). The average price-per-bottle (0.75 L) paid ranges between 6 to 15 € for more than half of the sample (56%). Most respondents prefer to consume wine at home (69.2%), and about 56% of them normally store up to 5 bottles of wine at home. The 48% travel to a wine region 2–3 times a year, with visiting wineries and purchasing wine as the primary motivation. Finally, 26% of the sample has already taken part in a virtual wine tourism experience prior to the study.



TABLE 2 Information on wine consumption and wine tourism habits of the sample (N = 559).
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4.2 Empirical results

Correlations among variables are reported in Table 3. Sample respondents show a high PBC (mean value = 5.46), a high positive attitude toward VWEs (5.27) and high subjective norms (4.28). Moreover, they are high involved in wine (4.52) and risk averse (4.64). They declare a great intention toward both future wine tourism (5.34) and virtual wine experiences (4.44).



TABLE 3 Correlations and descriptive findings between variables.
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The model performance is satisfactory as goodness of fit (χ2 = 925.44; DF = 255; p < 0.001; CMIN/DF = 3.63; CFI = 0.94; TLI = 0.93; RMSEA = 0.069; SRMR = 0.062). For convergent validity, we evaluated the standardized factor loading and construct reliability (Table 4). All standardized factor loadings are above the recommended threshold of 0.5, most of them having an optimal value above 0.7. Similarly, construct reliability for all constructs is above 0.7, and the average variance extracted (AVE) is always above the 0.5 threshold, in line with Hair et al. (2019) guidelines. We confirmed discriminant validity as the squared root of AVE is greater than the correlation between constructs.



TABLE 4 Measurement model results from the confirmatory factor analysis.
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The base and the extended TPB were estimated (Table 5). The base TPB model shows a good fit: χ2 = 332.603, df = 71, CMIN/DF = 4.685, CFI = 0.958, TLI = 0.946, SRMR = 0.060, RMSEA = 0.081. The results show that ATT (β = 0.316), SN (β = 0.440) and PBC (β = 0.125) have a significant and positive effect on the intention to partake in a virtual wine tourism experience. Moreover, intentions have a significant and positive effect on behavior (VWEINT ➔ VWEBEH β = 0.411) as opposite to PBC, which negatively predicts it (β = −0.114). It follows that H5 is confirmed, while H4 is only partially supported as a significant effect is reported but in a opposite direction than the expected one. R2 estimates of the two dependent variables suggest the model explains 60.2 and 13.2% of their variance, respectively (see Figure 2).



TABLE 5 Results for the structural model: comparison between the base TPB model and the extended one.
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FIGURE 2
 Results of the base and extended TPB model estimation. Note: extended TPB constructs are represented as light-grey ovals; white ovals represent constructs from Ajzen’s original TPB. VWEBEH is represented with a rectangle as it is an observed variable. Results of estimations of the base and extended TPB model for each hypothesis tested are reported in small rectangles as follows: βbase = standardized path coefficient from the base TPB model; βext = standardized path coefficient from the extended TPB model. *** p < 0.001; ** p < 0.05. Non-significant paths are represented as dotted lines. H6 = mediation effect: RISKATT ➔ VWEINT ➔ VWEBEH.


The extended TPB model shows better goodness of fit than the base model: χ2 = 995.110; df = 277; CMIN/DF = 3.592; CFI = 0.937; TLI = 0.926; SRMR = 0.064; RMSEA = 0.068. The Chi-square difference between the two models is significant (Δχ2 = 662.51; df = 206; p < 0.0001). Moreover, the Parsimony Normed Fit Index (PNFI) is greater for the extended model (0.780), indicating it performs better than the base TPB (0.739) (Hair et al., 2019). Hence, we can conclude that the extended TPB model represents an improvement to the base TPB framework. Overall, the R2 of both intention and behavior is greater than in base TPB (Figure 2).

Looking at path estimates, results highlight that ATT (β = 0.304), SN (β = 0.308), and PBC (β = 0.064) significantly and positively affect intentions. Similarly, wine involvement (β = 0.150) and the future wine tourism intention (β = 0.143) are significant antecedents of the intention, as opposed to risk attitude. Furthermore, we find that the behavior is positively determined by the intention (β = 0.371) and negatively affected by risk attitude (β = −0.164) and PBC (β = −0.133). In this case, 63.6% of the variance of VWEINT and 15.6% of VWEBEH are explained. We can conclude that H9, H10, and H8 are supported, while H7 is not.

Finally, we tested whether attitude affects behavior indirectly through intention (H6). The specific indirect effect is positive and significant (β = 0.11; p = 0.002) with a non-significant direct effect (β = − 0.11; p = 0.107), showing that intention fully mediates the attitude-behavior relationship. Figure 2 reports the results of the base and extended TPB model for each tested hypothesis.




5 Discussion


5.1 Results discussion

This work implements the full TPB model to analyze virtual wine consumers’ behavior related to dedicated virtual experiences. The research aim is to unravel drivers of intention and behavior toward this novel consumption pattern. In doing this, the study tests 9 causal hypotheses and 1 mediation effect by applying covariance-based SEM.

Results validate the efficacy of the TPB framework to explain the decision-making regarding VWEs’ choice, as all TPB variables significantly predict the intention and behavior under investigation. Going into detail, evidence shows that people’s intention to partake in VWEs is positively driven by subjective norms and their positive evaluation of such experiences (i.e., ATT). This result supports the H1 and H2 hypotheses and in line with the existing literature (Pratt and Sparks, 2014; Quintal et al., 2015; Han et al., 2016; Meng and Cui, 2020). Particularly, peer pressure (SN) emerges as the most powerful predictor of the intention in the base TPB model. We can reasonably explain this result as the novel feature of VWEs and, consequently, with the scarce personal experience of respondents on it. The literature explains this reasoning by stressing the primary role of others’ opinion, i.e., word-of-mouth, in shaping new product purchase decisions, especially when such products are experience goods (Cui et al., 2012; Li et al., 2021). Hence, people may strongly rely on their peers’ opinion when building their behavioral decisions on VWEs. Even in the extended model, the effect size of subjective norms slightly decreases but remains comparable to that of attitude.

Contrary to what we expected, the perceived behavioral control exerts a negative impact on the behavior. This result is in contrasts with many past TPB studies on agri-food products’ consumption (see, for example, Sultan et al., 2020) and in line with some other (D'Souza et al., 2022). Instead, the perceived easiness of joining an VWE positively influences the intention, although to a minor extent. The contrasting effect of PBC on behavior is not related to the conflicting relationship from the new variables included in the extended model as it is found to be negative already in base TPB estimations. Particularly, the behavior explained by the model reflects whether respondents are VWEs’ consumers. Instead, PBC deals with the respondent’s belief of being in the condition to act according to the intention (Ajzen, 1991). Thus, the negative effect of PBC on behavior indicates that the more respondents feel in control of joining an VWE if they want to, the less likely they are to do it. When variables of the extended model are added to the base TPB (WI, WTINT, RISKATT), the PBC effect on VWEINT is almost halved, while its impact on VWEBEH slightly increases.

Nevertheless, the PBC-VWEBEH relationship does not necessarily hold for future behavior, leaving an open question for the next studies.

The effect of ATT on VWEINT remains consistent in sign as well with a small change in magnitude, and the same is observed for the relationship between intention and behavior. As hypothesized, the intention is a positive predictor of behavior (ElHaffar et al., 2020; Sultan et al., 2020): its effect size is greater than that of PBC in the base TPB model, in line with previous findings on food (e.g., Dunn et al., 2011; Giampietri et al., 2018) and wine consumption behavior (Tomić Maksan et al., 2019). This outcome suggests that the subject’s personal preference for VWEs overcomes the negative effects of tangible and intangible perceived barriers in pursuing the target behavior.

Focusing on the additional variables included in the extended model, both future wine tourism intentions and wine involvement positively affect the intention. This result partially aligns with the findings of the exploratory studies from Gastaldello et al. (2022) and Sparks (2007), where WI is a positive predictor of interest in VWEs and future wine tourism intentions, respectively. Nevertheless, the former study found the relationship between wine tourism intentions and interest for VWEs to be not significant. This incongruency may be a consequence of different data collection timing or different nature of the outcome variable (i.e., interest instead of intention).

The fact that the effects of WI and WTINT are smaller compared to most TPB predictors except PBC, suggests they are less critical yet positive drivers of the intention to partake in an VWE.

Lastly, risk attitude does not seem to affect the intention, while it negatively impacts the behavior. This evidence highlights the existence of a perceived risk associated with VWEs, perhaps because of their intangible or less realistic nature compared to onsite visits. This effect reasonably stems from the still innovative nature of VWEs that would merit greater awareness among people through information campaigns. In this regard, Monaco and Sacchi (2023) see virtual tourism experiences based on the Metaverse as a strategy that, being more immersive, could reduce the associated perceived risk and prepare visitors for real visits before travelling. At present, risk attitude provides a direction for segmenting wine tourists potentially interested in VWEs, i.e., the less risk-averse individuals.

Alike in Sultan et al. (2020), both the intention and PBC do explain a small share of the observed behavior analyzed (R2 = 13%), suggesting that an intention-behavior gap is present and needs further investigations. By including risk attitude to explain behavior in the extended TPB model, the variance explained increases (R2 = 16%). Still, the model’s explanatory power for VWEBEH is limited compared to VWEINT. It follows that additional potential mediators and moderators should be investigated to detect additional key factors transforming intention into behavior.

Lastly, the presence of full mediation from intention between attitude and behavior, which is in line with recent results obtained by Sultan et al. (2020), confirms that the effect of attitude transmits to behavior through intentions (Sultan et al., 2020; Caliskan et al., 2021). Nevertheless, the small scale of such an effect calls for further investigations into potential interfering factors.

The study is not free from limitations. One limitation of this study is that it only analyzes the effects of certain determinants on the intention and behavior toward VWEs. To gain a better understanding of the phenomenon, it would be beneficial to include additional antecedents from the literature. Furthermore, the study measures behavior using a dichotomous variable without examining the constraints or motivations that hindered participation in VWEs.



5.2 Concluding remarks and future research agenda

Virtual wine experiences (VWEs) represent a novel wine consumption occasion that, following the digitalization megatrend, has the potential to stay. The present study is the first, to the best of the authors’ knowledge, to shed light on the determinants of wine consumers’ intention and behavior toward VWEs and provide valuable insights to academics, sector stakeholders, and policymakers in this regard. Specifically, this research builds on the widely validated framework of the Theory of Planned Behavior while testing an extended model that accounts for relevant constructs related to wine and novel products’ consumption. Academically, the study provides an updated application of the TPB to emerging wine consumers’ behavior, contributing to the related body of literature while providing empirical evidence of the attitude-behavior relationship, as well as evidence supporting the intention-behavior gap. Since VWEs are offered through virtual platforms, the latter gap is reasonably linked to aspects such as subjects’ digitalization and attitude toward technology. Future research could test the mediating role of such constructs in the intention-behavior relationship.

Since personal wine involvement and intention to visit a wine region soon positively predict the VWE intention, virtual wine consumption is more likely to concern highly involved wine consumers (i.e., wine lovers and wine enthusiasts) as well as people having stronger wine tourism intentions. The latter are segments of interest to both rural destinations and single wineries, which might adopt VWEs as a long-term marketing strategy thus favoring the growth of virtual wine consumption.

Nevertheless, the results also indicate that having personal positive feelings about VWEs is even more important than being interested or passionate about wine per se. Behavioral research could further investigate attitude determinants, i.e., behavioral beliefs, while better profiling VWEs consumers from a socio-demographic and psychographic perspective.

Furthermore, subjective norms show an equivalent effect to the attitude in forming VWE-related intentions, suggesting that peer pressure (here, family, and close friends) plays a critical role in shaping them. In this respect, further research may investigate the role of wine experts, connoisseurs, and influencers’ opinions in impacting consumers’ behavior toward VWEs.

The negative effect risk attitude exerts on VWEs’ behavior is reasonably connected to the uncertainty underlying the decision to purchase an experience that has been newly introduced on the market and the subsequent lack of consumer knowledge and experience. If this is the case, increasing market knowledge about VWEs may reduce the potential perceived risks associated with their purchase thus mitigating the detrimental effect of risk attitude on the observed behavior that emerged from this research. While this study does not consider the sources of risk related to VWEs consumption, this is a topic that future research could explore, also applying different techniques to elicit it (e.g., contextualized experiments). Particularly, academics should also test whether an increased product acquaintance would reduce the impact of subjective norms and risk attitude on VWEs behavior.

In this respect, online and offline word-of-mouth might both bridge the abovementioned knowledge gap and the perceived risk connected to VWEs promoting their diffusion and thus an increase in virtual wine consumption.

Some critical reflections arise on VWE with respect to their sustainability potential. As Ozdemir et al. (2023) underline, experiences like VWEs offer consumers an environmentally friendly way to discover new regions, wineries and wines and eventually buy them without traveling, thus lowering the carbon footprint. This aspect does not mean that VWEs should become substitutes of wine holidays or cellar door experiences, but rather a greener complimentary option, among others for shorter trips solely targeted at gathering preliminary information or purchasing wine at the cellar. Therefore, VWE can be both a resilience strategy during crisis and a long-term marketing strategy. Additionally, VWEs can be used to accustom wine drinkers to greener packaging (e.g., bag-in-box). In fact, wineries usually ship the tasting set to participants upon the experience purchase. Thus, they could promote sustainable packaging alternatives by using the in these sets and inform consumers on the related benefits during the experience. Indeed, the literature found evidence that a critical aspect of non-glass wine packaging acceptance is the belief that alternatives would compromise wine quality, and it may be overcome by properly informing consumers, particularly those who are less traditionalist (Ferrara et al., 2020).

Moreover, VWE may embody an economic sustainability dimension for wine stakeholders. For example, they could allow attracting new customers and future visitors, including those living far away from the destination, and offering wine tourism activities in the low season at a relatively low cost in terms of personnel and advertising.

Given the pressing need to strengthen sustainability outlined by the European Sustainable Development Goals (SDGs), sector academics should explore VWEs potential in this respect. Qualitative results of a recent study from Lu et al. (2022) highlight that VTEs could contribute to lower unnecessary greenhouse gasses emissions of the sector associated to transportation, as well as to make destinations virtually accessible to consumers hindered by physical or economic barriers.

Finally, researchers could validate the 4Es framework in virtual wine experiences to explore if and how it differentiates from the one traditionally associated to in-person wine tourism experiences. In this respect, Wei et al. (2023) recently introduced a new dimension, connection, to the four proposed by the original model (entertainment, education, escapism, and aesthetics) to accommodate the unique features of the virtual environment. To conclude, the extent that wine consumption has reached worldwide, and the increasing relevance of digitalization call for further monitoring of the VWEs phenomenon, and eventually infrastructural and learning support to wine operators willing to develop VWEs paired with ever-relevant consumer education.
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With the ever-growing popularity of food deliver, more and more consumers are embracing this convenience as part of their lifestyle. However, the issue of food waste created by the food deliver industry has become a pressing concern in society. This paper aims to examine the link between food waste and food delivery services, and investigate the effects of anti-food waste regulations on the generation of food waste and the choice of logistics strategies in an Online-to-Offline (O2O) supply chain. Using game-theoretical approach, we focus on two prominent logistics strategies—the restaurant-free self-logistics strategy (RF strategy) and the platform-charge logistics strategy (PC strategy). Our research results show that anti-food waste regulation can effectively reduce food waste in food delivery service under the PC logistics strategy. The choice of logistics strategy is constrained by the online market potential, the relative logistics costs of platform logistics, and anti-food waste regulations. If the anti-food waste regulation is strict, as long as the size of the food delivery market and the relative logistics costs of platform logistics are not simultaneously small, the RF strategy will be the equilibrium strategy, whereas the supply chain members should choose the PC strategy. The study thus offers useful inferences for theory and practice.
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1 Introduction

In recent years, the online food delivery market has grown at an unprecedented pace globally (Habib et al., 2022; Traynor et al., 2022). The global online food delivery market size was valued at USD 221.65 billion in 2022 and is expected to expand at a compound annual growth rate (CAGR) of 10.3% from 2023 to 2030 (Grand View Research, 2023). The growth is mainly driven by the rising internet penetration coupled with the proliferation of smartphones, growing technology advancement, the and emergence of cloud kitchens. However, this growth has also spurred an unsettling surge in food waste (Trivedi et al., 2023). A survey conducted by the School of Environment at Tsinghua University, China Chain-Store and Franchise Association, and food delivery platform Meituan shows that each takeaway user squanders an average of 57.5 grams of food with each order (Wang, 2023). Considering China’s huge food delivery market, that’s a serious problem.

Food waste is a multifaceted issue with environmental, economic, and social ramifications (Dhir et al., 2020; Lins et al., 2021; Borghesi and Morone, 2023; Onyeaka Hemalatha et al., 2023). From an environmental perspective, food waste is a major contributor to greenhouse gas emissions. Economically, it implies the wasteful allocation of resources, estimated to cause a global financial loss of nearly $1 trillion annually. Socially, it raises ethical questions, with millions going hungry while edible food is discarded in large amounts. The United Nations Food and Agriculture Organization estimates that approximately one third of the food produced globally for human consumption every year — roughly 1.3 billion tons — is lost or wasted (Boliko, 2019;; Penalver and Aldaya, 2022). Hence, there has been an increased regulatory focus on reducing food waste, with numerous nations implementing anti-food waste regulations (Redlingshöfer et al., 2020; Szulecka and Strøm-Andersen, 2022).

Existing literature has explored the general impact of these anti-food waste regulations on restaurant industry (Feng et al., 2022; Filimonau et al., 2022). However, there’s a conspicuous lack of research investigating their influence on the food waste followed in the booming online food delivery sector. Empirical studies in the area have completely ignored the possibility of linkage between online food delivery and food waste. This vacuum in the research is quite concerning since food waste issues are rising in this sector by the day. Recently, some scholars began to pay attention to the problem of food waste in food delivery service and mainly studied the causes of food waste. The study considered the influence of online consumers’ overorder (Sharma et al., 2021; Trivedi et al., 2023), delivery time (Zhang et al., 2022), food quality (Talwar et al., 2023) and other factors (Kristia et al., 2023; Wei et al., 2023) on food waste in food delivery service. However, these studies did not consider anti-food waste regulatory scenarios. In addition, the research that only considers the single-channel environment of online food delivery is difficult to apply to today’s mainstream Online-to-Offline (O2O) model. Therefore, this paper will consider the O2O dual-channel environment under the anti-food waste regulation, and aims to address the following key questions:

1. How does the anti-food waste regulation impact food waste in the food delivery O2O supply chain?

2. What is the impact of the introduction of the anti-food waste regulation on the decisions of food delivery O2O supply chain members?

3. How will the anti-food waste regulation change the choice of logistics strategies for the restaurant and the online food delivery platform?

In this paper, we develop two logistics strategies — the restaurant-free self-logistics strategy (RF strategy) and the platform-charge logistics strategy (PC strategy) and investigate how anti-food waste regulation affect logistics strategy and what strategies food delivery O2O supply chain members should use to cope with them. We provide new insights into the contextual factors such as online market potentials, relative logistics costs of platform logistics, and anti-food waste regulation, influencing the fitness and dynamics of the RF strategy and the PC strategy. We fill a critical research gap by providing insights into the interaction between anti-food waste regulation and logistics strategies in the food delivery O2O supply chain. In addition, our findings can guide businesses and regulators to collaboratively shape effective strategies, helping to balance the objectives of food waste reduction, economic sustainability, and operational effectiveness. Our research will set a stage for future investigations into creating resilient, sustainable supply chains within the online food delivery industry.

The rest of this paper is structured as follows. In Section 2, a literature review is conducted on O2O supply chain and food waste of supply chain. In Section 3, the materials and methods this paper are given. Section 4 uses numerical examples further investigates the relevant problems that cannot be analyzed comparatively due to the complexity of the model. Section 5 is the conclusions. All proofs of this paper are in the Appendix.



2 Literature review

This paper deals with two core research topics such as O2O supply chains management and anti-food waste regulation. This section will delve into the relevant research literature to better understand the interdependencies and differences between this paper and the existing literature.


2.1 O2O supply chain management

In the era of digital disruption, the O2O model is a combined online and offline business model. To address the definition problem of the O2O model, Lee et al. (2022) proposed a systematic definition method. They believe that the O2O model is a business model that guides consumers to purchase goods or services in offline physical stores through online channels.

The study also explores the application of the O2O model in the supply chain, including online-to-offline and offline-to-online models (Govindan and Malomfalean, 2019; Guo et al., 2022; Qiu et al., 2022; Gu et al., 2023; Tan et al., 2023). In examining the strategic value of O2O supply chains, Yang and Tang (2019) found businesses that integrate online and offline operations gain not only enhanced service quality but a competitive edge in the market. Similarly, Wang and He (2024) further confirm a mechanism for coordinated efforts between online and offline channels and their robustness against adverse market situations, leading to better profitability and efficiency.

Amidst the burgeoning prominence of e-commerce, the seamless merging of online-offline channels welcomes a new set of logistical challenges as studied by Liu et al. (2020), specifically in order delivery—unlike the traditional supply chain, where items travel from manufacturer to retailer and then to customers, the O2O model requires much more versatile logistics operations due to its unique delivery dynamic. Nonetheless, while aforementioned raise offers new challenges, it also births innovative solutions such as Buy Online Pickup in Store (BOPS) or Buy Online Deliver from Store (BODS) strategies, which help diffuse internal channel competition and augment retail performance (Hu et al., 2022; Yang et al., 2022; Sarkar and Dey, 2023).

In the context of food delivery, the O2O logistics model has become an increasingly prevalent application (Zou et al., 2022). Companies rely on technology to bridge the gap between consumers and food providers, using data-driven insights to streamline operations, improve efficiency, and increase profits (Rejeb et al., 2020). The recent two literatures published by Niu et al. (2021) and Du et al. (2023) are closely related to our research. They discussed the choices of pricing policy and logistics strategies mode for a restaurant that adopted O2O dual-channel sales. Their results showed that the restaurant should choose the self-logistics mode when the potential market size of the online channel and the consumers’ sensitivity to the price difference between the two channels were small, otherwise, the restaurant chose the platform delivery mode. While Niu et al. (2021) and Du et al. (2023) provide vital insights for maximizing profit in O2O operations, our work pushes the boundaries by incorporating anti-food waste regulations, connecting practical strategies to achieve sustainability in a profitable and efficient manner in the food delivery O2O supply chain. This paper provides a unique insight into the complex workings of the food delivery O2O supply chain by considering different layers than the existing research.



2.2 Anti-food waste regulations

Food waste is a significant issue affecting global supply chains, impacting not only the economics of food production but also environmental sustainability and social equity (Raak et al., 2017; Ali et al., 2019; Dumitru et al., 2021; Krishnan et al., 2022). Literature provides a well-structured account of food waste prevention strategies and the regulatory mechanisms designed to cope with such wastage (Teng et al., 2021; Mesiranta et al., 2022; Szulecka and Strøm‐Andersen, 2022; Steenmans and Malcolm, 2023).

Governmental regulations, as explored by Göbel et al. (2015), serve as one pivotal approach to mitigate food waste along the supply chain. They enforce waste management practices and foster waste reduction momentum, like the example set by the European Union’s “Waste Framework Directive” (Grosso et al., 2010). The French government’s “Gaspillage Alimentaire” law stands as another example, implementing penalties against supermarkets throwing away edible food, thus enhancing waste management effectiveness (Cane and Parra, 2020). Regulations inevitably create implications for firms along the supply chain. Parfitt et al. (2010) have critiqued such regulations suggesting that while they encourage compliance from firms, they can unintentionally create economic strain, particularly for small-scale businesses. Alternatively, the implementation of such policies may spur innovations in food logistics, encouraging businesses to optimize inventory management or implement technologies to extend product shelf life, as pointed out by Ali et al. (2019) and Diaz-Ruiz et al. (2019). Moreover, these regulatory policies often operate in conjunction with incentives to foster corporate investments in waste management initiatives (Thi et al., 2015; Chalak et al., 2016). Investments may include funding for research or incentives for implementing waste-reducing technologies or practices, such as tax breaks for companies that donate edible food that would otherwise be discarded (Walia and Sanders, 2019).

This paper aims to contribute to the existing body of research on anti-food waste by investigating the influence of regulatory policies on the logistics strategy of the online food delivery industry. While previous studies primarily concentrate on the effects of these policies on consumers and producers, this research focuses on the less-explored aspects of transportation and delivery within the intermediate links of the food supply chain. By examining how these regulations impact delivery patterns and the decision-making process of supply chain members, this study aims to uncover valuable insights into the optimization of the supply chain and the reduction of food waste. Furthermore, unlike broader research that examines anti-food waste regulations across various sectors, this study specifically targets the food delivery O2O supply chain, providing a more targeted and practical understanding of the food waste issue in this emerging industry.




3 Materials and methods


3.1 Problem description and assumptions

Consider a food delivery O2O supply chain system consisting of a food delivery platform providing online services and a restaurant providing online delivery and offline dining. In this food delivery O2O supply chain system, there will be two logistics strategies for online orders: restaurant-free self-logistics strategy (RF strategy) and platform-charge logistics strategy (PC strategy). Under RF strategy, the restaurant will decide food prices for online and offline channels, and the platform does not make decisions and only charges a certain percentage of the service fee for the use of online channel by the restaurant. Under PC strategy, the platform first decides the delivery service fee for online orders, and then the restaurant decides the food price for online and offline channels.

In addition, to reduce food waste, the government will implement anti-food waste regulations. The penalty fee for anti-food waste units is [image: image], and the higher the value, the greater the penalty. The notations are summarized in Table 1.



TABLE 1 Summary of notations.
[image: Table1]

For the sake of analysis and without loss of generality, the following assumptions are further stated:


Assumption 1: The food delivery platform takes the lead in formulating strategies, including pricing, service quality, and collaboration terms. As a follower, the restaurant responds to these strategies by deciding whether to partner with the platform and adjusting menu prices accordingly. Subsequently, the platform observes the restaurant's decisions and adjusts its own strategies to maximize its interests. This iterative interaction continues until both parties reach a stable state known as the Nash equilibrium. Through the modeling of the Stackelberg game, we can deeply analyze the decision-making processes between the two parties, providing crucial insights for understanding economic relationships, predicting market trends, and developing effective strategies.

Assumption 2: Since it is easy to dispose of excess food offline, we only consider that food waste occurs in online ordering, and consider that the delivery platform should bear the responsibility of anti-food waste.

Assumption 3: The service cost of the delivery platform and the unit production cost of the restaurant are assumed to be 0, and the service crowding effect is not considered, that is, the waiting cost of customers for online and offline is 0.

Assumption 4: In order to ensure that the restaurant is willing to accept online orders, the platform’s commission rate [image: image] is assumed that [image: image].

Assumption 5: The average proportion of food wasted by online consumers is affected by many factors such as menu size, consumer food intake, delivery efficiency and timeliness of meals. In different development processes or technical backgrounds, its value may be different. Therefore, this paper assumes that unit waste ratio of online food [image: image] is an exogenous variable.

Assumption 6: In order to ensure that the number of online channel sales under each strategy is positive, the online market potential [image: image] is assumed that [image: image] and [image: image].
 

According to the above, following the references Niu et al. (2021) and Du et al. (2023), the sales sales quantity function of offline and online channels under the RF strategy and PC strategy can be assumed as:

[image: image]

[image: image]

Thus, by Equations (1) and (2), the amount of food waste in the downstream channels of the two strategies can be obtained as follows:

[image: image]

[image: image]

Further, by Equations (3) and (4), the profit function of restaurant and platform under the two strategies can be obtained as follows:

[image: image]

[image: image]

[image: image]

[image: image]

In Equations (5), (7), the first item is the profit of offline channels and the second item is the profit of online channels. In Equations (6), (8), the first item is the profit of the online channel and the second item is the penalty cost of food waste in the online channel. In the second item although the waste ratio is assumed to be an exogenous variable, since the amount of waste contains decision variables, in the Stackelberg game, the decision-making of supply chain members will be affected by anti-food waste regulation and food waste ratio, which is obviously different from the work of Niu et al. (2021).

Using backward induction, we summarize the optimal decision results under the two strategies in Table 2.



TABLE 2 Optimal decision results under the RF strategy and PC strategy.
[image: Table2]



3.2 Model analysis

In this section, we first analyze the effects of anti-food waste regulation and online market potential on optimization decisions under the two strategies. Then we compare and analyze the optimal decision results of the RF strategy and PC strategy.


3.2.1 The impact of anti-food waste regulation

Proposition 1: Under the RF strategy, food prices and sales quantity of online and offline channels, online food waste and the restaurant’s profits are not affected by the anti-food waste regulation, but with the increase of anti-food waste punishment, the platform’s profits will decrease.

Proposition 1 demonstrates that the restaurant has the autonomy to determine food prices for both online and offline channels based on the RF strategy, irrespective of the regulatory responsibility of the platform in combating food waste. The optimization decisions made by the restaurant are independent of the platform’s anti-food waste regulations. By adopting the RF strategy, the restaurant is not subjected to penalties for food waste, allowing it to flexibly adjust its business strategy to maximize profits based on operational conditions and environmental changes. However, the platform, under the RF strategy, becomes liable for fines associated with food waste, directly impacting its profitability. With the government’s anti-food waste policy being further implemented, the pressure of such fines is expected to increase. In response, the platform may increase the service commissions for online channels to offset the costs of anti-food waste measures. Nevertheless, regardless of these adjustments, the RF strategy does not effectively reduce food waste from online channels, rendering the platform’s regulatory responsibility for anti-food waste ineffective. Consequently, in terms of the delivery strategy for online channel orders from restaurants, the government should not solely hold platforms accountable for anti-food waste but should also include restaurants within the regulatory framework.

Proposition 2: (i) [image: image], [image: image], [image: image] and [image: image] [image: image]. (ii) [image: image], [image: image], [image: image] and [image: image]. (iii) [image: image], [image: image] and [image: image].

Proposition 2 demonstrates that the implementation of the PC strategy has significant effects on various aspects of the food industry. Firstly, it leads to an increase in food prices and sales quantity in offline channels, as well as an increase in the price consumers pay for online orders. Conversely, it results in a decrease in food prices and sales quantity in online channels, along with a reduction in food waste and profits for both the restaurant and platform. Furthermore, the impact of anti-food waste regulation on online channels is more pronounced compared to offline channels. Similarly, the regulation has a greater effect on the profits of the platform compared to those of the restaurant. Under the PC strategy, there are two main factors at play. Firstly, the increase in delivery costs raises the price of online meal purchases, potentially dampening consumers’ willingness to make such purchases. Secondly, the regulation requires the platform to effectively manage and control the amount of food ordered, leading to a decrease in sales quantity and subsequently reducing food waste in online channels. Consequently, the purchase cost for online consumers increases due to strict anti-food waste regulation. During this period, offline channels may gain a price advantage as some consumers may opt for offline purchases, resulting in increased food prices and sales quantity in offline channels. Additionally, the PC strategy necessitates increased delivery costs and exposes the platform to fines for food waste. This places significant pressure on the online channel of the restaurant to reduce food waste and attract more consumers. However, the decline in online sales cannot be compensated by the growth of offline business, ultimately impacting the overall profitability of the restaurant.

In summary, the implementation of the PC strategy and anti-food waste regulation have complex effects on food prices, sales quantity, food waste, and profits in both online and offline channels. These dynamics highlight the challenges and considerations faced by the industry in managing food waste and optimizing profitability under regulatory constraints.



3.2.2 The impact of online market potential


Proposition 3: Regardless of RF strategy or PC strategy, with the online market potential increases, the food prices and sales quantity of online and offline channels, the amount of food wasted for online channel, and the profits of the restaurant and platform will increase accordingly.


Proposition 3 implies that when market demand increases, purchasing power also increases. In this case, both the restaurant and the platform are likely to raise prices to achieve higher revenue. At the same time, due to the growth in the number of consumers, sales quantity will also increase. Regardless of RF strategy or PC strategy, there is a need to meet this increased demand, and this increased demand can also lead to higher prices. Due to the increase in the number of online orders, food waste from online channels has increased. In addition, the profits for both restaurants and platforms will improve due to increased sales and higher prices.




3.3 Comparative analysis

Proposition 4: If [image: image] or [image: image] and [image: image], then [image: image], [image: image], [image: image], [image: image] and [image: image]. If [image: image] and [image: image], then [image: image], [image: image] [image: image], [image: image] and [image: image].

Where [image: image], [image: image] [image: image] [image: image]

Proposition 4 shows that if the online service commission ratio obtained by the platform is large or small and the online market potential is small (or the government’s punishment against food waste is small), compared with the PC strategy, the RF strategy will increase the food price and sales quantity of offline channels. However, it will reduce the sales volume of online channels and the amount of food waste in online channels. Otherwise, if the online service commission ratio obtained by the platform is small and the online market potential is large (or the government’s anti-food waste punishment is relatively large), compared with the RF strategy, the PC strategy will increase the food price and the sales quantity of offline channels, but the PC strategy will reduce the sales quantity of online channels and the amount of food waste in online channels. When the service commission ratio of the platform is large, the restaurant-led delivery strategy is likely to increase the price of food in the online and offline channels. That’s because restaurants are required to pay higher commissions, and that cost is likely to be passed on to consumers. Restaurants may also increase their offline sales to entice customers to eat directly in their stores and avoid paying hefty commissions, but online sales may fall, leading to less food waste. Further, when the commission ratio of online services is small and the online market potential is small (or the government’s anti-food waste punishment is small), the restaurant’s responsible delivery may still lead to higher food prices, because the delivery cost will increase; Offline sales may increase because consumers may consider buying directly in stores rather than ordering online. From the perspective of food waste, the platform may have less incentive to reduce food waste because the punishment from the government is not strong. On the other hand, since the online market potential is smaller, the sales volume of online channels may decline, which in turn will reduce the amount of food waste. However, when the online service commission is small and the online market potential is large (or the government anti-food waste penalties are large), if the platform is responsible for the delivery of food orders, we may have a different impact. At this point, due to the high potential of the online market, offline channel sales may increase, but online sales may barely increase because consumers may be deterred by higher online channel prices. In addition, strict anti-food waste regulations may force platforms to raise the cost of online purchases for consumers and reduce purchases to reduce food waste.




4 Results

Considering the complexity of the model, the previous section did not compare and analyze the profits of the restaurant and the platform under the RF strategy and the PC strategy. In view of this, this section will conduct numerical simulation analysis on the logistics strategies selection of the restaurant and the platform. Key parameters selected in this section include the unit penalty cost of food waste by government [image: image], the online markets potential [image: image] and the relative logistics cost of the platform [image: image]. Other parameters are assigned as: [image: image], [image: image], [image: image], [image: image] and [image: image]. The specific results are shown in Figures 1–3.
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FIGURE 1
 The impact of [image: image] and [image: image] on the choice of logistics strategies for the restaurant.
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FIGURE 2
 The impact of [image: image] and [image: image] on the choice of logistics strategies for the platform.
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FIGURE 3
 The impact of [image: image] and [image: image] on the equilibrium strategies.


It can be seen from Figure 1 that regardless of anti-food waste regulation, when the online market potential is high or the relative cost of platform logistics is high enough, the restaurant prefers the RF strategy to the PC strategy. However, only when the online market potential and the relative cost of platform logistics are sufficiently low, the restaurant may adopt the PC strategy over the RF strategy. In the absence of anti-food waste regulations or excessive anti-food waste penalties, if the online market potential is low enough, the restaurant may not provide the RF strategy regardless of the relative cost of platform logistics. In addition, if the online market potential and the relative cost of platform logistics remain unchanged, the restaurant will be more likely to prefer the RF strategy as the anti-food waste regulation become stricter.

Figure 1 suggests that when the online market potential is high, higher demand can result in a substantial return on a restaurant’s investment in self-delivery. At the same time, the lack of cost-effectiveness of platform logistics gives self-distribution an advantage in the cost–benefit ratio, which in turn reduces overhead and improves profit margins. Conversely, when both the online market potential and the cost-effectiveness of platform logistics are low, restaurants are likely to implement platform-led logistics strategies. The reason behind this decision lies in its operational and financial implications. Due to the low potential of the online market, investing in self-delivery may not yield much return. In addition, the low cost of platform logistics makes it a more economical option to devote resources to improving the core business units - food preparation and service quality.

In addition, in a situation where the anti-food waste regulation is lax or non-existent and online market potential is low, the restaurant may choose not to engage in the RF strategy regardless of the cost-effectiveness of platform logistics. Non-strict regulations provide restaurants with little incentive to manage food waste, while self-delivery has the advantage of allowing tighter control over production and inventory. However, as anti-food waste regulation becomes more stringent, the restaurant is increasingly favoring the RF strategy as long as other factors are equal. Penalties from tough the anti-food waste regulation serves as economic counter-incentives, and the restaurant may mitigate the inevitable fines by adjusting production to real-time demand created by self-delivery. Still, if the efficiency of using platform logistics is significantly better than the cost of self-delivery, the restaurant may return to a platform-led strategy. The operational efficiencies that a platform can provide may provide an optimal return on investment, negating the advantages of self-control and driving the decision matrix toward platform dependence.

Overall, Figure 1 shows how strict anti-food waste regulation is driving the restaurant to shift to a self-delivery strategy. When this is combined with the market potential on the high line, this will become increasingly attractive. However, it also highlights the advantages of platform-led logistics, when their efficiency is superior to the cost of self-delivery, showing how strategy choices can vary based on a number of factors. This analysis provides an in-depth and comprehensive understanding of the dynamic decision-making process for optimal logistics strategies for the restaurant in an O2O environment.

According to Figure 2, regardless of anti-food waste regulation and online market potential, as long as the relative cost of platform logistics is not high, the platform is more willing to choose the PC strategy than the RF strategy. However, in the case that anti-food waste regulation and online market potential are not large enough, when the relative cost of platform logistics is large, the platform prefers the RF strategy rather than the PC strategy. In addition, the online market potential and the relative cost of platform logistics remain unchanged, and as anti-food waste regulation becomes stricter, the platform will be more willing to provide logistics services for online orders.

Figure 2 provides salient insights into logistical decision-making by the platform in response to online orders and reveals that the choice between the RF strategy and the PC strategy varies depending on these factors. We first observe that regardless of the stringency of anti-food waste regulation and the potential of the online market, the platform is predisposed towards managing logistics themselves (PC strategy), as long as the relative cost of doing so is not high. This observation is deeply rooted in cost–benefit analyses. With a lower relative cost, the platform can effectively control the logistic process, potentially enhancing service speed, customer experience, and the cohesive alignment of the business ecosystem. This level of control could also potentially decrease error rates and lead to increased overall efficiency. However, a significant caveat arises when the cost efficiency of platform logistics is high, but the potential of the online market and the severity of anti-food waste regulations are meager. In such a scenario, the platform tends more toward the RF strategy, opting not to manage self-logistics. The justification for this strategy rests on financial and operational grounds. The high cost of platform logistics coupled with a lower online market potential minimizes the likelihood of receiving substantial returns on platform’s investment. Furthermore, a lenient anti-food waste regulation does not incentivize the platform to exert enhanced control over logistics, a move he may otherwise have considered to mitigate waste-related penalties.

Another intriguing observation that Figure 2 highlights is that with the increasing stringency of anti-food waste regulation and a constant potential of the online market and the relative cost of platform logistics, the platform exhibits an increased willingness to undertake logistics for online orders himself. Strict regulation compels the platform to leverage his control over logistics to mitigate the risk of penalties. Even at lower cost efficiencies, there is an inclination for the platform to undertake the logistics for online orders; the decision-making power the platform gains seem to compensate for the diminished cost efficiency.

In summary, Figure 2 raises the notion that within the spectrum of decision-making for logistics services for online orders, the stringency of anti-food waste regulation potentially holds more weight than the relative cost efficiency of platform logistics. Even when the cost efficiency is lower, the platform is willing to bear the extra cost for the sake of command over the logistics process as he navigate stringent regulations. Interestingly, the potential of the online market seems to have the least impact on platform’s decision regarding logistics strategy among the three key influencing factors.

By conducting an analysis of Figures 1, 2, this study identifies the specific conditions that both restaurants and platforms must consider when selecting a logistics strategy within the food delivery O2O supply chain system. However, it is important to note that the game equilibrium between the restaurant and the platform also comes into play when considering non-dominant strategies. In this context, the restaurant, acting as the food provider, has the agency to prioritize whether to adopt the RF strategy. Conversely, the platform, serving as the service provider, can influence the restaurant’s decision by withholding the PC strategy. Consequently, apart from the dominant strategies, the RF strategy becomes an equilibrium strategy if it proves advantageous for the restaurant or if the PC strategy proves disadvantageous for the platform. By integrating the insights from Figures 1, 2, the study derives the game equilibrium strategies of the supply chain members, as depicted in Figure 3.

Figure 3 provides an illustrative visualization of the strategic interplay between the restaurant and the platform under different regulatory, economic, and operational conditions. The intersections of the blue and red lines in Figures 3A,B, alongside the solitary blue line in Figure 3C, denote win-win areas for both the restaurant and the platform. These are the regions succinctly characterized by a lower propensity of online market potential and a lower relative cost of platform logistics. In these identified areas, the PC strategy emerges as the dominant strategy. Interestingly, such predominance of the PC strategy remains consistent even when regulation against food waste is relatively relaxed and the online market potential diminishes. This observation implies that resorting to the PC strategy could be mutually beneficial for both parties in the supply chain, despite considerable relative costs of platform logistics. Outside of these identified regions, all other areas in the decision matrix advocate for the RF strategy as the equilibrium approach suggesting that under specific conditions, the restaurant might assume more logistics responsibilities. In the upper-right regions above the blue line, characterized by a larger online market potential, the restaurant uniformly opt for a the RF strategy. This strategic choice occurs despite a small relative cost for the platform to provide the PC strategy, further emphasizing the complex dynamics between market potential and the relative cost of logistics in decision-making. Moreover, in the middle region trapped by the blue and red lines in Figures 3A,B, characterized by a smaller online market potential and a larger cost of platform logistics, the PC strategy is disadvantageous for the platform. Under such circumstances, the platform tends to abstain from action, compelling the restaurant to assume logistics responsibilities. It happens even if the restaurant’s preference leans towards the platform providing logistics services, suggesting that preferences alone cannot determine actual strategy and that practical considerations like cost play a huge role. Furthermore, as the force of anti-food waste regulation intensifies, both restaurant and platform seem to gravitate more towards the RF strategy. Primarily, to reduce the negative implications of strict regulation, the restaurant adopts a more proactive approach by managing logistics herself. However, even though the platform may also be willing to provide the PC strategy, he is forced to acquiesce to the RF strategy due to restaurant holding the initiative.

Figure 3 plays a crucial role in illustrating the impact of stringent anti-food waste regulations on the equilibrium strategy within the supply chain. Particularly when these regulations are enforced with significant intensity, the equilibrium strategy tends to favor non-dominance. This shift occurs even when other relevant parameters remain constant and can result in decreased efficiency in supply chain operations. From an academic standpoint, this implies that both restaurants and platforms must strengthen their collaborative dynamics to effectively address this challenge in the face of strict regulations and evolving market conditions. These findings emphasize the changing dynamics between dominant and dominated stakeholders in business environments governed by stringent regulations and emphasize the importance of strategic alliances, cost management, and operational harmony.



5 Discussion and conclusion

In this paper, we have explored and analyzed the complex dynamics between the food delivery platform and the restaurant under various regulatory, economic, and operational conditions. More specifically, we have delved into two distinct logistics strategies that shape the interactions between the platform and the restaurant: the restaurant-free self-logistics strategy (RF strategy) and the platform-charge logistics strategy (PC strategy).

Our findings first reveal that anti-food waste regulation will be ineffective in the face of the RF strategy, and only under the PC strategy can anti-food waste regulation effectively reduce food waste. To this end, for the RF strategy, the government needs to consider making restaurants bear some responsibility for anti-food waste.

Then we found that under certain conditions, the platform naturally emerge as the dominant provider of logistics for online orders. This occurs particularly when the potential of the online market is small, and the relative cost of platform logistics is low. In contrast, in scenarios where the potential of the online market is high, even when the relative cost of platform logistics is low, the restaurant may adopt the RF strategy. However, different from previous studies, anti-food waste regulation will change the choice of logistics strategy of supply chain members. Under anti-food waste regulation, retailers tend to choose RF strategy, while delivery platforms prefer PC strategy, resulting in increased supply chain conflict effect.

Finally, we found that as the force of anti-food waste regulation increases, both the restaurant and the platform seemingly lean towards the RF strategy. Specifically, with the increase of anti-food waste regulation, supply chain balance strategy will gradually shift from PC strategy to RF strategy. In other words, different from previous studies, supply chain equilibrium results have changed under anti-food waste regulation. The primary reason for this shift is that to mitigate the adverse effects of stringent mandates, the restaurant actively manages logistics. Consequently, even if the platform is willing to perform the PC strategy, he might be coerced into accepting the RF strategy due to action initiation by the restaurant.

This paper highlights the significant role of research in guiding restaurants and platforms in the face of strict regulations and changing market conditions. It emphasizes the importance of strengthening strategic alliances and aligning cost-management and operational strategies in highly regulated business environments. Furthermore, the logistics strategies proposed in this research should encourage critical thinking among stakeholders in online food delivery ecosystems, particularly platforms and restaurants. Adapting strategies continuously to maintain supply chain efficiency and competitive advantage is vital, with an emphasis on data-driven insights, cost–benefit assessments, operational risk management, and flexible responses to regulatory changes.

The academic and practical implications of this research can prove invaluable to policymakers and stakeholders in the food delivery industry. It offers insights that can facilitate the development of harmonized policies and strategies, ensuring economic sustainability and environmental responsibility while meeting the growing global demands for online food delivery. Ultimately, this paper underscores the importance of aligning logistics strategies to comply with anti-food waste regulations. These conclusions provide a crucial foundation for future research in framing effective supply chain strategies in the food delivery industry, and also highlight the profound influence of government regulations on operational decision-making.

Nevertheless, various limitations of the study need to be considered when interpreting the results. In this study, the linear function of price demand is used for modeling analysis, and the influence of consumer behavior on channel selection is ignored. In fact, different consumers have heterogeneity in different channels and food intake, so the correlation analysis of demand model based on consumer behavior will have more extensive research value. Furthermore, the problem of food waste requires the cooperation of the members of the supply chain, and we have only considered the different logistics strategies adopted by both sides. Future research can consider the impact of the pricing strategy and promotion strategy between the restaurant and the platform on food waste. Finally, food quality has a significant impact on food waste. Based on the research in this paper, it is necessary to introduce food quality as a key factor in future research.
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This Research determines the factors influencing American consumers’ willingness to purchase turmeric products, amidst the spice’s rising popularity for its potential health benefits, particularly those linked to its bioactive component, curcumin. Through a comprehensive analysis of a Qualtrics online survey with 1,020 national respondents in the U.S., we employed advanced choice experiment mixed logit models to elucidate consumer preferences regarding product form, origin, sustainability certification, curcumin content, and price. Contrary to the initial hypothesis that curcumin potency would be a primary driver, our results indicate that the place of origin and price significantly shape purchasing decisions, with a clear preference for inland domestically grown, organically certified turmeric products. These insights offer valuable guidance for producers, manufacturers, and marketers in the natural products industry, suggesting a focus on emphasizing local, sustainable sourcing and clear communication of organic credentials to align with consumer expectations. Our findings not only provide a detailed understanding of current consumer attitudes toward turmeric but also highlight potential markets for turmeric–based product development and effective marketing to cater to the evolving demand for health-beneficial natural products.
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1 Introduction

Turmeric (Curcuma longa), a herbaceous plant belonging to the ginger family, Zingiberaceae, is a rhizomatous crop valued for its extensive medicinal history, particularly due to its potent antioxidant, anti-inflammatory, and immunostimulatory properties (Bokelmann, 2022; Soni et al., 2022). The uses of turmeric span beyond merely foods and beverages; it is also renowned for its medicinal and cosmetic benefits. Therefore, the value chain of turmeric represents a complexity that distinguishes it from many other standard food or medical products (Booker et al., 2016).

Globally, turmeric is mainly used as a staple culinary spice in the South and a popular herbal remedy in the North. Turmeric is widely recognized as a food coloring and flavoring condiment and has been used as traditional medicine in many Asian countries. More recently, it has been adopted into Western medical and cosmetic practices, in which the United States (U.S.) is no exception.

In 2020, worldwide turmeric production was approximately 1.1 million metric tons (MT), with a projected 1.5 million MT by 2027 (GVR, 2021). The global trade value for turmeric in 2022 was $356.1 million (Trade Map ITC, 2023), and it is expected to grow at a compound annual growth rate of 16.1% up to 2028 (GVR, 2021). In the last decade, the leading exporters of turmeric were India, the European Union (EU), the United Arab Emirates (UAE), Bangladesh, and China, whereas the primary importers included India, Bangladesh, Iran, the EU, and the U.S. (Table 1). Interestingly, India stands out as not only the largest consumer but also the predominant producer of turmeric, contributing to 80% of the worldwide turmeric production volume (Nair, 2019).



TABLE 1 The trade volumes of the top 10 importers of turmeric in the last two decades (2003–2022).
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Turmeric rhizome has been used over centuries to treat multiple human health conditions, including cancer,1 inflammation, kidney stones, worms, malaria, scabies, rheumatism, and to lower cholesterol levels (Lim et al., 2001; Rivera-Mancía et al., 2015; Kunnumakkara et al., 2017). It is also used for digestive disorders, flatus reduction, jaundice, menstrual difficulties and colic, and abdominal pain and distension (Bundy et al., 2004). The previous studies also showed that turmeric has well-established neuroprotective effects in the brain against ischemic damage, Alzheimer’s disease, Parkinson’s disease, and parathion-induced damage. Additionally, turmeric boosts heart health by protecting it against myocardia (Dikshit et al., 1995). Turmeric is also used to prevent kidney damage and kidney-related disorders by eliminating free radicals and reducing oxidative stress (Kunnumakkara et al., 2017).
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FIGURE 1
 A flow-chart of the participant selection process.


In the U.S., turmeric is a top-selling dietary supplement and cosmetic with a rapidly expanding usage (You et al., 2022). Turmeric dietary products became a top-selling herb primary ingredient in the natural channel in the U.S. since 2013. The total sales value of herbal turmeric supplements increased from $25.6 million in 2013 to $151.7 million in 2021 (Smith et al., 2022). Turmeric, fresh or dry rhizomes, and curcumin-based products are now mainstream, with both dietary supplements and food and beverage products seeing market growth (Straus, 2019). Rising awareness among consumers, particularly in developed countries, including the U.S., will likely leverage the demand for turmeric curcumin further.2 Globally, 92 new turmeric-related products were introduced between 2018 and 2020 (Feldmeyer and Johnson, 2022), indicating a robust interest in turmeric’s medicinal and culinary applications. American consumers have recently shown a growing curiosity toward turmeric and its related products. As such, the Google search trends revealed an upward trajectory in the search frequency for the keywords, “turmeric” and “curcumin” since 2013 (Figure 2).
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FIGURE 2
 The trends of google search frequency of “turmeric” and “curcumin” in the U.S. from 1/2004 to 08/2023. Source: Google Trends, accessed July 2023 at https://trends.google.com/trends/.


The consumption of turmeric and turmeric-based products in the U.S. has recently increased, reflecting a shift in consumer tastes toward more natural food products and health or wellness supplements (International Food Information Council, 2023). Americans are increasingly seeking natural remedies and supplemental products, thereby boosting the turmeric market. Turmeric holds a significant rank in the U.S. dietary supplements market and is also a popular choice in spice markets and the fresh food sector (Nguyen et al., 2019). However, over 95% of the turmeric consumed in the U.S. is imported. In 2022, the U.S. spent approximately $50 million importing turmeric, of which 70% of these imports came from India, while the remaining was sourced mainly from Fiji, Jamaica, Indonesia, and China (Trade Map ITC, 2023). The demand for turmeric and turmeric products is anticipated to be propelled by its increasing application in numerous industries, including food and beverage, cosmetics, and pharmaceuticals (GVR, 2021).

Turmeric has shown promising pre-clinical effects on disease prevention and treatment (Zheng et al., 2016; Panknin et al., 2023) and has been explored clinically for a wide variety of human health conditions, from cancer to obesity and cardiovascular disease (Rolfe et al., 2020; Kunnumakkara et al., 2023). Curcumin, one of more than 200 ingredients in turmeric related to polyphenols comprising about 2–9% by weight on average of dried turmeric rhizome, is the primary constituent (Lechtenberg et al., 2004; Panknin et al., 2021). However, the curcumin content in turmeric rhizomes varies based on different factors such as turmeric variety (Quirós-Fallas et al., 2022), extraction methods (Patil et al., 2019; Quirós-Fallas et al., 2022; Singh et al., 2022; Ciuca and Racovita, 2023), rhizome age at harvest (Pantharos et al., 2022), geographical growth region (Ashraf et al., 2012), seasonal weather conditions (Lokhande et al., 2013), and cultivation methods (Shannon et al., 2019). Curcumin has applications in food, cosmetics, and pharmaceuticals, including dye-sensitized PV technology and textiles, and thus, its demand is projected to increase significantly in the next five years. The global curcumin marketing size reached $ 80.8 million in 2022, and it is expected to be $126.8 million in 2028 (IMARC, 2023). According to GVR (2021), curcumin-based pharmaceuticals have become a lucrative product valued at $65.4 million in 2021, and it is predicted to reach a market size of $191.9 million in 2028.

Curcumin is responsible for the yellow color of the powered rhizomes (Lechtenberg et al., 2004). Its efficacy, especially in treating human diseases related to metabolic disorders, musculoskeletal conditions, neuropsychiatric disorders, and gastrointestinal ailments, has been substantiated by eight systematic reviews and meta-analyses since 2020. These systematic analyses encompass over 400 research studies related to turmeric and turmeric-based products (Rolfe et al., 2020; Sharifi-Rad et al., 2020; Singletary, 2020; Paultre et al., 2021; Kou et al., 2023; Kunnumakkara et al., 2023; Lukkunaprasit et al., 2023; Panknin et al., 2023).

Globally, curcumin is applied in food and beverages, pharmaceuticals, and cosmetics, accounting for 90% of marketed volume (IMARC, 2023). Like other functional food products, the market success of curcumin depends mostly on the credibility of its beneficial effects on human health (Plasek and Temesi, 2019). While curcumin comprises only a minor fraction of turmeric, it is often the primary focus when discussing turmeric’s properties, to the extent that the terms “turmeric” and “curcumin” are used interchangeably, but they are different (Rolfe et al., 2020; Paultre et al., 2021; You et al., 2022). Furthermore, the quality of turmeric intended for medicinal or supplemental purposes is predominantly evaluated based on its curcumin content (Pantharos et al., 2022). As such, a higher curcumin content in turmeric suggests greater bioactivity and superior quality. Therefore, the higher the concentration of curcumin, the greater the value of the turmeric or turmeric products (Box, 1989).

However, the economic values of turmeric and curcumin in each turmeric product are still under-released. Specifically, understanding consumer perception and willingness to pay (WTP) for turmeric and turmeric curcumin ingredients has yet to be explored. Therefore, this research aims to determine consumer preferences and WTP for turmeric and turmeric ingredients in which curcumin content is our key interest. Moreover, transitioning from natural to synthetic curcumin in market products recently presents a challenge in maintaining turmeric quality and ensuring consumer trust. Based on lab tests of curcumin-related products randomly selected from the market, You et al. (2022) found that 10 of the 14 sampled products contained synthetic curcumin but were labeled natural. This adulteration forces consumers to pay more for curcumin products3 and can also put their health at risk. Consequently, insights into consumers’ WTP for turmeric products with natural curcumin content, as derived from this research, can provide marketers with valuable information to establish appropriate market prices that align with consumer demand for the product. Moreover, the curcumin content specified in this research can provide sufficient information for future discussion on the essential elements of labeling or transparency of curcumin level on turmeric-based products.



2 Literature review

Recent studies have explored consumer preferences and WTP for specific functional food ingredients. A review of 47 studies on functional products by Topolska et al. (2021) concluded that functional products’ credibility and potential health benefits—such as the prevention or treatment of certain diseases—are major factors influencing consumers’ purchasing decisions. In addition, Plasek and Temesi (2019), in their review of 54 studies, found that the compatibility of the carrier ingredient with the base product played a significant role in influencing the perceived health benefits and consumers’ willingness to purchase.

Current literature also shows a growth in exploring consumer perceptions and their willingness to purchase specific functional or health-beneficial ingredients. For example, Kleine-Kalmer et al. (2021) investigated consumer preferences and willingness to purchase selenium and iodine-biofortified apples. Although both ingredients are vital micronutrients, consumers preferred and were more willing to purchase apples fortified with iodine over selenium, it is because most consumers are unfamiliarity with selenium. Other studies have focused on consumer perceptions, preferences, and WTP for product ingredients like bread with varied fiber and salt content (Gębski et al., 2019), bread containing functional ingredients (Bitzios et al., 2011; Hellyer et al., 2012), probiotics in functional foods (Annunziata and Vecchio, 2013), low-sodium burgers (Quadros et al., 2015), and yogurt with bioactive functional ingredients (Ahmad et al., 2022).

However, to the best of our knowledge, research determining consumer perceptions and WTP for specific health-beneficial ingredients derived from herbal or related medicinal plants remains unexplored. Notable exceptions include the most recent study by Ndiaye et al. (2023) on hibiscus-based products and consumers WTP for non-alcoholic hibiscus beverages ranged from $2.9 to $3.6 for kombucha and $4.1–5.00 for ready-made-tea. However, their research concluded that providing additional health benefit information of hibiscus does not influence consumers WTPs for these products. Concerning turmeric, only research by Feldmeyer and Johnson (2022) using Twitter data to assess consumer responses to and perceived benefits of turmeric and turmeric-based products exists. However, this research is limited by the observed keywords associated with turmeric and turmeric products the consumers used in searching to determine consumers perceptions of its health benefit. Therefore, our study is based on consumer perceptions and their WTP for functional ingredients found in herbal plant products or specialty crops.

The growth in the import volume and value signals a growing demand for turmeric in the U.S. market (Figure 3). Yet, this heavy dependence on imports, particularly for food and pharmaceutical raw material supplements, raises quality and safety concerns, such as potential contamination with microorganisms, pesticide residues, heavy metals, and arsenic salts. For instance, the turmeric producers from India could add colorant in order to make their crop visually attractive to traders (Booker et al., 2016). The import prices of turmeric are varied due to a significant difference in quality standards between Asian countries and other competitors in the U.S. (Nguyen et al., 2019; Figure 4). Cultivating turmeric domestically could offer a more consistent and quality-controlled supply for the pharmaceutical and food and beverage industries and ensure stricter safety controls. While there have been experimental and commercial attempts to grow turmeric in states like Alabama and Georgia, these areas face challenges such as cold weather, high production costs, and labor-intensive practices.
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FIGURE 3
 The major turmeric suppliers in the U.S. Market, 2002 to 2022 (imports in tons) Source: Trade Map ITC, 2023.
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FIGURE 4
 Per Unit Price ($/kg) of Turmeric the U.S. Imports from India and other countries (2002 – 2021) Source: Trade Map ITC, 2023.


Given its potential, turmeric could serve as a reliable specialty crop for the U.S., especially in the southern parts considering the suitable climatic conditions present in this region. The unfamiliarity of marketing and consumer preferences and their WTP for domestically grown turmeric remains a barrier for local farmers contemplating its cultivation. To address this, our research delves into various attributes of turmeric products, including product forms, place of origin, and sustainability certification. The U.S. herbal manufacturers are seeking domestically produced turmeric with high curcumin levels to replace imports (El-Saadony et al., 2023). Given that turmeric is increasingly being recognized as a trending ingredient in pharmaceuticals, beauty and personal care products, and nutritional drinks in the U.S. (Mintel, 2022), understanding consumer WTP for each of these product attributes is invaluable. This information can guide producers, processors, and marketers in shaping production plans, determining market values, and devising strategic marketing approaches to develop the domestic turmeric production effectively. Moreover, our findings can determine what consumers seek in turmeric products, potentially driving the creation of innovative turmeric-based pharmaceuticals, foods and beverages, and cosmetics tailored to the U.S. market.

With the rising trend of “food as medicine,” the National Strategy on Hunger, Nutrition, and Health envisions a seamless integration of nutrition and healthcare (Lynch, 2023). This aligns with the Food as Medicine Research Action Plan (Downer et al., 2022), which seeks to promote foods that offer significant health benefits. Given this context, gaining insights into consumers’ perceptions and their WTP for ingredients such as curcumin known to be essential or beneficial to human health becomes crucial. Moreover, consumers’ food preferences and eating habits are influenced by both genes and environment (Krebs, 2009), the findings from our research can shape effective marketing strategies that not only educate specific groups of consumers but also guide them in making informed choices of food and supplemental products. These choices would not only meet their nutritional needs but also assist in health issue prevention or treatment.



3 Materials and methods


3.1 Survey design and data collection


3.1.1 Survey design

An online survey was created using the Qualtrics platform to collect data on consumer perceptions and preferences related to turmeric products. The survey questionnaire comprises four sections. The first section includes questions related to respondents’ sociodemographic information, inquiring about their education level, household size, number of children in the household, race, and annual pre-tax income. The second section delves into consumers’ use of turmeric and turmeric products and the factors influencing their choice of these products. The third section involves a choice experiment aimed at eliciting consumer preferences for turmeric products. The final section collects consumer perceptions regarding the quality and curcumin content of organic and conventionally grown turmeric.

Before participants were asked to decide, a brief explanation of all attributes and their levels was provided. Additionally, a “cheap talk” script (Supplementary Appendix A) was employed prior to conducting the choice experiment. Specifically, participants were reminded of the “real world” decision-making process to potentially mitigate hypothetical bias in the choice experiment (Lusk, 2003; Silva et al., 2011). The survey was designed to be concise, each taking approximately 12 to 15 min to complete. No compensation was provided to participants for answering the questions.

The discrete choice experiment (DCE) was employed to examine consumers’ preferences for turmeric and turmeric products available at retail stores. The DCE method was chosen for this research due to its greater flexibility in incorporating additional food attributes compared to contingent valuation and experimental auction methods (Gao and Schroeder, 2009). Furthermore, DCE presents choices in a context that explicitly highlights trade-offs between attributes, and the choice scenarios simulate the conditions under which people make real-world choices (James and Burton, 2003).

The DCE was designed to prompt consumers to choose between two different turmeric products, denoted as products A and B, which vary in terms of five product attributes: product form, place of origin, sustainability certification, curcumin content, and per-unit price (Table 2). A complete factorial design would result in 360 (2x6x2x3x5) combinations of all attribute levels (Balogh et al., 2016). However, asking customers to decide on all these combinations is impractical. Therefore, we employed a fractional factorial design, following Addelman (1962).



TABLE 2 The attributes and its levels of turmeric products used design the choice experiment questions.
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To optimize the design, we selected D-efficiency as the relevant criterion, aiming to minimize the determinant of the inverse of the variance–covariance matrix (Hensher et al., 2005, p. 153). Consequently, the design yielded a choice experiment of 10 choice profiles that maximize D-efficiency using SAS software (Kuhfeld, 2010). These 10 choice sets were included in the survey for all participants, with each choice set presenting two turmeric products and a “neither product A nor product B” option. The inclusion of the “neither-choice option” enhances the realism of the choice experiment since, in reality, respondents may choose not to purchase any of the presented options (Vermeulen et al., 2008). An example of the choice questions is presented in Supplementary Appendix B.



3.1.2 Data collection

An online survey was implemented by the commercial survey firm Dynata, leveraging their diverse consumer panels (see their website: https://www.dynata.com/). These panels, composed of.

individuals from all 50 U.S. states who agreed to participate in online surveys and provided electronic consent prior to the study. The target demographic comprised U.S. adults aged 18 and above who are primarily responsible for grocery shopping (fulfilling at least 50% of the household’s monthly food requirements). In addition, qualified respondents must have purchased turmeric or turmeric products at least once since 2019.

The study received ethical approval from Rutgers, the State University of New Jersey Human Research Protection Program, and the Institutional Review Board (# IRB-Pro2021001641). The survey data was initially launched online from November 31 to December 1, 2022, for 50 samples for testing the survey. A full launch was implemented during December 12–19, 2022, receiving 1,020 completed responses from a total of 2,620 accepted participants (a response rate of 39%), which details are presented in the following chart. The selected participants form a representative sample of the U.S. civilian population. On average, respondents took 14 min to read and answer all the survey questions.




3.2 Modeling methods

The choice experiment model was used to analyze consumer preferences and elicit consumer WTP for different attributes of turmeric products based on Lancaster consumer theory (Lancaster, 1972) and random utility theory (McFadden, 1974). The ML model (or random parameter logit model), with a set of random and fixed parameters (Hensher and Greene, 2003; Hess and Train, 2017), was employed to account for potential heterogeneity of the preferences across individuals in the sample. In addition, the ML model relaxes the restriction of independence of irrelevant alternatives and allows for correlations between multiple-choice observations made by each respondent (Hensher and Greene, 2003; Bliemer and Rose, 2010) that allows for the estimation of unbiased individual preferences and increases the accuracy and reliability of the model estimations. Based on the random utility framework, the utility of an individual i associated with choice alternative j in the choice set C in situation t is specified as follows Eq. (1):
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where [image: image] is the continuous price of turmeric product j in the choice set C in situation t given to individual respondent i; vector X represents non-price attributes of j, or X = (product form (Form), place of origin (Origin), sustainability certification (Certificate), and curcumin content (Curcumin)); [image: image] is an error component that is normally distributed, with zero mean.

The price coefficient, α1, is estimated as a nonrandom parameter. The coefficient of price is not random because the normal distribution has a density on both sides of zero that would allow some individuals to have upward-sloping demand curves (Hensher et al., 2005; Sarrias, 2016). This assumption assures that the WTP estimated for a particular turmeric attribute is normally distributed (Lusk, 2003; Tonsor et al., 2005) and avoids unrealistic WTP distributions associated with the ratio between two distributions (Carson and Czajkowski, 2019). Therefore, the price coefficient can be interpreted as the marginal utility of money (Onozaka and McFadden, 2011). The estimated coefficients of non-price attributes ([image: image]) are defined as random parameters with a normal distribution where [image: image] is the vector of the estimated conditional mean. L is the lower triangular matrix used to calculate the covariance of random parameters, and [image: image] is the random term following a standard normal distribution. [image: image] is the random terms capture variation in preferences across consumers over product attributes (Hensher et al., 2005; Hess and Train, 2017).

The probability of an individual i choosing alternative j in a sequence of t choices is as follows Eq. (2):
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where [image: image] is an indicator variable representing the section by individual i in the tth choice set. However, since [image: image] can be heteroskedastic and correlated across alternatives, we need to integrate out this randomness. These yields Eq. (3):
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where [image: image] is specified as the joint distribution and [image: image] is the distribution parameter of the corresponding attributes. The choice probability in (3) cannot be calculated exactly because the integral does not have a closed-form (Hensher and Greene, 2003). The integral is approximated through simulation (Hensher et al., 2005). The parameters in the ML model can be estimated using maximum simulated likelihood. Empirically, we used mlogit-package in R Studio version1.0–3 to estimate the mixed logit (ML) models using 1,000 Halton draws.

The “NONE” is a dummy variable indicating the third alternative of each choice set. This alternative represents the utility associated with the sum of the omitted levels for each attribute (Adamowicz et al., 1997; Soley et al., 2019). For the attributes of product form, fresh turmeric root is compared to ground power; The place of origin includes U.S. (inland), India, Fiji Island, Jamaica, Hawaii, and other Asian countries; sustainability is composed by USDA organic certificate vs. conventional farming; and the curcumin content is classified by three levels including low, medium, and high curcumin. Therefore, the parameter estimates of the levels of attributes indicate a preference for each attributes level and its baseline.

The individual-level WTP for each non-price attribute derived from the ML model is the negative of the ratio between the estimated parameter of a non-price attribute and the estimated price parameter. In particular, the WTP for the attribute k of a turmeric product is as follows Eq. (4):
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where [image: image] represents the monetary values that respondents are WTP to acquire a level-differentiated attribute, [image: image] is the estimated coefficient of the attribute k, and [image: image] is the estimated coefficient of price. The distribution of [image: image] is derived from the expected distribution of [image: image] and [image: image] (Train, 2003). In this model, the price coefficient is fixed; therefore, the distribution of WTP for each non-price-level-differentiated attribute has the same distribution as the attribute’s coefficient. Similar to the random parameters of the non-price attributes, the mean and standard deviation of the WTP for each attribute level are estimated as Eqs. (5) and (6):
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4 Results


4.1 Sample description

A comparison of the demographic characteristics between our collected sample and the U.S. population is presented in Table 3. Overall, the survey participants represent the U.S. population in gender, race, and educational level. There are some differences in age distribution, with the sample showing higher proportions in 18–24 age groups compared to the population. With the family size, our sample has a larger proportion of families with 2–4 persons compared to the U.S. population. The income levels of surveyed participants show some deviation in income levels compared to the U.S. population in which we have less proportion of respondents having the top income ranks.



TABLE 3 Summary statistics of sample demographic characteristics.
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Most respondents reported that they take medications and health support supplements occasionally or very often. The proportion of occasional users is relatively consistent across both medications and supplements, at 79 and 86%, respectively (Figure 5). Only a small percentage of respondents reported never using either; specifically, 5% for medications and 4% for health support supplements. Overall, the surveyed data show that respondents are generally inclined to use both medications and health supplements, regardless of the frequency of use. Additionally, 30% of respondents describe their overall health as “fair,” “not good,” or “very poor.” As such, a portion of medication or supplement use among these participants may be for prevention rather than treatment.
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FIGURE 5
 The frequency of taking medications and health support supplements of the respondents.


Approximately 64% of respondents indicate that they consciously look for turmeric or turmeric products while shopping at the stores or online. This suggests that businesses can target a large and aware consumer base with specialized or premium turmeric products. The frequency of turmeric or turmeric product purchases from 2019 to 2022 is presented in Figure 6. This data provides valuable insights into evolving consumer behavior, which is pertinent for both the turmeric industry and public health sectors. Overall, there is a noticeable increase in the frequency of turmeric purchases over time. Specifically, the categories ‘always’ and ‘very often’ have seen increased numbers, while the ‘rarely’ category has declined. This suggests a growing consumer interest in turmeric and its products over the years. Such a trend may indicate heightened awareness of turmeric’s health benefits, a notion that public health campaigns could further amplify. The emerging patterns provide actionable insights for both turmeric businesses and public health organizations. Continuous tracking and strategic adjustments are advisable for both sectors to cater to changing consumer needs and preferences.
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FIGURE 6
 The frequency of purchasing turmeric or turmeric products by respondents from 2019–2022.


Most participants indicate that their current health status influences their purchases of turmeric or turmeric products (Figure 7). Specifically, over 43% (extremely and very influential) are significantly influenced by their health status when purchasing turmeric. Thus, turmeric producers and suppliers can target this segment with health-focused marketing campaigns. Around 31% say health is ‘somewhat influential,’ companies could offer various product options focusing on health and other features like taste or convenience. Approximately 25% (slightly and not at all influential) are not significantly influenced by their health status. This group may respond better to marketing emphasizing flavor, traditional uses, or versatility in cooking or coloring.
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FIGURE 7
 Consumers confirm whether their health status influences their purchase of turmeric (percentage of total respondents).


The participants were also asked to indicate the form of turmeric or turmeric products they purchase most frequently. The forms of turmeric and turmeric products most frequently used by respondents are presented in Figure 8. Turmeric spice, turmeric powder or ground, and turmeric pills make up nearly 68% of the usage. The most common uses of these products imply that consumers prefer forms that are easy to use and incorporate into their lives. Therefore, turmeric marketers can continue focusing on these forms due to their widespread popularity among American consumers. Turmeric extract, fresh turmeric root, and turmeric blends are used less frequently but still represent significant market segments. Specialized marketing could appeal to these users.
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FIGURE 8
 Frequency of purchasing and using different turmeric products by respondents.


One of the questions in the survey explores consumer preferences on the place for purchasing turmeric and turmeric products. The data on where Americans primarily purchase turmeric and turmeric products are presented in Figure 9. Accordingly, conventional supermarkets are the most popular venue for purchasing turmeric products, capturing over 28% of buyers. Turmeric marketers looking to mass-market turmeric products may consider this channel significantly. Pharmacies and Whole Foods or Fresh Markets account for almost 30% of purchases, indicating a sizable, health-conscious market segment that can be targeted with specialized products. While 12.3% of respondents primarily buy online, this could be a growth area, particularly as e-commerce continues to gain traction.
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FIGURE 9
 Frequency of consumers purchasing turmeric products from different market categories.


Last but not least is understanding consumers’ reasons for purchasing or using turmeric or turmeric products. The largest segment (22.2%) purchases turmeric as a source of healthcare products (Figure 10). A sizable portion of respondents use turmeric products for healthcare and cancer treatment, indicating that health benefits drive consumer choices. This suggests that health benefits are a significant motivator for consumers, reflecting a trend in targeting health benefits products. A significant portion (20%) uses turmeric in cooking or for food coloring, indicating its important role in culinary practices. With a large number relying on recommendations, public health organizations could focus on educating healthcare providers or influencers within communities about the benefits and limitations of turmeric. About 8.9% of consumers choose turmeric because it is environmentally sustainable, signaling an emerging trend of eco-conscious consumerism.
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FIGURE 10
 Consumers explanations of purchasing turmeric or turmeric products.




4.2 Discrete choice models

The results presented in Table 4 illustrate the contribution of each attribute level to consumers’ preferences for turmeric and turmeric products, as estimated from an ML model. The variables of interest encompass place of origin, price, production certification, product form, and curcumin level. The coefficient for price is statistically significant at the 0.01% level, as anticipated. The negative sign signifies an inverse price-demand relationship in line with demand theory, indicating that an increase in the price of one alternative reduces the likelihood of choosing that alternative. This result is consistent with the previous research on functional food products, which indicates that similar to conventional foods, the price of products is a significant factor influencing consumers’ willingness to purchase (Cukelj et al., 2016; Romano et al., 2016; Plasek and Temesi, 2019).



TABLE 4 Estimated parameters of the mixed logit models for consumers’ preferences on turmeric attributes.
[image: Table4]

Most non-price attribute coefficients are also statistically significant. Concerning the place of origin, the products produced in the U.S. inland were set as the base. The negative coefficients for India, Fiji, Jamaica, and Asia suggest that, on average, consumers prefer turmeric sourced from the U.S. The significance level (indicated by asterisks) confirms that these coefficients are statistically significant, ruling out the possibility of random chance. The positive coefficient for products from Hawaii suggests a preference for turmeric grown in Hawaii compared to the base level (U.S.). However, the attribute level lacks statistical significance, implying that while people might lean toward turmeric from Hawaii over that from the U.S., this preference is not sufficiently robust to state it as a fact. However, these results align with the research conducted by Onozaka and McFadden (2011), which demonstrated that Americans have a preference for locally grown Gala apples and red round tomatoes. Similarly, He et al. (2020) found that the place of origin is deemed more important than the production methods for strawberries. The positive and statistically significant coefficient for “organic” indicates that consumers are more inclined to prefer organically produced turmeric over conventionally grown turmeric. This result aligns with prior research on other food products, revealing that consumers favor sustainability-certified products over non-certified ones (Basha et al., 2015; McFadden and Huffman, 2017; Massey et al., 2018).

Regarding product form, consumers seem to favor pure powder over fresh root, as indicated by the positive and statistically significant coefficient. This aligns with the sample description section above, which suggests that consumers prefer forms that are convenient and ready to use. This information is valuable for producers and suppliers, highlighting the importance of providing these forms to meet consumer expectations. To the best of our knowledge, prior research evaluating the impact of product form on consumers’ WTPs for similar products has been limited, with notable exceptions being studies on meat (comparing fresh and processed meat) by Balcombe et al. (2016), and seafood (comparing fresh vs. frozen) by Zheng et al. (2023), Love et al. (2022), and Davidson et al. (2012). Therefore, this finding serves as a valuable reference for future studies concerning medicinal plants and functional food products.

Consumer preference for curcumin level is a key area of interest. The curcumin content in each turmeric product was classified into three levels: low, medium, and high, with low curcumin serving as the base in this model. The results indicate that neither medium nor high curcumin levels significantly impact consumer preference. This finding is consistent with research by Ndiaye et al. (2023), which revealed that there is no significant difference in consumers’ WTPs based on the health benefit indicators of hibiscus products. This could suggest that consumers may not be fully aware of the benefits associated with different curcumin levels in turmeric. While curcumin is the compound responsible for turmeric’s medicinal properties, as mentioned in the introduction, the lack of information might lead to indifference to consumer preference. However, it is worth noting that while curcumin levels do not significantly influence the average consumer, there may be niche markets, such as health enthusiasts or individuals with specific health conditions, who value this attribute. This presents a potential opportunity for market differentiation and further research to understand why curcumin levels do not influence consumer choice. It is essential to determine whether consumers are truly indifferent or simply unaware of the implications of different curcumin levels in turmeric and turmeric products. This understanding could open up new avenues for businesses and policymakers. In addition, consumers have shown a WTP for functional foods when health-related information is clearly displayed and communicated, as demonstrated by Oliveira et al. (2016). Through the analysis of 54 studies on functional food products and WTPs, Plasek and Temesi (2019) found that the determinants of consumers’ WTP and the perceived credibility of health benefits attributed to functional products are ambiguous. These factors can vary significantly based on the underlying product and its ingredients, the source of the health information, the design of the product, and the cultural background of the country in question.

Since the results from the ML model provide mean parameters indicating the impacts of each attribute level on consumer utility compared to the baseline of each attribute, we cannot directly compare the relative effect of each attribute on utility due to differences in unit and scale among the attributes (Lancsar and Louviere, 2008). Therefore, we calculate the relative importance of each attribute to determine its significance in consumer choice decisions. The relative importance of an attribute is estimated by dividing the difference in utility between the highest and lowest levels of a single attribute by the sum of the utility differences of all attributes (He et al., 2020). The results are presented in the last column of Table 4. Overall, the place of origin and price appear to be the most crucial factors, contributing to 36 and 34% of consumer choices for turmeric, respectively, while curcumin levels hold the least importance, accounting for only 2%. Mean marginal WTP and its associated confidence intervals are estimated for each attribute level (Equations 4, 5) based on the outputs from the ML models.

The marginal WTP per turmeric product with corresponding attribute levels is presented in Table 5. The WTP estimates offer consistent evidence regarding the importance of individual attribute levels, in line with the previously discussed relative importance of attributes. Specifically, consumers are WTP the most for organic turmeric, with a mean WTP of $10.9 per pound (lb.) and a narrow 95% confidence interval (9.97; 11.76), indicating strong confidence in this estimate. The second most valued attribute is “pure powder,” with a mean WTP of $6.70/lb. and a 95% confidence interval (5.69; 7.72). This suggests that consumers perceive value in the powdered form of the product. Despite “medium” being ranked third for curcumin content, the mean WTP is relatively low at just $0.61/lb. This premium value of turmeric is significantly lower than the organic attribute, implying that the curcumin content in turmeric is less valued than sustainable certification when consumers make purchasing decisions. Turmeric from Hawaii has a low but positive mean WTP of $0.44/lb. This suggests some preferences, albeit not strong, as indicated in the ML model.



TABLE 5 WTP and 95% confidence intervals for attributes of turmeric.
[image: Table5]

Interestingly, the high level of curcumin has a negative mean WTP of -$0.58/lb., implying that consumers might actually prefer to avoid products with high curcumin levels, perhaps due to price considerations or a lack of awareness regarding its benefits. Turmeric from Fiji, Jamaica, Asia, and India all have negative WTP, with India being the least preferred. This suggests that consumers may have reservations about the quality or source of turmeric from these places than products produced in the U.S.

In summary, consumers place the highest value on organic and pure powdered forms of turmeric, likely due to perceptions of quality, safety, or effectiveness. Curcumin levels do not appear to strongly influence WTP, underscoring the potential benefits of educational efforts if curcumin content is deemed a meaningful quality metric. Place of origin significantly impacts consumer choices, suggesting a need for quality assurance or improved marketing for turmeric products from countries other than the U.S. This could pave the way for potential growth in domestic turmeric production.




5 Concluding comments

The demand for turmeric and turmeric-based products has surged in the U.S., reflecting an increasing interest among Americans in natural products with health benefits. This research confirms that consumers are incorporating more turmeric and turmeric products into their lives due to health concerns and the desire for health supplements. Consumer preferences and WTP for turmeric and its products in the U.S. are influenced and shaped by multiple factors. Consumers’ choices of turmeric are impacted by product prices, the place of origin, sustainability certification, and product forms. Notably, the level of curcumin content in turmeric is not a significant factor, suggesting that public awareness regarding the importance of curcumin levels may be limited, and this awareness is not necessarily translating into purchasing decisions. This result aligns with previous research by Ndiaye et al. (2023), which indicates that the health benefits of a product do not influence consumers’ WTP if it is unfamiliar to them.

Our results confirm the importance of the organic attribute such as “organic” and “pure powder” significantly influence consumer choices and WTP. Additionally, the product’s geographical origin significantly impacts consumer preferences, with a preference for domestic turmeric and a negative preference for turmeric sourced from India, Asia, Fiji, and Jamaica. This suggests concerns about the quality or safety of the product based on its origin, requiring attention from both industry stakeholders and public health agencies to better inform consumers about the place of origin of turmeric and turmeric products.

This research provides valuable insights into the evolving consumer attitudes and WTP for turmeric products, serving as an important resource for both the industry and policymakers. The goal is to align more effectively with public preferences and health needs. These results could prove invaluable for manufacturers and marketers of turmeric products, enabling them to comprehend consumer priorities better and tailor their products and messaging accordingly. However, it is essential to acknowledge the limitations of this study. The number of respondents constrains the research and lacks detailed information to fully explain consumer perceptions regarding ingredients in turmeric other than curcumin. Therefore, further research is recommended to understand why curcumin levels do not significantly influence consumer choices and explore consumer perceptions of other turmeric ingredients. Understanding the reasons behind the lack of impact of curcumin levels on consumer preferences could provide critical information for businesses and policymakers. This, in turn, could lead to the formulation of appropriate policies to improve consumer knowledge and support healthier choices.

The results imply areas where marketing and educational campaigns could be effectively targeted. For instance, if curcumin content is a meaningful indicator of product quality or efficacy, better consumer education about its benefits could be beneficial. Similarly, enhancing the reputation of turmeric in the U.S. compared to other countries with less favorable WTP could be a pivotal strategy for developing domestic turmeric production. The findings offer actionable insights into which product attributes to emphasize in marketing efforts for businesses operating in the turmeric industry. Certifying products as organic could be a worthwhile investment given consumer WTP for this attribute. Furthermore, this information could also prove invaluable for new product development and optimizing existing product lines.

In summary, this research provides valuable insights into the evolving consumer attitudes and WTP for turmeric products, serving as an important resource for both the industry and policymakers. The goal is to align more effectively with public preferences and health needs. These results could prove invaluable for manufacturers and marketers of turmeric products, enabling them to better comprehend consumer priorities and develop products and messaging accordingly. However, it is essential to acknowledge the limitations of this study. The number of respondents constrains the research and lacks detailed information to fully explain consumer perceptions regarding ingredients in turmeric other than curcumin. Therefore, further research is recommended to understand why curcumin levels do not significantly influence consumer choices and explore consumer perceptions of other turmeric ingredients. Understanding the reasons behind the lack of impact of curcumin levels on consumer preferences could provide critical information for businesses and policymakers. This, in turn, could lead to the formulation of appropriate policies to improve consumer knowledge and support healthier choices.
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Footnotes

1   The most recent research by Soni et al. (2022) indicates that Curcumin, the yellow pigment of turmeric spice, has shown effective cytotoxic activity against numerous malignant cells, including hepatic cancer.

2   Although curcumin can be found in other species such as mango ginger (Srinivasan and Chandrasekhara, 1993), this study focuses exclusively on curcumin derived from turmeric rhizomes.

3   According to Bejar (2018), synthetic curcumin is priced at one-third the cost of its natural counterpart.
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Appendix A


A.1. A cheap talk script was used in the only survey

“The following questions ask you to make your turmeric selection. When answering the following questions, please make sure that your choice in this survey is what you would make in a real-world purchase at present. There is a total of 10 consecutive scenarios. Please make your selection in each scenario independently. Please also keep in mind that your choice made in each of the following scenarios may reduce the budget for your other purchases should you make such a decision in real life.”




Appendix B


B.1. An example of the choice experiment questions used in the online survey
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What will you purchase at a grocery store?

О Product A

О Product B

О Neither Product A nor Product B
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Introduction: This study delves into the intricate dynamics between fiscal policies supporting agriculture and the non-linear influence of agricultural science and technology innovation on enhancing agricultural resilience. We conducted research across 31 provinces (including autonomous regions and municipalities) in China from 2007 to 2021.

Method: By constructing the evaluation index system of agricultural resilience, the entropy value method is used to measure the value of agricultural resilience, and then standard deviation ellipse and center of gravity migration analysis, benchmark regression model, heterogeneity analysis, threshold regression model are used to analyze the relationship between agricultural science and technology innovation, fiscal policies supporting agriculture and agricultural resilience.

Result: (1) The analysis of the spatio-temporal evolution trend shows that the overall development of China’s agricultural resilience is relatively stable, the resilience range is expanding, and the geographical area with the southeast as the center of gravity presents a stronger pulling effect; (2) The benchmark regression model shows that agricultural science and technology innovation has a significant positive effect on agricultural resilience; (3) Agricultural science and technology innovation plays a nonlinear role in increasing agricultural resilience when fiscal policies supporting agriculture are used as a threshold variable. (4) Heterogeneity analysis highlights stronger promotion of agricultural resilience through science and technology innovation in non-main producing areas and economically underdeveloped regions.

Discussion: To address this, policymakers should leverage the resilience of the Southeast, boost innovation capacity, tailor innovation to local needs, and reinforce fiscal policies supporting agriculture. These insights provide valuable direction for policymakers in crafting effective measures to enhance agricultural resilience.

Keywords
 agricultural resilience; science and technology innovation; fiscal policies; threshold effect; spatiotemporal analysis


1 Introduction

In the contemporary landscape of agriculture, both at global and local scales, myriad challenges pose significant threats to the sustainability of the agricultural sector (Gouel and Guimbard, 2019). On the one hand, the demand for food and other essential ecosystem services provided by agriculture is on the rise, creating a complex scenario exacerbated by the mounting pressure on underlying agricultural production potential. On the other hand, factors such as climate change and soil degradation exacerbate pressures on agricultural systems, making the provision of private and public goods increasingly difficult and costly (Borrelli et al., 2020; Ortiz-Bobea et al., 2021; Elsner et al., 2023). At the same time, societal factors such as market shocks, pandemics, and wars intertwine to create a situation of uncertainty and instability that weakens the resilience of the agricultural sector.

Recent policy goals, as demonstrated by initiatives within the Kunming-Montreal Global Biodiversity Framework and the Farm to Fork strategy of the European Union, set ambitious environmental targets that must be achieved within short time frames (Schebesta and Candel, 2020). To mitigate the environmental impacts of agri-food systems, urgent action is needed to address the overuse of resources, environmental pollution from fertilizers and pesticides, greenhouse gas emissions, and biodiversity loss (Kanter et al., 2020; Wuepper et al., 2023). In tandem, concerns related to social sustainability and animal welfare underscore the urgency for comprehensive action in these areas. To navigate these combined challenges, the agricultural sector faces the imperative of delivering more with substantially smaller footprints, all while contending with reduced resources. This complex balancing act can give rise to conflicts, such as the tension between food production, profits, and environmental protection (Wuepper et al., 2023). Striking this delicate balance necessitates innovative approaches and breakthroughs conducive to sustainable development.

As a large agricultural country, the study of China’s agricultural resilience is of great significance to the sustainable development of agriculture in other countries. In response to the global imperative for resilient agricultural practices, the 20th National Congress of the Communist Party of China outlined a visionary roadmap. The proposal emphasizes the acceleration of constructing a robust agricultural country, with a foundational guarantee of enhancing industrial resilience. In the face of escalating uncertainties in global development, bolstering agricultural resilience emerges not only as a means of stabilizing the agricultural foundation but also as a critical contributor to ensuring the stable operation of the national economic system. It acts as a metaphorical “ballast stone” for agriculture, providing stability in the face of evolving challenges. However, the agricultural sector confronts the escalating impacts of climate change and the recurrent incidence of extreme weather events. The convergence of natural and market risks further complicates the landscape, leading to a growing number of unpredictable events confronting the agricultural sector. This necessitates the exploration of breakthroughs conducive to sustainable development, with science and technology emerging as the fundamental solution for modern agricultural progress.

The strategic direction outlined by the United States in 2018 for the next decade of agriculture explicitly advocates technological innovation as the key to enhancing the resilience and recoverability of the food and agriculture system (Wan et al., 2023). The substantial progress in American agriculture is attributed to the pivotal role played by technology. Consequently, advancing agricultural resilience through technological innovation represents a crucial focal point for China in fortifying the construction of a robust agricultural nation. Yet, the public welfare attribute of agricultural technology places the onus on the government to assume the responsibility of the primary investor. This underscores the critical importance of government fiscal policies supporting agriculture, creating the necessary conditions for research and development in agricultural technology, and the transformation and application of its outcomes. Then, in the new development stage, how to scientifically assess the level of China’s agricultural resilience, how to reveal the role of fiscal policies supporting agriculture in the process of the impact of agricultural science and technology innovation on agricultural resilience of the role of the mechanism, how to clarify the agricultural science and technology innovation, fiscal policies supporting agriculture on agricultural resilience to enhance the countermeasures and suggestions, and so on, these issues need to be further in-depth study.

This paper aims to provide evidence of the actual change in agricultural resilience in China and to explore the relationship between agricultural science and technology innovation, fiscal policies supporting agriculture for agriculture, and agricultural resilience from the perspective of sustainable agricultural development. To do so, we use data on China’s agricultural resilience from 2007 to 2021 to show its spatiotemporal evolution. Additionally, we use heterogeneity analysis to explore how different regions influence the relationship between agricultural science and technology innovation and agricultural resilience through fiscal policies supporting agriculture. By achieving these objectives, this paper aims to contribute valuable insights into the intricate dynamics of agricultural resilience and inform policymaking for sustainable agricultural development.



2 Literature review

In recent years, agricultural resilience has emerged as a prominent research topic, with a primary focus on three key dimensions:


2.1 Connotation and measurement of agricultural resilience

The term “resilience,” is rooted in the Latin word “resilio” meaning to return to the initial state. In different research fields, resilience has been given its specific meaning (Wang R. et al., 2023). Systems ecologist Holling (1973) applied the concept of resilience to the field of ecology, indicating the resilience and sustainability of ecosystems in the face of environmental change. In the field of economics, the use of resilience provides an effective tool for the explanation and illustration of economic phenomena (Fujita et al., 2002); Reggiani et al. (2002) explored resilience in the field of spatial economics; Martin et al. (2016) provided a more standardized definition of economic resilience and used the sensitivity index to measure the economic resilience of the city. The application of resilience at the city level aims to promote the sustainable development of cities. Tang and Tan (2022) argued that urban resilience emphasizes the organizing and coordinating power within the urban system and constructed an evaluation index system from four urban subsystems, namely, economy, society, ecology, and engineering. With the transformation of social lifestyles and living environments, the industrial system realizes the digital transformation while combining human capital, machines, and technology are combined to seek sustainability (Aheleroff et al., 2022). In the field of agriculture, Folke (2006) argue that agricultural resilience refers to the ability of an agricultural system to ensure that the main functions of the original system are not violated in the face of shocks such as natural and market shocks. Meuwissen et al. (2019) argue that agricultural resilience refers to the capacity to ensure that the system can perform the main functions of the original system in the face of complex economic, social, environmental, and institutional shocks, ensuring that the system can adapt and transform. Yu and Zhang (2019) defines it as the resistance and recovery ability of agricultural systems, measured across dimensions like production, ecological, and economic resilience. Hao Aimin et al. (2022) view agricultural resilience as the ability to withstand uncertainty shocks, involving adjustment, recovery, and continuous transformation. Measurements by Jiang et al. (2022) and Zhang and Hui (2022) encompass economic foundation, production conditions, technological progress, and ecological governance, using multidimensional indicators. Other scholars, like He and Yang (2021), approach agricultural resilience from the industrial chain perspective, viewing it as driven by modern technology, capable of effectively resisting shocks, and ensuring rapid recovery.



2.2 Influencing factors of agricultural resilience

In the context of global warming and price volatility, the future of agricultural systems faces uncertainty (Urruty et al., 2016). With society’s increasing demand for agricultural products and the use of large quantities of chemical inputs such as fertilizers and pesticides, this kind of production at the expense of nature deprives environmental systems of resilience and sustainability (Bennett et al., 2021). Agriculture, as a weak industry, requires policy support from the government to guarantee the continued and stable operation of the agricultural economy (Wang J. et al., 2023). Diversity is key to food system resilience (Bisoffi et al., 2021). Diversified agricultural practices are conditions for food system resilience (Calo et al., 2021). Traditional elements such as agricultural infrastructure, communication technology, social capital, and transportation facilities are generally considered to be important factors influencing the level of agricultural resilience (Crespo et al., 2014; Chacon-Hurtado et al., 2020; Chaudhuri and Kendall, 2021; Tang and Chen, 2023). Hao Aimin et al. (2022) emphasize the significance of integrating agricultural industries under external shocks, highlighting its impact on enhancing resilience. Attention to intermediate media, including industrial structure optimization and agricultural industry integration, is underscored by Zhao and Xu (2023) and Zhou et al. (2023). Jiang et al. (2022) propose an inverted relationship between agricultural resilience and regional economic development, particularly noting strong regional linkages in major grain-producing areas. Song and Liu (2023) and Wang L. et al. (2023) identify the digital economy and innovation capacity as key factors in bolstering agricultural resilience.



2.3 Pathways for enhancing agricultural resilience

Alam et al. (2023) identified information and communications technology as a key factor in increasing the resilience of agri-food systems in developing countries and the need to ensure the resilience and sustainability of agricultural systems by facilitating the marketing of products, access to production inputs, and assisting stakeholders in adapting to the agri-food systems network. Zhang and Long (2023) highlight the constraint posed by weak agricultural research and development capabilities on agriculture’s development, advocating for technology as the driving force for cultivating resilience. Wang Y. et al. (2023) argue that localized support for digital financial development and effective regulation are key to realizing an enhanced path to agricultural resilience. He and Yang (2021), based on the complex environmental conditions faced by the agricultural system at home and abroad, put forward the forging path of the resilience of China’s agricultural industry chain in six dimensions, such as strengthening the advantages, extending the chain, expanding the scope, making up for the short boards, creating the joints, and backing up the industry chain, based on the systematic analysis and attempts to deconstruct the situation. Scholars such as Cao and Zhao (2017), Guo and Zhang (2023), and Yu et al. (2023), explore potential pathways for enhancing agricultural resilience through digitalization, green technology innovation, and industrial structure upgrading, respectively.

In summary, while existing research on agricultural resilience has yielded significant results, there is room for further expansion. The current literature predominantly examines factors affecting resilience from the perspectives of digital technology, facilities, and industry, with a limited focus on the direct impact of agricultural science and technology innovation. Additionally, the existing research results reveal a linear relationship between agricultural science and technology innovation and agricultural resilience but have not yet paid attention to the non-linear mechanism of agricultural science and technology innovation in the process of agricultural resilience enhancement. Consequently, this paper adopts the perspective of fiscal policies supporting agriculture, utilizing the panel threshold regression model to systematically explore the impact of agricultural science and technology innovation on agricultural resilience from both linear and nonlinear dimensions.




3 Theoretical analysis and research hypotheses

In the global competition in agriculture, technological advancement is the crux. Agricultural science and technology is the endogenous driving force for deepening the structural reform of the agricultural supply side and promoting the high-quality development of agriculture (Hua and Pan, 2022). With the structural adjustment of China’s economic development strategy from the original exogenous economic growth model dominated by factor inputs such as capital and labor to the endogenous economic growth model dominated by knowledge and technology factors (Lv and Cai, 2020), agricultural science and technology innovation fosters agricultural resilience not only by promoting changes in agricultural production and operation and its management but also by facilitating the transformation of agricultural economic growth (Jiang et al., 2021). On the one hand, agricultural science and technology innovation can promote the rational allocation of agricultural resource elements, realize the transformation of agricultural production from rough to intensive, enhance the efficiency of agricultural production, and then enhance the resilience of agriculture. On the other hand, the agricultural system can also gather knowledge, technology, and other emerging enabling elements through the application of modern production technology, modern equipment technology, and other technologies, promote the horizontal expansion and vertical extension of the agricultural industry chain (He and Yang, 2021), extend the agricultural industry chain, increase the added value of agricultural products, promote the optimization and upgrading of the structure of the agricultural industry, achieve the connotative development of agriculture, and then enhance the agricultural resilience. Finally, technology is more sustainable than inputs of material factors and can make up for the shortcomings of traditional factors, to achieve the purpose of cost saving, improving efficiency, and enhancing the competitiveness of agricultural products in the market. The fundamental purpose of agricultural science and technology innovation is to apply the results of agricultural science and technology innovation in the agricultural pre-production, production, post-production, and many other links, so that it is transformed into real productivity, thereby enhancing the market competitiveness of agricultural production and management subjects, to achieve the purpose of agricultural resilience cultivation. Forming the foundation on these premises, we propose Hypothesis 1:


H1: Agricultural science and technology innovation has a positive impact on agricultural resilience.
 

Due to the public goods attribute of agricultural technology, thus the government needs to assume the main responsibility, play the role of macro-control, through the development of induced technological innovation policy, and then increase the investment in technological innovation, and infrastructure, to enhance the level of technological innovation (Hu et al., 2018). The nuanced impact of agricultural science and technology innovation on agricultural resilience is intricately linked to the threshold effect of fiscal policies supporting agriculture. Liu and Song (2020) have demonstrated that fiscal policies significantly shape the outcome of agricultural science and technology innovation. On the one hand, when the government plays the function of macro-control, it directly invests agriculture-related financial funds into the key areas of agricultural development and weak links, and through the aggregation of funds to enhance the capacity of agricultural development, thereby enhancing the resilience of agriculture (Ni and Wei, 2022); on the other hand, the fiscal policies supporting agriculture can correct the externality of agricultural science and technology innovation, which is conducive to promoting the progress of cutting-edge technology and thus realizing technological breakthroughs in focus, simultaneously, it is also conducive to promoting the transformation and application of the results of agricultural technology and promoting the spillover effect of the results of agricultural scientific and technological innovations, which in turn promotes the cultivation of agricultural resilience. From practical experience, the implementation of fiscal policies supporting agriculture varies in strength, and the impact effect will also vary, so the agricultural industry system usually adopts the dynamic adjustment of relevant policies to cope with the changes brought about by this difference. Insufficient financial support for agriculture capital investment intensity will affect the agricultural science and technology research and development and its innovation results of transformation and application so that agricultural science and technology innovation dividend is difficult to effectively release, and thus affect the level of agricultural resilience enhancement. It is posited that only through a scientifically efficient fiscal support pattern, crossing a certain threshold, can the positive impact of agricultural science and technology innovation be effectively leveraged to enhance agricultural resilience. Thus, we propose hypothesis 2:


H2: Fiscal policies supporting agriculture have a threshold effect on the impact of agricultural science and technology innovation on agricultural resilience. Agricultural resilience will significantly improve only beyond a specific threshold level of fiscal support for agriculture.
 



4 Research design


4.1 Calculation of agricultural resilience and spatiotemporal evolution analysis

The color-marked part of the figure is the study area of this paper, including 31 provinces (autonomous regions and municipalities directly under the central government) in China, and the blank area is the missing part of the data, which is not marked in the figure (see Figure 1). To establish a robust agricultural resilience evaluation framework, we draw upon existing literature, incorporating insights from Lu et al. (2021) and other relevant sources. The development of an indicator system forms the first step in this process. Subsequently, the entropy method is applied to assign weights to the identified indicators, facilitating the computation of numerical values representing agricultural resilience. This step ensures a comprehensive and nuanced assessment by considering the relative importance of each indicator in the overall resilience evaluation. Drawing inspiration from the research findings of Song and Liu (2023), the analysis then extends to the spatiotemporal evolution of China’s agricultural resilience. Leveraging ArcMap 10.8 software, various techniques are employed, including the 68% standard deviation ellipse analysis, spatial center of gravity, azimuth, and standard deviation of the major and minor axes. These methods collectively provide insights into the spatial distribution and temporal dynamics of agricultural resilience, offering a holistic perspective on its agglomeration patterns.

[image: Figure 1]

FIGURE 1
 Map of the study area.




4.2 Variable measurement


4.2.1 Dependent variable

Agricultural Resilience (Resi) is chosen as the dependent variable. Presently, there is no unified standard for measuring agricultural resilience in the academic community. Agriculture, being a complex system, encompasses resilience considerations across multiple levels. Therefore, its evaluation cannot rely on a single indicator. Considering the completeness of the agricultural resilience evaluation system and data availability, this paper constructs an agricultural resilience evaluation indicator system spanning three dimensions: production resilience, ecological resilience, and economic resilience. Production resilience pertains to the ability of agriculture to withstand destructive events during the agricultural production process, primarily including indicators related to agricultural production factor conditions. Ecological resilience involves the ability of agriculture to respond to environmental changes, encompassing inputs such as pesticides, fertilizers, and indicators like carbon emissions. Economic resilience relates to the capacity of entities involved in agricultural production and management to respond to economic shocks, specifically focusing on the economic foundation and staffing of agricultural production and management entities. The specific indicators are detailed in Table 1.



TABLE 1 Agricultural resilience evaluation index system.
[image: Table1]



4.2.2 Independent variables

The independent variable is gauged by agricultural science and technology innovation (Tech). This study employs three dimensions to assess the capability of agricultural science and technology innovation: input level, output level, and transformation level. The input of agricultural science and technology innovation encompasses the effective integration and utilization of agricultural resources, forming the foundation of agricultural science and technology innovation. It comprises two indicators: the number of agricultural research and development (R&D) personnel and internal expenditures on agricultural R&D funds. Notably, the substitution of internal expenditure on agricultural R&D funds is based on the research findings of Sun and Youyi (2020) and Xu et al. (2021). Output is manifested by the outcomes resulting from agricultural science and technology innovation R&D, providing a substantial reflection of the level of agricultural science and technology innovation. This dimension includes indicators such as the number of applications for new agricultural plant varieties and the count of Chinese scientific papers indexed by major foreign search tools. Transformation involves the application of agricultural science and technology achievements to the agricultural production and management process, thereby elevating the level of agricultural science and technology transformation into real productive forces through the promotion and diffusion of agricultural technology. Indicators for this dimension include the amount of technology market transaction contracts and the number of technology market transaction contracts. The specific indicators are detailed in Figure 2.

[image: Figure 2]

FIGURE 2
 Evaluation indicator system for agricultural technological innovation.




4.2.3 Threshold variable

This study employs fiscal policies supporting agriculture as the threshold variable, specifically gauged by the proportion of expenditures allocated to agriculture, forestry, and water affairs in total fiscal expenditures.



4.2.4 Control variables

To uphold the precision of the regression results, the following control variables are chosen based on a thorough review of related literature: (1) Market Size (Market): Represented by the proportion of total retail sales of consumer goods to the gross regional product. (2) Human Capital Stock (Labor): Measured by the number of the rural population. (3) Per Capita Economic Development Level (Agdp): Measured by the per capita gross regional product at the end of the year. (4) Ecological Environment (Envir): Measured by the ratio of the area affected by soil and water loss to the total area of the province or city. A detailed overview of the related variables and their descriptions is presented in Table 2.



TABLE 2 Definitions and descriptions of related variables.
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4.3 Model setup


4.3.1 Baseline model

To scrutinize the direct impact of agricultural science and technology innovation on agricultural resilience, we construct the following two-way fixed effects model, see Equation 1:

[image: image]

In the presented model, where i represents provinces, t denotes time, Resi signifies agricultural resilience, Tech stands for agricultural technological innovation, X encompasses various control variables, ξ represents the province fixed effect, γ denotes the time fixed effect, and ε denotes the random error term.



4.3.2 Threshold effect model

The influence of fiscal policies supporting agriculture holds significant sway over agricultural resilience. As the intensity of policy support increases, the effect of agricultural science and technology innovation on agricultural resilience might display a nonlinear growth pattern. To capture this nonlinearity, we adopt a model inspired by Hansen (1999) nonlinear panel threshold model, and the results are presented in Equation 2:

[image: image]

Within this model, Policyit functions as the threshold variable, delineated as the proportion of expenditures allocated to agriculture, forestry, and water affairs in total fiscal expenditures. The variable σ symbolizes a specific threshold value, with I(·) representing an indicator function. The parameters θ_1, θ_2, θ_n denote the threshold effects, estimating the impact coefficients of agricultural technological innovation on agricultural resilience when the threshold variable is below or above the threshold value σ. The coefficients β and C represent the estimated coefficients for control variables and the constant term, respectively.




4.4 Data sources and descriptive statistical analysis

This study utilizes national data from 31 provinces (autonomous regions and municipalities) spanning the years 2007 to 2021 as the research sample. Data sources encompass the “China Statistical Yearbook,” “China Rural Statistical Yearbook,” “China Science and Technology Statistical Yearbook,” and the EPS database, among others. To address missing data, mean imputation and linear interpolation methods are employed. Additionally, to account for the impact of price inflation, relevant economic indicators are deflated using the Gross Regional Product (GRP) index, with the base year set as 2007. Drawing from the work of Hao and Tan (2023), the estimation formula for the original value of agricultural productive fixed assets after 2013 is as follows: the current year’s original value of rural households’ agricultural productive fixed assets = the previous year’s original value of rural households’ agricultural productive fixed assets × (current year’s total power of agricultural machinery/previous year’s total power of agricultural machinery). The descriptive statistical results for all variables are presented in Table 3. Notably, the Variance Inflation Factor (VIF) for each explanatory variable is below 5, satisfying the criterion for the absence of multicollinearity among the factors. Consequently, there is no issue of multicollinearity among the explanatory variables.



TABLE 3 Descriptive statistics of variables.
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5 Results and discussion


5.1 Analysis of the spatiotemporal evolution trend of agricultural resilience


5.1.1 Temporal distribution and evolution trend of agricultural resilience

To analyze the spatiotemporal evolution of agricultural resilience, this study categorizes the data samples based on the economic development level of different regions. The division distinguishes between economically developed and underdeveloped areas using the median of the GDP averages from 2007 to 2021. Regions with a GDP average above the median are classified as economically developed areas, while those below are labeled as underdeveloped areas. Divided in this way, there is no evolution over time of economically developed and economically underdeveloped regions. In this paper, the temporal distribution and evolution trend of agricultural resilience are examined at three levels: nationwide, economically developed areas, and economically underdeveloped areas. Overall, the findings reveal a growth trend in agricultural resilience across China. Economically developed areas demonstrate a relatively stable growth trend, marked by a slowdown in the growth rate, potentially indicative of agriculture reaching a state of relative saturation. Conversely, agricultural resilience in economically underdeveloped areas exhibits fluctuations, likely influenced by traditional agricultural production methods in the early stages of development. This trend later accelerates, possibly attributed to the implementation of agricultural policies and the adoption of advanced technologies. These nuanced patterns shed light on the intricate dynamics of agricultural resilience at different economic development levels, emphasizing the multifaceted nature of factors influencing resilience trends in Figure 3.

[image: Figure 3]

FIGURE 3
 Trends in the temporal evolution of agricultural resilience by region, 2007–2021.





5.2 Spatial distribution and evolution trend of agricultural resilience

To explore the spatial evolution trend of agricultural resilience in China from 2007 to 2021, this study employs the standard deviation ellipse and center of gravity migration analysis. Detailed parameters and migration trajectories are provided in Table 4 and Figure 4 (given space constraints, only data for the years 2007, 2012, 2017, and 2021 are included). Observations reveal the following trends: Firstly, the center of gravity of China’s agricultural resilience demonstrates a tendency to shift towards the south-eastern part. Over the period from 2007 to 2021, the center of gravity of China’s agricultural resilience was notably concentrated around Luoyang City, Henan Province. During this period, it began to evolve south-eastward, indicating a pronounced influence and pull of agricultural resilience by the south-eastern provinces. Secondly, the overall development of China’s agricultural resilience remains relatively stable. From 2007 to 2021, the area covered by the 68% standard deviation ellipse expanded by approximately 6.52 thousand square kilometers, signifying robust agricultural resilience. Changes in key parameters such as azimuth angle, major axis, and minor axis indicate a shift in the orientation of agricultural resilience. While the range has expanded, the overall stability is evident, with a concentration in the northeast-southwest direction. These findings underscore the dynamic and stable nature of agricultural resilience across China, offering valuable insights into the spatial patterns and evolution of this critical aspect of the agricultural landscape.



TABLE 4 Agricultural resilience standardization, 2007–2021 Parameters related to the standard deviation ellipse.
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FIGURE 4
 Standard deviation ellipse of agricultural resilience and the centroid migration trajectory.




5.3 Baseline regression results

The baseline regression results, illustrating the impact of agricultural science and technology innovation on agricultural resilience, are presented in Table 5. Model 1 displays the regression outcomes without fixed effects for provinces and years. In Model 2, the core explanatory variable is included in a two-way fixed effects model, while Model 3 further introduces control variables into a two-way fixed effects model. Model 3, with an R2 of 0.795, exhibits the highest fit after incorporating control variables, indicating a substantial level of explanatory power. Across all models, agricultural science and technology innovation exhibit a significant positive correlation with agricultural resilience. Specifically, the significance is observed at the 1% level in Model 1, at the 5% level in Model 2, and remains significant at the 5% level in Model 3 after adding control variables. This consistent significance underscores the substantial promotional effect of agricultural science and technology innovation on agricultural resilience.



TABLE 5 Results of the impact of agricultural STI on agricultural resilience.
[image: Table5]

Upon analyzing the control variables in Model 3, Market Size (Market), Human Capital Stock (Labor), and Per Capita Economic Development Level (Agdp) show significance at the 1% confidence level, each with positive coefficients. This suggests that expanding market size can meet the needs of farmers and consumers, fostering positive interaction and enhancing agricultural resilience. Human capital stock proves to be a crucial foundation for rural agricultural transformation, as quality rural labor provides a source and momentum for agricultural resilience, with a significant impact on its stock. Higher per capita economic development levels contribute to increased investment in agricultural technology R&D, elevating the level of agricultural science and technology innovation and improving the capacity to resist external risks. The Ecological Environment (Envir) is significant at the 5% level with a positive coefficient, indicating that a favorable ecological environment promotes the enhancement of agricultural resilience to some extent.



5.4 Robustness tests

To ensure the reliability of the regression results, four robustness testing methods were employed: the instrumental variable method, lagging the core independent variable by one period, trimming 1%, and sub-sample regression. The results, presented in Table 6, are summarized as follows:



TABLE 6 Robustness test results.
[image: Table6]


5.4.1 Instrumental variable method

To address potential endogeneity in the two-way fixed effects model, the instrumental variable method was utilized. The lagged one-period agricultural science and technology innovation variable served as the instrument, exhibiting a strong correlation and exogeneity to agricultural resilience. Rejection of the null hypothesis of “weak instruments” and “insufficient instrument variable identification” through the Kleibergen-Paap rk LM statistic and Kleibergen-Paap rk Wald F statistic validated the model’s construction.



5.4.2 Lagged core independent variable

A one-period lag of the impact of agricultural science and technology innovation on agricultural resilience was considered. The results for the lagged core independent variable indicated significance at the 5% confidence level with a positive coefficient.



5.4.3 Trimming 1%

To mitigate the influence of outliers on regression results, a 1% data sample trim was applied. The results remained consistent with the above discussion.



5.4.4 Sub-sample regression

Considering economic shocks from the 2008 financial crisis and the 2020 pandemic, data for 2008 and 2020 were excluded, and regression analysis was rerun. Agricultural science and technology innovation continued to show significance at the 5% level. In summary, the robustness tests using the instrumental variable method, lagging the core independent variable, trimming, and sub-sample regression all support the strong robustness of the baseline regression results.




5.5 Threshold model regression results

To examine the nonlinear dynamic evolution of policy factors in the agricultural science and technology innovation’s impact on agricultural resilience, this study employs the proportion of expenditures on agriculture, forestry, and water affairs in total fiscal expenditures as a threshold variable to gauge fiscal policies supporting agriculture. Drawing from Hansen (1999) methodology, a threshold effect test is conducted to explore the policy level at which agricultural science and technology innovation transforms into a real productive force, exerting a promoting or inhibiting influence on agricultural resilience. The null hypothesis posits the existence of single, double, and triple thresholds. The test results, detailed in Table 7, reveal that both the single and double thresholds are significant at the 5% level, while the triple threshold does not pass the significance test. Consequently, the double threshold model is selected as the basis for estimating and analyzing the results.



TABLE 7 Threshold effect test results.
[image: Table7]

The double threshold regression results and LR tests, outlined in Table 8 and Figure 5, categorize the sample into three intervals: (−∞, 0.0675], (0.0675, 0.1646], and (0.1646, +∞). In the first threshold interval, where the level of fiscal policies supporting agriculture resides, the estimated coefficient is negative and fails the significance test. This suggests that at this stage, possibly due to significant investments in agricultural public infrastructure, the application of agricultural technology in agricultural production encounters obstacles under limited fiscal support for agriculture funds, thereby impacting the improvement of agricultural resilience levels.



TABLE 8 Double threshold estimates and confidence intervals.
[image: Table8]
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FIGURE 5
 LR test graph.


In the second threshold interval, when fiscal policies supporting agriculture are present, it is significant at the 1% level. This indicates that for each 1% increase in the intensity of fiscal policies supporting agriculture implementation, the impact of agricultural science and technology innovation on agricultural resilience increases by 0.158%. Upon reaching the third threshold interval, the role of fiscal policies supporting agriculture becomes increasingly evident, with the impact of agricultural science and technology innovation on agricultural resilience further increasing by 0.759 percentage points. In the second and third threshold intervals, fiscal policies supporting agriculture exhibit a significant positive effect in enhancing agricultural resilience through agricultural science and technology innovation, with the marginal effect continuously increasing.

Considering the lagging nature of fiscal policies supporting agriculture, the analysis also explores its impact with one and two periods lagged. As demonstrated in Table 9, under the conditions of one and two periods lagged, the estimated coefficient for the first threshold interval is positive but not significant, while for the second and third thresholds, it is significant at the 1% level with positive coefficients. Compared to current fiscal policies supporting agriculture, the effects of one and two periods lagged fiscal policies supporting agriculture are stronger. On one hand, due to the already improved agricultural public facilities, fiscal support for agriculture has shown a clear effect. On the other hand, to enable fiscal policies supporting agriculture to play a role in enhancing agricultural resilience through agricultural science and technology innovation, it is essential to increase the intensity of fiscal support for agriculture funds.



TABLE 9 Parameter estimates for the double threshold effect model.
[image: Table9]



5.6 Heterogeneity analysis


5.6.1 Heterogeneity analysis based on major grain-producing areas

Due to resource endowment differences, regions adjust their agricultural development strategies based on local conditions. This implies potential variations in the impact of agricultural science and technology innovation on agricultural resilience between major grain-producing and non-major producing areas. Consequently, this paper conducts a heterogeneity analysis for both major grain-producing and non-major grain-producing areas, with results summarized in Table 10. Notably, the estimated coefficients of agricultural science and technology innovation are positive in both cases, indicating a positive effect on enhancing agricultural resilience. In terms of significance level, the impact of agricultural science and technology innovation on agricultural resilience in non-major grain-producing areas is significant at the 5% level, surpassing that in major grain-producing areas. This distinction is attributed to the resource endowment advantages of major grain-producing areas, where agricultural resilience is more influenced by natural resources, potentially diminishing the promotional effect of agricultural science and technology innovation outcomes. Conversely, for non-major grain-producing areas lacking such resource advantages, resilience enhancement through agricultural technology becomes particularly crucial.



TABLE 10 Results of heterogeneity analysis.
[image: Table10]



5.6.2 Heterogeneity analysis based on different levels of economic development

Given the importance of agriculture in the national economy, regions with lower economic development levels often rely heavily on the agricultural sector to bolster overall economic growth. Consequently, the impact of agricultural science and technology innovation on enhancing agricultural resilience may differ across regions with varying economic strengths. As per the division standards for economic strength regions, the heterogeneity analysis results, outlined in Table 10, reveal a stronger and more significant impact of agricultural science and technology innovation on enhancing agricultural resilience in economically underdeveloped areas. Conversely, while economically developed areas show a positive estimated coefficient, it is not significant. This phenomenon may arise from the larger proportion of primary industries in economically underdeveloped areas, which emphasizes the construction of agricultural production infrastructure. In these regions, the stock of agricultural technology innovation outcomes may be relatively insufficient. Therefore, agricultural science and technology innovation plays a particularly prominent role in enhancing agricultural resilience in economically underdeveloped areas, resulting in higher significance compared to economically developed areas.





6 Conclusions, policy recommendations and limitations and future directions


6.1 Conclusion

The study has provided valuable insights into the state of agricultural resilience in China. Firstly, the overall development of agricultural resilience has exhibited positive growth, with a widening scope, particularly driven by the south-eastern regions. Secondly, the positive impact of agricultural technological innovation on resilience is significant, highlighting the crucial role of advancements in agricultural technology in fortifying the agricultural sector. Thirdly, the threshold variable analysis, considering the proportion of expenditures on agriculture, forestry, and water affairs to total fiscal expenditures, indicates that optimal enhancement occurs when this proportion ranges between 6.75 and 16.46%, with the most robust impact observed beyond 16.46%. Temporal analysis suggests varying strengths concerning fiscal policies supporting agriculture at the current, lagged by one period, and lagged by two periods. Lastly, the heterogeneity analysis reveals that the promotion effect of agricultural technological innovation is more pronounced in non-major grain-producing areas and economically underdeveloped regions.



6.2 Policy recommendations

Drawing from the conclusions, several policy recommendations emerge. Firstly, there is a need to leverage the role of high-resilience areas, especially in the southeast. Despite recent stabilization, focusing on dynamic trends and utilizing agricultural technological innovation can further enhance resilience, with high-agricultural resilience areas demonstrating agricultural technologies to low-agricultural resilience areas through modern agricultural demonstration parks, science and technology service extension stations, etc., and facilitating technological spillovers to low-agricultural resilience areas. Secondly, to enhance agricultural technological innovation capabilities, efforts should be made to strengthen support in human, material, and financial aspects. This involves investing in research and development, improving conditions for result transformation, and creating an environment conducive to innovation. Thirdly, increasing support for fiscal policies is crucial. Low-intensity fiscal policies hinder the full potential of agricultural technological innovation, and an increase in the intensity of fiscal support is recommended. Considering lagged effects, optimizing the allocation of fiscal support for agriculture funds is necessary to enhance fund utilization efficiency. Lastly, recognizing regional differences is essential in tailoring agricultural technological innovation to local conditions. This involves focused efforts to enhance resilience through technological innovation, with specific strategies for non-major grain-producing areas and economically underdeveloped regions.



6.3 Limitations and future directions

While providing valuable insights, this study has certain limitations that should be acknowledged. Firstly, the research focuses on China, and the generalizability of findings to other contexts may be limited. Additionally, the study primarily relies on quantitative methods, and the inclusion of qualitative approaches could offer a more comprehensive understanding of the complexities involved. Future research should explore the nuanced dynamics of agricultural resilience using mixed-methods approaches. Furthermore, the study primarily examines the impact of fiscal policies supporting agriculture and technological innovation on resilience, leaving room for investigations into other potential influencing factors. Addressing these limitations can contribute to a more robust understanding of agricultural resilience dynamics globally and guide effective policy interventions.
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Efficient allocation of agricultural scientific and technological talents (ASTTs) is crucial for agricultural innovation and economic development. This study aims to systematically evaluate ASTTs’ allocation efficiency in provincial agricultural research institutions in China, aiding decision-making for local governments and research bodies. Utilizing data from 2009 to 2019 across 31 provinces, an output-oriented data envelopment analysis model measures ASTTs’ allocation efficiency and analyzes its trends, regional differences, and spatial characteristics. Results show: (1) Provincial ASTTs’ mean comprehensive technical efficiency (CTE) in China was 0.786, with room for improvement. (2) Enhanced CTE was driven by scale efficiency improvements, while pure technical efficiency declined, indicating a need for better management systems and technology applications. (3) Disparities in ASTTs’ allocation efficiency among provinces decreased, with higher efficiencies in the East and Central-Southern China regions. At the provincial level, areas like Jiangsu, Shandong, Henan, and Sichuan demonstrated relatively high ASTTs allocation efficiencies. (4) Spatial agglomeration of ASTTs’ allocation efficiency was localized in a few major agricultural provinces without a significant overall effect. These findings advocate for further optimization of ASTTs’ regional layout and management mechanisms in China.
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1 Introduction

Sustainable agricultural scientific and technological talents (ASTTs) are professionals possessing specialized knowledge and skills in agriculture, actively engaged in agricultural scientific research, education, popularization, and application (Organization Department of the CPC Central Committee, Ministry of Agriculture, Ministry of Human Resources and Social Security, etc., 2011). Sustainable ASTTs serve as a pivotal link in transitioning from traditional to modern agriculture, functioning as strategic assets to advance comprehensive rural revitalization (Ji et al., 2022). According to the theory of resource allocation, talent allocation pertains to the coordination of talent quantity and quality between the demand and supply within a specific social and economic framework. The allocation efficiency of ASTTs, meanwhile, gauges the output benefits of all input factors related to agricultural scientific and technological human resources through varying allocation methods across different temporal and spatial contexts within a technological framework (Wu and Liang, 2016). Drawing from the experiences and lessons of Japan, Europe, Latin America, and other nations in their modernization journeys, it becomes evident that the essence of economic catch-up lies in the advancement of human capital (Nan, 2020). Carried out early research on talent allocation abroad and found that efficient talent allocation is of great significance to economic growth (Murphy et al., 1991). The research by Strenze (2013) has confirmed that insufficient and excessive allocation of talent resources is not conducive to the effective utilization of resources and high-quality economic development.

In recent years, the scale of China’s ASTTs scale has increased. According to the survey data from the Compilation of National Agricultural Science and Technology Statistics, the total number of personnel engaged in agricultural scientific and technological activities in agricultural research institutions in China has increased from 55,696 in 2009 to 71,173 in 2019, an increase of 27.78%. In the “13th Five Year Plan” Agricultural and Rural Science and Technology Development Report in China released by the Chinese government, the joint investment of project funds for agricultural research institutions was approximately 61.019 billion yuan (USD8435.03 million), an increase of 51.23% compared to the “12th Five Year Plan” period, and the total number of Chinese agricultural invention patent applications and papers published in agricultural science and technology output is among the top in the world (Yang, 2021).

Although the overall investment in ASTTs in agricultural research institutions in China is gradually increasing, as a developing country, there is still a gap in China’s investment in ASTTs compared to developed countries. Furthermore, there exist differences in the intensity of investment in ASTTs among regions due to differences in location, economy, and other aspects among provinces in China. As a special and scarce resource, it is more significant to optimize the allocation of existing talent resources and promote the maximization of their utilization. This prompts several critical questions: Are the current scale and allocation efficiency of ASTTs in China justified? How does the allocation efficiency of ASTTs evolve across time and regions? Do significant regional disparities exist in the allocation efficiency of ASTTs among the provinces and regions in China? How can the rational allocation of ASTTs be realized?

Currently, the study has not found a systematic evaluation of the allocation efficiency of ASTTs in provincial-level agricultural research institutions in China. There is an urgent need to conduct relevant research to answer the above questions. The study aims to fully understand the specific level, evolutionary trends, regional differences and spatial agglomeration characteristics in the allocation efficiency of ASTTs in provincial agricultural research institutions in China, and the results can help research institutions and local governments obtain a more comprehensive understanding of development status and evolutionary trends of provincial-level ASTTs’ allocation and make scientific decisions to maximize the utilization of talent resources and promote the development of agricultural technology and economy.

The main contributions and novelty of this article are as follows: First, the study conducts systematic research on the allocation efficiency of ASTTs in agricultural research institutions across 31 provinces of the Chinese Mainland from 2009 to 2019 for the first time. This paper emphasizes the measurement of ASTTs’ allocation efficiency and further analyzes their temporal evolution, spatial disparities, and spatial agglomeration characteristics, providing multiple research perspectives for a comprehensive understanding of ASTTs’ allocation efficiency in China. Second, based on the basic national condition that China is a developing country, the study properly employs an output-oriented data envelopment analysis model to evaluate ASTTs’ allocation efficiency in various provinces over the past 11 years and decomposes it into scale efficiency and pure technical efficiency. The study separately examines the scale effect of regional agricultural science and technology talent allocation and the impact of institutions and technology on talent allocation efficiency. This method aligns with China’s actual national conditions and provides a clearer understanding of the specific situation of ASTTs’ allocation efficiency.

Another novelty of the research method lies in the design of input–output variables. Existing research only considers the quantity of talent input, neglecting talent quality indicators. The novelty of the indicator system design of the model lies in the introduction of talent structure indicators into the input factor variables to examine the benefits generated by talent quality, while the design of output variables fully considers the dual impact of talent allocation on agricultural technological innovation and agricultural economic development. All of these contribute to a more scientific evaluation of ASTTs’ allocation efficiency in China. Third, based on the measurement of ASTTs’ allocation efficiency in provincial China, the exploratory spatial data analysis method is first applied to further analyze the spatial clustering characteristics of ASTTs’ allocation efficiency in 31 provinces. The research results will provide a more comprehensive and reliable theoretical reference for further optimizing the strategic and regional layout of ASTTs by provincial management institutions in China. The study is arranged as follows: Section 1 presents the introduction; Section 2 presents the literature review; Section 3 presents data samples, research methods, and empirical analysis; Section 4 presents the empirical research results; Finally, discussions and conclusions, limitations and further studies prospects are conducted in Section 5.



2 Literature review

From the perspective of the traditional economic growth theory, human capital as a kind of effective labor input, like other factors, enhances output through the amount of input, which is manifested as the scale effect of human capital on the improvement of efficiency. From the perspective of the new economic growth theory, human capital goes beyond the scope of simple factors, which improves “allocation ability” by recombining other production factors and is manifested as the allocation effect of human capital on the improvement of efficiency.

A large body of literature on rent-seeking, talent allocation, and economic growth has emerged abroad (Hsieh and Klenow, 2009; Acemoglu et al., 2013; Benjamin et al., 2017; Pothier, 2017). Through measuring labor allocation efficiency, Hsieh and Moretti found that the labor allocation between cities in the United States had not reached optimal levels, thus constraining national economic growth (Hsieh and Moretti, 2019). Saleh et al. (2020) revealed that both human resources and natural resources are determinants of the economic growth of Bulukumba Regency. Hsieh et al. (2019) found that improving talent allocation could potentially lead to a growth in aggregate market output per person by 20 to 40%. Jess and Mildred (2021) conducted an equilibrium model of “revenue diversion” by management, evaluating its effects on talent allocation and earnings distribution, and suggested that revenue diversion led to inefficient allocation. Natkhov and Polishchuk (2019) and Alexeev et al. (2024) demonstrated that institutions significantly affected talent allocation, with effective institutions being more attractive to ordinary and average talents, while top talents showed decreased sensitivity to systems. Jacob Fernandes França et al. (2023) explored the application of artificial intelligence technology in talent identification and potential evaluation, asserting that artificial intelligence technology can improve talent management efficiency.

There was also extensive research on ASTTs in China. Regarding the current situation of the development of ASTTs, Jiang and Jiang (2021) found that the trend of uneven regional distribution of ASTTs was increasingly prominent, and the talents were accelerating to gather in central cities in the Eastern and a few central Western regions of China. Meng and Li (2020) pointed out that China’s ASTTs still existed problems including insufficient overall investment, uneven regional talent distribution, serious talent loss, unreasonable talent structure, and imperfect talent training mechanisms. They also proposed countermeasures and suggestions including innovating talent training models, optimizing talent incentive mechanisms, and developing interdisciplinary agriculture.

Chinese scholars have also conducted many studies on the measurement methods of talent allocation efficiency. Jiang Lin and Chen Biyun proposed a two-stage dual-objective matching method based on the prospect theory for the team of the new-type R&D institutions and the allocation of scientific and technological talents, including the elimination matching at the first stage and the selection matching at the second stage (Jiang and Chen, 2023). Liu et al. (2019) applied the super-efficiency DEA model to calculate the talent allocation efficiency of 16 administrative regions in Tianjin Municipality and revealed that the allocation efficiency of talents showed a downward trend and significant regional differences. Wang et al. utilized the Douglas production function to measure the allocation efficiency of talents in the Northeast China Region. Their research argued that the low efficiency of talent allocation and the high demand for human capital coexisted in the Northeast China Region (Wang and Wang, 2019). Ma et al. (2021) adopted the DEA model to evaluate the allocation efficiency of agricultural scientific and technological resources in the Ningxia Hui Autonomous Region. The results indicated that the allocation efficiency of scientific and technological resources in Ningxia Hui Autonomous Region showed a trend of nodal instability and fluctuation, and there was redundant input of agricultural technicians in some years.

Concerning the influencing mechanism of talent, Chinese scholars have conducted research in the following fields, evaluation of the growth environment of talent, analysis of talent agglomeration effect, and research on talent loss issues. Rui and Zhao (2023) used the “VHSD-EM” evaluation model and Moran index to evaluate the spatiotemporal characteristics and evolution rules of the growth environment of ASTTs in provinces in China from 2011 to 2020. The results revealed that the growth environment of ASTTs in China presents a distribution pattern of “East China>Central China>Northeast China>West.” The agglomeration effect of the growth environment in the Eastern region of China was significantly higher than that in the other three regions. Liu (2021) found that the flow of high-level talent in China has obvious spatial agglomeration, and the distribution of talents conforms to the principle of rank and scale; Zhang and Ni used spatial Durbin and threshold models to study the relationship between technology talent agglomeration and regional innovation. The results showed that technology talent agglomeration significantly promoted regional innovation efficiency, but there was an optimal interval for technology talent agglomeration (Zhang and Ni, 2022). Fan et al. believed that excessive talent gathering affects the efficiency of talent resource utilization, and studies the effects of high education, relationship mobility, urban livability, and psychological contracts on talent’s willingness to leave the city from the perspective of talent crowding. In recent years, Chinese scholars have begun to attach importance to studying the issue of talent loss (Fan et al., 2023). Yang Zhou et al. found that the flow of high-level talent has exacerbated the uneven development of China’s regions. They believed that regional socio-economic differences, inadequate systems, and inefficient management were the main reasons for talent mismatch and high-level talent loss (Yang et al., 2018). Xia and Meng (2024) used a convolutional neural network model to predict the flow trend of young technical talents, providing policy references for management institutions.

In summary, current literature research results provide abundant research perspectives for the allocation of scientific and technological talents. The research scope covers scientific and technological talents including qualitative analysis of the construction of the scientific and technological talent team, evaluation of the talent development environment, influential mechanism of talent allocation efficiency, and evaluation of talent capabilities. Much research explored the role of scientific and technological talents as input factors and analyzed their impact on scientific and technological innovation or economic growth. The efficiency of talent allocation will significantly affect economic development, however, the comprehensive measurement and spatiotemporal differentiation characteristics of the efficiency of ASTTs allocation in provincial-level agricultural research institutions in China have not been found yet. Although the DEA method based on multi-input and multi-output situations is widely used in efficiency evaluation, there is also relatively little research on evaluating the efficiency of agricultural technology talent allocation. As a developing country, improving the allocation efficiency of agricultural science and technology talents in China is of great significance for maximizing the value of talents and increasing technological and economic development.



3 Methods and data sources


3.1 Measuring method of talent allocation efficiency

The ASTTs exist in agricultural research institutions, universities, governments, and enterprises across various regions. This study focused on using agricultural research institutions in 31 provinces, autonomous regions, and municipalities in the Chinese mainland as the fundamental evaluation units. The research then narrowed down to select provincial agricultural research institutions from these 31 provinces, autonomous regions, and municipalities, spanning the years between 2009 and 2019, as the primary subjects for examining the development status of ASTTs and the temporal and spatial evolution trends of their allocation efficiency.

Furthermore, these 31 provinces, autonomous regions, and municipalities of the Chinese mainland are categorized into six major regions: North China, Northeast North China, East North China, Central and Southern North China, Southwest North China, and Northwest China (as indicated in Table 1). We proceeded to analyze differences in the allocation efficiency of ASTTs from a regional perspective. In our examination of ASTTs within each province, we employed two distinct metrics. First, we gauged absolute differences in ASTTs allocation efficiency among the agricultural research institutions within each province using the range index, which measured the disparity between the maximum and minimum values. Second, we assessed relative differences in ASTTs allocation efficiency among these institutions by utilizing the variation coefficient, calculated as the standard deviation ratio to the average value.



TABLE 1 Division of 31 provinces, autonomous regions, and municipalities into 6 large regions.
[image: Table1]

The estimation of ASTTs’ allocation efficiency primarily centered on assessing their impact on both agricultural scientific and technological innovation as well as economic development. Given that the allocation of ASTTs involves various inputs and outputs, we utilized the data envelopment analysis (DEA) method, well-suited for analyzing multi-input and multi-output efficiency, to evaluate the allocation efficiency of ASTTs. Noteworthy DEA models widely used in this context include the C2R model and BC2 model (Yang et al., 2013).

As the input and output of scientific and technological talents follow variable returns to scale, this study employed the output-oriented BC2 model to calculate the comprehensive technical efficiency (CTE) of ASTTs’ allocation. Essentially, this approach aims to expand outputs while maintaining existing inputs. There is a significant disparity in ASTTs’ input intensity between developed countries and China, consequently, the output-oriented efficiency evaluation model aligns more closely with China’s specific circumstances.

The allocation efficiency of ASTTs was measured by taking provincial regions as the basic decision units. There are the i inputs and the r outputs for any decision unit. For the jth decision unit, and the [image: image] and the [image: image] are the column vectors of input and output, respectively, then the CTE [image: image] of the jth decision unit can be calculated from the following improved DEA model in Equation 1:

[image: image]

Where the [image: image] represents the input variable of the jth decision-making unit, the [image: image] represents the output variable of the jth decision-making unit, the ɵ represents a valid value of the decision-making unit and its optimal solution is the technical efficiency of the jth decision-making unit. The [image: image] represents the linear combination coefficient of the decision-making unit. The slack variables [image: image] and [image: image] are introduced and they represent output deficiency and input redundancy, respectively.

When [image: image]≠1, it indicates that the decision-making unit is below the production possibilities frontier and the DEA model is inefficient. When [image: image]=1 and when [image: image]=0 or [image: image]=0, the decision-making unit can be identified as the DEA effective, indicating that the decision-making unit is above the production possibilities frontier, and the output at this time is the optimal output. When [image: image]=1 and [image: image]≠0 or [image: image]≠0, it indicates that the technical efficiency of the decision-making unit does not reach the best and the decision-making unit can be identified as weak DEA effective.

The efficiency value of ASTTs allocation, as measured by DEA, falls within the range of 0 to 1, with higher values indicating greater allocation efficiency. When assessing integrated allocation efficiency, DEA further dissects CTE into pure technical efficiency (PTE) and scale efficiency. CTE encompasses an extensive evaluation of various aspects, such as resource allocation and decision-making unit utilization. PTE, on the other hand, assesses production efficiency resulting from the system, management level, and technological applications of the decision-making unit, assuming that input returns to scale are variable. Meanwhile, scale efficiency reflects the disparity between the actual scale and the optimal input scale of the decision-making unit within the existing system and management framework. The key distinction between PTE and CTE lies in the fact that PTE does not account for efficiency losses stemming from input factor utilization.



3.2 Spatial autocorrelation analysis

We employed exploratory spatial data analysis (ESDA) to examine the spatial autocorrelation patterns in the allocation efficiency of provincial ASTTs. This analysis calculated the spatial autocorrelation coefficient for an attribute’s value within a spatial object, enabling us to determine whether it exhibits high-high or low-low clustering or a high-low staggered distribution. ESDA encompasses both global and local autocorrelation analysis. Global autocorrelation analysis provides insight into the overall autocorrelation characteristics of the attribute across the entire region but does not capture the spatial correlations between different regions within the larger area. On the other hand, local autocorrelation analysis can identify potential spatial correlations, clusters, or heterogeneity between the attribute values of a local region and its neighboring areas (Hui-Li et al., 2021). In this study, we first applied the global autocorrelation index to analyze the overall spatial autocorrelation in the allocation efficiency of provincial ASTTs. Subsequently, we utilized the local autocorrelation index to examine aggregation patterns and distribution areas within each province.

Here, the global spatial autocorrelation is analyzed by Moran index I, and the formula is as follows in Equation 2:

[image: image]

Where, the n represents the total number of studied regions, and the wij represents the spatial weight matrix. The [image: image] and the [image: image] represent the observed values for the regions i and j, respectively.

Moran’s, I value ranges between −1 and 1. A Moran’s I index greater than zero signifies a positive correlation, indicating spatial clustering where high values are adjacent to high values or low values are adjacent to low values. Conversely, a negative correlation suggests that high values are adjacent to low values. When Moran’s I index approaches zero, it indicates no spatial correlation, and the distribution is considered random. Local spatial autocorrelation is also assessed through the local Moran’s I index, which comprises the Moran scatter plot and the LISA significance map. The Moran scatter plot serves to illustrate the spatial stability of a local region, and one can discern the spatial correlation characteristics of a local area by observing its quadrant position concerning adjacent regions.



3.3 Data sources and index design


3.3.1 Data sources

The data sources of the study were the China Rural Statistical Yearbook, the Compilation of National Agricultural Science and Technology Statistics in China, and the local official website. Some indicators without direct data were calculated from the basic data. The research period was from 2009 to 2019, and the allocation efficiency of ASTTs in the 31 provinces, autonomous regions municipalities, and municipalities of China, including CTE, PTE, and scale efficiency, was calculated using the research models and the software DEAP.



3.3.2 Index design

Regarding the input indices for ASTTs, we considered factors such as talent scale, talent structure (including educational background and professional title), and fund allocation intensity. Among these factors, we adopted the number of personnel engaged in agricultural scientific and technological activities within agricultural research institutions (x1) in each province to gauge the scale of ASTTs. Additionally, we assessed the talent structure by considering the number of personnel holding a doctorate per one thousand individuals engaged in scientific and technological activities (x2), as well as the number of individuals with senior professional titles per one thousand individuals involved in these activities (x3), to represent the presence of high-level ASTTs. Furthermore, we evaluated the intensity of fund allocation for ASTTs by examining the internal expenditure of funds dedicated to scientific and technological activities per individual engaged in these activities (x4). This was calculated as the ratio of the total internal expenditure of funds allocated to scientific and technological activities to the number of personnel involved in these activities.

The output indices of ASTTs primarily manifest in scientific and technological innovation and their indirect impact on the agricultural economy. Consequently, the selection of ASTTs’ output variables stems from agricultural scientific and technological innovation and key developmental indicators within the agricultural economy. Specifically, we measured ASTTs’ innovation capacity and comprehensive scientific and technological prowess through variables such as the number of papers published internationally by agricultural research institutions (y1) in each province and the count of authorized domestic patent applications (y2). However, due to the absence of data about foreign technical services, the study utilized the index of the total output of agriculture, forestry, animal husbandry, and fishery (y3) in each province (measured in RMB 10,000 yuan) as an indirect means to gauge ASTTs’ contributions to the local agricultural economy. The input and output indices for ASTTs allocation in each province are given in Table 2, and the descriptive statistics for all variables are shown in Table 3.



TABLE 2 Design of input and output indices for ASTTs allocation in each province.
[image: Table2]



TABLE 3 Descriptive statistics of ASTTS’ inputs and outputs.
[image: Table3]





4 Results


4.1 Overall development status of ASTTs of China

Between 2009 and 2019, there was an annual average increase of 1.1% in the number of individuals engaged in scientific and technological activities within agricultural research institutions nationwide. In terms of talent composition, there was an average annual increase of 11.7% in the number of personnel holding doctoral degrees in scientific and technological roles and a 4.06% annual increase in personnel holding senior professional titles. The internal expenditure allocated to scientific and technological activities saw an average annual increase of 9.11%. Notably, the proportions of personnel holding doctoral degrees and those holding senior professional titles per thousand individuals showed a consistent upward trend, signifying the continuous enhancement of both ASTTs’ scale and fund allocation intensity. While the overall number of personnel involved in agricultural scientific and technological activities experienced gradual growth, the notable increases in the proportion of individuals holding doctoral degrees and those with senior professional titles per thousand individuals underscored significant improvements in the quality of ASTTs. These changes also reflected the ongoing optimization of the talent team structure within China’s agricultural research institutions.

From 2009 to 2019, the regional distribution of ASTTs within agricultural research institutions exhibited imbalances across Chinese provinces. By analyzing the range and variation coefficient of talent-related data in provincial agricultural research institutions for each year, it became apparent that both the absolute and relative differences in the number of ASTTs in these institutions were on the rise. Considering talent composition, there were overarching trends in the increase of personnel holding doctoral degrees per thousand individuals and those holding senior professional titles per thousand individuals within agricultural research institutions in each province. Similarly, there was an overall trend of increasing variation in per capita internal expenditure on scientific and technological activities. This suggested that the proportion of ASTTs holding doctoral degrees and senior professional titles in each province was growing, along with the absolute difference in per capita fund allocation for scientific and technological activities. While the number of personnel holding doctoral degrees per thousand individuals and the variation coefficient of per capita internal expenditure on scientific and technological activities decreased, the relative differences in personnel holding senior professional titles exhibited fluctuation without a significant upward or downward trend.



4.2 Allocation efficiency of ASTTs in China


4.2.1 The overall situation of allocation efficiency of ASTTs in China

From 2009 to 2019, the provinces in China exhibited an average comprehensive efficiency of 0.786 in the allocation of ASTTs, with an average scale efficiency of 0.87 and an average PTE of 0.89. These findings indicate that over the past 11 years, the CTE, PTE, and scale efficiency in the allocation of ASTTs within the provinces of China have been relatively high. However, there remains significant room for improvement in CTE. As depicted in Figure 1, the average annual overall technical efficiency of provincial ASTTs allocation from 2009 to 2019 followed a “V”-shaped development trend. It decreased steadily from 2009 to 2013 but showed an upward trajectory from 2014 to 2019. These results suggest that as the scale of ASTTs increased and talent structure optimization took place, the overall trend in CTE for ASTTs allocation exhibited fluctuations but ultimately displayed an upward trajectory.

[image: Figure 1]

FIGURE 1
 Displays the annual averages of CTE, PTE, and scale efficiency for the allocation of provincial ASTTs of China spanning from 2009 to 2019.


From 2009 to 2019, the annual average of PTE in the allocation of provincial ASTTs exhibited a gradual decline with fluctuations, starting at an average of 0.92 in 2009 and decreasing to 0.89 by 2019, reflecting a 3% decrease. This decline suggests a need for further improvements in the management mechanisms and technological application of agricultural research institutions in each province. In contrast, the annual average of scale efficiency in the allocation of provincial ASTTs displayed an overall upward trend. In 2009, the average scale efficiency stood at 0.85, and by 2019, it had increased to 0.95, marking an impressive 11.8% improvement. This trend signifies the continuous enhancement of the scale effect in the talent allocation of provincial agricultural research institutions. Moreover, an examination of specific provinces revealed that Beijing, Jiangsu, Anhui, Shandong, Henan, Sichuan, and Shaanxi operated within the realm of fully effective returns to scale. Meanwhile, Liaoning, Heilongjiang, Hubei, and Yunnan experienced decreasing returns to scale as they increased in size. Hebei transitioned from effective returns to scale to decreasing returns. The remaining provinces and municipalities were in the stage of increasing returns to scale. These findings underscore that the enhancement in ASTTs’ comprehensive efficiency primarily results from improved scale efficiency. Expanding the scale effect of talent investment further could consequently enhance the allocation efficiency of ASTTs.



4.2.2 Allocation efficiency of ASTTs in each province or municipality of China

Because of variations in talent scale, composition, development environment, and funding inputs among provinces, the comprehensive allocation efficiency of ASTTs also differed across each province or municipality, as outlined in Table 4.



TABLE 4 Displays the average values of comprehensive efficiency, PTE, and scale efficiency in the allocation of ASTTs of China for each province or municipality.
[image: Table4]

Table 4 presents the average allocation efficiency of ASTTs in each province, revealing that 58.1% of provinces exceeded the overall average of 0.786. Notably, 14 provinces and municipalities, including Beijing, Anhui, Shandong, Henan, Sichuan, and Jiangsu, achieved allocation efficiencies surpassing 0.9, with Beijing, Shandong, Anhui, and Henan reaching a perfect score of 1. This indicates that these regions led in comprehensive efficiency for ASTTs allocation, and they maintained a consistent return to scale. On the other hand, Tianjin, Inner Mongolia, Ningxia, Chongqing, Qinghai, Jilin, and Tibet exhibited lower ASTT allocation efficiencies, falling below 0.6. When considering both ASTTs input and output for each province or municipality, it becomes apparent that Shandong, Henan, Heilongjiang, Anhui, Jilin, Jiangsu, Hebei, Sichuan, and Hunan, with high talent allocation efficiency, not only invested heavily in ASTTs but also demonstrated robust agricultural economic development. In contrast, regions with low ASTT allocation efficiency had relatively limited talent input and output.

Analyzing the trend in allocation efficiency of ASTTs over the past 11 years, several provinces and municipalities, such as Fujian, Ningxia, Qinghai, Guizhou, Shanxi, Guangdong, and Inner Mongolia, saw a consistent increase, suggesting that regions with initially lower allocation efficiency have significant room for improvement. Conversely, Tianjin and Jilin experienced a decline in allocation efficiency. Jilin, despite a relatively high number of personnel in scientific and technological activities, suffered from low per capita fund allocation and limited scientific and technological output and economic development. As a centrally governed municipality, Tianjin had a small scientific and technological workforce, and although it allocated substantial per capita funding, its talent allocation efficiency, and scientific and technological output remained comparatively low. Most other provinces exhibited fluctuating trends in average allocation efficiency. Over the last 11 years, there has been a continuous decrease in the variation coefficients and ranges of ASTTs allocation efficiency across provinces, with a more pronounced narrowing trend since 2016. This indicates diminishing absolute and relative differences in the allocation efficiency of ASTTs among agricultural research institutions in each province.



4.2.3 Allocation efficiency of ASTTs in six large regions of China

Figure 2 reveals a ranking of comprehensive efficiency from high to low, with East China region, Central and Southern China region, North China region, Northwest China region, Northeast China region, and Southwest China region in that order. Notably, the East China region and Central and Southern China regions demonstrated relatively high ASTTs allocation efficiency. Upon closer examination, it became evident that the ranking of ASTTs allocation efficiency in each large region generally corresponds to the agricultural economic development level of that region. However, significant differences existed in ASTT allocation efficiency among provinces and municipalities within each large region. In particular, the variations in ASTTs allocation efficiency were minimal in the East China region and South region, but they were substantial in the other four large regions. For instance, consider the North China region, where the average comprehensive allocation efficiency of ASTTs in Inner Mongolia was 0.546, while in Beijing, it was notably high at 1 (see Table 4).

[image: Figure 2]

FIGURE 2
 Presents the comprehensive efficiency, PTE, and scale efficiency of ASTTs allocation in the six large regions of China from 2009 to 2019.


Regarding the vertical evolution trend of ASTTs’ allocation efficiency in the six large regions over the past 11 years, the Central and Southern China regions, Southwest China region, and Northwest China region exhibited a consistent upward trajectory. In contrast, the Northeast China region experienced a declining trend, while both the North China region and East China region displayed a “W”-shaped fluctuation pattern.

The rankings of pure technical efficiencies for ASTTs in the six large regions are as follows, from highest to lowest: Central and Southern China region, East China region, Northwest China region, Southwest China region, North China region, and Northeast China region. Over the past 11 years, while PTE remained relatively stable in Central and Southern China regions and East China region, the other four large regions witnessed more frequent fluctuations, primarily showing a downward trend overall. Notably, the Northwest China region, Southwest China region, and Northeast China region experienced a significant decrease in PTE.

The rankings for scale efficiencies of ASTTs in the six large regions, from highest to lowest, were as follows: Northeast China region, East China region, Central and southern China region, North China region, Northwest China region, and Southwest China region. Over the past 11 years, scale efficiencies increased consistently year by year in the Central and Southern China regions, the Southwest China region, and the Northwest China region. Meanwhile, the East China region, North China region, and Northeast China region displayed a fluctuating trend in scale efficiency.



4.2.4 Spatial agglomeration analysis on allocation efficiency of ASTTs of China

The global spatial autocorrelation analysis was conducted to assess the overall efficiency of agricultural research institutions in each province. The analysis revealed a shift in Moran’s I global autocorrelation index from positive to negative. Interestingly, there was an alternating change pattern observed between spatial positive and negative correlations. However, it’s worth noting that these correlations did not reach statistical significance. This suggests that during 2009 and 2010, there was a weak spatial positive correlation in the allocation efficiency of ASTTs in each province. Nonetheless, starting from 2011, this correlation shifted towards a weak spatial negative correlation. In other words, the allocation efficiency of ASTTs in one province began to exhibit a contrasting trend compared to that of its neighboring provinces.

The results of the local spatial autocorrelation analysis reveal spatial agglomeration characteristics in the allocation efficiency of provincial ASTTs over the past 11 years. In 2009, significant high-high agglomeration was observed in the allocation efficiencies of ASTTs in Shandong, Jiangsu, and Anhui in the East China region, and Xinjiang in the Northwest China region. Conversely, Jiangxi in the east China region exhibited a significant low-high agglomeration during the same year. Moving to 2019, high-high agglomeration was evident in the allocation efficiencies of ASTTs in Shandong, Henan, and Jiangsu, while Tianjin and Jiangxi showed low-high agglomeration patterns. Figure 3 illustrates that in 2009, the allocation efficiency of provincial ASTTs displayed notable divergence, with high agglomeration observed in some provinces. By 2014, the overall divergence in allocation efficiency became more pronounced, with only a slight relative agglomeration trend in 2019, still maintaining an overall pattern of divergence. This suggests that strong spatial heterogeneity characterized the allocation efficiency of provincial ASTTs over the past 11 years, and an overall spatial agglomeration effect had not been established, except for the spatial agglomeration observed in some provinces in the East China Region.

[image: Figure 3]

FIGURE 3
 Displays a scatter chart depicting the allocation efficiency of provincial ASTTs of China in the years 2009, 2014, and 2019.






5 Discussions and conclusions

To the best of our knowledge, no previous study has comprehensively examined the allocation efficiency of ASTTs at the provincial levels in China, to address this research gap, this study employed the output-oriented DEA model to analyze the Spatio-temporal evolution trend and the spatial agglomeration characteristics of allocation efficiency of ASTTs at both provincial and regional levels. The study contributed to a comprehensive understanding allocation efficiency of ASTTs in China, and the results were significant for the managers of agricultural research institutions, who can conduct in-depth research and develop corresponding systems and measures to improve the allocation efficiency of ASTTs in provinces based on the relevant conclusions. Firstly, the study reveals that the mean CTE of ASTTs allocation in Chinese provinces during 2009–2019 is 0.786, which means that CTE of ASTTs allocation is at a loss of around 0.214. The CTE of ASTTs allocation exhibits a fluctuating upward trend, indicating substantial room for improvement. The scale efficiency of ASTTs allocation shows an upward trend, while the PTE of ASTTs allocation demonstrates a declining trend, indicating that the enhancement of provincial ASTTs allocation efficiency primarily stems from improvements in scale efficiency. This confirms the problem of insufficient investment in agricultural technology personnel in most provinces of China, which is consistent with the research findings of Meng and Li (2020). Therefore, it is necessary to increase the scale and investment of ASTTs. Currently, the proportion of stable support of the funds for scientific and technological activities in agricultural research institutions in China remains low. Drawing inspiration from talent management policies in developed countries like the United States and the European Union can provide valuable insights, which can ensure sustained and stable talents and financial support for agricultural scientific and technological activities.

Secondly, the study found that the decrease in PTE of ASTTs allocation demonstrates a declining trend. Since PTE represents the efficiency brought by institutions and technology, the results indicate the need for further improvements in the management mechanisms and technology application for agricultural research institutions in provinces of China. As Natkhov and Polishchuk (2019) confirmed the system was the dominant factor affecting the allocation of talent, optimizing talent management mechanisms means that the systems for talent introduction and training, talent incentives, and management need to be optimized. Although this is a relatively difficult and complex issue, it is necessary to conduct a comprehensive evaluation of the internal driving force and external environment for the development of existing talents (Rui and Zhao, 2023). Additionally, agricultural research institutions and management departments in China should actively apply information technologies such as artificial intelligence and big data in ASTTs management processes to improve the allocation efficiency of talents, as proposed by Jacob Fernandes França et al. (2023) and Xia and Meng (2024).

Thirdly, based on the analyzes, there exists a significant disparity in the allocation efficiency of ASTTs across various regions in China. The comprehensive efficiency ranking from high to low is as follows: East China Region, Central and Southern China Region, North China Region, Northwest China Region, Northeast China Region, and Southwest China Region. This conclusion is consistent with Rui and Zhao (2023)’s evaluation result of the agricultural talent environment in provinces of China as mentioned earlier, and it indicates that regions with better ASTTs growth environments have a higher efficient allocation of talent. From the provincial level, major agricultural provinces such as Jiangsu, Shandong, Henan, Sichuan, Guangdong, Hubei, Hunan, Hebei, and Guangxi also demonstrate relatively high allocation efficiency. The findings of Strenze (2013) also support our results, indicating that the provinces with high efficiency in talent allocation have better economic growth. Meanwhile, the result reveals that China provides greater support for major agricultural provinces, but it may lead to a greater difference in agricultural inputs among provinces. Therefore, the Chinese government should strengthen the ASTTs layout and management of provinces or regions with low allocation efficiency.

Although we found the absolute and the relative differences in the allocation efficiency of ASTTs were decreasing among the agricultural research institutions in provinces, it is still necessary to further narrow the differences in the allocation efficiency of ASTTs among the provinces. The Chinese government also emphasized the need to promote rational regional distribution and coordinated development of talents (The State Council, The People’s Republic of China, n.d.). According to the unique conditions, functional roles, and industrial development requirements of each province, the governments should enhance the strategic planning for ASTTs and formulate corresponding and suitable ASTTs allocation strategies and mechanisms.

Notably, this study found that the scale efficiency and pure technical efficiency of a few economically underdeveloped provinces were quite different. Such as the pure technical efficiency of Ningxia and Tibet appeared relatively high, while the scale efficiency of Jilin was particularly high, which was similar to the findings of Strenze (2013), he found talent sometimes appears to be more efficiently allocated in poorer societies. This is surprising, it might be related to the limited sample size of our research.

Fourthly, from the perspective of spatial agglomeration effect, Provincial ASTTs allocation showed some localized spatial agglomeration characteristics, primarily observed in major agricultural provinces like Jiangsu, Shandong, and Henan, while no significant spatial agglomeration effect is evident overall. The discovery is similar to the research results of Zhang and Ni (2022), they found that the spatial agglomeration effect of the talents scale and growth environment in eastern China are relatively significant. Obviously, the eastern region of China is economically developed, and various policies and dividends attract the talents to flow to the eastern region. This indicates that the full potential of knowledge-based talent spillover has yet to be realized, and a high-quality talent growth environment is crucial. Considering these findings, a set of measures is proposed to address these challenges: (i) We recommend the establishment of an alliance among strong units and the implementation of a counterpart assistance and development mechanism, eliminating obstacles to the mobility of ASTTs between different areas. (ii) Decision-making departments should especially promote the allocation of ASTTs to underdeveloped regions, such as the Northeast China Region, Northwest China Region, and Southwest China Region. This strategic approach aims to facilitate the sharing of ASTTs resources across regions and construct a layout of coordinated development and mutual advancement among regional ASTTs.

The present study has some limitations that should be further analyzed in future research. Firstly, we only conducted research for 11 years, and we hope to obtain data for a longer period, and better reveal the characteristics of spatiotemporal evolution about the allocation efficiency of ASTTs in China, we believe that the results will be more meaningful. Secondly, we utilized the DEA model to measure the allocation efficiency of ASTTs; future researchers can apply a wider selection of variables and other methods to evaluate the allocation efficiency of ASTTs. Thirdly, we did not analyze the impact mechanism of ASTTs allocation efficiency, the further study will focus on a more in-depth analysis and discussion of the allocation efficiency of ASTTs and its impact factors in the regions with higher allocation efficiency in ASTTs in the province of China.
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Digital technology plays a crucial role in advancing sustainable farming and ensuring food security, especially in developing countries. This study evaluates the impact of Internet technology usage on technical efficiency in crop productivity, using data from 600 wheat farmers in rural Pakistan. It addresses the imperative need to enhance agricultural practices within the context of sustainable food production. To achieve this, a matched sample of Internet users and non-users was formed through propensity score matching. The study employs the stochastic frontier method with sample selection adjustment, ensuring a robust evaluation of technical efficiency between these groups. The findings reveal a positive influence of Internet usage on efficiency, persisting even after mitigating self-selection bias from observed and unobserved factors. Internet users exhibit a technical efficiency score of 0.62, surpassing the 0.55 score of non-users. Quantile regression analysis exposes varying impacts of Internet usage on technical efficiency, with less efficient farmers experiencing substantial improvements. Widespread Internet adoption holds the potential to significantly enhance agricultural production for growers. The research underscores the role of promoting Internet utilization to stimulate growth and improve farming efficiency within the evolving digital economy. Policymakers are advised to promote the adoption of modern technology to enhance crop production and support economic growth.
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1 Introduction

Agricultural production in many countries, particularly in developing nations, is predominantly driven by intensive farming practices, marked by substantial input usage and consumption. This reliance on inputs leads to diminished technical efficiency (TE), which not only impedes the development of local agriculture and compromises food production and quality but also imposes significant pressure on the ecological environment (Fu and Zhu, 2023). Overusing chemical fertilizers and pesticides further exacerbates groundwater pollution, posing grave threats to drinking water and agricultural irrigation in countries such as Pakistan, Bangladesh (Huq et al., 2019), Iran (Ostad-Ali-Askari et al., 2017), and others. There is an urgent need to transition from inefficient to efficient agricultural practices to address these pressing environmental and agricultural challenges.

Enhancing agricultural productivity and efficiency is crucial for ensuring food security and lifting rural communities from poverty. However, many smallholder farmers in developing countries face significant barriers preventing them from reaping agricultural progress benefits. These obstacles include limited access to information about suppliers and markets, high transaction costs, a lack of farming expertise, and difficulty accessing credit (Fu and Zhu, 2023). Specifically, due to information disparities, smallholder farmers, especially those in rural areas, struggle to adopt technologies such as improved seeds, fertilizers, and pesticides or efficiently use available resources. Consequently, these growers experience low crop yields and incomes, undermining their livelihoods and hindering rural development (Khan et al., 2022). Therefore, reducing information gaps through modern technologies is essential to improving farm performance.

The integration of sustainable Internet technology (IT) can mitigate information asymmetry by facilitating the swift and cost-effective distribution of information. Past studies have shown that IT usage enhances farmers’ accessibility to financial and agricultural services (Fu and Zhu, 2023), strengthens their connections to input and output markets, and amplifies their engagement in income-generating endeavors like off-farm employment and social media usage on their sustainable development (Kılıçaslan and Töngür, 2019; Dvorský et al., 2023; Valaskova et al., 2024). Many nations have adopted diverse sustainable Internet-driven programs to bolster farm productivity and foster rural advancement (Ankrah et al., 2023; Zheng and Ma, 2024). These initiatives encompass models like the “Internet-Agriculture-Finance” framework, online farmer field schools, and platforms for sustainable rural e-commerce (Zheng et al., 2021; Khan et al., 2022).

Many studies have delved into the effects of integrating computers, mobile phones, and IT, on-farm performance, and farmers’ welfare (Kaila and Tarp, 2019; Leng et al., 2020). These investigations have tackled the issue of selectivity bias in technology adoption, employing a variety of methodologies, including propensity score matching (PSM), endogenous treatment regression (ETR) models, and instrumental variable (IV) approaches. For instance, Issahaku et al. (2018) utilized a PSM model and discovered that mobile phone usage significantly enhances agricultural productivity in Ghana. Similarly, Ma et al. (2020) employed an ETR model, revealing that Internet utilization notably boosts the income of households and expenditures in rural areas.

IT can influence the TE of crop production by shaping farmers’ production strategies concerning the amalgamation and application of diverse inputs, such as fertilizers, pesticides, labor, and capital assets. TE denotes the ratio of observed output to the maximum achievable output given the existing inputs (Khan et al., 2022; Liu and Liu, 2023), reflecting the effectiveness with which various agricultural inputs are utilized. Existing literature indicates that the use of these modern technologies significantly impacts farmers’ decisions regarding seed and fertilizer usage (Kaila and Tarp, 2019), and land expansion (Zheng et al., 2021). Based on our understanding, apart from the study by Mwalupaso et al. (2019) in Zambia, no prior research has investigated the influence of IT usage on the TE of crop production. Mwalupaso et al. (2019) analyzed the impact of IT usage via mobile phones on the TE of maize production in Zambia and found a significant improvement in farmers’ TE. However, a limitation of the study is its failure to address the issue of unobserved selection bias in IT usage.

This study aims to evaluate the influence of IT usage on the TE of wheat crop production in Pakistan. This study analysis is grounded in survey data collected from 600 wheat farmers across the country. Our focus specifically on wheat production in Pakistan stems from several reasons. First, we adopt a more nuanced approach to IT adoption, concentrating solely on its role in accessing information to enhance wheat crop yields, in contrast to previous studies that relied on broader indicators like overall IT investment or ownership (Battese, 1997; Ramalho et al., 2010; Zheng et al., 2021). This focused approach establishes a direct link between farmers’ IT usage and agricultural output. Second, despite the potential positive impacts of agricultural output on the economy and poverty alleviation (Ma et al., 2018; Khan et al., 2021; Zheng et al., 2021), there has been limited research in this domain, and our study aims to bridge this gap. Third, by employing QTE, policymakers can glean valuable insights into the varied impacts of IT on TE, which can inform the design of tailored and pragmatic solutions to address the specific requirements of diverse crop farmers. This research endeavors to ascertain whether IT utilization influences growers’ decisions regarding input usage, consequently augmenting crop yield efficiency and technological effectiveness in rural Pakistan.

This article is structured into five sections. After the introduction, Section 2 reviews the literature background and presents the conceptual framework. Section 3 outlines the methodology employed. The research findings and discussions are presented in Section 4. Finally, Section 5 summarizes the conclusions and discusses policy implications, limitations, and future directions.



2 Literature background and conceptual framework


2.1 Literature background

Information and communication technology (ICT) has seen significant advancements in recent decades across various fields. Due to its potential to transform the economy and society, extensive research has been conducted to examine its impact on various aspects (Chandio et al., 2023). Early studies concentrated on production, economic growth, and poverty reduction, and ICT was considered part of the production function alongside land, capital, and labor (Chandio et al., 2023). Numerous studies indicate that ICT positively affects employment (Atasoy, 2013), family income, and labor mobility (Hartje and Hübler, 2017). Some scholars suggest that ICT may help reshape rural economies and narrow the global development gap (Ma et al., 2020). Research on ICT has expanded to encompass various topics, including gender gap reduction (Ojo et al., 2013), entrepreneurship promotion (Afutu-Kotey et al., 2017), and financial empowerment. ICT benefits these factors by enhancing the efficiency of information generation, transmission, and access, reducing search and transaction costs, and enabling more efficient production and management systems.

Several factors influencing agricultural productivity have been identified (Issahaku et al., 2018). Over the last two decades, a significant body of literature has emphasized the role of ICT. Lio and Liu (2006) initially demonstrated the role of ICT in enhancing agricultural output in 81 countries between 1995 and 2000. Subsequent research by various scholars supported these findings. Ogutu et al. (2014) showed that widespread ICT use improves production in small-scale agriculture by addressing information asymmetry. Internet connectivity significantly boosted food production in Vietnam (Kaila and Tarp, 2019), reducing poverty in rural areas (Twumasi et al., 2021). Another study in Pakistan found that mobile phone and Internet usage increased wheat growers’ income, indicating improved marketing and sales efficiency that enhances crop profitability (Khan et al., 2022). Deng et al. (2019) also reported that Internet use enhances resource efficiency and lessens agricultural waste.

Extensive literature evidence supports the Internet’s role in agricultural production, prompting investigations into its causes. These studies highlight increased human capital and information access as key factors. Access to technical agricultural information aids growers in diversifying crops, allocating land and inputs more efficiently (Leng et al., 2020), and expanding their land holdings (Hou et al., 2019), leading to higher productivity. Additionally, addressing challenges like knowledge asymmetry and adverse selection helps farmers make better decisions and exhibit more effective management. Enhancing farmer communication and providing learning opportunities can significantly bolster social capital and information literacy and ultimately influence farmer behavior toward the adoption of more productive agricultural practices. For instance, when farmers have access to Internet-based resources, they tend to exercise greater discernment in using chemical inputs such as fertilizers and pesticides. Additionally, IT platforms have the potential to broaden the social capital of households, fostering an environment conducive to the dissemination and application of production technology (Fu and Zhu, 2023). Similarly, Deng et al. (2022) indicated that Internet use influenced rural growers’ perceptions of ecological contamination in China, suggesting that Internet access can be a valuable tool for promoting environmentally friendly agricultural expansion and mitigating environmental issues.

Furthermore, studies have examined the agriculture industry from various perspectives, analyzing the impact of technological advancements on the incomes of the agricultural sector and rural families. For instance, research suggests that using ICT could effectively reduce income inequality in rural areas (Deng et al., 2022). Moreover, Min et al. (2020), utilizing empirical data from 2008 to 2015, concluded that ICT plays a significant role in driving economic expansion and growth. The assumption that IT usage positively influences rural growers’ well-being is supported by Ma et al. (2020). Nie et al. (2021) provide support for their conclusions. Existing literature commonly acknowledges the positive impact of technology on the agriculture industry. Technology holds promise for improving the economic feasibility of biochar in conventional agriculture while also fostering contributions to the circular economy (Maroušek et al., 2023). Based on the results, this research investigates the impacts of IT on wheat crop output. While some research has focused on different Pakistani crops, most have examined the long-term consequences of climate change. Research centered on crop production differs from ours in several fundamental ways. The most recent study by Lin et al. (2022) is comparable to ours regarding topic choice. Investigators look at the key elements that will boost agricultural output, but, in contrast to our findings, they place a greater emphasis on cooperative participation.

The findings of the study suggest that cooperative contributions positively impact the overall factor efficiency of small- and medium-sized businesses. Specifically, in Pakistan, a limited number of studies have explored the influence of IT usage on crop yield, particularly among those investigating the impact of ICT on the agricultural industry. The information collected in this regard will aid in understanding how the agricultural sector, facing pressure from both demand and supply due to population growth and climate change, may address this issue.



2.2 Conceptual framework

In the following section, we elaborate on key concepts within the productivity framework to clarify the potential pathways through which IT usage can impact the TE of farms. We begin with a simple representation of the production frontier, which signifies the maximum output attainable at each input level. Productivity is quantified by the ratio of aggregated output over aggregated input (Coelli, 1995). Consequently, farms situated on the frontier are deemed technically efficient, while those below are not, as a greater output can be achieved with the same input level, or inputs can be conserved without compromising the output level. Therefore, achieving elevated TE requires either increasing the output with the current inputs or reducing the inputs without compromising the prevailing output.

Internet technology could act as a factor influencing TE for several reasons. First, IT can assist farmers in making informed decisions and guide them toward adopting suitable farming methods. Crop and vegetable farmers in less developed countries face challenges such as a lack of education and experience, restricted access to inputs, and inferior agricultural extension services. By facilitating direct, fast, and global information and idea exchange between farmers and experts and addressing these issues (Hobbs, 1996; Bozoğlu and Ceyhan, 2007; Aker, 2008; Schmidt and Wagner, 2019; Quintana-García et al., 2021; Kang et al., 2023), ICT enhances the transmission of information. Producers may also gain greater access to advice and instruction from reliable professionals.

Second, IT promotes the availability of agricultural inputs with greater quality or cheaper cost and gives information on products and services (Zhu et al., 2021). Farmers may currently acquire the up-to-date market report and are no longer confined to the few options they had previously for keeping up with factor markets. Third, IT can assist rural families in distributing labor and capital more effectively by connecting them with suppliers and consumers and enabling communication (Zanello and Srinivasan, 2014; Hou et al., 2019). Farmers may identify market trends and quickly modify production methods to account for potential risks and losses when they have immediate access to market and pricing information related to agriculture.




3 Methodology


3.1 Description of the study area

Balochistan, the largest province in southwestern Pakistan, covers a vast area of 347,190 square kilometers. Despite being the least populous province, it constitutes 44% of the country’s total land area. The agricultural sector in Balochistan holds significant economic potential (Shami et al., 2016; Abdullah and Ahmed, 2018). Many areas in the province are conducive to agricultural production, but the true potential has not been fully realized due to various challenges. Over 81% of farmers across the province express concerns about issues such as power and water shortages negatively impacting agriculture (Ashraf and Routray, 2013). Provinces serve as the highest administrative units in Pakistan, each with its provincial government. Districts operate as second-level administrative units within a province, while tehsils are sub-district administrative units within a district. Union councils (UCs) represent the smallest rural administrative units within a tehsil.



3.2 Data collection and study variables


3.2.1 Data collection

The current study, conducted from July 2022 to March 2023, focused on the Balochistan province in Pakistan. In total, 600 questionnaires were distributed to wheat farmers using multistage random sampling techniques to collect data. The objective was to ascertain the impact of IT usage on TE in wheat crop production efficiency. The study progressed through seven phases: Pakistan was chosen in the first phase, and Balochistan became the main study area in the second phase. In the third phase, study data were categorized into five districts based on the proportion of agricultural production. The fourth phase involved choosing ten tehsils from the five districts to administer a predetermined questionnaire. In the fifth phase, 20 UCs were nominated from the selected tehsils. The sixth phase randomly monitored 20 villages from these UCs, involving 600 farmers in the seventh phase (see Figures 1, 2).
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FIGURE 1
 Distribution of sample.
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FIGURE 2
 Map of Pakistan showing its study districts.


This study gathered data from wheat farmers using interviews and questionnaires. Recognizing the complexity of the questionnaire supplemented the process with in-depth interviews for a thorough understanding. To enhance reliability, we pre-tested the questionnaire before the main data collection phase. The survey questionnaire encompassed a wide array of information, including the socioeconomic profiles of the farmers, IT usage, and other relevant variables pertinent to the study objectives. Subsequently, the collected data underwent meticulous editing and coding procedures using Stata 14 software. This rigorous process aimed to ensure the accuracy, validity, uniformity, consistency, and completeness of the dataset, thus laying a robust foundation for subsequent analysis and interpretation.

The representative sample size stated above was obtained using a sample size calculation formula developed by Yamane (1973), which is considered best for a homogeneous population. The formula and the number of representative samples obtained using the Equation 1 is given by:

[image: image]

where n is the required sample size; N = size of the population or total number of rural households living in the study areas; and e = precision level, which is assumed to be 5%, as standard.



3.2.2 Study variables

The variables considered in the current research investigations are displayed in Table 1. The treatment variables for IT use (indicating whether respondents use IT to find information related to crop production) are utilized to categorize farmers into treatment groups of IT users (IT) and the control group of IT non-users (NIT). Output consists of farmers’ crop sales income. Input variables refer to factors used in production. Labor measures the costs of household labor and hired labor. Households facing labor shortages may need to hire extra workers for labor-intensive crop cultivation tasks. This study efficiency assessment considers both paid and unpaid labor costs, following FAO (Lys and Cachia, 2016) methodologies. We calculate labor expenses using the formula [number of unpaid laborers * working days * daily wage]. To determine wages, we apply the principle of opportunity cost, considering the potential earnings in alternative paid employment. Recognizing lower rates of off-farm employment among experienced crop cultivators (Poon and Weersink, 2011), the current study utilizes the average regional wage for crop farming as a proxy for opportunity costs. Land denotes the total size of crop production (in hectares). Fertilizer and pesticide expenditures are included. Regarding determinants of IT use, previous studies have identified household characteristics, local conditions, and geographic attributes (Pick et al., 2015; Issahaku et al., 2018; Mwalupaso et al., 2019). The current study used different variables such as the householder’s gender, age, education, experience, certificate (professional farmer certificate), family burden ratio (the number of family members without income divided by those with income), market (distance to market), government (distance to government administration), cooperative membership, IT training, information literacy (Appendix 1 for the variable definition), social capital (frequency and quality of social contacts); [Appendix 2: this variable was adapted from Fu and Zhu (2023)], and five locational dummy variables (districts) as relevant covariates.



TABLE 1 Variables and descriptive statistics for IT users and IT non-users.
[image: Table1]




3.3 Empirical methods

To investigate the impact of IT on TE, we employ a multi-step approach designed to progressively mitigate potential bias arising from both observable and unobservable factors. Initially, we present SF model results on the original (unmatched) sample, recognizing potential selection bias. Subsequently, PSM is utilized to construct a balanced sample of IT users and non-users, addressing bias related to observed characteristics. Then, Greene’s (2010) sample selection model is applied to the matched sample to rectify potential bias stemming from unobserved factors. We then compare TE scores of IT users and non-users resulting from different combinations of these correction procedures, with the most reliable outcomes derived from the sample selection SF model on the matched sample. Finally, QTE can be calculated using observed data, effectively correcting for selection bias by comparing quantiles of the outcome distribution among individuals with varying treatment values. This analytical approach facilitates an understanding of whether the influence of IT varies depending on the efficiency level within the agricultural sector.


3.3.1 Stochastic frontier (SF) method: technical estimation

Technical efficiency measures an individual’s capacity to maximize outcomes from specified inputs, and its assessment can employ various methodologies, such as the SF method and the data envelopment analysis model. The SF method is considered a parametric approach that incorporates symmetric variables to address statistical noise and one-sided factors to account for inefficiencies, rendering it less susceptible to measuring errors (Førsund et al., 1980; Bauer, 1990; Batiese, 1992; Bitsch, 2005). SF accurately measures efficiency but relies on specific assumptions, making it sensitive to deviations and outliers in data, which can affect its precision. Despite these limitations, SF remains a valuable tool for assessing TE in diverse economic settings. The fundamental structure of Equation 2 is outlined as follows.

[image: image]

where [image: image] is the parameters vector to be assessed. [image: image] is the production of [image: image] individual. The group of [image: image] is an independent input variable. [image: image] signifies omitted variables, function from error, and dimension error term, and [image: image] represents a non-negative ran variable capturing the inadequacy influence.

In the existing study, we employ a translog “transcendental-logarithmic” SF method as a flexible, Equation 3 functional structure by processes of production that approximate the productivity technology as follows:

[image: image]

TE is referred to as the ratio of the experiential output of SF outcome Equation 4 and could be computed as follows (Jondrow et al., 1982; Batiese, 1992):

[image: image]



3.3.2 Propensity score matching (PSM): observed bias correction

The existing investigation aims to determine the average impact of IT on the TE of agricultural families. Simply comparing TE scores between IT utilizers and non-utilizers groups without accounting for variations in the initial situations of the two grower groups cannot accurately replicate the influence of IT. In 1974, Rubin introduced a counterfactual paradigm called the Rubin causal model (RCM) (Rubin, 1974). Cook et al. (2002) define the counterfactual as the likely outcome or condition of events that would occur if a particular factor, such as IT, did not exist. The primary concern is understanding how the TE of crop growers might have changed if they had not utilized IT. Although such a scenario has never been observed, the PSM method, proposed by Rosenbaum and Rubin (1983), is employed to generate a control cluster with the same identified attributes as the treatment cluster, yielding a counterfactual result. Based on the RCM, this study categorizes sample households into a treatment group of Internet technology (IT) users and a control group of non-Internet technology (NIT) users. We utilize i to represent the individual grower and [image: image] to specify whether or not grower i uses IT.

In the next stage, probit regression is utilized to evaluate a farmer’s propensity score (P-score), described as the conditional probability (zi), predicting an individual’s adoption of IT based on the observed attributes zi. The covariates the current study chose to match IT users and non-users included households’ sex, education, age, experience, certificate, government distance, market distance, household burden rate, cooperative membership, training, social capital, information literacy, and position variables. Moreover, the PSM is assessed as follows in Equation 5:

[image: image]

Each IT utilizer is paired with a comparable non-utilizer based on the intended P-score. We explore various matching algorithms to assess the effectiveness of reducing selection bias. This research evaluates the implementation of radius, kernel matching, and nearest neighbor techniques, revealing that all three methods yield similar results regarding bias reduction. The optimal results are achieved through Gaussian kernel matching, showcasing a balanced trade-off between matching quality and sample size.

In Equation 6, we use the standardized bias “S” to assess whether the distribution of pertinent variables is balanced between the treatment and control group following matching. There should not be any substantial variations between the variables once the propensity score has been conditioned. The formula for S is as follows:
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where [image: image]denote the mean and variance of the covariate for each group. Usually, the standardized bias should not be greater than 10% (Rosenbaum and Rubin, 1983).



3.3.3 Corrected selection stochastic frontier (SF) model: addressing unobserved bias

The corrected selection SF model aims to mitigate unobserved bias, particularly self-selection bias, by leveraging the PSM technique. The assumption of unconfoundedness underpins PSM, asserting that all factors influencing both acceptance choices and outcome variables are adequately accounted for. Failure to consider the association between unobservable elements impacting outcomes and those influencing the selection method can lead to biased and inconsistent estimators with traditional regression procedures (Greene, 2010; Lai, 2015; Bravo-Ureta et al., 2021; Vrachioli et al., 2021). Consequently, the selection bias stemming from unobservable variables is rectified using the selection-corrected SF model.

The SF method with sample selection comprises three key formulas.

(i) Selection Equation:

The selection equation, denoted as Di, captures the likelihood of adopting IT to access crop production information. Here, hi represents a vector of individual factors influencing farmers’ choices, y denotes the corresponding coefficients, and ei represents the normalized error term. The outcome variable Di is binary, taking a value of 1 if Di > 0 (indicating adoption of IT) and 0 otherwise in Equation 7.

[image: image]

(ii) Frontier Equation:

The frontier equation calculates the outcome variable [image: image] based on the selected production technology set. It accounts for two probable sets of production technologies, represented by vectors [image: image]. These technologies are influenced by the variables v1i, u1i, v2i, & u2i v1i,. [image: image] and [image: image] represent the production functions corresponding to the selected technologies. When [image: image], the outcome is determined by [image: image] and when [image: image], it is determined by [image: image]. The variables vi, v1i, and v2i represent the symmetric errors associated with the frontier Equation 8.

[image: image]

(iii) Symmetrical Errors in Corrected Selection SF Model

The equation presented represents the distribution of three symmetrical errors in the corrected selection SF model. These errors denoted as [image: image], [image: image], and [image: image] which are crucial in understanding and addressing biases in the model. They are constrained to be uncorrelated with the explanatory variable vectors and are treated as a set of bivariate normal random vectors to compute the likelihood function for Eqs 7 and 8.

The equation is as follows:

[image: image]

where ρ1, ρ2, and ρ12 represent correlation coefficients between errors, with ρ1 and ρ2 indicating correlations between ei and v1i and v2i, respectively. ρ12 signifies the correlation between v1i and v2i. The parameters [image: image] and [image: image] denote variances of [image: image] and [image: image], reflecting their variability. The covariance σv12 and σv2 illustrates how changes in one error relate to changes in the other, indicating their joint variability (Eq. 9). Understanding these parameters is crucial for accurate modeling and interpretation of error behavior.

A two-step technique is employed to calculate this equation system (Greene, 2010; Lai, 2015). First, the selection equation (Eq. 7) is estimated using the probit model to determine likelihood estimators ρ1 and ρ2. Then, using these estimators, the frontier model (Eq. 8) is measured. The latent components v1i or v2i influencing Yi are connected to unobservable feature ei that affects the selection method, provided that either ρ1 or ρ2 is non-zero. In the absence of non-zero values for ρ1 or ρ2, the endogenous self-selection bias arising from unobserved variables can be feasibly neglected.



3.3.4 Quantile treatment effect (QTE)

The equation represents the computation of the QTE. QTEτ denotes the QTE at a specific quantile level, denoted by τ. However, QτIT represents the quantile of the outcome distribution for individuals who received the treatment (IT stands for “With Treatment”). QτNIT represents the quantile of the outcome distribution for individuals who did not receive the treatment (NIT stands for “No Treatment”) (Eq. 10).

[image: image]





4 Results and discussion


4.1 Descriptive statistics

Table 1 presents the means and standard deviations for both the combined treatment (IT users) and control (IT non-users) groups. The IT group includes 310 observations, while the NIT group comprises 290. On average, household heads in the IT group are approximately 48 years old, compared to 53 years old in the NIT group. This age difference aligns with research indicating that older individuals are less likely to innovate and utilize the Internet for entertainment (Nguyen et al., 2023). Additionally, Internet users tend to have higher levels of education, possibly due to lower-educated individuals lacking IT skills or facing difficulties with comprehensive texts (Močnik and Širec, 2010). Penard et al. (2015) also demonstrate that younger and better educated individuals are more inclined to the Internet. Regarding gender, approximately 84% of households in the IT group are male-headed, which is approximately 5% higher than in the NIT group. Moreover, farmers affiliated with cooperatives are more likely to use the Internet, possibly because growers find it easier to understand and utilize modern technologies. Furthermore, farmers with greater farming experience are more inclined to adopt IT. These findings collectively emphasize the need for targeted interventions and support mechanisms to promote the widespread adoption of digital tools in agriculture, ultimately fostering enhanced TE and productivity in food production.



4.2 Stochastic frontier model results: unmatched samples

The results of the selection-corrected SF and conventional SF models are presented in Table 2 for both the IT users and non-users groups, utilizing the entire samples. One exhibits statistical significance at the 1 % level, indicating the need to consider the SF method with corrective selection. The conventional SF model is also refuted by the likelihood ratio (LR) tests conducted under both regimes. The first-order constants can be interpreted as outcome elasticities computed at the sample mean by categorizing all variables based on their geometric values before calculation. This interpretation holds because all variables are segmented using their geometric means, as estimated previously (Orea, 2002). IT users display an output elasticity of 0.30, signifying that a 1% increase in fertilizer usage will result in a 0.3% boost in output. For growers utilizing IT, land has the most significant impact on agricultural output, with an output elasticity of 0.48, as per findings from earlier research on vegetable productivity in Sri Lanka (Padmajani et al., 2014). Reduced yields in vegetable cultivation may be attributed to growers using excessive amounts of chemicals to mitigate the risk of crop loss due to illness and pests. In the case of IT non-users, land size has the largest elasticity (0.30), while fertilizer and other inputs contribute approximately 0.26 and 0.23, respectively, to production. Compared to labor, pesticides exhibit a lower production elasticity of 0.1%. Our estimates align with previous investigations (Dong et al., 2019).



TABLE 2 Stochastic frontier model evaluations: unmatched samples.
[image: Table2]

The cumulative fractional productivity elasticities for the IT user and non-user groups sum to approximately 1, indicating a consistently sized regression that remains robust to the subsequent results (Shrestha et al., 2016). Standard TE scores for the unmatched are presented in Table 3 for both the conventional and selection-corrected SF approaches. In the conventional SF model, IT users exhibit an average TE score of 0.62, while the non-users group has a score of 0.57. The selection-corrected SF method is anticipated to yield slightly higher TE scores. When measuring unobservable bias, the TE value for the non-users group increases by 0.03, whereas it only increases by 0.01 for IT users. The assessment of unobserved bias reveals that the two-group frontier TE values in the selection-corrected SF demonstrate a positive effect of utilizing IT on crop producers’ TE.



TABLE 3 TE: Unmatched and matched sample.
[image: Table3]



4.3 Outcomes of propensity score matching

This study used PSM to decrease the observed bias between IT users and non-users. After calculating P-scores and matching, Table 4 shows that the standardized biases of variables greatly decrease after matching, with all absolute values lowered to less than 10%, demonstrating the success of the matching procedure. To verify the trustworthiness of matching, we must analyze the covariate balance between IT and non-IT groups. Table 4 shows how the unmatched sample fails to attain a covariate balance. However, following matching, standardized bias is significantly decreased, with absolute levels. Furthermore, the t-test findings fail to reject the null hypothesis that there are no systematic distributional differences between the two groups, confirming the efficacy of the matching procedure.



TABLE 4 Assessing propensity score matching quality using t-test: unmatched (U) and matched (M).
[image: Table4]

The Probit model marginal effects and constants in Table 5 elucidate how various factors impact growers’ decisions to use IT for information gathering. Gender exerts a strong and favorable influence on IT use, suggesting that male growers are more inclined to use IT for information gathering than their female counterparts. Conversely, the age of respondents has a substantial and adverse effect on the choice to utilize IT, indicating that older growers are less likely to adopt IT, consistent with the belief that senior farmers may possess lower IT abilities. Despite the general trend, experienced farmers, while more knowledgeable about technology adoption, are also more likely to employ IT for agriculture-related information (Okello et al., 2012; Paustian and Theuvsen, 2017). Family members residing near government facilities or with access to IT-related training in town exhibit a greater motivation to adopt IT, as they tend to be more open to positive initiatives to improve farming and assist producers (Kiiza and Pederson, 2012). Furthermore, participation in agricultural cooperatives, which often promote IT adoption and disseminate information through IT channels, increases the likelihood of IT utilization (Abdul-Rahaman and Abdulai, 2018). As highlighted in earlier research (Aker, 2011), a higher information literacy score is crucial for IT adoption and optimizing available resources. In particular, cooperative membership and certificate ownership can influence TE, potentially biasing the outcome. To address this issue of endogeneity, Wooldridge’s (2015) two-stage control function model is employed. The coefficients of the generalized residuals for the certificate and cooperative variables, presented in Table 4 as predictions from the initial phase of the control function, indicate that cooperation and certification are indeed endogenous in the IT selection model, with both associated coefficients being statistically significant.



TABLE 5 Probit model marginal effects: matched and un-matched samples.
[image: Table5]



4.4 Stochastic frontier model findings: a matched samples

The parameter estimate findings for the selection-corrected SF and conventional methods for the matched samples are presented in Table 6. The returns to scale and output elasticities of both models do not differ significantly from the unsampled dataset. The results from the selection-corrected SF method indicate that the coefficient of the sample selection bias variable ρ1 for the IT group is statistically different from zero, consistent with a random sample. The current research, which examines traditional SF for IT users, once again highlights questions related to selection bias. The significant value of ρ2, indicating a selection bias of IT non-users in SF, is unsupported by any empirical evidence.



TABLE 6 Stochastic frontier model findings: matched sample.
[image: Table6]

According to the findings in Table 3, IT users had average TE values after matching 0.61 in conventional SF and 0.62 in selection-adjusted SF, respectively, compared to 0.55 for IT non-users in both indicators. In the matched sample, our analysis reveals that the TE variance among the IT users’ and non-users’ groups is larger than in the mismatched group, increasing from 0.03 to 0.07. Consequently, if selection bias induced by both apparent and unobserved factors is disregarded, the mean TE variance between users and non-users may be understated. This result aligns with research conducted in past studies. There are a few factors to consider regarding the TE mean score. First, existing results are consistent with recent studies (Dong et al., 2019; Liang et al., 2019), with an average value of approximately 0.062. However, compared with neighboring countries’ crop growers globally, including Vietnam, where growers had an average productivity value of 0.74 (Nguyen et al., 2021, 2023), or India, where the score is 0.77 (Murthy et al., 2009), Pakistani crop growers seem to have inferior TE values. One probable explanation for this disparity is Pakistan’s land tenure structure, which may not be as favorable to efficient crop-growing techniques as in other nations. Farmers’ capacity to make investments in land resources and increase TE is constrained by land utilization or transfer limitations.

Second, crop growers often have fewer effective scores than other crop producers in Pakistan. For instance, the TE values for fruit growers and crop farms were determined to be 0.83 and 0.9, respectively. One of the causes of this mismatch is the labor-intensive nature of farming operations, which includes activities such as hand weeding, several harvests, and various insect management (Stringer et al., 2009). Additionally, compared to certain other crops, vegetables are more sensitive to environmental conditions such as temperature variations, water availability, and soil health (Tripathi et al., 2016). Furthermore, the progress of farmers’ TE may be hampered by a lack of institutional and socioeconomic assistance, including cooperative help and extension services (Hongyun et al., 2020; Zheng et al., 2021). These outcomes imply a requirement for more empirical research as the efficiency impacts can be country or crop-specific. It is also important to keep in mind that the efficiency score amount can be impacted by various productivity evaluation techniques and variable settings (Madau, 2012, 2015).



4.5 Quantile treatment effects of it usage on TE

Understanding the diverse impact of IT on TE is crucial for developing effective agricultural development strategies. To achieve this, we utilize the residualized quantile regression (RQR) model as suggested (Nascimento et al., 2019; Borgen et al., 2021; Korkmaz et al., 2021), providing a flexible method to assess treatment effects across the distribution of results. In the existing study, the RQR model is calculated in two steps. First, to decompose the variation in the treatment variable into two different mechanisms, one that can be described through the examined control variable and one that is orthogonal to a control variable the treatment variable (IT) is adjusted for the control variable using ordinary least squares. The residualized treatment variable is regressed in the second phase using the minimal absolute deviation approach. Finally, QTE can be calculated using observed data while correcting for selection bias by comparing quantiles (τ) of the outcome distribution for individuals with different treatment values of equation QTE.

The outcomes in Table 7 shed light on this investigation. Apart from the 90th quantile, coefficients demonstrate a positive and statistically significant correlation between IT usage and TE, mirroring our prior findings. In particular, there is a marginal uptick in the coefficient for IT treatment from the 10th to the 25th percentile. The most substantial impact manifests at the 25th percentile, showcasing a coefficient of 0.116, suggesting that IT adoption notably enhances farm efficiency at lower distribution quantiles (Zheng et al., 2021). These results imply that embracing IT offers more significant advantages to farms initially operating at lower efficiency levels, as they possess greater potential for enhancement. Conversely, at the 90th percentile, the effect is statistically insignificant, hinting that IT utilization holds less sway over the most efficient farms. This may be attributed to their already optimized production processes, possibly extensively leveraging other information channels.



TABLE 7 Quantile treatment effects of IT usage on TE.
[image: Table7]




5 Conclusion and policy implications


5.1 Conclusion

Enhancing the TE of agricultural production remains a pressing concern in Pakistan, reflecting challenges encountered by numerous developing nations. A recent study delves into this issue by drawing insights from a sample of 600 farmers in rural Pakistan, aiming to discern the impact of IT utilization on the TE of crop production. The study employs the SF and PSM models to mitigate biases stemming from observed and unobserved factors. The research findings underscore that, when accounting for these biases, the disparity in TE between IT users and non-users holds both financial and scientific significance. This suggests that integrating IT into wheat crop production can yield positive outcomes for rural areas. Further exploration through the QTE method reveals a nuanced relationship between IT adoption and TE. The most pronounced effects are observed among the least efficient farmhouses, gradually diminishing in significance toward the median and ultimately becoming non-significant for farmhouses achieving maximum yield. This nuanced perspective highlights the varying impacts of IT on TE across different efficiency levels in the context of wheat crop production in rural areas.



5.2 Policy implications

The findings of the study have some important policy implications. First, emphasizing the positive impact of IT usage on crop production efficiency underscores the need for policymakers to invest in rural IT infrastructure and reduce access costs to promote technology adoption in rural areas. Second, tailored policies promoting emerging technologies should consider the diverse characteristics of smallholder farmers, with efforts to enhance access to information through various channels, including traditional agricultural services, farmers’ organizations, and digital platforms. Third, policymakers can establish technical training centers to provide advisory services, improve rural education opportunities, and facilitate technology adoption among farmers. Finally, while IT adoption is crucial, policymakers should diversify support mechanisms by collaborating with financial institutions, research bodies, cooperatives, and agricultural enterprises to offer financial, technological, and production support.



5.3 Limitations and future research directions

This study has some limitations. First, its focus only on wheat production may restrict the applicability of findings to other crops due to differences in agricultural extension services. Second, the small sample size limited to one province may compromise the representativeness of the results. Finally, using cross-sectional data prevents exploration of the dynamic impact of IT usage on TE over time. Future research should aim to address the limitations of the study. First, expanding the scope of crops studied will provide a more comprehensive understanding of the impact of IT on agriculture beyond wheat production. Second, increasing the sample size and considering multiple provinces can enhance the representativeness and generalizability of the results. Finally, utilizing longitudinal or panel data analysis techniques can facilitate the exploration of the dynamic effects of IT usage on TE.
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The application of digital technology service like rural e-commerce service centers (RESCs) has captured considerable attention in China, but existing literature has not yet provided solid empirical evidence regarding its potential to foster rural income gains. Utilizing large-scale survey data from the Third National Agricultural Census (TNAC) of China, this study attempts to investigate the impact and underlying mechanisms of RESCs on income gains across 49,135 villages. The results indicate that RESCs significantly increase village income gains in rural China, which confirm the theory of “space of flows.” In addition, heterogeneity analysis reveals that this income increasing effect is significantly higher in eastern China, as well as in rural villages with migrant populations and college-graduate cadres. The conclusion remains robust even after conducting several robustness checks and instrumental variable estimation. Furthermore, mechanism analysis unveils that RESCs improve village income gains by promoting characteristic agricultural development, encouraging entrepreneurship, and enhancing government funding support. The findings shed light on policy implications for the design and implementation of rural digital technology policies in developing countries.
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1 Introduction

Rural e-commerce is an application of digital technology that facilitates faster and richer online transactions, with the potential to enhance income gains in rural China. With the rapid expansion of logistics infrastructure and the continuous improvement of information technology, China is now at the forefront of the developing world in e-commerce (Li et al., 2021). According to the 51st Statistical Report on China’s Internet Development, online e-commerce transactions in China have ranked first in the world for a decade. These transactions have surged from $0.21 trillion in 2012 to $2.05 trillion in 2022, with an average annual growth rate of 25.59%. Meanwhile, the Chinese government has initiated a national policy priority of expanding e-commerce into the countryside since 2014, which aims to accelerate rural economic development. One of the most eye-catching phenomena in China over the past decade has been the remarkable growth of rural residents engaging in online buying and selling activities (Ma et al., 2022b; Xia et al., 2023; Yang et al., 2023; Zhang et al., 2023; Zhang, 2024). As reported by China’s Ministry of Commerce, online retail sales in rural areas have reached $0.32 trillion in 2022. And the Chinese government has supported 1,489 counties in building more than 2,700 county-level e-commerce logistics service stations and 158,000 village-level e-commerce service centers. The surge in rural e-commerce service centers (RESCs) and their potential for rural economic growth has not only captured extensive media attention, but has also been widely discussed within the academic community. In this study, we aim to answer the following questions: first, whether digital technology service can foster village income gains in rural China; second, whether there is heterogeneity or a digital divide when digital technology service affects village income gains; and third, how digital technology service influences village income gains.

A growing number of studies have investigated various factors driving rural economic development. These include, for example, rural industrial transformation (Liu et al., 2022), land transfer and labor outmigration (Nguyen et al., 2019; Peng et al., 2020; Qin et al., 2020; Leng et al., 2024), agricultural commercialization (Ogutu and Qaim, 2019; Zheng and Ma, 2023a), rural road construction (Asher and Novosad, 2020; Lu et al., 2023), non-farm employment and entrepreneurship (Gaddefors et al., 2020; Dong et al., 2021; Rajkhowa and Qaim, 2022; Ma et al., 2022a; Shao et al., 2023), and poverty alleviation policies (Chang et al., 2022; Tang J. et al., 2022; Cui et al., 2023; Liu and Liu, 2024; Zhao and Zhao, 2024). In recent years, the emergence and adoption of information and communication technologies (ICTs), such as Internet technology and mobile phone usage, have exhibited a pronounced impact on rural economic development (Ma et al., 2020, 2023b; Gu et al., 2023; Zheng and Ma, 2023b; Du et al., 2024). Specifically, e-commerce, as an important application of information technology, has been effectively improving the income of farmers and villages. Taobao village, agricultural inputs commerce, rural e-commerce industrial park, rural e-commerce service centers (RESCs), and various other innovative initiatives have successively emerged in rural China (Jin et al., 2020; Zang et al., 2023).

Although recent studies have indicated that e-commerce can increase consumer surplus primarily by reducing transaction costs and information search costs (Fan et al., 2018; Liu et al., 2021; Dolfen et al., 2023; Zhang et al., 2023), the effect of rural e-commerce expansion on village income gains is still controversial in China. On one hand, some studies show that the development of rural e-commerce has promoted the formation and agglomeration of Taobao villages (Li and Qin, 2022; Zhang Y. et al., 2022; Zang et al., 2023). Taobao villages have contributed to specialized division of labor and created a more favorable environment for employment and entrepreneurship. Thus, they can stimulate income growth among rural residents. On the other hand, research also indicates that e-commerce expansion may not be beneficial to rural residents according to household and local price surveys conducted at village level (Tang and Zhu, 2020; Couture et al., 2021). E-commerce expansion could be expensive and that typical policies may not be effective without complementary interventions, especially in rural areas of developing countries where there is limited transport logistics and weak digital infrastructure (Chen et al., 2023). Hence, it is imperative to conduct rigorous empirical studies that focus on the income effects of rural e-commerce expansion, including the role of RESCs. In particular, two questions are of paramount importance: that is, whether and how the RESCs can foster local income gains, and what underlying mechanisms and complementary measures are required for program implementation. These hold significance for both the academic community and policymakers.

Based on the Third National Agricultural Census (TNAC), this paper provides some of the first empirical evidence in the field by leveraging the RESCs that provide public services in rural China. We evaluate the impact of RESCs on the collective income gains of 49,135 villages. Firstly, villages are the homes for the majority of rural residents and the economic engines of rural areas. The village-level collective income serves as a crucial financial resource for the delivery of public services in rural regions, thus playing a critical role in the rural revitalization. Secondly, compared with the indicators of household or individual income in the micro survey, the village collective income in the agricultural census is directly derived from the village collective accounting, and the error rate of the data is smaller. In micro survey, high-income groups are less willing to participate, and even if they do, they will often underreport their income level (Li and Sicular, 2014). This advantage underscores the strength of utilizing village-level collective economy data, as it provides more accurate and reliable information, particularly when dealing with issues related to income gains.

Our work primarily contributes to a branch of literature that investigates the socioeconomic implications of e-commerce expansion, with a particular focus on the Taobao villages. A growing body of research has been dedicated to examining the determinants and formation of Taobao villages through case studies and qualitative analyses (Qi et al., 2019; Zhou et al., 2021; Zhang Z. et al., 2022; Zang et al., 2023). As rural e-commerce develops, Taobao villages in rural China are gradually agglomerating and becoming large-scale, contributing to regional economic growth. It is found that villages experience an improvement in their overall income levels after they become Taobao Villages (Zeng et al., 2018; Li and Qin, 2022; Tang K. et al., 2022). However, the existing literature has not yet reached a consensus on whether rural e-commerce can effectively improve the regional welfare gains (Tang and Zhu, 2020). Couture et al. (2021) found that e-commerce expansion through the Alibaba’s Rural Taobao Program has no significant influence on local income gains. It is worth noting that while Taobao Villages serve as typical examples, they may not be entirely representative when studying e-commerce expansion in rural China, as this approach overlooks the peculiarities of non-Taobao Villages. Consequently, we study this issue with the help of 49,135 administrative villages in the China’s Third National Agricultural Census. The big sample data accounts for 7.45% of the total administrative villages in China, which is an effective representation of rural China’s actual economic and e-commerce development status.

Our paper is also related to rural economic growth and how it is affected by rural e-commerce. The combination of information technology and rural economy has resulted in an explosion of rural e-commerce. It is becoming an important economic force not only in China, but also in Turkey (Yaşlak et al., 2021), France (Florez et al., 2022; Bellon-Maurel et al., 2023; Piot-Lepetit, 2023), Mexico (Martínez-Domínguez and Mora-Rivera, 2020), India (Angmo et al., 2023), BRICS countries (Karine, 2021), and other developing countries. In China, the growth of online consumption in rural areas has emerged as a new driving force behind regional economic development (Luo et al., 2019; Vatsa et al., 2023). The rapid and sustained development of rural e-commerce has given birth to various new economic paradigms, promoting characteristic agricultural development, driving industrial upgrading, and creating employment opportunities (Mei et al., 2020; Zhang Y. et al., 2022; Qin et al., 2023; Zhong et al., 2023a). In addition, rural e-commerce provides farmers with a novel solution for achieving entrepreneurial transformation. A growing number of “new farmers,” primarily composed of skilled migrant workers and college graduates, are returning to their hometowns to initiate businesses because of the entrepreneurial opportunities brought by rural e-commerce. Furthermore, rural e-commerce actively cooperates with local governments by enhancing rural farmers with financial subsidies, and improving logistics and transportation infrastructure. Limited by a lack of extensive microdata at the village level, current studies focus mainly on household income from a micro perspective, ignoring the important role of village-level collective economy play in rural economic development. Despite the explosion of China’s rural e-commerce, it is still unclear whether and how RESCs can foster village collective income gains.

The subsequent sections of the paper are organized as follows. Section 2 introduces the background of RESCs and the theoretical framework of their impact on village income gains. Section 3 describes the data, methodology and variables selection, while Section 4 delves into the analysis of our empirical findings. Finally, conclusions and policy implications are presented in the Section 5.



2 Background and theoretical analysis

Previous studies provide the basis and ideas for the effect of rural e-commerce on regional economic development. However, there is still little literature on the income effect of rural e-commerce service centers (RESCs) in China, even though digital technology has transformed rural economies in recent years. In China, RESCs have been developed to harness the power of e-commerce to improve rural income growth. Therefore, we first provide a brief overview of the development background of RESCs in China. Then, we conduct a theoretical analysis of their impact on village income gains based on the mentioned background.


2.1 Background of rural e-commerce service centers

The rural e-commerce service centers (RESCs) aim to provide villagers with comprehensive e-commerce public services, focusing on the natural village serving as the fundamental unit. The development of the RESCs in China signifies a significant and transformative initiative aimed at bridging the digital divide, fostering the sales of agricultural products, and stimulating economic growth in rural areas. In June 2013, the first rural e-commerce service center was set up in Suichang County of Zhejiang Province, namely Ganjie service center. The center primarily provides services related to the sale of agricultural products and the purchase of consumer goods for local villagers. In October 2014, China’s Alibaba Group introduced the rural Taobao project and invested 10 billion yuan to establish the RESCs. Subsequently, in 2015, there was an outbreak phase as China Post Group, Jingdong Group, and Suning Group successively launched their rural e-commerce platforms: “Rural Tesco,” “Jinddong Bang,” and “Suning Retail Cloud.” A notable aspect, however, emerged during this period in that most managers of the RESCs were convenience store owners. Due to a lack of structured training, these managers faced challenges in providing proficient and effective services. Consequently, the significant increase in the number of established RESCs did not fully reflect their genuine functional attributes. In response to these challenges, Alibaba pioneered a shift in the operational model of the RESCs by recruiting college graduates as full-time managers. These managers received comprehensive training and adequate remuneration. By the end of 2020, the network of the RESCs covered approximately 420,000 villages across over 1,500 counties in China (Jin et al., 2020).

In rural villages, RESCs play a multifaceted role with the goal of fostering digital connectivity, convenient life, economic empowerment, and social security. Specifically, the basic functions of RESCs can be categorized into four groups: business functions, agricultural functions, welfare functions, and government functions (Figure 1). The business functions involve collaborative efforts with governmental entities to disseminate policies and information on characteristic agricultural industries. They also facilitate online purchasing and price inquiries, provide sales guidance for characteristic agricultural products, and offer convenience services such as utility bill payments, express delivery, and reservations for travel and accommodations. The agricultural functions include skills training through various forms of farming expertise sessions, the dissemination of real-time agricultural information, and the compilation of a database related to agricultural equipment, pests, characteristic product production, and experts. The welfare functions are associated with an e-commerce platform that offers entrepreneurship and employment guidance, improves villagers’ education levels, and encourages charitable donations. The government functions embark on providing fiscal funds to support rural infrastructure construction, promptly disclosing village-related information, and assisting farmers with disputes in agriculture and daily life by offering judicial aid.
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FIGURE 1
 Basic functions of rural e-commerce service centers (RESCs).




2.2 Theoretical analysis

The RESCs are an innovative initiative emerging from the broader “information technology plus rural public services” framework (Jin et al., 2020). This initiative aims to harness the power of the Internet and digital technologies to enhance public services in rural areas. The development of RESCs is a crucial component of this initiative, involving activities such as promoting the brand and sales of characteristic agricultural products, offering agent purchase and sale services, conducting e-commerce skills training courses, providing entrepreneurship guidance, and enhancing financial support for e-commerce operations. Drawing on the above background and previous relevant studies (Li et al., 2021; Chen et al., 2023), we present a concise framework to illustrate the potential pathways through which RESCs influence village collective income (Figure 2).
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FIGURE 2
 Impact pathways of rural e-commerce service centers (RESCs) on village income gains.


The first pathway is related to the fact that RESCs may promote the development of characteristic agriculture in rural areas. Characteristic agriculture refers to the specific planting and cultivating categories that thrive in a particular geographic condition and possess unique characteristics, whose farming area or cultivating quantity constitutes more than 10% of total category within a Chinese county. According to the “space of flows” theory (Castells, 2009; Zhang Y. et al., 2022), RESCs have the potential to facilitate two-way elements flows of characteristic agricultural products to the city and technology inflows to the countryside. On one hand, RESCs serve as an effective solution for issues related to product circulation and marketing. It promotes the high-speed flow of production elements and the branding of characteristic agricultural products. On the other hand, technology inflows assist villages in developing large-scale industrial clusters in rural areas (Yin and Choi, 2022). This gives birth to the emergence of Taobao Villages dedicated to the production of various agricultural products such as tea, flowers, apples, hairy crabs, crawfish, eggs, etc (Zeng et al., 2019). Therefore, RESCs become integrated with local characteristic agricultural industries, optimizing the industrial structure and yielding positive outcomes for rural areas.

The second pathway indicates that RESCs can encourage entrepreneurship within the village. RESCs provide free skills training in e-commerce entrepreneurship to rural youth and farmers. Meanwhile, RESCs address information asymmetry and mitigate the fixed costs associated with market entry, creating a supportive entrepreneurial environment for female entrepreneurs, and generating opportunities for entrepreneurship (Fan et al., 2018; Moeini Gharagozloo et al., 2023). These opportunities attract the return of rural elites, primarily composed of college graduates and skilled migrant workers, to engage in starting businesses (Wang et al., 2021). The guidance provided by these rural elites has emerged as a pivotal factor in activating entrepreneurial motivation among households, spreading gradually in rural villages through the ripple effect of rural social networks (Mei et al., 2020). E-commerce entrepreneurship may result in additional offline consumption, expanding the sales scope of offline retail stores or supermarkets (Luo et al., 2019). Thus, RESCs can foster local income gains in rural villages by promoting the e-commerce entrepreneurship.

The third pathway is associated with obtaining government funding support. Support for rural e-commerce from superior governments, such as township and county-level governments, plays a crucial role in fostering local economic growth. However, higher-level governments usually begin to get involved only after the scale of rural e-commerce has attained a certain threshold (Zhang Y. et al., 2022). Villages with RESCs are more inclined to improve essential infrastructure and logistics systems to offer e-commerce services in rural areas (Couture et al., 2021). As a result, these villages can receive more technical guidance and financial support from governments, striving to create more favorable external conditions for village economic development. Moreover, RESCs enable the government to provide e-commerce-oriented credit support, alleviating farmers’ financial constraints, increasing their e-commerce activities, and facilitating entrepreneurial transformation in rural areas (Yang et al., 2021; Ma et al., 2023a). In general, the RESCs enhances the government’s support and involvement in rural e-commerce, which contribute to the improvement of village income gains. In summary, RESCs enhance government involvement and support in rural e-commerce, thereby contributing to the improvement of village income gains.

Overall, we expect that RESCs may foster local income gains through the above three channels at the village level. However, the urban leadership theory demonstrates that urban areas may benefit more from the provision of broadband Internet since rural regions tend to be much more expensive to provide facilities and resources (Forman et al., 2005). The RESCs project may not be able to effectively increase income gains in rural areas, where Internet infrastructure is weak and digital connectivity is low. Therefore, rigorous empirical research should be conducted to assess the income effect and underlying mechanisms of RESCs in such contexts.




3 Data and methodology


3.1 Data source

The data utilized in this study primarily originates from the administrative village census data derived from the Third National Agricultural Census (TNAC) of China conducted in 2017. Agricultural census is conducted every 10 years in China since 1997. It is designed to comprehensively collect information about rural areas, farmers, and agricultural development. This data serves as a foundation for understanding the dynamics of rural economies and social development, as well as policies for new rural construction. The TNAC employs a comprehensive investigation methodology. This involves direct visits to households and units, allowing for in-depth data collection on rural areas and agricultural production. The objects of TNAC mainly cover administrative villages, towns and townships (streets), agricultural corporate, large-scale agricultural households, and rural residential households with confirmed tenure of land.

This study focuses on the impact of RESCs on village income gains. We use administrative village census data for analysis. The dataset encompasses basic village statistics, demographics, rural industry statistics, basic social service statistics, village collective economic statistics, village cadre statistics, and other statistics. And there are a total of 49,135 sub-sample data of administrative villages randomly selected from the TNAC. The proportion of administrative villages with RESCs is 22.9% in our sample, which closely aligns with the 25.1% reported by the National Bureau of Statistics of China. Therefore, it indicates a strong representation of the sample data and enhances the reliability of the following study.



3.2 Model specification


3.2.1 Benchmark model

This study examines the impact of RESCs on village income gains through a baseline regression analysis. The ordinary least squares (OLS) method is used to controls for the province fixed effects. At the village level, all standard errors are robust to take into account potential heteroscedasticity. The baseline regression model is as follows:
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where the subscript [image: image] refers to an administrative village, [image: image] is the constant term, and [image: image] is a random disturbance term. The dependent variable ([image: image]) represents the annual village collective income. The core explanatory variable ([image: image]) is a dummy variable that equals 1 if a village has an e-commerce service center. The vector [image: image] denotes a series of control variables, including village characteristics and individual characteristics. The variable ([image: image]) is the province fixed effects. In this study, [image: image] is the key parameter of interest, which identifies the influence magnitude of RESCs on village income gains.



3.2.2 Mechanism model

According to the above theoretical analysis, we argue that RESCs can affect village income gains by promoting the development of characteristic agriculture, encouraging rural entrepreneurship, and enhancing the support of government funding. Therefore, we further adopt the mediation effect model to perform mechanism analyses (Zhong et al., 2022; Zhang J. et al., 2022). Specifically, the following two steps are constructed:

Step 1: Assessing the impact of RESCs on characteristic agriculture, rural entrepreneurship, and government support. It is specified as follows:

[image: image]

where the definition of [image: image], [image: image], and [image: image] are the same as above. The main variable of interest is [image: image], which represents the three potential pathways.

Step 2: If the parameter [image: image] in Equation 2 is found to be statistically significant, we can proceed to include additional mechanism variables in the following model:

[image: image]

where it confirms that RESCs can affect village income gains through mechanism variables when [image: image] is statistically significant and [image: image] is smaller than [image: image] in Equation 1.




3.3 Variable selection and descriptive statistics


3.3.1 The explained variable

The dependent variable of this study is the annual village collective income. In the administrative village census questionnaire, the corresponding item is “Village collectives’ revenue of the year (unit: 10 thousand yuan).” Village collective income includes operating revenue, subsidies revenue, contract awarding, submittal revenue, and other revenues. In micro income surveys, farmers often face challenges in accurately describing their income and consumption levels. Consequently, they tend to provide only a broad range, resulting in serious data deviations (Sicular et al., 2020). In comparison, the agricultural census derives village collective income directly from the village accounting. This data exhibits a lower error rate, which indicates higher accuracy in subsequent empirical analysis.



3.3.2 Core explanatory variable

The core explanatory variable is rural e-commerce service centers (RESCs), defined as a dummy variable. It takes the value of 1 if a village has established e-commerce distribution sites, otherwise the value of 0 is assigned. Within the entire sample, there are 11,275 villages have RESCs, accounting for 22.9% of the total. This indicates a significant growth and acceleration of e-commerce development in rural China.



3.3.3 Control variables

Referring to existing relevant studies (Luo and Niu, 2019; Li et al., 2021; Chen et al., 2023), we control two sets of characteristics variables that may affect village income gains. First, the village characteristics variables mainly include permanent population, administrative area, village topography, accessibility (roads to the village), national tourism village status, and the availability of basic social services such as primary schools, sports venues, and libraries. Second, the individual characteristics variables encompass the education level of the village branch secretary, and the number of positions he or she holds.



3.3.4 Mechanism variables

To identify potential mechanisms, six variables related to village characteristics are considered. To begin with, the development of characteristic agriculture is a crucial pathway for rural industry development in China, particularly given the relatively low level of rural economic development. This paper measures the development of characteristic agriculture by examining the category and quantity of characteristic planting or breeding industry. It indicates a highly competitive agricultural development if a village has a characteristic planting or breeding category. Secondly, two variables are selected to measure the entrepreneurial situation within villages: the logarithmic of the number of stores with a business area exceeding 50 square meters, and the logarithmic of the number of licensed restaurants. Thirdly, this study assesses the funding relationships between higher government and villages. If the main funding source for roads construction or the centralized disposal of waste comes from the government, it signifies that government funding support can effectively stimulate the development of village-level collective economy.



3.3.5 Statistical description

The descriptive statistics of the above variables are shown in Table 1. According to Table 1, the average village collective income is 39,866 yuan, indicating that rural China is experiencing an acceleration in economic development at the village level. Meanwhile, 22.9% of the sample villages have established RESCs, showing a significant advancement in China’s rural e-commerce development. This growth reflects the increasing integration of e-commerce into rural areas, likely contributing to their economic and social development. Moreover, the overall topography and road conditions of the surveyed villages are hills and concrete, respectively. National characteristic landscape tourism villages only make up 0.4% of the total sample, suggesting that these villages may not be primarily known for their tourist attractions. As for the village branch secretaries, the average education level is nearly high school. Additionally, around 30.4% of them hold director positions on the village committee. This suggests that a significant portion of village branch secretaries may have leadership roles within the village administration.



TABLE 1 Definition and descriptive statistics of variables.
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4 Empirical results and discussions


4.1 Baseline regression results

Table 2 presents the benchmark regression results for the effect of RESCs on village income gains. The estimation results are displayed in Column (1) without additional control variables. Following that, we sequentially add provincial fixed effects, village characteristics, and individual characteristics in Columns (2) to (4). The R-square value increases as the control variables are added, indicating the necessity to control these factors affecting village income. The estimated coefficients of RESCs in all regressions are significantly positive at the 1% level, implying that RESCs can significantly improve village income gains. Specially, the impact coefficient of RESCs is 0.116 in Columns (4). This indicates that compared with villages without RESCs, villages with RESCs have a higher income gains ratio by 11.6%. These findings are in line with previous studies emphasizing the benefits of adopting rural e-commerce (Liu et al., 2021; Li and Qin, 2022; Tang K. et al., 2022).



TABLE 2 The effect of RESCs on village income gains.
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Table 2 also reports the results for the influence of control variables on village income gains. The village population and administrative area have a significant positive effect on village income gains. This may be attributed to the return of migrant workers or college graduates who return to their hometowns to initiate businesses, thereby increase village income. This result aligns with the findings of Chen and Wang (2019), who recognized the promotional effect of return migration on rural economic development. Moreover, a significant positive relationship is observed between village topography and road conditions and village income. This is consistent with the conclusions drawn by Chakraborty and Guha (2009) and Zhou et al. (2022), signifying that infrastructure development can contribute to economic growth and poverty alleviation. In addition, village sports facilities, libraries, and branch secretaries’ education also exhibit a significant positive effect on village income. However, this study predicts no significant relationship between characteristic tourism village and income gains.



4.2 Heterogeneity analysis

The benchmark estimation results only capture the average effects of the entire sample. In this section, we further explore how RESCs influence village income gains by conducting a heterogeneity analysis based on regional and individual characteristics. Our estimation strategy is to separately add interactive variables with RESCs based on Columns (4) in Table 1. The estimation results of the heterogeneous effect test are presented in Table 3.



TABLE 3 Heterogeneous impact of RESCs on village income gains.
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First, the impact of RESCs on local income gains may vary significantly due to the imbalanced regional development in China. Referring to Qiu et al. (2021) and Zhong et al. (2023b), we divide the surveyed villages according to whether they are located in the economically developed eastern regions of China. As shown in Columns (1) of Table 3, the coefficients of RESCs and its interaction terms with the eastern region are both significantly positive. It turns out that RESCs tend to foster village income gains mainly in eastern China. Compared to the eastern region, the central and western regions of China suffer from inadequate transportation condition and a significant deficiency in technological accessibility. This significantly limits the expansion of effective RESCs to increase village income in these areas. Moreover, digital literacy is an important means in spreading digital technology service in rural villages. A digital divide in terms of technological knowledge and experience has hindered the central and western regions of China from achieving income gains and common prosperity.

Second, the effect of RESCs on local income gains may be different in villages with external residents. Rural e-commerce has been shown to attract migrant workers, and promote economic development in rural areas (Cai et al., 2019). In this way, the impact of RESCs on village income gains may be moderated by the presence of external workers in the village. We involve the interaction term of e-commerce with migration in the regression. In Columns (2) of Table 3, the coefficient of this interaction term is significantly positive at the 1% level, illustrating that RESCs contribute to more local income gains in villages with migrant populations. The majority of the migrant population consists of skilled workers and college graduates. They engage in starting businesses and broaden avenues for employment and income growth in rural villages.

Third, the influence of RESCs on local income gains may also differ depending on whether the village has college-graduate cadre. As shown in Columns (3) of Table 3, the coefficients of RESCs and its interaction term with college-graduate cadre are both significantly positive at the 1% level. The estimation results show that RESCs can improve village income gains, especially in villages with college-graduate cadres. The possible reason is that college-graduate cadres can be capable of contributing to poverty alleviation in rural China, and this aligns with the study of He and Wang (2017). College-graduate cadres tend to have a higher education level, and possess strong abilities in utilizing online e-commerce. They can effectively collect commodity market information and promote the development of rural digital technology service and village-level collective economy.



4.3 Robustness test


4.3.1 Choosing alternative independent variable

We further employ the substitution variable method to verify the reliability of the baseline regression results. Considering the fact that rural e-commerce is one of the Internet applications, we construct an indicator of the Internet to replace the dependent variable. In the agricultural census questionnaire, it inquires whether a village is connected to the Internet: Yes = 1, otherwise = 0.As shown in Columns (1) of Tables 4, a significant positive relationship still exists between RESCs and village income gains, which further strengthens the reliability of our conclusion.



TABLE 4 Robustness tests of the effect of RESCs on village income gains.
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4.3.2 Changing estimation method

As the core explanatory variable of this study is a dummy variable, we also utilize the probit model for a robustness check. In Columns (2) of Table 4, the coefficient of RESCs remain positive and significant at the 1% level. The results reveal that when the setting estimation method is changed, there is still a significant positive relationship between RESCs and village income gains.



4.3.3 Removing the top and bottom 1% of village income

To address the potential impact of outliers and non-randomness, we conduct a sensitivity analysis by excluding the top and bottom 1% of village collective income data. The re-regression results are presented in Columns (3) of Table 4. Notably, even after accounting for outliers and non-randomness, the RESCs continue to exhibit a significant positive impact on village income gains. This further reinforces the robustness and consistency of our findings.




4.4 Endogeneity discussion

The results presented above suggest that RESCs can foster village income gains. However, this conclusion may face challenges related to endogeneity. On one hand, there may be a reverse causal relationship between RESCs and village income gains. The establishment of RESCs might be influenced by existing village income levels. For instance, higher income villages are more inclined to exploit rural e-commerce to further boost their economic development. On the other hand, despite controlling for several factors that affect village income, the issue of omitted variables still persists in the cross-sectional data. For example, there are unobservable village characteristics that can influence both RESCs and village income. Therefore, this paper employs the instrumental variable (IV) method to address the endogeneity of RESCs (Angrist and Pischke, 2009).

Following the relevant literature by Li and Qin (2022) and Qiu et al. (2021), this paper selects the number of rural fixed broadband interfaces per 100 people in 2006 as the IV for the construction of RESCs. First, rural e-commerce infrastructure relies on traditional fixed broadband interfaces and broadband Internet network. Thus, the chosen IV satisfies the requirement of being correlated with rural e-commerce. Second, the IV is a historical variable, and the earliest year for which we can obtain the data is 2006. This historical nature ensures minimal influence from current rural e-commerce development, adhering to the assumption of the externality of IV. Recognizing that the core explanatory variable in this study is binary and discrete, the conventional two-stage least squares (2SLS) method might not be the effective approach. As a general practice in the academic community (Roodman, 2011), scholars generally prefer employing the conditional mixed process (CMP) method for analysis.

As shown in Table 5, the first-stage estimation results unveil a statistically significant positive correlation between fixed broadband interface penetration rate and rural e-commerce infrastructure at the 1% level. This alignment supports the correlation condition essential for IV. In addition, the endogeneity test parameter atanhrho_12 is significant at the 1% level, signifying that RESCs is an endogenous explanatory variable within the model. In the subsequent second-stage regression, the regression results reveal that after considering the possible endogeneity of the model, RESCs still have a significant positive effect on village income gains.



TABLE 5 The effect of RESCs on village income gains: IV estimation results.
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4.5 Mechanism analysis

We further investigate the potential mechanisms through which RESCs may impact village income gains. As delineated in the theoretical analysis section, RESCs possess the capacity to increase village income gains by fostering the development of characteristic agriculture, encouraging rural entrepreneurship, and enhancing the support of government funding. Thus, we validate these three pathways through the implementation of two-step mechanism models.


4.5.1 Mechanism I: promoting the development of characteristic agriculture

Table 6 provides the estimation results of how RESCs increase village income gains by promoting the development of characteristic agriculture. Columns (1) and (3) present the results for Equation 2, while Columns (2) and (4) provide the results for Equation 3. First, the findings from Columns (1) and (3) indicate that the expansion of RESCs within villages can significantly foster both the category and quantity of characteristic planting or breeding industries. Second, the results presented in Columns (2) and (4) demonstrate a statistically significant and positive association between characteristic agricultural industries (both in terms of category and quantity) and village income. Hence, these results provide empirical support for Mechanism I, indicating that the expansion of RESCs can increase village income gains by promoting the development of characteristic agriculture. Our finding is largely consistent with the outcomes of related studies (Yan and Liu, 2022; Liu et al., 2023), who have demonstrated that the adoption of e-commerce presents significant advantages in selling agricultural products directly to consumers and improving agricultural production efficiency. On one hand, the development of RESCs has emerged as a crucial channel for the sale of agricultural products in rural villages by cutting out intermediaries. These centers significantly broaden the sales channels for characteristic agricultural products and enhance the visibility of featured agricultural goods. On the other hand, RESCs provide valuable publicity for local characteristic agriculture and offer training on advanced planting techniques for rural farmers.



TABLE 6 Impact of RESCs on characteristic agriculture.
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4.5.2 Mechanism II: encouraging entrepreneurship within the village

Table 6 provides the estimation results of how RESCs increase village income gains by promoting the development of Table 7 presents the results targeted at verifying the mechanism through which RESCs foster rural income by encouraging entrepreneurship within the villages. The outcomes exhibited in Column (1) and (3) unveil that villages with RESCs experience a significant increase in both the number of stores and the quantity of licensed restaurants. Meanwhile, these two variables in Column (2) and (4) regarding to village entrepreneurial situation are all significantly positive at the 1% level. Accordingly, the data affirm the validity of Mechanism II, asserting that RESCs play a pivotal role in amplifying village income gains by encouraging entrepreneurship within the village. These results are in line with the theoretical analysis presented in this study. The development of RESCs has significantly expanded local sales in retail stores and supermarkets by driving offline consumption. These centers also drive the dissemination of local village characteristic resources, promoting the development of the local tourism industry, and expanding the establishment of affiliated characteristic restaurants. Therefore, it can improve village income gains by creating job opportunities and promoting non-agricultural employment.



TABLE 7 Impact of RESCs on inner village entrepreneurship.
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4.5.3 Mechanism III: enhancing villages with the support of government funding

Table 8 reports the results concerning the mediation effect of government funding support in RESCs and village income gains. As illustrated in Columns (1) and (3), RESCs significantly enhance villages with the government support for roads construction and waste disposal. The results in Column (2) and (4) highlight that RESCs and government funding support for villages are all significantly and positively correlated with village income gains. Therefore, this finding supports the theoretical analysis of Mechanism III articulated in this paper. Specifically, it illustrates that RESCs play a pivotal role in facilitating the development of villages through government funding, thereby indirectly leading to an increase of village income gains.



TABLE 8 Impact of RESCs on government funding support.
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5 Conclusion and policy implications

This study takes advantage of large-scale administrative village survey data from the Third National Agricultural Census of China, and provides fresh empirical insights into the income effects of rural e-commerce service centers (RESCs). The results reveal a significant increase in village income gains associated with RESCs. Villages with RESCs exhibit a higher income gains ratio of 11.6% compared to those without such centers. Moreover, the positive impact of the RESCs on village income gains is heterogeneous by regional and individual characteristics. RESCs are inclined to foster local income gains primarily in eastern China, as well as in villages with migrant populations and college-graduate cadres. These conclusions remain robust after conducting several robustness checks and handling endogeneity concerns through instrumental variable estimation. Furthermore, mechanism analyses verify that RESCs stimulate local income gains by promoting characteristic agricultural development, encouraging entrepreneurship, and enhancing government funding support.

Based on the above findings, there are significant policy implications as follows:

To begin with, our research demonstrates that RESCs can contribute substantially to the village income gains in rural areas. Thus, policies aimed at constructing e-commerce service centers should be encouraged, especially in developing countries. The policy designs should seek to improve the construction of rural public digital facilities, such as internet access, logistics networks, warehouses, and rural roads. Digital technology investment in rural areas has become critical in recent years for alleviating poverty and increasing income. By introducing digital technology services and business platforms into rural areas, e-commerce is expected to alleviate poverty in the future.

Secondly, the heterogeneous impact of RESCs on village income gains suggests that policymakers should tailor rural e-commerce practices to the distinct socioeconomic development levels of each region in China. In addition, the roles of migrant workers and college-graduate cadre in increasing village income gains should be acknowledged, with complementary interventions such as training in e-commerce skills. Policymakers need to consider regional differences, with special attention being paid to assisting vulnerable rural villages with digital assistance. The policy should promote the establishment of more service points for e-commerce platforms in the central and western regions of China. And the widening digital divide in rural areas indicates a need to improve digital literacy in vulnerable villages.

Lastly, the mechanism analysis underscores the responsibility of local governments in leading the planning and implementation of rural e-commerce construction projects. This involves promoting the brands of characteristic agricultural products, providing entrepreneurial skills training, and expanding financial support for rural e-commerce operations. Local governments support the establishment of RESCs distribution points to help rural producers build recognizable agricultural brands, and ensure a high quality of characteristic products. Additionally, local governments and e-commerce firms should provide high-quality skills training and financial incentives to enhance the employment potential of affiliated industries in rural villages.

This study still has some limitations that need further exploration. First, the cross-sectional nature of the third agricultural census data made it impossible to capture the dynamic income increasing effect of RESCs. Thus, future studies should gather data from a longer period to verify the representativeness of the findings in this paper. Second, this study mainly measures the digital technology services from the perspective of RESCs. Future research could incorporate other indicators to obtain a more comprehensive measure of digital technology services. Third, this study did not investigate other related income effects of digital technology services in rural areas. Future studies can consider the happiness and health effects of digital technology services on rural residents.
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Introduction: The rapid development of agriculture has brought about significant negative impacts on the environment, such as land pollution and ecological degradation. The root cause of environmental issues lies in human behavior, with improper farming practices by farmers being a major contributor to agricultural pollution. This paper explores the relationship between farmers' digital literacy and their pro-environmental behaviors, examining the mediating roles of subjective norms, behavioral attitudes, and perceived behavioral control. Additionally, it investigates the varying impacts of digital literacy on PEB among farmers with different levels of education, social capital, and household income.

Methods: Based on data from the China Land Economic Survey (CLES), this study utilizes an ordered probit regression analysis method to analyze data from 923 sample respondents in 24 villages in Jiangsu Province. All analyses were conducted using Stata 15.0.

Results: The research findings indicate that digital literacy enhances the likelihood of farmers engaging in PEB. This practice is achieved by reinforcing farmers' subjective norms, strengthening their behavioral attitudes, and enhancing their perceived behavioral control (as the core elements in the Theory of Planned Behavior theory), thereby promoting the implementation of PEB among farmers. Further analysis reveals that digital literacy plays a crucial role in enhancing PEB among farmers with higher levels of education, social capital, and household income.

Discussion: The results of this study suggest that policymakers should enhance farmers' digital literacy and implement specific measures to improve farmers' subjective norms, behavioral attitudes, and perceived behavioral control. When the digital literacy and willingness for PEB are improved, farmers may engage in environmentally friendly practices.
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1 Introduction

With the development of the global economy, environmental issues in various countries are gradually becoming apparent, and the increasingly severe environmental risks are driving the world toward disaster (Yu et al., 2022). Agricultural systems have an extremely important impact on the environment. According to statistics, the global food system accounts for more than one-third of global anthropogenic greenhouse gas emissions, with the largest contribution coming from agricultural and land-use change activities (Crippa et al., 2021; Tubiello et al., 2021). Globally, especially for developing countries, the negative impacts of agricultural development on the environment are worsening (Cao et al., 2020). Over the past few decades, China's agricultural development has achieved remarkable accomplishments. China, with only 9% of the world's arable land, feeds nearly 20% of the global population, while also increasing farmers' income and quality of life (Mi et al., 2020). However, the rapid development of agriculture has also brought about significant negative impacts on the environment, such as land pollution and ecological degradation. According to data from the Food and Agriculture Organization (FAO) of the United Nations, in 2020, the average pesticide use per hectare of arable land in China was 1.95 kg, higher than the world average of 1.81 kg, with the annual insecticide usage being 70,804.73 tons, higher than that of the United States at 65,770.8 tons1. Therefore, changing China's traditional extensive agricultural production methods and promoting the green and sustainable development of agriculture are urgent issues that need to be addressed in China's future agricultural development process.

Fortunately, China has recognized the imbalance between economic development and environmental protection and has successively enacted a series of policies to promote the green and sustainable development of agriculture. However, the dispersed, concealed, and lagging characteristics of agricultural pollution determine that current measures such as post-pollution control through laws and regulations and point source control policies are difficult to achieve the desired effects (Guo and Zhao, 2014). The root cause of environmental issues lies in human behavior (Price and Leviston, 2014), and farmers, as the micro subjects of agricultural production, have engaged in inappropriate production practices, which have become the main cause of agricultural pollution in China (Liu et al., 2021). Farmers' PEB refers to their conscious adoption of low-pollution, reuse, and reduction agricultural management practices during the production process. Relying on farmers' PEB can effectively address agricultural pollution at its source (Cheng and Monroe, 2012; Shi et al., 2018). Therefore, a thorough analysis of the underlying mechanisms of farmers' PEB and guiding farmers to consciously practice PEB in agricultural models are crucial for overcoming agricultural ecological environmental challenges and promoting the green and sustainable development of agriculture.

Research on farmers' PEB primarily focuses on two aspects: on one hand, analyzing the influence of external factors such as policy support, farm size, farming conditions, and household characteristics on farmers' PEB (Khataza et al., 2018; Marr and Howley, 2019); on the other hand, examining the effect of farmers' personal endowments, such as gender, age, livelihood capital, social capital, and education level, on farmers' PEB (Botetzagias et al., 2015; Bakker et al., 2021; Yu et al., 2021). However, as farmers are individuals with independent thoughts, their PEB is not only influenced by external factors but also driven by internal factors. The farmers' inner acceptance and support for PEB are necessary prerequisites for engaging in PEB. Motivation, as the precursor of individual action, can propel farmers toward PEB (Hattie et al., 2020). Scholars have started to pay attention to the relationship between subjective factors such as values, cognition, and emotions, and farmers' PEB (Byrne and O'Regan, 2014; Zhang et al., 2016; Fu et al., 2017). For example, Ali et al. (2020) found that farmers' optimistic attitudes affect behavioral changes and the adoption of green technologies in rice production among Ghanaian farmers.

Farmers' attitudes toward PEB depend on both the information they possess and the information they obtain externally. The digital revolution has created opportunities for farmers to remotely and cost-effectively access various information. Digital technologies play a crucial role in changing farmers' cognition and attitudes by helping them acquire information. However, digital literacy, which determines the extent to which they can access and utilize information, is often overlooked in research on PEB. Firstly, existing research has not treated digital literacy as an independent variable, thus neglecting its significant role in farmers' PEB. Particularly in the digital economy era, farmers with higher digital literacy can better apply digital technologies to transform traditional agricultural practices, and the impact of digital literacy on farmers' PEB cannot be ignored (Huang et al., 2022). Secondly, the measurement of farmers' PEB is relatively singular, mostly focusing on a specific behavior, such as avoiding straw burning (Bell et al., 2016). This approach lacks a systematic measurement of farmers' PEB and overlooks the differences in PEB among different farmers. Thirdly, the willingness of farmers to engage in PEB has not been incorporated into the study to explore the relationships and pathways between relevant variables. As rational individuals, farmers are often guided by self-interest, and their PEB are mainly determined by their behavioral intentions (Cao et al., 2022). Therefore, the research questions of this paper are focused on farmers, aiming to investigate whether digital literacy, as a critical factor, can influence farmers' PEB, how this influence occurs, and the differences in its impact on various PEBs among different farmers. The goal is to better promote the adoption of PEBs by farmers and to reduce the environmental damage caused by agricultural production.

Building upon the existing literature and addressing its limitations, this study is grounded in the context of agricultural green transformation under the conditions of the digital economy. It focuses on the impact of digital literacy on farmers' PEB and integrates the Theory of Planned Behavior into the analytical framework to further explore the role of farmers' PEB intentions in the influencing mechanism. Subsequently, using data from the 2022 China Land Economic Survey (CLES) as a sample, this study empirically analyzes the influence of digital literacy on farmers' PEB from a micro perspective, the mediating role of farmers' behavioral intentions, and the differential impact of farmers' digital literacy on different types of PEB. These analyses provide valuable insights for standardizing farmers' PEB and comprehensively enhancing the level of agricultural sustainable development.

This study contributes to the literature in several aspects. Firstly, in the context of the digital economy era, it analyzes farmers' PEB from the perspective of digital literacy, offering a novel viewpoint to promote farmers' PEB. Secondly, it enriches the measurement of farmers' PEB by assessing it in three phases: pre-production, production, and post-production, providing a comprehensive reflection of farmers' PEB status. Additionally, it designs an index system for farmers' digital literacy from the perspectives of digital technology accessibility and depth of usage, and utilizes the entropy method to measure it, reflecting farmers' level of digital literacy. Thirdly, by incorporating the Theory of Planned Behavior into the analysis of the impact mechanism of digital literacy on farmers' PEB, it clarifies the relationships among digital literacy, farmers' behavioral intentions, and farmers' PEB through mediating effect tests, revealing new pathways to promote farmers' engagement in PEB. Furthermore, it explores the differential impact of farmers' digital literacy on different types of PEB, providing insights for formulating targeted green production guidance policies.

The remaining sections of this study are organized as follows. Section 2 reviews previous literature and formulates research hypotheses through theoretical analysis. Section 3 introduces the materials and research methods of the paper, including data collection, variable measurement, and the construction of econometric models. Section 4 presents the empirical analysis results. Section 5 discusses the research findings. Section 6 concludes the study and identifies future research directions.



2 Theoretical analysis and research hypotheses


2.1 The direct relationship between digital literacy and farmers' PEB

According to farmer behavior theory, rational economic agents, farmers, aim to maximize operational profits in their production decisions. Therefore, the economic value brought by PEB becomes the driving force for farmers to adopt such behavior to a greater extent (Huang et al., 2018). Whether PEB can bring economic value is driven by external information such as production costs, expected returns, and government policies. Accessing extensive information helps farmers gain a deeper understanding of PEB and reduces their resistance to PEB due to insufficient information (Yu et al., 2020). In the digital economy era, digital information plays an increasingly important role. Timely, accurate, and abundant digital information provides basic data and reference for farmers' decision-making (Molinillo and Japutra, 2017). The digital divide resulting from the low level of digital literacy among farmers creates barriers to their acquisition and utilization of digital information. Existing research defines digital literacy as the ability of individuals to effectively obtain and appropriately use relevant information through internet platforms (Hargittai, 2005). For the farmers, who are the focus of this study, they first need to have access to digital devices for acquiring digital information. Furthermore, they must be able to comprehend, apply, and critically evaluate the digital information obtained in their production and daily life. This allows farmers to expand their sources of information, break free from information silos, and be more willing to engage in PEB. Therefore, this paper defines farmers' digital literacy as the ability of farmers to use digital devices to acquire digital information and apply the obtained digital information in their production and management processes. The impact of digital literacy on farmers' PEB can be specifically analyzed from the perspectives of inputs and outputs. In terms of input, farmers with high digital literacy have richer information reserves related to PEB, enabling them to accurately grasp the input of agricultural production factors, avoid excessive input of factors, and thus reduce the costs brought by PEB. In terms of output, the influence of digital literacy on PEB mainly manifests in expected output and unexpected output (Wang et al., 2023). For expected output, farmers obtain information about agricultural production through WeChat public accounts and agricultural service apps, choose suitable crop varieties according to market demand, and promote productivity improvement by adopting green technologies, thereby increasing the income brought by PEB (Wang et al., 2024). For unexpected output, the government usually formulates corresponding policies and systems to reward farmers engaged in green production to encourage PEB, and punish farmers who harm the environment to reduce environmentally harmful behavior. Farmers with high digital literacy have strong cognitive abilities regarding information and can timely access policy information about green production. In order to obtain PEB subsidies and avoid penalties, they correctly allocate production factors and reduce agricultural pollution (Song et al., 2020; Yang et al., 2024). Based on the above, this paper puts forward the first research hypothesis.

Hypothesis 1. Digital literacy has a significant positive impact on farmers' PEB.



2.2 The role of behavioral intentions in the relationship between digital literacy and farmers' PEB

Proposed by Ajzen (1991), the Theory of Planned Behavior (TPB) has been widely applied to study the formation of various human behaviors. According to TPB, farmers' PEB is determined by their behavioral intentions, which are in turn influenced by three core psychosocial structure variables, including subjective norms (SN), behavioral attitudes (BA), and perceived behavioral control (PBC) (Cao et al., 2022). In the process of agricultural production and management, PEB by farmers encompasses practices such as soil testing-based fertilization and environmentally-friendly pest control, which aim to balance economic, ecological, and social benefits (Yu et al., 2017). These behaviors exhibit characteristics of positive externalities, such as long-term investment returns, high risks, and requirements for large-scale operations, yet the positive externalities of PEB are challenging to internalize completely. As rational economic agents, farmers seek to maximize producer utility, with the narrow objective of profit maximization in economic markets (Dowlatshahi, 2010). The uncertainty of benefits derived from PEB contributes to a lower willingness among farmers to engage in such behavior. However, the improvement in farmers' digital literacy levels can lead to a clearer understanding of their SN, a more positive BA toward PEB, and a stronger PBC. This alteration from previously low profit expectations regarding PEB further enhances the willingness to engage in PEB and ultimately implement it. In summary, this study will analyze the indirect impact of digital literacy on farmers' PEB from the dimensions of SN, BA, and PBC.

Firstly, digital literacy strengthens farmers' SN and promotes their engagement in PEB. SN refers to the perception of social pressure individuals feel when adopting a specific behavior. SN emphasizes farmers' awareness of social pressure, as they often consider the pressure exerted by relevant stakeholders when deciding whether to adopt PEB in agricultural production and management. For farmers with higher levels of digital literacy, on one hand, they intuitively understand the harm to the environment caused by non-green practices in agricultural production through browsing images, watching videos, listening to news, etc., which stimulates a sense of moral responsibility and increases pressure for environmental protection, thereby strengthening their SN (Zeng, 2023). On the other hand, they can use modern communication technologies to enhance communication and exchange with other farmers, making it easier for them to perceive the environmental pressure exerted by other farmers implementing PEB under the influence of peer effects. Additionally, farmers with higher digital literacy are more likely to have their online interactions with other stakeholders open to public information, which is understood by other farmers, thereby forming an implicit supervision of farmers' PEB. Once environmental pollution issues in agricultural production are exposed, negative publicity will quickly ferment within the social network of the farmers, leading to irreversible and serious consequences (Halvorsen, 2012; Lakhan, 2015). Through the above analysis, farmers with high digital literacy can enhance their SN based on the pressure exerted by external stakeholders on PEB, forming the willingness to engage in PEB and promoting the implementation of PEB by farmers. Based on the above, this paper proposes the following research hypotheses.

Hypothesis 2a. Digital literacy promotes farmers' engagement in PEB by strengthening their SN.

Secondly, digital literacy enhances farmers' BA, thus promoting their engagement in PEB. BA refers to an individual's degree of self-acceptance of certain behaviors, reflecting their positive or negative evaluation of those behaviors. Farmers assess each specific PEB based on their own judgment, considering the advantages and disadvantages of different PEB, and formulating their own attitudes toward whether to engage in a particular behavior (Klöckner, 2013). Farmers with high digital literacy can leverage digital technologies to expand their access to agricultural information, gaining a better understanding of the importance of PEB for the environment (Wang et al., 2024). Additionally, farmers with high digital literacy often sell agricultural products through e-commerce platforms such as shopping websites and live streaming sales, enabling direct interaction between the production and consumption ends of agricultural products. Through this approach, farmers can gain insights into consumers' demand for environmentally friendly agricultural products and experience the benefits of green agricultural products, thereby increasing their acceptance and recognition of PEB (Kansiime et al., 2019). Through the aforementioned analysis, farmers with high digital literacy can expand their channels for accessing agricultural information, enhance their connection with the market, and form positive evaluations of PEB, thereby strengthening their willingness to implement PEB and adopting various PEB in agricultural production. Based on the above, this paper proposes the following research hypotheses.

Hypothesis 2b. Digital literacy promotes farmers' engagement in PEB by enhancing their BA.

Thirdly, digital literacy enhances farmers' PBC, thereby promoting their engagement in PEB. PBC reflects individuals' evaluation of challenges when taking specific actions, indicating the degree to which they perceive control and feasibility in the process of taking action. Digital literacy can enhance farmers' PBC in several ways. Firstly, farmers with high digital literacy are more likely to access loans, alleviating the financial constraints of PEB. Compared to traditional agricultural practices, PEB requires increased production costs. Farmers with higher digital literacy can overcome geographical limitations in obtaining loans by using digital financial tools. They can also apply for some unsecured and fast-loan credit services, thereby breaking financial constraints and enhancing PBC (Li and Zhou, 2023). Secondly, PEB by farmers inevitably involves new mechanical equipment. Farmers with high digital literacy are more likely to master efficient agricultural machinery to meet the equipment requirements for PEB, thereby reducing their perception of difficulties (Gong et al., 2024). Finally, PEB by farmers mainly involves the adoption of pro-environmental technologies, and their mastery of these technologies influences their PBC. Farmers with high digital literacy are often more capable of identifying, digesting, and applying relevant technological information. Possessing appropriate green production technologies makes it easier to address the challenges of implementing PEB, thereby enhancing their PBC (Bai et al., 2023). Through the above analysis, farmers with high digital literacy can access financial support, agricultural machinery, and technological assistance to address the challenges of implementing PEB, thereby strengthening their PBC and increasing their willingness to adopt PEB, making it more likely to engage in PEB. Based on the above, this paper proposes the following research hypotheses.

Hypothesis 2c. Digital literacy promotes farmers' engagement in PEB by enhancing their PBC.



2.3 Heterogeneity analysis of the impact of digital literacy on farmers' PEB

For the subject farmers of this study, they belong to a highly heterogeneous group, so the impact of digital literacy on PEB may vary among farmers with different characteristics. Firstly, according to the theory of innovation diffusion, technological complexity is one of the main obstacles faced by adopters (Acikgoz et al., 2023). Farmers engaging in PEB require the acceptance of new knowledge and technology. Farmers with higher levels of education have higher cognitive and acceptance capabilities, possess better digital literacy, and are more likely to learn and master knowledge and skills related to agricultural green production. Therefore, the influence of digital literacy on PEB is more significant among farmers with higher education levels. Secondly, social capital, as the ability of individuals to allocate various resources in society, determines the extent to which digital literacy affects PEB among farmers. Farmers with high social capital have abundant social resources, making it easier for them to access knowledge and skills related to digitalization. Through frequent interactions with diverse entities, they enhance their digital literacy (Neumeyer et al., 2020). Finally, most farmers have a weak resistance to risk and tend to have a higher risk-averse attitude. Farmers with lower family income are less able to bear the potential losses associated with engaging in PEB (Wang et al., 2020). Therefore, compared to high-income farmers, the impact of digital literacy on PEB is smaller among low-income farmers. Based on the above, this paper proposes the following research hypotheses.

Hypothesis 3. Digital literacy is more likely to facilitate farmers with higher levels of education, higher social capital, and higher family income to engage in PEB.

The analysis framework illustrating how digital literacy promotes PEB among farmers is presented in Figure 1.
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FIGURE 1
 Framework of how digital literacy promotes farmers' PEB.





3 Material and methods


3.1 Data sources

This study utilized the China Land Economic Survey (CLES) conducted by Nanjing Agricultural University in 2022 in Jiangsu Province. The CLES aims to provide reliable empirical evidence to illustrate the rural production and operation situation in Jiangsu Province, and to offer reference for government departments in formulating rational policy interventions. The survey questionnaire covers various aspects including rural infrastructure, factor markets, rural governance, inclusive finance, digital agriculture, living environment, and rural elderly care development. It reflects the micro-level individual farmers' situation of green production. The data's good representativeness and reliability provide comprehensive support for this study. The survey utilized the Probability Proportional to Size (PPS) sampling method, randomly selecting sample counties/districts and administrative villages to ensure sufficient diversity and balanced representation across different groups, thereby reducing sample selection bias. To further mitigate data bias, during the data cleaning and preprocessing stages, outliers were removed and missing values were imputed to ensure data consistency and accuracy. In the data analysis stage, various statistical methods were employed to verify the results, ensuring their robustness and consistency. The survey data encompassed six prefecture-level cities and 24 villages in Jiangsu Province. Based on the actual needs of the study, information on household characteristics, individual characteristics, and the implementation of pro-environmental behaviors was extracted from the raw data. After processing, a total of 923 valid questionnaires were obtained.



3.2 Variable definition and measurement
 
3.2.1 The dependent variable

The dependent variable selected in this study is farmers' PEB. Farmers' PEB can be understood as the activities carried out by farmers in agricultural production to protect the agricultural environment, such as reducing expenses and the use of plastic film (Bell et al., 2016). As the agricultural production process consists of multiple stages, including pre-production, production, and post-production stages, and considering the diversity of agricultural production stages and the limitations of data, we referred to the studies by Zhou et al. (2019, 2020) and selected five specific behaviors for analysis. These behaviors include the use of soil testing and fertilization technology (pre-production), the use of high-efficiency, low-toxicity, and low-residue pesticides (production), the application of commercial organic fertilizers (production), the recycling of agricultural film (post-production), and the recycling of pesticide packaging (post-production). Each behavior is set as a binary variable, with a value of 1 if the farmer adopts the behavior and 0 if not. Finally, the values of these five variables are summed to obtain a composite value measuring the extent of farmers' PEB.



3.2.2 The independent variable

This study selects farmers' digital literacy as an explanatory variable. Based on the previous definition of digital literacy, the ability of farmers to utilize digital devices is a necessary prerequisite. Applying the acquired digital information to the production and management process can be specified as the use of digital finance and digital lifestyle. Following the content of the CLES questionnaire and the studies by Alant and Bakare (2021) and Du et al. (2023), farmers' digital literacy is measured from three dimensions: access to digital technology, use of digital finance, and digital lifestyle. Access to digital technology is represented by the number of smartphones and computers owned. The use of digital finance is represented by the level of understanding of digital credit services and the frequency of digital payments. Digital lifestyle is represented by the extent to which information is obtained online. However, it is important to note that the personal economic ability of farmers may lead to higher values for these indicators, potentially causing bias in the results. To address this issue, the study employs two approaches: first, it filters the data by excluding samples with high economic income and high numbers of smartphones, computers, or digital payments to avoid potential bias. Second, to further control the impact of farmers' economic ability on the measurement of digital literacy, the study includes household income as a control variable in the statistical model to account for potential bias. After non-dimensionalization of these five indicators, the weights of each indicator are obtained using the entropy weighting method. The specific indicators and weights are shown in Table 1.


TABLE 1 Assessment framework for farmers' digital literacy indicators.
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3.2.3 The mediating variable

Based on the previous analysis of the indirect relationship between digital literacy, behavioral intention, and farmer PEB, this study selects the mediating variables of farmer SN, farmer BA, and farmer PBC (Cao et al., 2022). By referring to existing research (Billari et al., 2009; Ajzen and Klobas, 2013), and the definitions of each concept, combined with the content of the questionnaire, farmer subjective norms are measured by “How do you rate the living environment in your village?”; farmer behavioral attitudes are measured by “How do you perceive your own environmental behaviors?”; and farmer perceived behavioral control is measured by “Your attitude toward income growth in the next 1–2 years.” These three items were chosen because villages with better living environments increase the social pressure felt by farmers. As other farmers pay attention to their environmental behaviors and the environment improves, farmers face environmental pressure exerted by their peers. Farmers' perceptions of their own environmental behaviors can fully reflect their self-acceptance of environmentally friendly behaviors. Estimations of future income increases by farmers can reflect their assessment of environmental challenges. If farmers believe that engaging in green behaviors is within their control, they will have an optimistic outlook on the future.



3.2.4 Control variables

Based on previous studies (Diendéré et al., 2018; Melo et al., 2018), factors such as gender, age, education level, household size, and farm size are known to have an impact on rural PEB. Therefore, this study introduces three levels of control variables to reduce estimation bias. Regarding individual characteristics of farmers, this includes gender, age, educational level, health status, and training received by the household head. Regarding household characteristics, it includes the number of household members, household income, level of household diversification, and whether the household is a member of the Communist Party. Regarding land characteristics, it includes land size, land tenure status, and land fertility. The specific content is shown in Table 2.


TABLE 2 Variable meaning and definition.
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3.3 The empirical method
 
3.3.1 Ordered Probit model

The dependent variable in this study is discrete, and standard regression models cannot be used for empirical analysis. Therefore, according to econometric textbooks (Wooldridge et al., 2016), this study employs an Ordered Probit model to examine the impact of digital literacy on farmers' PEB. The model expression is as follows:

[image: image]

In Equation (1), PEB is the dependent variable, DL is the core explanatory variable, Xi represents a series of control variables that may affect the dependent variable, including individual characteristics of entrepreneurs, family characteristics, and land characteristics. εi is the random error term, α0 is the constant term, and α1 and α2 are the parameters to be estimated. Assuming ε ~ N (0, 1) distribution, the Ordered Probit model can be expressed as:
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In Equation (2), r0 < r1 < r2 < r3 < r4 are the parameters to be estimated; PEB takes values ranging from 0 to 5, representing “not implemented” to “implemented 5 types of PEB” by farmers, where φ is the cumulative density function of the standard normal distribution. By constructing the likelihood function for each farmer's PEB, maximum likelihood estimation is then used to estimate the model parameters.



3.3.2 Mediation effect model

This study proposes that digital literacy may promote farmers' PEB through their SN, BA, and PBC. To verify the potential mediating mechanisms, drawing from the mediation effect testing method proposed by Jiang (2022), linear regression equations are constructed for the relationships between digital literacy and the intermediate variables SN, BA, and PBC. Where β0, γ0, δ0 are constants, β1, γ1, δ1, β2, γ2, δ2 represent their estimated coefficients. The specific testing models are as follows:
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4 Results


4.1 Analysis of basic results
 
4.1.1 Regression analysis based on Ordered Probit model

Before conducting the baseline regression, it is necessary to consider the issue of multicollinearity among variables. This study performed a collinearity diagnosis, and the results indicate that the maximum variance inflation factor (VIF) is 2.22 (< 10), suggesting that there is no severe multicollinearity issue among variables. The selection of explanatory variables is therefore deemed reasonable.

Table 3 presents the estimation results of the baseline Model (1) for the impact of digital literacy on farmers' PEB. Model (1-1) examines the direct effect of digital literacy on farmers' PEB. The results indicate a significant positive impact of digital literacy on farmers' PEB at the 1% level of significance. Controlling for individual, household, and land characteristics, the results of Model (1-2) show that digital literacy continues to have a positive impact on farmers' PEB, with a coefficient of 1.342, significant at the 1% level. This indicates that farmers with higher digital literacy are more likely to implement PEB. One possible explanation is that compared to farmers with lower digital literacy, those with higher digital literacy can access, communicate, and apply information through digital means, thereby enhancing the benefits of implementing PEB and reducing associated costs. Under the assumption of rationality, farmers adjust their agricultural production behaviors and decisions, thus promoting the implementation of PEB. Additionally, factors such as gender, education, health, and household income also influence farmers' PEB. Specifically, female farmers, those with higher levels of education, better health, and higher incomes are more likely to engage in PEB. Women may have higher levels of empathy and social responsibility, which can translate into a greater concern for environmental issues and a stronger commitment to PEB. Higher education levels typically lead to a better understanding of environmental issues and sustainable practices, enabling educated farmers to access and comprehend information about PEB. Good health allows farmers to participate more actively in labor-intensive PEB activities, as healthier farmers have the physical capacity to implement and maintain sustainable practices. Additionally, higher household income provides farmers with the financial resources to purchase the necessary tools and technologies for PEB and offers greater economic security, enabling them to bear potential short-term costs for long-term environmental benefits. Based on this, research hypothesis H1 is confirmed.


TABLE 3 Basic regression results of Oprobit model.
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Given that farmers' PEB involves multiple processes in pre-production, production, and post-production, each stage of production behavior varies, and the costs and benefits of adopting PEB also differ. Therefore, after clarifying the ability of digital literacy to enhance farmers' PEB, this study further analyzes the impact of digital literacy on each type of PEB. The results in Model (1-4), (1-6), and (1-7) of Table 3 indicate that the improvement in digital literacy can promote farmers to use low-toxic and low-residue pesticides, recycle agricultural film, and recycle pesticide packaging. These three types of PEB are, respectively, in the production and post-production stages. On the one hand, using low-toxic and low-residue pesticides has low costs and high returns, which can directly bring economic income to farmers. On the other hand, post-production non-green behaviors may not only reduce agricultural output for the next year but also easily attract scrutiny from regulatory authorities, leading to penalties. Therefore, the positive impact of digital literacy on the above three types of PEB is significant. The results in Model (1-3) and (1-5) indicate that although the impact of digital literacy on soil testing and the use of commercial organic fertilizers is not significant, the relationship remains positive.



4.1.2 Endogeneity analysis

In fact, this study may also face potential endogeneity issues such as reverse causality or omitted variables, which could affect the reliability of the research findings. Specifically, on one hand, in the process where digital literacy enhancement influences PEB, the implementation of PEB may indirectly influence farmers, thereby enhancing their digital literacy. To address the endogeneity issues arising from the mutual causality, it is essential to employ appropriate econometric techniques. On the other hand, despite controlling for some variables based on data availability, controlling for all variables remains challenging, leading to potential omitted variable bias in the baseline model.

To overcome the potential endogeneity issues mentioned above, this study adopts the Conditional Mixed Process (CMP) estimation method. This method requires simultaneous estimation of two equations: the first equation estimates the impact of instrumental variables on digital literacy, while the second equation estimates the impact of digital literacy on farmers' PEB. By referring to the endogeneity test parameter Atanhrho-12 to discern the exogeneity of variables, if the parameter significantly differs from zero, it indicates the presence of endogeneity issues, and in this case, CMP estimation results are more accurate (Roodman, 2011). Regarding the selection of instrumental variables, this study follows the approach of Su and Peng (2022), choosing “the average digital literacy of other sampled households in the same village as the interviewed farmers” as the instrumental variable for digital literacy. The selection of this instrumental variable is primarily based on two points: firstly, in terms of correlation, when other households in the same village have higher digital literacy, the interviewed respondents, driven by the herd mentality, tend to imitate and learn from others, thereby improving their own digital literacy. Secondly, in terms of exogeneity, the digital literacy of other households in the village has no direct relationship with the PEB of the interviewed households. Therefore, the selection of instrumental variables meets the requirements of correlation and exogeneity, and then constructs a model to test them.

From Table 4, Model (2-1) indicates that the average digital literacy of other sampled households in the same village as the interviewed farmers exhibits statistical significance at the 1% level, with a positive effect on digital literacy. Moreover, the F-value exceeds 10, indicating the absence of a weak instrumental variable problem. The results of Model (2-2) regression show that, after controlling for potential endogeneity bias, digital literacy significantly and positively influences farmers' PEB at the 1% significance level. This conclusion aligns with the baseline regression findings. Additionally, the endogeneity test parameter atanhrho-12 based on the CMP method is statistically significant at the 1% level, indicating the presence of endogeneity issues in the baseline regression. Therefore, the conclusions drawn from the CMP method are more robust.


TABLE 4 Endogeneity analysis of the impact of digital literacy on PEB.
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4.2 Mediation effect analysis

Based on the theoretical analysis presented earlier, digital literacy can enhance farmers' SN, strengthen their BA, and improve their PBC, thereby increasing their willingness to engage in PEB. To verify the indirect impact of digital literacy on PEB, this study uses the constructed models (3), (4), and (5) to test the mediation effect. The specific results are shown in Table 5. Model (3-1) indicates that the coefficient of digital literacy on farmers' SN is significantly positive at the 1% statistical level, verifying hypothesis H2a. This may be explained by the fact that farmers with higher levels of digital literacy can expand their sources of information, perceive the PEB of other farmers, and, under the influence of group effects and public opinion pressure, feel a heightened sense of moral responsibility to implement PEB themselves. The results of Model (3-2) demonstrate that digital literacy significantly positively influences farmers' BA at the 1% statistical level, with a coefficient of 0.448, validating hypothesis H2b. This promotion effect can be understood from two perspectives: On one hand, with the improvement of farmers' digital literacy, they can more easily access relevant information about green production, thus enhancing their environmental awareness. On the other hand, farmers with high digital literacy are more likely to learn about the premium prices of green agricultural products in the market through the internet, and they are more willing to engage in PEB in the context of increased profit expectations. Model (3-3) shows that digital literacy significantly positively influences farmers' PBC at the 1% statistical level, confirming hypothesis H2c. The possible explanation is that farmers with high levels of digital literacy can acquire the resources needed for PEB, such as funds, equipment, and technology, through digital means. The support of resources facilitates farmers' transition from the willingness to engage in PEB to actual implementation.


TABLE 5 Estimation results of the mediating effect of digital literacy on farmers' PEB.
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4.3 Heterogeneity analysis of the impact of digital literacy on PEB

This study employs a grouped regression approach, Model, to investigate the influence of digital literacy on PEB among rural households with different levels of education, social capital, and household income. The specific estimation results are presented in Table 6.


TABLE 6 Results of heterogeneity analysis of the impact of digital literacy on PEB.
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Firstly, Digital literacy and PEB among rural households: Heterogeneity based on the level of education. Typically, the educational level of rural households can be categorized as high if it is at or above junior high school, and low if it is below junior high school. The average education level of the surveyed households in this study is 7.2 years, which corresponds to a junior high school education level. Based on this, the study divides households into two categories: high education level and low education level. Model (4-1) and (4-2), respectively, represent the impact of digital literacy on PEB among households with high and low education levels. The coefficients of digital literacy on PEB for high education level households and low education level households are 0.856 and 0.539, respectively. The results indicate that the marginal effect of improving digital literacy on PEB is more significant for households with higher education levels. This suggests that households with higher education levels have greater cognitive and learning advantages, enabling them to transform digital literacy into productive capacity more quickly and thereby promoting the implementation of PEB.

Secondly, Digital literacy and PEB among rural households: Heterogeneity based on social capital. In this study, “How much money do you typically give as a gift when attending weddings or other events for relatives or friends?” was used to measure the social capital of households. The average amount of money given as gifts by surveyed households was used as the standard to divide households into high and low social capital groups. Model (4-3) and (4-4) report the regression results for these two groups of households. The impact of digital literacy on PEB is significantly higher for households with high social capital compared to those with low social capital. This result may suggest that social capital provides households with abundant social resources, making it easier for them to access and learn digital knowledge, improve digital literacy, and thus become more willing to implement PEB.

Thirdly, Digital literacy and PEB among rural households: Heterogeneity based on household income. Using the average household income as the benchmark, households were divided into high-income and low-income groups. Model (4-5) and (4-6) demonstrate that digital literacy has a significant positive impact on PEB for both groups of households, but the magnitude of the impact differs. For the high-income group, the coefficient of digital literacy on PEB is 1.161, higher than the coefficient of 1.148 for the low-income group. This outcome may suggest that while implementing PEB requires financial support and involves certain risks, households with higher income levels face weaker financial constraints and have relatively higher risk-taking capabilities. Conversely, households with lower incomes require more financial support and tend to exhibit higher risk-averse tendencies. Therefore, the promoting effect of digital literacy on PEB is more pronounced among high-income households. Based on the aforementioned analysis, hypothesis H3 is confirmed.



4.4 Robustness test

To further ensure the reliability of the estimation results, this study conducted robustness tests on the main effect model from three aspects: changing the method of constructing explanatory variables, reducing the sample size, and altering the model. The results are shown in Table 7.


TABLE 7 The robustness test results of the influence of digital literacy on farmers' PEB.
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First, the robustness test of changing the index construction method. This study, based on the established indicator system, used principal component factor analysis to calculate the index of digital literacy for farmers. The Kaiser-Meyer-Olkin value of the relevant items was 0.641, exceeding 0.6, indicating the suitability of using principal component factor analysis. Based on the principle of retaining two main component factors with eigenvalues ≥1 to represent digital literacy, the index of digital literacy for farmers was derived from the factor loadings of each item, followed by regression analysis. Model (5-1) presents the regression results of the index of digital literacy derived from principal component analysis on farmers' PEB. The results show that digital literacy still positively influences farmers' PEB, consistent with the previous findings.

Second, the robustness test of excluding some samples. Compared to younger individuals, older farmers have weaker abilities in using digital technology and are less proactive in subjectively accepting external information, resulting in a weaker correlation between their PEB and digital literacy. Therefore, this study excluded some elderly individuals to verify the reliability of the estimation results. The World Health Organization defines individuals aged 60 and above as elderly people, among whom those aged 60–74 belong to the younger elderly category and still possess some learning capabilities. Therefore, this study excluded samples of farmers aged 74 and above, as shown in Model (5-2). The results still indicate that digital literacy influences farmers' PEB, suggesting that higher digital literacy scores are associated with a greater likelihood of implementing PEB, consistent with the previous findings.

Third, the robustness test using Probit models. The Probit method is generally suitable for cases where the dependent variable is a binary variable. Accordingly, this study divided farmers into two categories based on the extent of their PEB: the “low PEB” sample group consisted of farmers adopting 0–2 types of PEB, while the “high PEB” sample group consisted of farmers adopting 3–5 types of PEB. The regression results, as shown in Model (5-3), indicate that digital literacy significantly promotes farmers' PEB. The regression results are generally consistent with the previous findings, demonstrating good robustness.




5 Discussion

Compared with existing studies, this paper focuses on Chinese farmers and incorporates digital literacy into the analytical framework of farmers' PEB. It establishes an evaluation index system for digital literacy and measures related variables to analyze the impact of digital literacy on farmers' PEB, thereby expanding the research on the factors influencing farmers' PEB. The study confirms the positive impact of digital literacy on farmers' PEB, indicating that digital literacy plays a significant facilitating role in farmers' implementation of PEB. Enhancing farmers' digital literacy can effectively improve the PEB in their production and management activities. This conclusion is consistent with existing literature (Huang et al., 2022; Du et al., 2023). Additionally, based on the TPB, this study incorporates behavioral intention into the analysis of farmers' PEB and quantifies it through subjective norms, behavioral attitudes, and perceived behavioral control. It examines the indirect effects of digital literacy on farmers' PEB, expanding the application of TPB in green agricultural production. The results confirm the mediating roles of subjective norms, behavioral attitudes, and perceived behavioral control in the relationship between digital literacy and farmers' PEB. This indicates that farmers' digital literacy triggers their intention to implement PEB, which eventually leads to the actual behavior, confirming that behavioral intention is a crucial driver of farmers' PEB. Specifically, this intention is influenced by farmers' subjective norms, behavioral attitudes, and perceived behavioral control, which serve as mediators in the positive impact of digital literacy on farmers' PEB. Furthermore, this study examines the roles of farmers' education levels, social capital, and household income in the process of digital literacy influencing PEB, considering the differences in personal and household characteristics among farmers. The results show that farmers with higher education levels, greater social capital, and higher household income are more likely to engage in PEB under the influence of digital literacy. These findings highlight the roles of behavioral intention and certain individual and household characteristics in the process of digital literacy impacting farmers' PEB, addressing gaps in existing research.



6 Conclusion

This study examines the relationship between farmers' digital literacy and PEB, confirming the positive impact of digital literacy on farmers' PEB. It emphasizes the mediating roles of subjective norms, behavioral attitudes, and perceived behavioral control in the relationship between digital literacy and farmers' PEB. Additionally, the study reveals the significant roles of farmers' education levels, social capital, and household income. The higher the education level, the stronger the social capital, and the higher the household income, the greater the impact of digital literacy on farmers' PEB.

The above research conclusions provide important insights for policymakers to promote farmers' environmental protection practices. On the one hand, the role of digital literacy in enhancing farmers' PEB should be recognized. The government should strengthen the construction of digital infrastructure and digital skills training in rural areas, ensuring that farmers can access and proficiently use digital devices and internet resources. By organizing training courses and providing online learning platforms, the digital literacy of farmers can be improved, thereby promoting their PEB. On the other hand, the influence of digital literacy on farmers' subjective norms, behavioral attitudes, and perceived behavioral control should be fully utilized to enhance farmers' willingness to engage in PEB. This will promote the implementation of PEB among farmers and reduce the environmental damage caused by agricultural production and management activities. Additionally, since digital literacy is more beneficial for farmers with higher education levels, social capital, and household income in implementing PEB, the government should invest in improving farmers' educational levels to enhance their knowledge. It should also encourage cooperation and communication among farmers to strengthen their social capital, and formulate policies that support rural economic development to increase farmers' income levels. These combined measures will enhance the effect of digital literacy on farmers' PEB.

However, due to various limitations, this study inevitably has certain constraints that warrant further investigation. First, the data in this study were only collected from Jiangsu Province. Farmers' personal, family, and agricultural production conditions may vary across different countries and regions. Future research should consider this issue more comprehensively by conducting surveys in broader areas of other countries to provide a more holistic view of farmers' PEB. Second, the questionnaire survey is based on cross-sectional data, which cannot reveal the temporal effects of digital literacy on farmers' PEB. Future studies could enhance the reliability of the findings by extending the data collection period and employing panel data. Additionally, this study is limited by the questionnaire content; the measurement of farmers' PEB is not sufficiently diverse, as it only includes five representative behaviors. Future research could consider incorporating behaviors such as soil management and pest, disease, and weed control to more fully capture the implementation of farmers' PEB.
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Introduction: Specialty agricultural farmers have widely adopted digital technologies in all aspects of their specialty agricultural operations. However, the effect of digital technology application (DTA) on specialty agricultural farmers’ income has not been fully evaluated. Moreover, it remains unclear whether DTA enhances farmers’ income (FI) by improving their varied capabilities. To fill this gap, we analyzed the intrinsic relationship and mechanism between DTA, farmers’ capability (FC), and specialty agricultural farmers’ income.

Methods: Using field survey data from 635 litchi farmers in China, we employed OLS regression models and mediation effect models to empirically investigate DTA’s direct and indirect impacts on litchi farmers’ income. Additionally, we examined the group heterogeneity and regional heterogeneity.

Results and discussion: The empirical results show that DTA can promote specialty agricultural farmers’ income by enhancing their production capacity (PC) and transaction capacity (TC). Heterogeneity analysis showed that the empowering effect of DTA is especially significant for disadvantaged farmers, and farmers who are in specialty agricultural resources-rich regions.

Conclusion: This study contributes to the body of research on the empowerment of specialty agricultural farmers by examining the effect of DTA from a capability perspective. Consequently, to better play the empowering effect of DTA for specialty agricultural farmers, policymakers should account for regional disparities in promoting digital agriculture, and enhance heterogeneous farmers’ DTA capability.
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1 Introduction

Promoting industrial revitalization to help farmers achieve sustainable and stable income growth is an essential path for China to consolidate the achievement of poverty alleviation and realize common prosperity. Specialty agriculture, as a vital element of industrial revitalization, makes a significant contribution to farmers’ income growth (Li and Gan, 2022). This paper defines specialty agriculture as agriculture distinguished by varietal, regional, and cultural characteristics, in addition to the foundational attributes of general agriculture. It typically encompasses unique product categories, exceptional varieties, and superior quality, and is closely connected to the regional environment (Wan, 2022). Compared with general agriculture, specialty agriculture can generate sales revenue that is three to five times higher (Garg et al., 2023). The prices of protected geographical indication (GI) products are 11.5% higher than those of non-protected (Duvaleix et al., 2021). China has been making great efforts to advance specialty agriculture development. In 2017, the Chinese Government’s Central Document No. 1 clearly emphasized the need to transform local specialties and small varieties into major industries to promote farmers’ income. The 20th Party Congress report also advocated developing rural specialty industries and expanding farmers’ income channels. This focus was emphasized in the Chinese Government’s Central Document No. 1 for three consecutive years from 2022 to 2024. Driven by policies, specialty agriculture fosters rural industrial revitalization, resulting in increased incomes for local farmers. For example, by 2023, China has developed 3,274 “one village, one product” model villages and towns.1 Farmers’ per capita disposable income in these model villages and towns is about 10% higher than the national average (see footnote 1). However, official data are often average which can obscure the significant disparities in individual incomes. Our field survey data from 635 litchi farmers shows that the gap between the highest and lowest average net income can reach up to 400 times. More significantly, the foundation of some specialty agriculture is not solid in some regions. The monitoring result for the first six batches of national “one village, one product” model villages and towns shows that about 5.88% of villages and towns failed to meet the required standards (see footnote 1), which not only failed to empower farmers but also potentially remove farmers’ original ability. Thus, focusing on the issue of empowering specialty agricultural farmers and increasing their incomes is of great practical significance.

This task arises within two crucial contexts. Firstly, digitization has become a vital component of China’s economy. Since the 1990s, when Internet technology kicked off China’s digitization, the country has witnessed rapid growth in digital technology development. According to the latest data from the China Office of the Central Cyberspace Affairs Commission, China’s digital economy reached 50.2 trillion yuan in 2022,2 making up 41.5% of its GDP. Digital technology, as a new element, is now deeply embedded in agriculture. For example, the Internet, which is widely accessible to farmers, had a penetration rate of 66.5% in China’s rural areas in 2023.3 The integration of digital technologies with agriculture has revolutionized farmers’ production and business models (Abiri et al., 2023), creating new opportunities for increasing their incomes. We plotted the relationship between internet penetration rate in rural China (data from CNNIC) and per capita disposable income of rural residents in China (data from CNBS) from 2013 to 2023 (Figure 1). The results indicate a positive correlation between these two variables. In other words, as internet penetration rate rises, so does per capita disposable income of rural residents. This implies that the DTA of farmers may positively impact their income. Thus, it is important to provide more empirical evidence on the relationship between DTA and FI to address the challenge of maintaining stable income growth for farmers.
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FIGURE 1
 Internet penetration rate in rural China and per capita disposable income of rural residents in China from 2013 to 2023.


The second context is, specialty agricultural farmers are in dire need of digital technology empowerment. In reality, Many of China’s farmers are located in traditional agricultural areas, often remote and inaccessible but possess unique natural and cultural resources (Lin et al., 2023), suitable for developing specialty agriculture. Compared to general agriculture, specialty agricultural farmers face unique production risks, such as high perishability and high climate dependence (Flores et al., 2019), and are also vulnerable to extreme fluctuations in temperature and humidity (Zhao and Yue, 2020). Consumers expect high levels of freshness and flavor from specialty produce (Ruiz-Altisent et al., 2010), so specialty produce needs to be delivered to market immediately after harvest. However, unlike grain crops, specialty crops generally do not receive government protection, requiring farmers to bear their risks, and cope with high production and trading uncertainties, and it is challenging for specialty agricultural farmers to enter larger markets independently. Therefore, there is a growing demand from specialty agricultural farmers for digital technologies that can link small farmers to larger markets. To maximize the role of digital technology in empowering specialty agricultural farmers, the Chinese government has implemented several substantial decisions and deployments. In 2019, the government issued the Outline of the Strategy for Digital Countryside Development, explicitly proposing the “promotion of deep integration of the internet and specialty agriculture.” In 2022, the Central Office of the Internet, along with ten other departments, issued the Action Plan for the Development of the Digital Countryside (2022–2025), emphasizing the “continuous implementation of ‘digital business for agricultural development’… to promote mobile payment projects in rural areas, specialty industries….” Therefore, examining how DTA can empower specialty agricultural farmers to increase their incomes is crucial for designing better policy tools to promote common prosperity.

Recently, the issue of how DTA empowers farmers has gained considerable attention. There are two main strands of literature relevant to this paper. First, it relates to the ongoing debate concerning the impact of DTA on farmers’ performance. Before assessing these impacts, it is essential to clarify the definitions and categories of DTA. Existing literature varies in these respects due to differing research contexts. Many studies categorize and define DTA based on technical attributes (Kvam et al., 2022), constituent elements (Ancillai et al., 2023), and usage intentions (Schnebelin, 2022). On this basis, researchers have examined how DTA influences FC and FI. They believe that DTA works by influencing farmers’ market sales (Aker and Ksoll, 2016), intra-household resource allocation (Diiro et al., 2021), production factor allocation (Carrer et al., 2015), green production (Wang et al., 2024), technology adoption (Zheng et al., 2022) and other production behaviors, thereby enhancing FC. However, regarding the impact of DTA on FI, there are different research conclusions. Some scholars believe that DTA can increase FI (Zhou et al., 2020) and significantly benefit low-income groups (Zhang, 2022). Conversely, DTA is considered a “double-edged sword” that might accelerate group polarization (Scheerder et al., 2017). This is mainly because effectively using digital technology requires certain competencies, such as digital skills and literacy (Kabbiri et al., 2018). Some farmers lack these competencies, making it difficult for them to benefit from digital technology (Marshall et al., 2022). In addition, this paper is relevant to literature that investigates the mechanisms of farmer empowerment. The existing literature evaluates the influence of external factors, such as agricultural extension services (Yitayew et al., 2023), agricultural policy subsidies (Biagini et al., 2023), agricultural land titling (Séogo and Zahonogo, 2023), collective action (Lin et al., 2022), and farmer field schools (Luther et al., 2018) on empowering farmers. Some scholars have also looked at intra-farmer factors, such as new technology adoption (Abate et al., 2018), farmer risk management (Lien et al., 2022), precision agriculture adoption (Carrer et al., 2022), and crop diversification (Hoang et al., 2021) on farmer empowerment.

Although the existing literature has delved deeply into the DTA and farmer empowerment, three critical aspects remain significantly under-explored. First, existing evidence regarding the impact of DTA is mainly concentrated within general agricultural farmers (e.g., Kai et al., 2023; Ma et al., 2023; Zheng and Ma, 2023), leaving the influence of DTA on specialty agricultural farmers relatively unclear. While specialty agriculture possesses attributes common to general agriculture, it also exhibits distinct characteristics. Consequently, the conclusions derived from research on general agricultural farmers may not be directly applicable to specialty agricultural farmers. Second, much of the extant empirical literature concerning DTA has primarily focused on the overall farmers’ income effects (e.g., Zhang H. et al., 2023; Yi et al., 2023), with limited attention to substantiating the underlying mechanisms. Lastly, assessing DTA behavior on a micro level is particularly challenging, and there is a lack of a widely accepted system for measuring DTA. Current literature typically employs two main methods to illustrate DTA. Due to a shortage of micro-level field surveys about farmers’ DTA, most empirical research depends on secondary databases, which often have time delays and accuracy issues, leading to scholars using proxy variables like “internet use” to indirectly assess DTA (Wang et al., 2024). The other method focuses on specific forms of DTA, such as digital financial inclusion and digital e-commerce (Guo et al., 2023), without considering the diverse scenarios of DTA throughout the agro-industrial chain.

Referring to these research gaps, this study aims to contribute to the existing body of literature by providing farmers’ micro-level evidence for the impact of DTA on FI and delving into the potential mechanisms. We use survey data from lychee growers in China to estimate the impact of DTA on FI. Our findings indicate an increase in FI as a consequence of DTA, particularly among disadvantaged farmers and farmers in areas with rich specialty agricultural resources. The results of the mechanism analysis suggest that this positive effect can be primarily attributed to the production-empowering and transaction-empowering mechanisms of DTA, in which DTA enhances farmers’ PC and TC, thereby contributing to increased FI.

The contributions of this study to the existing literature are three-fold. First, we present new evidence on farmers’ DTA, expanding on the causal impact of DTA on farmers’ economic performance. The measurement of DTA in the existing literature may not adequately and accurately reflect the actual status of DTA among farmers. Using rich household-level survey data, we measure farmers’ DTA throughout the agricultural chain of pre-production, production, and post-production behaviors that are often challenging to observe at the macro level. This approach provides a more comprehensive picture of farmers’ DTA and allows us to explore potential channels behind the observed effects.

Second, by focusing on the specialty agriculture context, we add new empirical facts empowered by DTA. The production process of grain crops is often easily outsourced to socialized agricultural service organizations, which provide equal digital technology for farmers, resulting in narrowing the gap driven by farmers’ own DTA behaviors. In contrast, specialty crops that require intensive cultivation tend to have a lower degree of socialized agricultural service development. The performance differences stemming from farmers’ own DTA behaviors are more pronounced in specialty crops. Furthermore, China’s grain crops are backed by guaranteed price purchases, exposing grain farmers to limited market risks and lower requirements for transaction capability. Conversely, most specialty crops offer higher economic benefits than grain crops, with relatively less government subsidization, but face higher production and transaction risks. Thus, our findings provide valuable insights into the relatively under-explored empowering role of DTA among specialty agricultural farmers.

Last, we assess the income effect of DTA in farmers’ micro-level from a capability perspective, which provides new insights into the analysis of digital technology empowerment. Previous studies have recognized several effects of DTA on FI, including the social network effect (Kai et al., 2023), the technology adoption effect (Zheng et al., 2022), and the transaction cost effect (Yao et al., 2022). However, they do not adequately reveal the underlying cause of different performances among farmers with similar DTA behavior. Given that participation in specialty agriculture presents multiple risks (Neill and Morgan, 2021), requires a certain capacity of farmers, and capability and income performance display a significant correlation (Li et al., 2022), The variations in FC may be a key reason for the discrepancies among specialty agricultural FI. Nevertheless, existing studies have neglected the intrinsic impact of FC on FI. Although some research has attended to the capability issue, the difficulty of measuring capacity has led scholars to measure it relying on proxy variables like production and operational efficiency (Mauki et al., 2023), which do not adequately capture the diversity and complexity of FC. To address this gap, we explore the internal logic of DTA empowerment of specialty agricultural farmers from a capability perspective, unveiling the embedded mechanisms of production empowerment and transaction empowerment, and fostering the FC indicator system applicable to the specialty agricultural operation context.



2 Theoretical analysis and research hypotheses

This study draws on the resource-based theory (RBT) and empowerment theory to explore the mechanism of digital technology empowering farmers in specialty agriculture. The development of RBT can be summarized into three primary stages: “traditional RBT—dynamic capability theory—resource orchestration theory (Penrose, 1959; Wernerfelt, 1984; Teece et al., 1997; Sirmon et al., 2011). The traditional RBT suggests that firms possessing VRIN resources can gain a competitive advantage, highlighting the impact of resources on organizational performance (Penrose, 1959; Wernerfelt, 1984). However, scholars such as Eisenhardt and Martin (2000) argue that in a dynamic and rapidly changing market environment, the competitive advantage derived from such resources may not be sustainable. The dynamic capability view, represented by Teece et al. (1997), suggests that how a firm utilizes its resources is as critical as the nature of the resources themselves and that even without VRIN resources, firms can achieve performance through resource utilization, coordination, and other capabilities. This remedies the limitation of the traditional RBT, which focuses on the impact of resource stock on competitive advantage from a static perspective. Later, scholars such as Sirmon et al. (2011) put forward the resource orchestration theory by integrating the concepts of “resource management” and “asset orchestration” into the dynamic capability framework. This theory aims to open the “black box” of the process of resource influence on performance. It believes that the effective combination of resources, capabilities, and managerial behavior is an important way to enhance the creativity of enterprises. The theoretical logic of “resource-capability-performance” in these three stages provides a theoretical basis for this study to explore the mechanisms by which DTA empowers specialty agricultural farmers.

In the logical chain of “resource-capability-performance,” the empowerment theory explores the specific mechanism of resource empowerment based on a process perspective, which can explain the process mechanism of transforming resources into performance. Originating in psychology, empowerment theory has expanded to become a fundamental framework in sociology and organizational management. Definitions of empowerment abound (Rappaport, 1987; Thomas and Velthouse, 1990; Perkins and Zimmerman, 1995; Peterson et al., 2005; Llorente-Alonso et al., 2024). A common definition is that the empowering subject gives the empowered person some kind of power or ability (Thomas and Velthouse, 1990) to gain greater control or self-efficacy (Peterson et al., 2005; Santos et al., 2019). Consequently, the core focus of empowerment research is on identifying capabilities (Perkins and Zimmerman, 1995). In the digital economy era, digital technology has profoundly impacted human production and daily life. It has also become a new path and tool for empowerment by its advantages of high efficiency, low cost, and ability to cross the limitations of time and space. The symbiotic fusion of digital technology with empowerment theory has given rise to the new concept of “digital technology empowerment,” which has become a prominent topic in the academic community. Essentially, digital technology empowerment extends and enriches the empowerment theory’s core connotation, and its core is still empowerment. Therefore, digital technology empowerment emphasizes that the empowered subject obtains new abilities through DTA (Mäkinen, 2006).

The nature of DTA empowerment differs based on the context of its application and the target audience. On the individual level, various forms of empowerment exist, such as psychological empowerment, cultural empowerment, production empowerment (Xu Z. et al., 2023), and transaction empowerment (Zheng and Wu, 2024). Given that cultural and psychological empowerment typically rely on specific behaviors, and considering that farmers’ agricultural business behaviors involve both production decisions and transaction interactions (Zhu and Luo, 2016), the primary mechanisms of DTA empowering farmers to increase their incomes are production empowerment and transaction empowerment. Production empowerment generally enhances farmers’ capability to work with “objects,” that is PC, while transaction empowerment improves their abilities to work with “people,” that is TC. These specific mechanisms are depicted in Figure 2.

[image: Figure 2]

FIGURE 2
 Theoretical analysis framework.


On the one hand, DTA can substantially enhance agricultural production practices (Karanasios and Slavova, 2019; Schnebelin, 2022). First, DTA assists specialty agricultural farmers in allocating production factors. Specialty crops tend to produce higher value outputs on smaller land areas compared to other crops (Astill et al., 2020), making land issues less significant. While labor issue is the primary challenge (Rihn et al., 2023). By DTA, farmers can address labor shortages and improve labor quality. For instance, automated and intelligent digital technologies can replace simple and repetitive labor, which can transform traditional production methods that rely on physical labor, and free up the labor force. Through online learning platforms, farmers can access open educational resources more affordably and rapidly, acquire advanced production technologies, and engage in modernized agricultural production and management. Second, DTA aids specialty agricultural farmers in managing the production process. In the production process, satellite remote sensing, ground sensing, and other Internet of Things technology enable farmers to monitor specialty crop growth and assess the production environment data in real-time (Ruiz-Altisent et al., 2010). In the manufacturing process, automated mechanical digital technology allows farmers to perform standardized processes such as refrigeration, packaging, and transport, along with timely warnings of safety indicators (Zhong et al., 2023). In the distribution process, using a traceability system, farmers can monitor product flow in real-time, ensuring that specialty agricultural products maintain high quality (Tao and Chao, 2024).

Finally, DTA assists specialty agricultural farmers in mitigating production risks. Specialty agricultural operations encounter various production risks. DTA helps farmers effectively address these risks. Implementing smart weather, pest, and disease monitoring systems allows farmers to scientifically predict the adverse effects of extreme weather (Zhao and Yue, 2020) and timely adopt preventive measures, helping farmers make the right decisions in production and management. Furthermore, the use of digital technologies such as variable-rate applicators enables farmers to adjust the frequency and timing of pesticide and chemical fertilizer applications based on growing conditions, thus minimizing agricultural product contamination issues (Khanna, 2021). Additionally, adopting digital technologies like big data intelligent temperature control systems and cold chain technology offers precise temperature control and preservation treatment for specialty agricultural products, thereby preventing quality deterioration issues such as loss of freshness and nutrient content (Flores et al., 2019).

On the other hand, DTA can assist farmers in entering differentiated markets (Hidalgo et al., 2023) by expanding social capital and achieving economies of scale, thereby enhancing farmers’ transaction capacity and boosting their income. Firstly, DTA aids farmers in expanding their social networks, establishing cooperative relationships with other trading entities, and increasing their access to cooperating organizations. Farmers use digital tools such as WeChat and the Internet to facilitate long-distance, real-time exchanges, and communications, fostering trust and cooperation with other trading partners (Ali-Hassan et al., 2015). By leveraging sensor-embedded digital technologies, farmers can accurately record and report the production process of specialty agricultural products, and transmit and store information, which helps cooperative entities capture real-time quality data about the products, enhancing their trust in the farmers (Qureshi et al., 2021). This cultivates stable contractual relationships and a community of interest among farmers and trading entities. To achieve a win-win situation, other trading entities might offer unified purchasing of production materials, processing, and centralized warehousing for farmers (Gramzow et al., 2018). This can significantly reduce the search and negotiation costs for farmers in both factor and product markets, enabling them to cross market thresholds, enhance their transaction capacity, and secure higher-value distribution. Secondly, DTA has encouraged farmers to scale up their operations, leveraging economies of scale to enhance their transaction capacity and promote income growth. When transaction costs are fixed, increased operational scale lowers the transaction cost per unit of specialty agricultural products, driving farmers to expand their cultivation through continuous planting and land transfer. Digital technology facilitates large-scale operations by allowing farmers to easily access digital financial services for capital loans, easing the credit constraints associated with land transfer (Smidt and Jokonya, 2022). Furthermore, farmers use digital technologies such as Internet platforms to obtain land transfer information timely (Wang et al., 2023), aiding them to make land transfer decisions. As the scale of their operations expands, farmers increasingly tend to invest in digital technologies that enhance production efficiency (Tamirat et al., 2018), enabling them to consistently provide high-quality, high-priced specialty agricultural products in the market, which bolsters their market power and increases sales prices.

Based on the discussion of theory and literature, this study draws on the resource-based theory and empowerment theory, follows the “resource-capability-performance” theoretical framework, and establishes the theoretical analysis framework of “DTA-FC-FI” (shown in Figure 2). Operating within this research framework, we seek to investigate the production empowerment and transaction empowerment effects on farmers stemming from the DTA throughout the entire industrial chain, to realize the enhancement of PC and TC, and ultimately affect FI. Thus, the following hypothesis is formulated:


H1: The DTA has a positive impact on FI.

H2: Production empowerment and transaction empowerment are two mechanisms through which DTA empowers specialty agricultural farmers to raise their income.
 



3 Methodology


3.1 Data source

China is a country with a vast expanse, and each place has unique resource conditions, which gave birth to a variety of specialty agricultural products. Among the many specialty agricultural products, this paper focuses on the litchi industry, due to litchi’s strong dependence on geographic and climatic conditions. China’s litchi has a unique planting history and cultural heritage, with over 2,000 years of cultivation, making it one of the nation’s most culturally specialty agricultural products. As the leading global litchi producer, China accounted for about 65% of the world’s litchi planting area in 2022 (Qi et al., 2023). However, uneven resource distribution has resulted in varied development levels of the litchi industry across regions, and in some areas, litchis may not develop into a specialty agriculture with comparative advantages. GI agricultural products are defined by specific qualities, reputations, or other attributes linked to their origin (Albayram et al., 2014). These products typically possess unique flavors, textures, or nutritional values rooted in their specific geographical areas. GI agricultural products reflect a region’s natural resources, cultural history, and other unique traits, and are a symbol of high-quality, distinctive agricultural products (Albayram et al., 2014). Therefore, this paper focuses on litchi growers within GI agricultural production areas as the primary research subjects. On this basis, this research involves randomly selecting litchi growers in the GI agricultural production areas of Guangdong Province of China for the survey. The reasons are multifaceted. Firstly, Guangdong Province is renowned for its development of specialty agriculture, with 194 designated “Guangdong” brand demonstration bases (Wu and Zhao, 2023). Secondly, the litchi industry is a key specialty industry in Guangdong. In 2023, the litchi planting area in the province expanded to 4.1 million mu,1 producing a total yield of 1.60 million tons and supporting over 1.8 million litchi farmers (Xu and Wang, 2023). Moreover, in 2023, Guangdong Province’s fresh litchi exports ranked first in the country and constituted 62.90% of the national market share.2 Thirdly, the litchi industry in Guangdong Province has a high degree of DTA. As litchi is a perennial specialty crop, lending itself well to digital technologies such as drones and sensors. Guangdong Province has thus far developed several digital platforms, including the China (Guangdong) Litchi Industry Big Data Center and the Conghua Litchi Open Big Data Platform. Consequently, the subject of our research is both exemplary and representative.

To ensure the representativeness and accuracy of our sample, we employed a combination of stratified random sampling. Initially, we selected two counties or districts with GI agricultural products from each of the Pearl River Delta, Eastern Guangdong, and Western Guangdong, considering regional differences and economic development levels. Subsequently, we randomly selected 1–2 towns from each sample county or district. Following this, four sample villages were randomly chosen from each sample town, resulting in a total of 44 sample villages. Finally, trained master’s and doctoral students, serving as investigators and assisted by local agricultural management officials and village cadres, randomly selected 12–20 litchi farmers in each sample village for one-on-one questionnaire surveys, leading to a total of 655 sample households. Additionally, to ensure the validity of the farmer questionnaires, we also designed a village-level questionnaire for village cadres and selected one village or township cadre from each sample village to complete it.

The questionnaire aimed to collect essential data for the study, including detailed information on individual farmer characteristics, family traits, specialty agricultural businesses, and DTA. This survey mainly targeted the head of the household or principal family member to ensure a thorough understanding of the farmers’ family businesses. Furthermore, village-level questionnaires covered information on village characteristics, agricultural resources, and village-specific agricultural business. After the questionnaire interviews, we carefully collated and checked the collected raw data, obtaining 655 original questionnaires. After excluding those farmer questionnaires with missing or anomalous data, we obtained 635 valid questionnaires, yielding a validity rate of 96.95%. The village questionnaires achieved a validity rate of 100%.



3.2 Variable description


3.2.1 Dependent variable

Drawing on Cha et al. (2024), the dependent variable in this study is the income of litchi farmers, represented by the household profits from lychee cultivation alone, calculated as total revenue minus total costs, with a logarithmic transformation applied for empirical analysis.



3.2.2 Independent variable

The independent variable in this study is the extent of DTA by litchi farmers. DTA is embedded in every facet of specialty agriculture, spanning the entire industry chain. We synthesized the research of Peng et al. (2022) and Abdulai et al. (2023) to capture farmers’ DTA across seven dimensions: digital procurement, digital production, digital processing, digital sales, digital information access, digital training participation, and digital financial use. Digital procurement is assessed by asking farmers if they use digital technologies such as WeChat and e-commerce platforms for agricultural procurement. Digital production is assessed by asking farmers if they use digital technologies such as automatic weeders, sprayers, systems for water and fertilizer integration, remote connections, intelligent monitoring, etc., in their processes for weeding, dosing, irrigation, pest control, monitoring, etc. Digital processing is determined by asking farmers if they implement digital technologies such as automatic sorting machines, smart cold storage units, automatic drying machines, etc., in their sorting, storage, drying, or other processing procedures. Digital marketing is measured by asking farmers if they employ digital technologies such as the Internet, WeChat, live sales platforms, product traceability codes, and smart cold chain logistics in their sales, product traceability, cold chain transportation, and other sales-related processes. Access to digital information is evaluated by asking farmers if they use digital technologies like WeChat, Tik Tok, the Internet, cell phone apps, etc., to access policy information, technical data, agricultural information, weather updates, market data, loan information, and insurance details related to their specialty agricultural business. Participation in digital training is assessed by asking farmers if they utilize digital technologies such as WeChat, Tik Tok, the Internet, cell phone apps, etc., to engage in training on agricultural policies and regulations, production skills, processing techniques, e-commerce operations, live broadcasting of goods, and the use of network information technology, as well as rural civilization or farming culture related to their specialty agricultural business. Digital financial use is measured by asking farmers if they use digital technologies such as WeChat, Alipay, mobile banking, online banking, etc., to perform payment transactions, purchase insurance for specialty agricultural products, and access Internet credit. All of the above questions are assigned a value of 1 if farmers answer “do,” otherwise it is 0.

Field research data reveal that 379 farm households utilize digital technology in the procurement process, representing 59.69%; 540 farm households employ digital technology in the production process, constituting 85.04%; 63 farm households apply digital technology in the processing process, accounting for 9.92%; 343 farm households leverage digital technology in the sales process, making up 54.02%; 557 farm households use digital technology for information access, corresponding to 87.72%; 543 farm households engage digital technology in training, equating to 85.51%; and 529 farm households incorporate digital technology in the financial process, comprising 83.31%. Focusing merely on whether farmers use digital technology does not adequately address the real issue. Hence, we employed entropy weighting to quantify the extent of DTA by farmers across the seven identified categories.



3.2.3 Mechanism variable

To delve deeper into the pathways through which DTA affects litchi farmers’ income, we conducted a mechanism analysis. In line with our research hypothesis, we selected farmers’ capacity as the mechanism variable, encompassing PC and TC. PC was broken down into three sub-variables: production factor allocation capacity, production process management capacity, and production risk resistance capacity. Drawing from the work of Wassie et al. (2023), Liang and Jiao (2022), and Li et al. (2020), and considering the practical context of specialty agriculture, we developed a 12-item five-level Likert scale to measure these factors. The production factor allocation capacity was gauged by three items related to resource allocation and utilization; the production process management capacity was measured by five items associated with variety selection, field management, and post-harvest processing; and the production risk resistance capacity was evaluated through four items designed to measure resilience to specific production risks. TC was assessed in two areas: factor market transaction capacity and product market transaction capacity. Based on the research by Wassie et al. (2023), Dias et al. (2021), and Ansah et al. (2020), we designed a 9-item five-point Likert scale, focusing on relational governance involving farmers’ access to factor market resources, selling products in the product market, and the relational governance in product sales. We used SPSS 22.0 software to conduct exploratory factor analysis on these indexes and constructs PC and TC indexes,1 which are used as measures of PC and TC, respectively.



3.2.4 Control variable

Referring to the existing literature (Zhou and Shen, 2022; Cheng et al., 2016), We introduced the following four types of control variables to avoid model estimation bias caused by missing variables. Firstly, individual characteristic variables, including age, gender, years of education, health status, years of experience in specialty agriculture, and the frequency of training participation by the head of household. Secondly, household characteristic variables, cooperative membership, land area dedicated to specialty agriculture, labor force involved in specialty agriculture, total inputs in specialty agriculture, and social networks. Village characteristics variables, including topography, transportation infrastructure, village income, clan relations, and the presence of private courier services and 5G networks. Moreover, in the context of specialty agriculture, we also consider variables related to regional specialty agricultural resources, measured by the unique natural and sociocultural resources available in the village. Natural resources are assessed based on whether the village possesses national geographic indications, or possesses the “one village, one product” or “one town” model. Sociocultural resources are evaluated based on whether the village is recognized as a Chinese traditional village, an ancient village, a location of significant agricultural cultural heritage in China, or a site of national intangible cultural heritage in the county. The final value indicating the level of specialty agricultural resources is calculated using entropy weighting of these six indices. Variable definitions and descriptive statistics are summarized in Table 1.



TABLE 1 Variable definition and descriptive statistics.
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3.3 Econometric model


3.3.1 Baseline model

To explore the relationship between DTA and FI, we referenced Cha et al. (2024), using the OLS to estimate the following model:

[image: image]

In Equation 1, LnIncomei is the dependent variable, which represents the logarithm of the income level of farmers involved in specialty agricultural operations. Digitali is the core independent variable, indicating the level of DTA by these farmers. Controli is the control variable. ∂0 is a constant term; ∂1 and ∂2 are the regression coefficients of each variable respectively; εi is a random disturbance term.



3.3.2 Mechanism analysis model

The primary aim of this paper is to examine the impact of DTA on FI and to explore the underlying mechanisms of PC and TC. Consequently, we need to establish a mediation model in which DTA influences farmers’ PC and TC, which in turn affects FI. This study referenced Cha et al. (2024) to develop the following model.

[image: image]

In Equation 2, Capacityi represents a mechanism variable encompassing PC and TC. The meanings of other variables are the same as those of Equation 1. Given that the dependent variables in Equation 2 are continuous, the OLS model was chosen for empirical analysis.





4 Results and discussion


4.1 Baseline results

Table 2 shows the baseline regression results of the impact of DTA on litchi farmers’ income after progressively introducing control variables. The results from Models (1) and (2) indicate a significant positive impact of DTA on litchi farmers’ income at the 1% significance level. This suggests that DTA substantially increases litchi farmers’ income, thereby confirming research hypothesis 1. Moreover, the regression results show that DTA can increase the per FI by 0.603 in general. Our results extend the current literature on the effect of DTA on FI. There is a growing body of literature focusing on the effects of DTA on FI, but the findings are frequently inconsistent. Some researchers highlight the positive impacts of DTA on FI (Karanasios and Slavova, 2019; Schnebelin, 2022; Zheng and Ma, 2023), whereas others have expressed concerns (Wyche and Steinfield, 2016; Scheerder et al., 2017). We suggest that the primary reason for such discrepancies is that researchers typically focus on specific DTA behaviors, inevitably resulting in varied outcomes. This paper provides a systematic analysis of the effects of farmers’ DTA across the entire industry chain of specialty agriculture on their incomes and concludes that the positive effect of DTA on FI. This is a response to the previous divergent findings. This finding suggests that DTA covering the entire process of specialty agricultural production and operations, can improve the PC and TC of specialty agricultural farmers, which in turn leads to income growth.



TABLE 2 Regression results of DTA on specialty agricultural farmers’ income.
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4.2 Endogeneity discussion

There might be endogeneity concerns between DTA and litchi farmers’ income. Firstly, despite our efforts to control for factors influencing FI, it is challenging to account for all variables, resulting in potential endogeneity problems due to omitted variables. Additionally, the model may face reverse causality, where farmers with higher incomes might have greater access to DTA, thereby increasing their DTA levels, which could skew the findings. To mitigate endogeneity issues, the instrumental variable (IV) approach is a commonly used method. Based on relevant research (Qiu et al., 2024), this study used the average DTA level of other farmers in the village except the respondent as an instrumental variable. Due to the herd effect, the DTA of other farmers in the village will affect whether the respondent uses DTA or not. However, they will not directly affect the respondent’s income. Therefore, the average DTA level of other farmers in the village satisfies the correlation and exclusion constraints required by the instrumental variables. The first-stage regression results, presented in Table 3, reveal that the regression coefficients for the instrumental variables are significantly positive at the 1% level, indicating a substantial positive correlation between the instrumental variable and the respondent’s DTA. Additionally, the F-statistic for the first-stage regression is 20.28, which exceeds the conventional threshold of 10, suggesting no weak instrument issue. The first-stage regression results reveal that the higher the average DTA level of other farmers, the higher the digital technology use by the respondent. Specifically, a 1% increase in the average DTA level of other farmers is associated with 0.308% increase in the respondent’s DTA. The second-stage regression results indicate that farmers’ DTA has a significantly positive effect on the specialty agricultural farmers’ income. After controlling for other factors, the DTA can increase the per FI by 5.3071 in general. These findings suggest that controlling for potential endogeneity using instrumental variables does not negate the significant impact of DTA on the specialty agricultural farmers’ income. This underscores the robustness of the previous regression results and confirms research hypothesis H1.



TABLE 3 Regression results of endogenous analysis.
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4.3 Robustness test

To ensure the reliability of the above analysis results, we conducted robustness tests by changing the measurement method of the core dependent variable. Specifically, based on the research of Liu (2022), we replaced the dependent variable with “average return per mu of specialty agricultural farmers” for a new regression analysis. As indicated in column 2 of Table 4, the coefficient of the core dependent variable remains significantly positive.



TABLE 4 Regression results of Robustness test.
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Secondly, we conducted a robustness check by altering the independent variable. Following the study of Mao et al. (2023), we employed the weighting method to measure farmers’ DTA. The result in column 3 of Table 4 shows that the coefficient of DTA is significantly positive, reinforcing the robustness of the findings.

Thirdly, we excluded part of the sample for regression. To further eliminate the influence of age, We draw on the research of Xu and Wang (2022) and excluded farm households over 65 years old from the sample. The results in column 4 of Table 4 affirm that even with this exclusion, DTA still significantly enhances specialty agricultural farmers’ income.

Furthermore, to address potential outliers in continuous variables, we followed Xu J. et al. (2023) and shrank the values of continuous variables in the sample by 1%. As observed in column 5 of Table 4, the coefficient of DTA on specialty agricultural farmers’ income is significant at the 1% level, further affirming that the benchmark regression results are robust and valid.



4.4 Influence mechanism analysis

The theoretical analysis provided in this study reveals that DTA can boost specialty agricultural farmers’ income through production empowerment and transaction empowerment. Therefore, we identified PC and TC as mechanism variables to further verify this research hypothesis. Drawing on the work of Cha et al. (2024), the focus of this section is on the causal connections between DTA and these mechanism variables (PC and TC). The results in Table 5 show that the regression coefficients of DTA on PC or TC are both significantly positive at the 1% level, signifying that DTA can indeed enhance PC and TC. Therefore, hypothesis H2 is confirmed. By comparing the regression coefficients, we observe that the mediating effect of TC is stronger than that of PC. This result is in line with the operational demands of Chinese farmers. As stated by Chen (2019), most Chinese farmers have adapted well to agricultural production conditions, demonstrating strong resilience and vitality. Specialty agricultural farmers are no exception. Relying on traditional production experience, these farmers can maintain the basic agricultural product production. However, a significant constraint for specialty agricultural farmers is their lack of trading capacity. One issue is the farmers’ limited ability to connect to the market (Ma et al., 2024). In reality, poor sales of specialty agricultural products are occasionally observed, and even some GI agricultural products encounter sales difficulties (Wan, 2022). Furthermore, many specialty agricultural farmers lack adequate negotiation skills, making it challenging for them to engage in high-value industrial chain activities that offer higher added value (Wang et al., 2021). Consequently, the need for TC enhancement among specialty agricultural farmers is more urgent than that for PC enhancement. Farmers are thus more willing to adopt digital technologies that can bolster their TC. This, to some extent, results in a more significant marginal effect of DTA on TC compared to PC.



TABLE 5 Regression results of influence mechanism analysis.
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4.5 Heterogeneity analysis


4.5.1 Heterogeneity analysis of farm households

Although the previous analysis has demonstrated that DTA can help litchi farmers increase their income, this conclusion only applies to the average effect on the overall litchi farmer population. Due to the different characteristics of farmers, it is necessary to further explore the heterogeneity of the impact of DTA on increasing litchi farmers’ income. We draw on the studies of Wang and Zhao (2023), Mao et al. (2023), and Zhang et al. (2023), grouped the estimation based on farmers’ income, social network, and the number of family-specific agricultural input labor, using the mean value of each variable as the grouping threshold. Table 6 reports the regression results for these three farm household types. The findings indicate that DTA has a universal and inclusive nature, and its empowering and income-generating effect is more pronounced for disadvantaged farm households with low social capital, fewer laborers, and lower income levels. For disadvantaged farmers, DTA can alleviate the problems of low production efficiency and marketing difficulties due to their lack of PC and TC, making it easier for them to obtain and distribute production factors, as well as smoothly connect to factor and product markets. This allows them to expand their land scale and sales channels, thereby realizing income enhancement. In contrast, the advantaged farmers have multiple paths to improve their incomes and do not rely solely on DTA. Moreover, the stock of DTA is higher among the advantaged farmers, and the marginal effect of incremental DTA on their income improvement is already diminished, the income-boosting effect of DTA is more significant for the disadvantaged farmers. The findings of this study indicate that DTA does not significantly impact the FI of the advantaged farmers, which is quite different from the findings of Lajoie-O'Malley et al. (2020) and Qi et al. (2022), who argued that large-scale farmers, due to their substantial capital, are more adept at adopting digital technology in comparison to small-scale farmers. The possible reason for the divergence in findings could be that previous studies have not accounted for the varying levels of dependency on digital technologies among different farmers. Smaller farmers, possessing weaker PC and TC, are more dependent on digital technologies that enhance these capacities. Along with increased government efforts to bolster digital technology infrastructure and the rise of organizations offering digital agricultural socialization services, disadvantaged farmers now have better access to digital technologies. As a result, digital technologies are increasingly playing a crucial role in boosting the incomes of these disadvantaged farmers.



TABLE 6 Regression results of heterogeneity analysis of farm households.
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4.5.2 Heterogeneity analysis of region

There is significant variation in specialty agricultural resource endowment in China, resulting in different development levels of specialty agriculture across regions. This variation creates different application scenarios for digital technology, which may lead to regional variability in its empowering effects. Accordingly, we divided the sample into two regional groups: areas abundant in specialty agricultural resources and areas relatively deficient, based on the average value of these resources within the research sample. The regression results in Table 7 demonstrate that DTA has heterogeneous effects on different specialty agricultural resource areas. The DTA significantly empowers farmers to increase income in areas relatively rich in specialty agricultural resources, but it does not empower farmers to increase income in areas with poor specialty agricultural resources. This finding supports the resource evangelization theory (Yanıkkaya and Turan, 2018; Zhang et al., 2023), which suggests that regions endowed with specialty agricultural resources can better utilize their resource advantages in the digital economy era. The possible explanations for this are twofold: Firstly, areas with rich agricultural resources typically receive more extensive policy and resource support, which can attract more industrial and commercial capital. These industrial and commercial capitals often bring digital technology to rural areas, leveraging the technology diffusion effect, which helps facilitate local digital infrastructure improvement and enhance digital literacy among farmers, thereby enhancing the effect of DTA on farmers’ income. In contrast, regions with scarce resources often have inadequate digital infrastructure, hindering the empowerment effects of DTA. Secondly, the development of specialty agriculture in resource-scarce regions tends to lag, and the returns from specialty agricultural businesses are lower, prompting more farmers to seek off-farm employment. Consequently, even when farmers in these areas use digital technology, it is often for accessing external employment information rather than enhancing specialty agricultural production and management, resulting in minimal impact on the specialty agricultural farmers’ income.



TABLE 7 Regression results of heterogeneity analysis of region.
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5 Conclusions and implications

This study utilizes the resource-based theory and empowerment theory and follows the “resource-capability-performance” theoretical framework to examine the effect of DTA on FI, particularly focusing on specialty agricultural farmers. The findings of this study indicate: (1) The DTA increases specialty agricultural farmers’ income. (2) The DTA increases specialty agricultural farmers’ income mainly through enhancements in PC and TC. (3) The impact of DTA on FI exhibits varying intensities across different regions and farmers. On the whole, the hypotheses put forth in this study are validated.

This study makes important theoretical contributions. First, this study utilizes the resource-based theory and empowerment theory to explore the role of DTA in empowering specialty agricultural farmers, and effectively expanding the research boundaries of the empowerment theory. Previous studies have extensively explored the empowering effects of DTA on corporate employees, consumers, etc. However, prior research has paid little attention to the empowering effect of DTA on farmers. In other words, DTA empowering farmers is a neglected field. This study explains the path of DTA empowering farmers based on “resource-capability-performance” and builds an action strategy to empower farmers. Second, this study analyzes the internal mechanisms through which DTA promotes FI, thereby opening the “black box” of their relationship. This study explicates the pathway of DTA empowering farmers within the “resource-capability-performance” framework, formulates an action strategy for farmer empowerment, and reveals the process mechanism of DTA promoting FI. Last, this paper’s methods of measuring DTA behavior and FC advance the current research knowledge system and lay a solid foundation for the digital technology empowerment theory. Unlike previous literature that typically defines DTA on a single dimension, this paper conceptualizes DTA by considering activities along the entire agricultural industry chain, which is of great theoretical significance in revealing the connotation of different types of farmers’ DTA behaviors. Moreover, this paper refines the concept of FC by focusing on PC and TC, and identifies the intrinsic dimensions of each of the two different capabilities. This helps to improve the understanding of the FC, and makes an important theoretical contribution to the ongoing research on farmer empowerment.

Our findings offer valuable insights for governments seeking to guide farmers in the effective use of digital technologies to empower themselves and achieve higher incomes. First, this study confirms that DTA can enhance FI, which confirms the beneficial impact of DTA on farmers’ economic performance. Therefore, the government should strengthen investments in digital technology infrastructure, and at the same time intensify efforts to publicize and educate farmers about DTA, to make farmers understand the benefits of DTA. Second, this study indicates that DTA promotes FI by enhancing FC. This implies that governments should prioritize boosting FC. Therefore, governments should support the development of more digital technologies that apply to agricultural operations, and guide farmers to use digital technology in agricultural production and transactions, especially in the transaction process, to improve their PC and TC. Finally, this study confirms the differences in digital technology empowerment among different farmers and regions. Therefore, in promoting digital agriculture, the government should fully account for regional differences in specialty agricultural resources, and encourage relevant parties to use digital technology to explore and develop these resources. Moreover, the government should improve the relevance and precision of digital skills training for different farmers to enhance their ability to effectively use digital technology.

Three issues need further exploration in future research. First, the impact of different DTA patterns on farmers may not always be consistent, so in the future, there is a need to distinguish different DTA patterns when discussing their impacts on the various capacities of farmers, to understand the effectiveness of DTA empowerment comprehensively. Second, the cross-sectional data employed in this study is limited in its ability to identify causal effects. The effects of DTA may manifest with a delay and are not instantly observable. This study uses data from only 1 year, potentially hindering the revelation of the dynamic changes in the empowering capacity of DTA. Future research should conduct a more thorough empirical investigation using longitudinal tracking data. Last, this study did not deeply examine the impact of personal traits (e.g., self-efficacy, digital literacy, etc.), and situational variables (e.g., environmental dynamics, peer effects, etc.) on the process of digital technology empowerment for farmers. Future studies could explore deeper into the mechanisms of digital technology empowerment for farmers by considering these personal and situational factors.
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Footnotes

1   Data source: The Ministry of Agriculture and Rural Affairs of the People’s Republic of China.

2   Yuan is a Chinese currency; 1 yuan is equivalent to USD 0.14 in 2024.

3   Data source: The China Internet Network Information Center (CNNIC).

1   Mu is a Chinese unit. One hectare is equivalent to 15 mu.

2   Data source: The General Administration of Customs of the People’s Republic of China.

1   The scales measuring PC and TC successfully passed reliability and validity tests. Specifically, Cronbach’s alpha coefficients for the measurement items of both PC and TC were 0.851 and 0.841 respectively, well above the acceptable threshold of 0.6. Additionally, the alpha coefficients for each individual measurement item were greater than 0.7, indicating high reliability in the measurement variables. Factor analysis confirmed that the overall KMO values for PC and TC were 0.830 and 0.839, respectively. The probability values for Bartlett’s test of sphericity were 0.000, showing excellent correlation and validity among the scale items.
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Green is the foundation of agricultural development. By leveraging modern information technology, digital village construction injects new momentum into the green growth of agriculture. Using balanced panel data from 31 provinces in China from 2011 to 2022, this paper employs the entropy approach and SBM-GML index to measure the indicators of digital village construction and agricultural green total factor productivity (AGTFP). The impacts and mechanisms of digital village construction on AGTFP are examined through fixed effect, mediating effect, and threshold models. The findings are as follows: (1) AGTFP in China shows an overall increasing trend from 2011 to 2022, with significant growth in the western region compared to the eastern and central regions. (2) Digital village construction significantly accelerates the improvement of AGTFP, a conclusion supported by robustness tests. (3) Mechanism analysis indicates that digital village construction advances AGTFP by fostering agricultural technology innovation, enhancing agricultural human capital, and improving agricultural productive services. (4) Digital village construction has a more significant impact on major grain-producing areas, economically underdeveloped areas, and northern region compared to other regions. (5) Environmental regulation acts as a threshold effect on the impact of digital village construction on AGTFP. Digital village construction substantially impacts AGTFP when environmental regulation is below the threshold, with the positive effect continuing beyond this point but at a reduced intensity.
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1 Introduction

Advancing the greening of agriculture is essential for mitigating climate change, maintaining food security, and safeguarding the well-being of the planet’s ecosystems. In 2015, the United Nations unveiled the Sustainable Development Goals. The urgency of supporting sustainable agricultural growth and guaranteeing global food security is particularly emphasized by the second of these goals, Zero Hunger. In 2023, China’s total grain output reached 695.41 billion kilograms, while the per capita grain possession reached 493 kilograms, surpassing the internationally recognized food security line of 400 kilograms. As a populous developing country, China has achieved self-sufficiency in agricultural output. However, China’s previous agricultural development model relied heavily on chemical fertilizers and pesticides, making it unsustainable. The over-reliance on chemical fertilizers and pesticides in agricultural production has caused worldwide environmental hazards, threatening human health and food security (Dou et al., 2016; Rockström et al., 2017). Achieving the harmony and unity of agricultural productivity and environmental sustainability is an urgent issue in modern agricultural development (Koiry and Huang, 2023). To address this issue, agricultural green development is a practical solution.

There is a consensus among nations, with a general increase in focus and funding directed toward agricultural green development. In March 2020, the European Union introduced its Farm to Fork strategy. Implementing this plan is an excellent start in reducing agricultural carbon footprints and stimulating a sustainable transition in the food system. Agricultural green development is also a top priority for the Chinese government. According to the Communist Party of China’s report to the 19th National Congress, efforts should be made to address major environmental issues, tighten regulations on non-point source pollution from agriculture, and implement measures to enhance the quality of life in rural areas. Agricultural green development has also been emphasized numerous times in Central Document No. 1 in recent years. Agricultural Green Total Factor Productivity (AGTFP) fully reflects the comprehensive competitiveness of agricultural green development and has become an important indicator for measuring it. Enhancing AGTFP is a crucial step in advancing the green transformation of agriculture, which has become the predominant path of China’s agricultural development.

Traditional Total Factor Productivity (TFP) primarily focuses on improving production efficiency while ignoring the ecological impact of agriculture, which is not conducive to modern agricultural practices (Baležentis et al., 2021). AGTFP seeks sustainable and ecologically friendly economic growth by incorporating environmental considerations into TFP. AGTFP is crucial for managing the pressure of an ever-increasing population (Myeki et al., 2023), safeguarding global food security (Zhang et al., 2021), adapting to climate change, and ensuring the sustainability of agriculture (Akzar and Amandaria, 2021). Research has confirmed the beneficial impact of factors including crop insurance (Fang et al., 2021), rural industrial integration (Chen et al., 2024), and agricultural mechanization (Zhu et al., 2022b) on AGTFP. However, scholars have given less attention to the impact of recent changes in China’s village environment on AGTFP. Therefore, this paper innovatively explores the impacts and mechanisms of AGTFP from the perspective of digital village construction.

Digital technology significantly aids the advancement of rural and agricultural development. The rapid progress of information and communication technology has been the primary catalyst for the global trend of smart villages, which has emerged in recent years. In 2017, the European Commission introduced the EU Smart Village Initiative to promote balanced regional development, rural prosperity, and growth. Digital village construction has been identified as a critical tactic to solve the numerous obstacles to sustainable agricultural growth (Zhang and Zhang, 2020). In 2018, Central Document No. 1 put forth proposals for executing the digital countryside strategy. In December 2023, the National Development and Reform Commission and the National Data Bureau issued the Implementation Programme on Digital Economy for Common Wealth, making digital village construction a critical task to empower rural revitalization. The all-encompassing development of digital village construction has boosted agricultural and rural development, a prerequisite for encouraging agricultural modernization and a calculated move toward realizing the objective of rural revitalization (Shen and Ye, 2021). Its essence is to empower the whole process of agricultural production and marketing through technology and to achieve the organic combination of the new paradigm of the digital economy and the traditional production organization of agriculture (Guo and Liu, 2023). This paper argues that digital village construction is critical in promoting AGTFP. Digital village construction may effectively enhance the intelligence and precision of agricultural production and its efficiency in utilizing resources and energy. It will ultimately strengthen AGTFP. Despite previous studies examining the multifaceted consequences on rural areas (Mei et al., 2022) and farmers’ lives (Chen et al., 2022), there is a lack of thorough research on the implications of digital village construction on AGTFP. In light of this, the objective of this paper is to investigate the impacts of digital village construction on AGTFP and its underlying mechanisms. Given the current push for green development, these concerns merit investigation. This paper will provide valuable references for promoting global ecological balance, mitigating climate change, and ensuring social well-being.

This paper experimentally analyzes the influence of digital village construction on AGTFP and its underlying mechanisms using balanced panel data for 31 Chinese regions from 2011 to 2022. This paper’s contributions are outlined below. (1) Regarding research content, this work investigates how digital village construction affects AGTFP, adding to the body of literature on the subject and discussing the elements that influence AGTFP. (2) In terms of the impact mechanism, studies have verified the mediating effects of factors such as resource misallocation (Guo and Liu, 2023), agricultural scale operation, and agricultural informatization (Du J. et al., 2023) in the process of digital village construction empowering AGTFP. This paper explores how digital village construction fosters AGTFP through agricultural technology innovation, agricultural human capital, and agricultural social services. Consequently, the impact pathway of digital village construction on AGTFP is more fully recognized. (3) Previous studies have not considered the potential threshold effect of digital village construction on AGTFP. This paper uses environmental regulation as a threshold variable to investigate the threshold effect. In light of the aforementioned conclusions, targeted recommendations are provided for policymakers to optimize digital village construction to promote environmental sustainability while enhancing agricultural productivity.



2 Literature review


2.1 Digital village construction

The digital village strategy was initially introduced in the central government’s No. 1 document in 2018. Since then, scholarly investigations into digital village construction have evolved from qualitative and theoretical interpretations to quantitative evaluations and empirical analyses. First, given that digital village construction is an emerging research field, most recent studies have been theoretical, exploring the connotations of digital village construction, practical dilemmas, and path selection. The literature defines the concept of digital village construction. By using modern information networks as the primary platform and contemporary information technology as the primary engine, digital village construction refers to a set of initiatives, plans, and procedures designed to entirely reinvent rural economic development based on the advancement of the digital economy (Wang S. et al., 2021). Second, the Institute for New Rural Development at Peking University introduced the County Digital Village Index in 2022 to quantitatively measure digital village construction. The index uses Four primary dimensions to construct an extensive assessment framework: digital infrastructure, digitalization of economic activity, digitalization of governance procedures, and digitalization of citizens’ lives. Subsequently, there was a steady surge in the exploration of how digital village construction can empower rural communities and agriculture. From a broad viewpoint, digital village construction can promote rural economic growth (Wang P. et al., 2023) and sustainable rural development (Adamowicz and Zwolińska-Ligaj, 2020). The divide between towns and the countryside tends to close as the level of the digital village rises (Zhao and Zhao, 2024). At the micro level, digital village construction can significantly reduce the likelihood that rural households in China will alter their current secure situation in response to disturbances and increase their resilience (Cai et al., 2023). Additionally, by encouraging employment in other industries and asset conversion, digital village construction can significantly boost the revenue of farmers (Chen et al., 2022).



2.2 AGTFP

The domain of AGTFP research is constantly expanding and deepening. Initially, research concentrated on AGTFP measurement techniques and outcome analysis, striving to establish and improve quantitative instruments for evaluating AGTFP. Over time, scholars broadened their perspectives and initiated investigations into the diverse elements influencing AGTFP. In 1957, Robert Solow first proposed the notion of TFP, also known as the Solow residual. Since its introduction to the agricultural industry, TFP has become a crucial metric for assessing the state of the agricultural economy (Jorgenson and Gollop, 1992). With the increasing contradiction between resources and the environment, the level of resource utilization and the degree of ecological damage are involved in the evaluation index (Oskam, 1991). There are currently two categories of AGTFP research. Measuring and analyzing AGTFP comes first. Parametric and non-parametric approaches are the categories into which their measurement methodologies fall. Research on AGTFP drivers is the second. Agricultural credit inputs have been shown by researchers to considerably boost AGTFP within a region while inhibiting its growth in adjacent areas (Wang et al., 2022). Fang et al. (2021) found that increasing agricultural insurance coverage will facilitate AGTFP, and this effect will increase with the growing operation scale.

Furthermore, the researcher discovered that adopting the carbon trading pilot program boosts AGTFP (Yu et al., 2022). AGTFP’s driving force has grown over time due to the reduction of carbon quotas. In addition, some scholars have explored the drivers of AGTFP from the perspectives of integration of rural industries (Chen et al., 2024), industrial agglomeration (Luo et al., 2023), and digital inclusive finance (Gao et al., 2022).



2.3 Digitization and AGTFP

Digital village construction has become a significant concern at the national strategic level due to the ongoing advancement of digital technology and its deep integration with agriculture and rural areas. Simultaneously, indicators for evaluating agricultural digitization have evolved. Agricultural digitization indicators were initially single-dimensional but have since developed into a multi-dimensional indicator system. In previous research, academics primarily utilized the notion of agricultural informatization to determine the state of digitalization in rural regions. The association between agricultural informatization and TFP has been the leading research subject. Digital village construction is now a crucial component for the excellent growth of agriculture due to the profound advancement of the current technological revolution (Mei et al., 2022). The advent of the digital village signifies a new phase in the advancement of agricultural digitalization. In addition to positively impacting agriculture’s TFP (Fang et al., 2024), digital village construction has some ecological effects. Some studies have found an inverted U-shaped curve association between digital village construction and carbon emissions in rural areas. This effect will vary depending on the stage of regional economic development (Hao et al., 2022). While Tang and Chen (2022) confirmed that the development of digital villages can increase the effectiveness of greening arable land, a thorough empirical examination of its underlying influence mechanism is lacking. On this basis, Lin and Li (2023) found that digital village construction can enhance agroecological efficiency through agricultural scale operation and optimizing agricultural planting structure. However, other researchers have discovered that digital village construction lowers ecological performance by using the e-commerce into rural comprehensive demonstration zone policy as a quasi-natural experiment (Zhang and Zhong, 2023).

By combining the relevant literature in this field, it was found that the literature has conducted relevant studies on the evaluation methods and driving elements of AGTFP. Scholars have begun concentrating on the impact of digital village construction on agriculture as a result of the progression of the digital village strategy. The findings of previous studies serve as a valuable guide for this paper. Nonetheless, there is still space for the current study to be improved and expanded upon: (1) Existing research mostly starts from a single indicator, such as access to the internet and the degree of agricultural information, to explore its impact on agricultural development, and less research has focused focus on the effect of digital village construction on agriculture. (2) Research on the mechanisms influencing AGTFP is not well-represented in the literature currently, and a relatively small amount of studies have empirically examined the connection between digital village construction and AGTFP. Thus, this work investigates the effect of digital village construction on AGTFP and provides additional clarification on the impact mechanism of digital village construction on AGTFP based on previous research. Ultimately, policy proposals for China’s digital village construction are proposed in light of the paper’s findings to support rural green development while accomplishing agricultural modernization.




3 Theoretical analysis and hypothesis


3.1 Digital village construction and AGTFP

Digital village construction has greatly influenced several facets, such as agricultural production, rural life, and village governance, by utilizing modern technologies, particularly the web, big data, artificial intelligence, and other tools. The following points illustrate how digital village construction affects agriculture’s green development. First, digital village construction reduces the transaction costs faced by farmers due to information asymmetry and other factors by providing efficient information services (Zanello, 2012). Using this platform, agricultural producers can quickly and accurately grasp the dynamics of land supply and demand, improve land resource allocation, and promote agricultural development toward large-scale operation. The large-scale management of agriculture fosters the popularization of environmental protection agricultural technology and the optimization of agricultural structure (Du J. et al., 2023), achieving the efficient use of resources, increasing production efficiency, and boosting the green transformation of agriculture (Wei et al., 2022). Second, the efficiency and transparency of information sharing have progressively increased with the ongoing development and application of information technology (Ji et al., 2023). The information-based regulatory capacity of agricultural green production has strengthened (Arts et al., 2016). The application of artificial intelligence, remote sensing satellites, and Beidou navigation to agricultural production has accelerated (Shin and Choi, 2015), improving agricultural production efficiency and precision and reducing resource waste and environmental pollution. In addition, digital village construction promotes establishing an information-based regulatory system for agricultural green production, thus strengthening the supervision and management of environmental protection standards for agricultural production (Granell et al., 2016) and guaranteeing the quality of agricultural goods and the safety of the natural environment. Thus, hypothesis 1 is put out in this work.


Hypothesis 1. Digital village construction can contribute to AGTFP.
 



3.2 Influence mechanisms of digital village construction on AGTFP

The permeability of digital technology is driving the digital transformation of production elements and production relations, thereby altering the model of social and economic growth. Digital village construction can empower agriculture in the agricultural sector through three dimensions. First, technological empowerment: digital village construction can lead to technological agricultural innovations. These innovations can optimize agricultural production processes and are critical for raising AGTFP. Second, labor empowerment: digital village construction can attract talent to the countryside and improve the comprehensive literacy of farmers, thus enhancing rural human capital. Human capital, as a carrier of information and expertise, is vital for the progress of AGTFP. Third, management empowerment: digital village construction accelerates the growth of agricultural productive services through technological support. Agricultural productive services, which provide crucial information and managerial guidance, facilitate AGTFP growth. Collectively, these three approaches have boosted AGTFP and offered a fresh outlook for the sustainable development of agriculture.


3.2.1 Digital village construction, agricultural technology innovation, and AGTFP

Technological innovation is the core of improving food output and enhancing agricultural productivity, sustainability, and resilience (Liu et al., 2021). Digital village construction has expedited the agricultural sector’s technical advancement rate. The adoption of advanced technologies could enhance AGTFP while lowering the detrimental effects of agricultural production on the environment (Wang H. et al., 2021). First, digital village construction is a significant component in advancing the creation of a digital China and a strategic path for rural rejuvenation. This objective has sped up the adoption of digital technology in agriculture and encouraged the invention of innovative agricultural technologies. Second, digital village construction has reinforced the rural advancement of information infrastructure. The popularization of broadband and mobile communication networks has established a strong hardware basis for technology innovation and accelerated the application and popularisation of advanced agricultural technologies. Innovation in agricultural technology greatly maximizes the distribution of production elements, enhances the efficiency of traditional energy use, and reduces the carbon footprint from agricultural production (Zhu et al., 2022b). In addition to significantly increasing the productivity of production factors, the use of advanced technology in agriculture can spur the development of novel agricultural production practices. For instance, it supports the growth of ecological agriculture. It ensures that agricultural production activities and the natural environment remain harmonious. Consequently, hypothesis 2 is put out in this work.


Hypothesis 2. Digital village construction can enhance AGTFP by promoting agricultural technology innovation
 



3.2.2 Digital village construction, agricultural human capital, and AGTFP

Human capital is a crucial and scarce resource for digital village construction. Enhancing agricultural human capital is instrumental in elevating the quality and efficiency of agricultural management. This enhancement is essential for advancing AGTFP. Farmers’ digital quality improves and highly qualified talent returns, both of which are indicators of increased agricultural human capital. While promoting innovation and entrepreneurship in villages (Audretsch et al., 2015), digital village construction also opens up diverse employment avenues for residents (Ma and Han, 2023). The widespread use of digital technology provides a new employment direction and career development opportunities for high-skilled labor, promotes the return of talent to the agricultural field, and injects new vitality into the sustainable development of agriculture. Highly skilled personnel can not only develop and promote new agricultural technologies but also spread the concept and knowledge of green agriculture to more agricultural producers and enhance farmers’ environmental awareness and technical level, thus improving agricultural production efficiency and ecological friendliness. As digital village construction continues, rural communities’ digital infrastructure has steadily improved, providing farmers more diversified access to knowledge and information. Farmers can now more easily access market trends and learn advanced agricultural technologies and management strategies, enhancing their information literacy and agricultural production management skills. It has positively impacted the promotion of green production practices and AGTFP (Du F. et al., 2023). Accordingly, hypothesis 3 is put out in this work.


Hypothesis 3. Digital village construction can enhance AGTFP by enhancing agricultural human capital.
 



3.2.3 Digital village construction, agricultural productive services, and AGTFP

The agricultural productive service industry refers to the industry that specializes in providing intermediate services for the producers of agricultural products, and its services cover the entire agricultural production process. Promoting agricultural productive services is essential for accelerating the process of agricultural modernization and promoting rural industrial revitalization. Along with the depth of digital village construction, agricultural productive services will also improve. On the one hand, digital village construction provides a perfect infrastructure for agricultural productive services, providing accurate data supply and thus improving the productivity and accuracy of agricultural productive services. On the other hand, the adoption of modern digital techniques dramatically expands the service scope of the agricultural productive service industry. It stimulates innovation in its service mode and content to address farmers’ diverse demands more accurately and upgrade efficiency and quality of service. To pursue maximum economic returns, farmers tend to apply agricultural inputs, including pesticides, chemical fertilizers, and agro-film in excess during farming, to increase agricultural output, which places a significant burden on the ecological environment (Xu et al., 2022). Agricultural productive services are a vital way to alleviate these problems.

First, agricultural productive service organizations can popularize and promote water-saving irrigation, organic farming, and other environmentally friendly agricultural technologies to farmers and guide agricultural business entities to adopt scientific and environmentally friendly production technologies and management methods (Yang et al., 2013), thereby reducing agricultural pollution related to the agricultural production process and reducing agricultural non-desired output. Second, enhancing the level of expertise at each link in the agriculture value chain is agricultural productive services (Zhu et al., 2022a). The benefits of specialization brought about by the division of labor enhance agricultural productivity and alleviate the excessive use of agrochemicals (Sims and Kienzle, 2017). In addition, accompanied by technological innovation, agricultural productive services can be digitized and intelligently upgraded, allowing farmers to access information more conveniently and effectively, feeding back the market demand for green agricultural goods to farmers and incentivizing them to carry out green production. Accordingly, hypothesis 4 is put out in this work.


Hypothesis 4. Digital village construction can enhance AGTFP by promoting agricultural productive services.
 




3.3 Digital village construction, environmental regulation, and AGTFP

Environmental regulation aims to safeguard the environment by controlling different activities that contaminate the public space, and it is an essential element of social regulation. Using a range of legislative and policy initiatives, environmental regulation effectively reduces pollutant emissions, thus weakening ecological damage. Two major groups of academics have different perspectives on how environmental regulations affect agriculture. Some scholars advocate innovation compensation theory, arguing that appropriate environmental regulation can stimulate agricultural farmers to incorporate more environmentally friendly technologies and methods (Porter and Linde, 1995), promote ecological and sustainable agriculture, and improve AGTFP. Other scholars follow the cost theory, emphasizing that environmental regulation may bring additional costs to agricultural production (Barbera and McConnell, 1990), putting pressure on agricultural production, especially for small-scale farmers and economically underdeveloped areas, and affecting their competitiveness. In addition, the increase in environmental management costs will crowd out the R&D expenditures of cleaner agricultural technologies, increasing the financial burden on agricultural producers. It may lead to a decline in AGTFP in the short term. The role of environmental regulation in digital village construction to promote AGTFP depends on the dynamic relationship between innovation compensation and the cost of compliance under different intensities. Therefore, a non-linear link exists between digital village construction and AGTFP. Thus, hypothesis 5 is put out in this work.


Hypothesis 5. Environmental regulation has a threshold effect on the impact of digital village construction on AGTFP.
 

Figure 1 depicts the theoretical framework of this paper.

[image: Figure 1]

FIGURE 1
 Theoretical analysis framework.





4 Measurement of AGTFP


4.1 Indicators selection


4.1.1 Input indicators

This paper selects labor, land, water, energy, chemical fertilizers, agrochemicals, and agro-films as indicators of agricultural inputs. Among them, labor input is measured by primary industry employees. The crop sown area serves as a gauge for land input. The quantity of water utilized in agriculture is used to calculate water input. Agriculture’s energy intake is calculated by how much power is used. Chemical fertilizer, agrochemical, and agro-film are measured by the number of pure chemical fertilizers used, the agrochemicals used, and the amount of agro-films used, respectively.



4.1.2 Desired output

The gross value of forestry, livestock, fishery, and agriculture deflated for the 2011 base period is used to calculate the desired output.



4.1.3 Undesired output

This paper identifies six primary sources of agricultural carbon emissions by extensively investigating agricultural production practices and reviewing pertinent research findings. First, carbon emissions are generated by the use of agricultural films, pesticides, and fertilizers. Second, plowing alters soil structure and emits greenhouse gases. Third, burning fossil fuels during irrigation and using agricultural machinery contributes to carbon emissions. To more accurately assess the effects of these actions on nature, an indirect pollution quantification can be achieved by using carbon emissions as a proxy variable. Undesired output was measured using carbon emissions from agriculture. The type of carbon source, its quantity, and the related carbon emission coefficient are the three components required for estimating total carbon emissions, according to Li et al. (2011). Equation 1 presents the equations.

[image: image]

In Equation 1, [image: image] is the sum of carbon emissions. [image: image] shows the carbon emissions per source selected for this paper. [image: image] represents the quantity of each carbon source. [image: image] represents the carbon emission factor. Table 1 offers the individual carbon emission factors.



TABLE 1 Carbon emission factor for agriculture.
[image: Table1]




4.2 Measurement method


4.2.1 Super-efficiency SBM model

Methods for measuring production efficiency can be categorized into parametric and non-parametric methods. The stochastic frontier production function (SFA) represents the former and the latter using the data envelopment analysis (DEA) method. The SBM model (Tone, 2001) and the super-efficiency SBM model (Tone, 2002) are extensions and enhancements of the traditional DEA model. Compared with other models, the super-efficiency SBM model has several outstanding advantages. First, compared with SFA, the super-efficiency SBM model avoids presetting the production function form, reducing subjectivity in the model setting process and enhancing the efficiency assessment’s objectivity. Second, compared with the traditional DEA model (represented by the CCR model and BCC model), the non-radial and non-angle super-efficiency SBM model simultaneously considers the slack variables of inputs and outputs, reflecting the actual situation of each factor more objectively, thereby avoiding the measurement errors caused by the radial and angle selection problems of the traditional DEA model. Third, the super-efficiency SBM model can handle situations containing undesired outputs, demonstrating its unique application value in environmental efficiency assessment. Fourth, the super-efficiency SBM model can assess the efficiency of effective units in a more detailed way, identifying slight differences in AGTFP across each Chinese province. Nonetheless, the super-efficiency SBM model cannot handle cases where input and output variables exhibit radial and non-radial characteristics. Considering the above factors, this paper assesses AGTFP using the super-efficiency SBM model.

In Equation 2, [image: image] is the decision unit efficiency value. x, y, and b are the input, desired, and undesired output vectors. [image: image] and [image: image] are slack variables. [image: image] is a vector of weights in the model. When [image: image], the system is considered to be efficient.

[image: image]

[image: image]

[image: image]

[image: image]

[image: image]

[image: image]

[image: image]



4.2.2 Global Malmquist-Luenberger index

The super-efficiency SBM model evaluates individual decision-making units’ production efficiency values at a given technology level. The efficiency value determined by the model, however, does not visualize the dynamics of productivity over time; instead, it is a static indicator. Therefore, based on the super-efficiency SBM model, the Global Malmquist-Luenberger (GML) index is used to measure AGTFP to achieve an inter-period comparison of productivity. The formula is as follows.

[image: image]

In Equation 3, [image: image] represents the change in AGTFP from period t to t + 1. [image: image] and [image: image] denote the values of the efficiency distance function at times t and t + 1, respectively, which measure the relative efficiency of the decision-making unit at times t and t + 1. When the GML index surpasses 1, the efficiency of the decision unit at time t + 1 has increased relative to time t. If the GML index is below 1, the production efficiency has decreased compared to the base period. The case where the GML index is precisely 1, on the other hand, reflects that the productivity of the decision-making module has remained stable over the assessment period.




4.3 Measurement results

Using 2011 as the base year, the AGTFP of 31 provinces in China was measured from 2011 to 2022. Three areas were created out of the provinces by considering their geographic locations: East, Central, and West. Figure 2 depicts the findings of the computation. At the national level, the GML index consistently remained above 1 during the decade from 2012 to 2022. Specifically, the GML index increased from 1.017 in 2012 to 1.072 in 2017. It then increased to 1.150 in 2022, showing an overall upward trend. It reflects that Chinese agriculture is gradually transforming toward a more environmentally friendly and sustainable green development path. Notably, under the influence of the COVID-19 epidemic in 2020, AGTFP in regions other than the east of China decreased to varying degrees, especially in the West. The AGTFP in the east, central, and west at the regional level increased steadily during the sample period. As shown in Figure 2, the West performs exceptionally well in terms of the growth of AGTFP. Specifically, in 2012, the region’s GML index was 0.994, lower than other regions. However, by 2022, the index had increased significantly to 1.178, not only catching up but also jumping above the national average. This jump shows that although the economic and agricultural progress of the West is slightly lagging behind that of the East and Central, this phenomenon provides the region with a unique late-comer advantage, indicating its vast growth potential. In transitioning to a green economic system, the West can actively change its traditional agricultural production mode and structure. In addition, the West can reach the target of specialization and scale in production by learning and adopting advanced green production technology to catch up with other regions and show a strong development momentum in upgrading the greening of agriculture.

[image: Figure 2]

FIGURE 2
 Evolutionary trend of the AGTFP.





5 Research design


5.1 Model specification

The present study develops an econometric model to investigate the influence of digital village construction on AGTFP through empirical means, depending on the theoretical analysis presented above.

[image: image]

In Equation 4, i indicates the region. t indicates the year. [image: image] is the AGTFP of province i in period t. [image: image] is the digital village construction degree of province i in period t. [image: image] is the coefficient to be estimated, indicating the direction and magnitude of the effect of digital village construction on AGTFP. [image: image] stands for control variables. [image: image] represents the constant term. [image: image] and [image: image] represent the province and year fixed effects, respectively. [image: image] represents the potential random error term.

In this paper, the mediating effect was adopted according to Jiang (2022), and agricultural technology innovation, agricultural human capital, and agricultural productive services were selected as the mediating variables. The modeling is as follows.

[image: image]

In Equation 5, [image: image] represents the mediating variable. [image: image] is the coefficient to be estimated, indicating the degree and direction of the influence of digital village construction on the mediating variable.



5.2 Variables definition


5.2.1 Dependent variable

This paper uses AGTFP as the dependent variable. Since the AGTFP calculated above is a chained growth index from time t to t + 1, this paper transforms it into a cumulative value with 2011 as 1. Hence, the AGTFP in 2012 was the product of the AGTFP in 2011 and the GML index in 2012. The AGTFP was calculated analogously for subsequent years.



5.2.2 Independent variable

Digital village construction aims to advance digital transformation across all rural and agricultural facets. This construction process involves a wealth of content and covers various participating subjects. Therefore, when assessing the state of digital village construction, the academic community tends to establish an integrated system of evaluation indicators. According to the relevant literature, combined with data availability, this paper creates a system of indicators containing three dimensions, and the detailed metrics are listed in Table 2. The comprehensive score of each province’s digital village construction level is then determined using the entropy approach, and it serves as the independent variable for this paper. Among these indicators, weather stations are devices that gather and quantify data concerning atmospheric phenomena, which is crucial for forecasting weather conditions, analyzing climate change, and evaluating the state of the environment. However, these statistics are insufficient for agricultural needs. Consequently, agrometeorological stations were established. Agrometeorological stations track meteorological features directly related to agriculture, specialize in meeting agricultural production needs, and assist farmers in promptly updating their agricultural production strategies.



TABLE 2 Digital village construction indicator system and reference sources.
[image: Table2]



5.2.3 Mechanism variables

Agricultural technology innovation: The quantity of patents is usually regarded as an essential gauge of technical advancement. According to Liu et al. (2021), the number of patents per capita is valuable for gauging agricultural technology innovation in rural settings. Agricultural human capital: The actual per capita human capital data of rural areas in China Human Capital Report 2023 was adopted. Agricultural productive services: According to Tang et al. (2023), the gross value of services in forestry, agriculture, livestock, and fisheries per unit of sown area is a proxy for the degree of productive agricultural services. In empirical evidence, logarithms are utilized.



5.2.4 Threshold variable

In this work, environmental regulation serves as the threshold variable. Referring to Lv et al. (2021), the amount of environmental investment divided by the annual gross agricultural product was used to assess the state of environmental regulation.



5.2.5 Control variables

To exclude the impact of external factors on AGTFP, drawing on the relevant literature (Sun, 2022; Bai et al., 2023), the indicators of urban–rural income distribution, fiscal expenditure on agriculture, agricultural disaster rate, agricultural machinery density, and agricultural cropping structure are picked as control variables. The ratio of per capita disposable income in urban areas to that in rural areas is utilized to indicate the income distribution. The logarithm of local financial expenditure on forestry, water affairs, and agriculture is used to estimate the amount of financial expenditure on agriculture. The disaster area to total sown area ratio represents the agricultural disaster rate. Agricultural machinery density is measured by the power of agricultural machinery per unit sown area. The proportion of the area devoted to food crops to the overall area of crops is employed to express the agricultural crop structure.




5.3 Data sources

For the independent variables, data on Taobao villages originate from the China Taobao Village Research Report from previous years. The Peking University Digital Financial Inclusion Index report sourced the digital financial inclusion index. Data on farmers’ consumption levels of digital services come from the China Statistical Yearbook. The rest of the indicators, such as agrometeorological stations, derive from the National Bureau of Statistics. For the dependent variable, all data come from the National Bureau of Statistics website, except for those employed in the primary sector, which come from provincial statistical yearbooks. All data were sourced from the National Bureau of Statistics website for control variables. Human capital statistics were sourced from the China Human Capital Report 2023 for the mediating variables. Data on patents were collected from the China National Knowledge Infrastructure Patent Database. Raw data on agricultural productive services come from the China Tertiary Industry Statistical Yearbook. The data for the threshold variables were obtained from the China Environmental Statistics Yearbook. For missing data for individual years in some provinces, the paper employed linear interpolation to supplement the data.



5.4 Descriptive statistical analysis

Table 3 shows the characteristics of the variables. From 2011 to 2022, the standard deviation of China’s AGTFP was 0.480, and the maximum and minimum values were 3.210 and 0.587, respectively, indicating a significant difference in each province’s AGTFP. For digital village construction, the values range from 0.015 at the lowest point to 0.767 at the highest. The standard deviation is 0.113, which reflects that the overall level of digital village construction needs to be improved and that there is uneven development among regions. Analysis of the mean and standard deviation of the mediating and threshold variables reveals significant disparities among Chinese provinces regarding productive services, technological innovation capacity, and environmental regulation. Analysis of the control variables shows that Chinese provinces have relatively balanced urban–rural income distribution, more significant financial support for agriculture, higher mechanization density, and a relatively balanced agricultural structure, all providing the necessary conditions for green agricultural development.



TABLE 3 Descriptive statistics of variables.
[image: Table3]




6 Empirical results


6.1 Baseline regression results

Table 4 reports the baseline regression results for the impact of digital village construction on AGTFP, which are regressed empirically without and with control variables. Column (1) of Table 4 shows the results without adding control variables, which shows that the estimated coefficient is 1.464 and is significantly positive at the 1% level, which indicates that digital village construction can promote AGTFP; thus, hypothesis 1 is initially verified. On this basis, by introducing the control variables of the income distribution, financial expenditure on agriculture, agricultural disaster rate, agricultural machinery density, and agricultural structure, the regression coefficient becomes 0.817. Its effect on AGTFP is still significant at the 1% level. Regardless of the insertion of control factors, the results demonstrate that the influence of digital village construction on AGTFP is considerably positive at the 1% level, revealing that digital village construction is essential for encouraging AGTFP. Hypothesis 1 is proved. The extant literature supports this conclusion. Using a sample of 1740 county-level administrative units in 2019, Du J. et al. (2023) demonstrated the role of digital village construction in enhancing AGTFP. Despite some differences in the data samples used, the consistency of the findings strongly supports the reliability of the conclusions presented in this paper.



TABLE 4 Baseline regression results.
[image: Table4]

Regarding the control variables, AGTFP is significantly improved by the income distribution gap between urban and rural areas. This finding reveals that moderate income disparity can effectively incentivize agricultural production to shift to greener and more efficient production methods, thus enhancing AGTFP. However, the effects of financial expenditure on agricultural support and machinery density on AGTFP are significantly adverse. The possible reason is that the current development model in China still relies mainly on traditional methods of resource consumption. In this context, financial support for agriculture may inadvertently intensify inputs to the traditional agricultural model, which not only exacerbates the demand for natural resources but also exacerbates the problem of environmental pollution, which is not conducive to enhancing AGTFP. The use of agricultural machinery increases fuel consumption, which in turn increases greenhouse gas emissions, adversely affecting the ecology and thus limiting the positive role of agricultural mechanization in promoting AGTFP. In addition, the effect of the agricultural disaster rate on AGTFP is negatively correlated. Besides, the influence of agricultural structure shows a positive correlation, but neither effect reaches a statistically significant level.



6.2 Robustness tests

The following five robustness tests are used to verify the robustness of the influence of digital village construction on AGTFP.


6.2.1 Replacing the measurement method of the dependent variable

The previous section used the GML index method to calculate China’s AGTFP. To examine the robustness of the results, AGTFP is re-measured in this section using the CCR model, a more traditional DEA model for evaluating the size and technical efficiency of DMUs, which has strong feasibility and applicability in practical applications. By adopting the new calculation method to estimate AGTFP and including it as the dependent variable in the regression model, the results are displayed in column (1) of Table 5. The results show that the digital village construction regression coefficient on AGTFP drops to 0.175, a reduction compared to the baseline regression results. This phenomenon is attributed to the inherent differences in the measurement of efficiency values between the CCR model and the super-efficiency SBM model, highlighting the precision differences between the models in measuring efficiency. Nonetheless, the regression coefficients for digital village construction remain positive and significant at the 1% level even after adjusting for the different measures. This result confirms that the benchmark regression results are reliable.



TABLE 5 Robustness tests.
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6.2.2 Replacing the measurement method of the independent variable

The entropy method measures the core independent variable digital village construction in the benchmark regression. To avoid interference from different measurement methods in the results, this section uses principal component analysis to measure the degree of digital village construction again. Principal component analysis is a multivariate statistical analysis technique that captures the critical information embedded in the raw variables by extracting a few linear combinations. This approach effectively avoids the repetition of information owing to the increased number of indicators, reduces redundancy, and improves the efficiency of data processing, leading to a more precise assessment of the characteristics and evolutionary trends of the research object. After being re-measured via principal component analysis, the variables related to digital village construction are substituted into the model and re-examined. As indicated in column (2) of Table 5, the regression coefficient for digital village construction on AGTFP is 0.186. It is significantly positive at the 1% level. The difference in the results stems from the differing data processing methods of the two approaches. The entropy method emphasizes the informativeness and balance of the indicators. In contrast, the principal component analysis method prioritizes extracting the central variability of the data. Even with different measurement methods, the positive effect of digital village construction on AGTFP is still significant, indicating the robustness of the above findings.



6.2.3 Excluding municipalities

Compared with other general provinces, municipalities have unique characteristics in terms of administrative level, geographic factors, economic positioning, and agricultural development conditions. To ensure the comparability and dependability of the results and to avoid the potential interference of these unique factors on the model estimation, the municipalities in China, Beijing, Tianjin, Chongqing, and Shanghai, were removed from the model analysis in this paper. Using the new samples, the model is re-estimated. Column (3) of Table 5 gives the results. After excluding the municipalities’ sample, the digital village construction’s positive impact on AGTFP becomes significantly higher, with the regression coefficient rising to 1.145. The possible reason is that municipalities have limited environmental carrying capacity. Thus, their agricultural policies may emphasize ecological protection and sustainable development more. While digital village construction is essential for promoting green agricultural development, its impact on municipalities may be weaker due to existing local environmental policies. The results above reaffirm the reliability of the paper’s conclusions.



6.2.4 Trimming

Extreme values or outliers may greatly impact statistical analyses and model estimation. The disturbance of these outliers on the analytical results can be reduced by shrinking the tails. To ensure the dependability of the analytical results and reduce the possible disturbance of outliers on model estimation, the main variables were subjected to tailoring at the 1% quartile. After the trimming of the variables, the model was re-estimated with parameters. As indicated in column (4) of Table 5, the coefficient for digital village construction remains significantly positive even after accounting for possible bias from extreme values. This finding suggests that digital village construction positively enhances AGTFP and that this effect is stable and reliable.



6.2.5 Adding control variables

Within the framework of the existing control variables, the degree of industrialization and the state of rural roads are further introduced as control variables to enhance the explanatory power and robustness of the model. The percentage of industrial-added value to gross regional product signifies industrialization. The state of rural roads is represented by the ratio of (total highway mileage of the province—highway mileage—first-class highway mileage) to the province’s area. After re-estimating the model, column (5) of Table 5 depicts the regression results. The regression coefficient remains significantly positive even after incorporating a more comprehensive set of control variables. This finding further strengthens the previous conclusion that digital village construction positively affects AGTFP and that this effect is robust across different model settings.




6.3 Endogeneity issue

The Endogeneity issues may challenge the findings of the previous study. Digital village construction uses information technology to increase AGTFP. However, regions with greater AGTFP are also likely to have higher requirements for infrastructure, information technology, etc., which drives digital village construction. To mitigate the impact of this reverse causation on the results as much as possible, this paper adopts an instrumental variables(IV) approach by employing the two-stage least squares.

Referring to Bartik (2009), the Bartik IV [image: image] is constructed, where [image: image] is the degree of digital village construction lagged by one period and [image: image] is the first-order difference at the national level of digital village construction over time. Bartik’s instrumental variables can effectively mitigate endogeneity problems caused by reverse causality. This instrumental variable theoretically satisfies the two essential properties required of an instrumental variable. In terms of correlation, this variable includes one lagged period of digital village construction, and the level of digital village construction in the current period is inevitably affected by the level of digital village construction in the lagged period. Therefore, this instrumental variable is highly correlated with the endogenous variables in this paper. From the perspective of exogeneity, the exogeneity of this instrumental variable mainly derives from different terms. Since the level of digital village construction at the national level is derived from the mean value synthesized by the 31 provincial administrative regions, its trend will not be significantly affected by individual provincial administrative areas. The difference term is exogenous relative to individual regions. In summary, the only channel through which this instrumental variable affects the dependent variable is the associated endogenous independent variable, ensuring the original endogenous independent variable is estimated consistently.

The Bartik IV regression results are illustrated in columns (1) and (2) of Table 6. Apart from this, this paper adopted the method of Chen and Chu (2023) to estimate the first-order difference value of the digital village construction level in each year of the country. It implements the de-one method (LOO) processing. This step is intended to reduce the effect of the increase in digital village construction in a single region on the overall national growth rate. The regression results using the LOO method are displayed in columns (3) and (4) of Table 6.



TABLE 6 Endogeneity issue.
[image: Table6]

The initial stage regression results are displayed in columns (1) and (3). The hypothesis of weak IV is rejected since the F values of the two instrumental factors in the first stage are more significant than 10. The Cragg-Donald Wald F-statistic is bigger than the crucial value of 16.38 under 10% bias. Columns (2) and (4) show the results for the second stage IV, demonstrating that after identifying the endogeneity issue, digital village construction still significantly impacts AGTFP, further verifying hypothesis 1. The estimation results in Table 6 indicate that digital village construction can promote AGTFP, regardless of whether the IV is constructed using the Bartik or LOO methods.



6.4 Mechanisms test

To circumvent the problems of overuse and endogeneity bias present in the traditional step-by-step test of mediating effects, this paper relies on the two-step method proposed by Jiang (2022) to conduct the mediating effects test. The impact of each mediating variable on AGTFP has already been verified through the literature review. Therefore, this section focuses on whether digital village construction can influence the mediating variables, thus verifying the mediatings effect.


6.4.1 Agricultural technology innovation

Agricultural technology innovation csan minimize the consumption of resources by improving resource use efficiency while lowering the utilization of pesticides and fertilizers to reduce environmental pollution. Numerous studies have confirmed that agricultural technology innovation has an advantageous influence on AGTFP (Zhang et al., 2022; Dai et al., 2023; Liu Y. et al., 2023). Thus, this investigation covers only the effect of digital village construction on agricultural technology innovation. As shown in column (1) of Table 7, the main regression coefficient is 2.652, indicating that digital village construction can significantly promote agricultural technology levels. Through the integration and application of modern information technology, digital village construction has provided significant impetus to agricultural technological innovation and accelerated the practical application of these innovations. The enhancement of agricultural technology innovation improves the efficiency of agricultural resources and energy use, thereby promoting the enhancement of AGTFP. Therefore, digital village construction significantly promotes agricultural technology innovation, thus facilitating the improvement of AGTFP. It verifies hypothesis 2.



TABLE 7 Mechanisms test results.
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6.4.2 Agricultural human capital

As an endogenous driver of agricultural growth, human capital in agriculture plays a crucial part in promoting the green transformation of agriculture. It constitutes an innovative starting point for sustainable agricultural development and an essential component in realizing this transformation. The favorable effect of agricultural human capital accumulation on agricultural green growth has been confirmed by the lSterature (Ren et al., 2022; Wang Y. et al., 2023). As shown in column (2) of Table 7, the regression coefficient is 0.389, indicating that digital village construction can enhance rural human capital. Digital village construction has not only attracted a large number of technical and managerial talents but also provided opportunities for knowledge updating and skills upgrading in rural areas. By leveraging network platforms, digital village construction can promote the cross-regional sharing of educational resources and improve the accessibility of rural education. Through these channels, rural human capital has been gradually upgraded, thereby providing intellectual support for the green and intelligent transformation of agriculture. Therefore, digital village construction enhances AGTFP by facilitating the accumulation of agricultural human capital. It verifies hypothesis 3.



6.4.3 Agricultural productive services

Strengthening the construction and improvement of agricultural productive services is of great significance in promoting the process of agricultural modernization. Numerous academics have studied the relationship between agricultural productive services and agricultural sustainable growth, and they all concur that these services can increase AGTFP (Zhu et al., 2022a; Bai et al., 2023; Tang et al., 2023). Column (3) of Table 7 shows the results, and the coefficient is 0.796 and is positive at the 1% level, showing that digital village construction can improve agricultural productive services. Digital village construction further encourages the growth of AGTFP by optimizing agricultural productive services, such as providing timely market information, efficient supply chain management, and high-quality policy advisory services, thereby enhancing the quality and accessibility of services. Therefore, digital village construction enhances AGTFP by improving agricultural productive services. It verifies hypothesis 4.




6.5 Heterogeneity analysis


6.5.1 Heterogeneity of agricultural functional attributes

To arrange agricultural output in the most efficient way possible, guarantee food security, and provide an adequate quantity of necessary agricultural products, the Ministry of Agriculture and Rural Development of China issued the National Cultivation Structure Adjustment Plan (2016–2020), which divides 31 provinces into 13 major grain-producing areas and 18 non-major grain-producing areas, considering the specificities of different regions in terms of food consumption and production. Differences in agricultural policies, planting structures, and production methods in various functional areas can impact the AGTFP. Therefore, according to the functional attributes of agriculture, the sample is divided into two areas to conduct regressions separately to examine the impact of digital village construction on AGTFP in areas with different functional attributes. According to columns (1) and (2) of Table 8, the effect of digital village construction on AGTFP is significantly positive at the 5% level in both areas. The difference is that the regression coefficient of digital village construction is more significant than that of non-major grain-producing areas in major grain-producing areas, indicating that digital village construction can promote AGTFP in major grain-producing areas. Slightly different from the division adopted in this paper, Guo and Liu (2023) subdivided non-major grain-producing areas into food marketing and balance areas. However, their study demonstrates that digital village construction significantly affects AGTFP in major grain-producing areas.



TABLE 8 Heterogeneity analysis results.
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The possible reason for this is that the major grain-producing areas, due to their rich agricultural production resources and strong policy support, tend to be the pioneer zones of agricultural modernization and agricultural technology innovation, which means that the major grain-producing areas not only possess progressive agricultural technology but also show significant advantages in agricultural management and operation. In addition, because of their large-scale agricultural production activities, major grain-producing areas are more likely to attract new agricultural management bodies, which adopt advanced technologies and foster a green revolution in agriculture, thus enhancing the effectiveness of digital village construction in major grain-producing areas.



6.5.2 Heterogeneity of regional economic progress degree

At present, the problem of unbalanced regional progress in China still exists. There is a particular gap in each region’s economic development level, which also influences agricultural production. A division into economically developed and underdeveloped areas comprises 31 provinces determined by the per capita GDP division standard. The influence of digital village construction on AGTFP under different stages of economic growth is then empirically examined to determine whether there is any variability. Digital village construction favors AGTFP in developed and underdeveloped areas, as seen by Table 8’s columns (3) and (4). The influence of digital village construction is insignificant in the developed areas.

Conversely, at the 1% level, the impact is higher and more substantial in underdeveloped areas. The potential cause is relatively limited infrastructure construction in underdeveloped areas. Promoting digital village construction can rapidly improve infrastructure conditions, such as network coverage and informationisation in these regions, thus directly promoting the green development of local agriculture. In addition, digital village construction can also encourage the transformation of traditional agriculture to modern agriculture through the adoption of high-end technologies and intelligent equipment, improve the efficiency of resource allocation, and promote the enhancement of AGTFP in underdeveloped areas. Furthermore, areas with prosperous economies tend to focus more on environmental concerns and employ various tactics to lessen the damaging effects of agriculture on ecosystems.

Moreover, the infrastructure and agricultural technology in economically developed areas are already more perfect, so digital village construction can only play a role in optimization and enhancement, with relatively little impact on the greening of agriculture. The role of digital village construction on AGTFP is more significant in economically underdeveloped areas.



6.5.3 Heterogeneity of regional location

In tandem with the growth of the regional economy in China, new challenges and problems have gradually emerged, among which the tendency toward uneven economic growth is becoming more noticeable. The center of gravity of economic activities has continued to tilt toward the South, causing the developmental differences between the North and the South to become a focus of attention gradually. The Qinling-Huaihe line is an essential demarcation between northern and southern China, and it has a significant distinguishing role in many aspects, including nature, culture, and agriculture. Therefore, following the traditional division, using the Qinling-Huaihe River as the boundary, the 31 provinces are separated into two sub-samples, the South and the North, and regression analyses are conducted separately. As depicted in columns (5) and (6) of Table 8, the influence of digital village construction on AGTFP is significantly positive in both regions, indicating that digital village construction has boosted AGTFP in both regions. However, the regression coefficients show that digital village construction contributes more significantly to the green development of agriculture in the North and has the second highest impact on agriculture in the South. The possible reason is that, on the one hand, the terrain in the North is dominated by plains and plateaus, which are conducive to mechanized farming. In addition to increasing agricultural productivity efficiency, it also establishes the groundwork for greening agriculture.

On the other hand, as the core region of China’s grain production, the North, especially the Northeast, has a large scale and standardization of agricultural output, which helps promote green agricultural technologies and management practices. The northern region’s topography and degree of agricultural scale give a solid basis for developing digital villages, which helps foster the greening of the region’s agriculture. Therefore, its positive effects are more significant.




6.6 Threshold effect

This section incorporates environmental regulation as a threshold factor to investigate further the function of digital village construction on AGTFP. The following is the model.

[image: image]

In Equation 6, [image: image] is the threshold variable. [image: image] is the indicator function. The condition in the brackets is assigned a value of 1 if it is accurate and 0 otherwise. [image: image] represents the estimated threshold. Since Equation 6 defines a single threshold, the multi-threshold model can be developed in line with it. Table 9 exhibits the outcome of a 300-time sample for the threshold effect test conducted using the self-help sampling approach. The findings of the threshold test show that the p value corresponding to the threshold variable is significant only under the single-threshold model. At the same time, the model has only a single-threshold effect, with a threshold value of 0.0410, as the double-threshold fails the significance test.



TABLE 9 Threshold test results.
[image: Table9]

Table 10 exhibits the findings of the threshold regression. If environmental regulation is below 0.0410, the coefficient is 3.234. Above 0.0410, it is 2.155. The significance test is passed in both phases, suggesting a consistent positive impact of digital village construction on AGTFP. There is a single threshold effect based on the intensity of environmental regulation. Hypothesis 5 is verified. Notably, once the regulatory level exceeds the threshold, there is a tendency for the facilitating role of digital village construction on AGTFP to weaken.



TABLE 10 Threshold regression results.
[image: Table10]

Digital village construction can significantly contribute to AGTFP when environmental regulation is low. During this period, environmental regulation pressure has not yet reached a critical point, and the agricultural sector exhibits greater flexibility and enthusiasm in adopting and innovating green technologies. Specifically, moderate environmental regulation can stimulate agricultural technology innovation by agricultural technicians, encourage producers to adopt environmentally friendly production technologies and methods and motivate the service industry to promote green agricultural practices. This combination of moderate environmental regulation and digital village construction effectively enhances AGTFP. However, if the intensity of environmental regulation exceeds the threshold, the impact of digital village construction on agricultural greening weakens. The reasons for this can be summarized as follows: first, under high-intensity environmental regulation, agricultural technological innovations may focus too much on environmental adaptability, neglecting productivity and economic efficiency. Second, meeting stricter environmental standards requires agricultural producers to invest more in environmental management. These additional costs create financial pressure for agricultural producers, hindering their continued investment in green technologies.




7 Conclusions and policy recommendations


7.1 Conclusions

Drawing on the balanced dataset encompassing 31 provinces in China from 2011 to 2022, this paper first constructs an evaluation index system of digital village construction and AGTFP. Then, the fixed effects model was leveraged to evaluate the role of digital village construction in enhancing AGTFP. Second, by constructing a mediation model, we explored the fundamental pathways by which digital village construction impacts AGTFP. Furthermore, we scrutinize the uniformity of digital village construction’s effects on AGTFP across various scenarios. Finally, the paper employs a threshold model to identify whether environmental regulation is a threshold factor in the link between digital village construction and AGTFP. The paper’s principal results are: (1) China’s AGTFP has been trending upward in recent years. (2) Digital village construction significantly increases AGTFP, a conclusion supported by numerous robustness and endogeneity tests. This finding highlights the positive economic consequences of digital village construction and identifies critical drivers for greening agriculture. (3) Digital village construction can promote agricultural technology innovation, enhance agricultural human capital, and improve agricultural productive services, thereby promoting AGTFP. This paper further enriches the theoretical framework of the field. (4) The favorable outcome of digital village construction on AGTFP is more significant in major grain-producing areas, economically underdeveloped areas, and northern region. (5) The influence of digital village construction on AGTFP is subject to a single threshold effect of environmental regulations. This finding provides policymakers with a reference for formulating environmental regulations. It opens new research paths and perspectives for future studies.

As an emerging research field, digital village construction is showing vigorous development. Future research can explore the impact of digital village construction on the agricultural industry, rural communities, and individual farmers. Additionally, future studies can use micro-level databases to more accurately and carefully assess the impact of digital village construction on agriculture.



7.2 Policy recommendations

1. Strengthening digital infrastructure in rural areas is essential to address agricultural deficiencies. Firstly, the government should allocate more funds to build digital infrastructure for agriculture, expand network coverage in rural areas, and reduce the digital divide between urban and rural areas. Secondly, the digitalization of traditional rural infrastructure should be reinforced to enhance its service capacity and efficiency. Additionally, to expand funding channels and improve financing efficiency, it is crucial to support innovation in the rural digital infrastructure investment and financing system and attract social capital for this initiative.

2. Village talent should be nurtured to bridge the digital divide. The government should increase rural education, training funding, and subsidies to enhance farmers’ knowledge. Simultaneously, training programs should be designed to meet the actual demands for occupational skills that farmers require. Additionally, the innovation and promotion of green technologies in agriculture are inseparable from high-quality talent. Robust social security systems, enhanced public services, and well-designed talent development programs are essential for rural communities to create an environment conducive to attracting, developing, and retaining talent.

3. Regions should be encouraged to innovate and formulate digital village strategies tailored to their local characteristics. Firstly, regions with remarkable results should summarize and share their outstanding experiences to facilitate mutual learning and progress. Secondly, each area should assess its geographic position, economic foundation, and social and cultural background to develop region-specific digital village strategies and models for green agricultural growth. Social organizations, enterprises, institutions of higher learning, and research institutions should be encouraged to engage in the process, brainstorming new paths for digital village construction.

4. The balance between environmental protection and economic development should be controlled, and the intensity of environmental regulation should be flexibly adjusted. Firstly, environmental regulation policies should take a long-term perspective, considering their long-term impact and overall benefits for sustainable agricultural development. Secondly, the participation of stakeholders, including farmers, environmental organizations, and scientific research institutes, should be promoted in the policy formulation process to enhance transparency and public participation. Additionally, the effectiveness of environmental regulation should be regularly reviewed and updated based on agricultural development, technological progress, and social change. Adequate environmental regulation is fundamental to advancing sustainable and green farming practices. By reasonably regulating the strength of the regulation, farmers can be effectively incentivized to adopt green technologies and elevate productivity and product excellence in farming, thus achieving both farming efficiency and environmental safeguards.
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Introduction: Ensuring food security in the new development paradigm urgently requires increasing the grain supply chain resilience. In order to clarify how can significantly enhance grain supply chain resilience, to demonstrate the relationship between the digital economy, government innovation-driven and grain supply chain resilience is necessary. To specify how the government can effectively perform its macro-regulatory functions, the government innovation-driven is reflected by government innovation-driven planning and government innovation-driven investment, respectively.

Methods: The data of 31 provinces in China from 2011 to 2021 have been used. The panel fixed effects model, moderating effects model and threshold effects model have been selected to analyze.

Results: Digital economy has a stronger enhancement effect on grain supply chain resilience; Government innovation-driven has an increased moderating effect on digital economy enhance grain supply chain resilience; The enhancement effect of digital economy and the moderating effect of government innovation-driven are differentiated between China’s functional zones of grain production; And the threshold effect of government innovation-driven planning shows a process of digestion and absorption, which accumulating to 0.018 will emerge a multiplier effect. Government innovation-driven investment is higher than 0.026, which can have a promoted moderating effect.

Discussion: To expand the depth of integration of the digital economy, accurately government innovation-driven, the focus should be on attracting innovative talent, who can construct the perpetual motion machine mode of “external promote + internal drive,” so as to strengthen the robustness of the grain supply chain.
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 grain supply chain resilience; digital economy; government innovation-driven; moderating effects; threshold effects


1 Introduction

At this stage, guaranteeing sustainable food security is essential. Exogenous risks, which are triggered by frequent perturbations in uncertainty (Chang and Jiang, 2023) such as geopolitical conflicts, natural disasters, and the COVID-19 pandemic, coupled with endogenous risks such as lower grain price-response elasticity, led to a double whammy to the sustainability of the grain supply chain (GSC). China’s No. 1 central document for 2024 emphasized “Improving the grain production and enhancing the grain regulation capability,” reflecting how maintaining a sustainable grain supply is the foundation of food security under the international and domestic double cycle. The rural survey conducted in China indicates that during the COVID-19 pandemic, the grain market experienced significant price fluctuations. The average sales prices for wheat, rice, corn, and soybeans rose year-on-year in 2020 by 1.83, 9.40, 20.22, and 8.62%, respectively (Wei et al., 2022). The constraints of temporary supply in the grain market have led to a rush for rice and hoarding of flour in the market, which has triggered panic consumption among the population. The phenomenon indicates the vulnerabilities due to the low circulation efficiency and the loose connection between subjective functions within GSC. Under the new development paradigm featuring dual circulation, the domestic market as the mainstay in China is becoming more essential. In order to guarantee the high-quality output of the grain industry, strengthening GSC resilience has become the main grip (Sharifi et al., 2024).

With the development of the internet and internet-related industries, the digital economy (DE) has become an important driving force for sustainability (Ma et al., 2024; Wen and He, 2024). Generally, scholars agree that the DE represents a new technological change and a new impetus for development and that such change and impetus will inevitably upgrade traditional industries (Yang et al., 2023; Abban and Abebe, 2022). As a result, there is a need and possibility for DE to strengthen GSC resilience. Accompanied by the proliferation of digital technology in the agricultural and rural sectors, the mechanization, scaling, and integration of the grain industry empowered by science and technology have accelerated the fusion of new varieties, technologies, and modes. This has contributed to a sustainable cycle of the main functions of GSC. Meanwhile, the DE breaks through the spatial limitations to achieve low-cost and high-circulation of information and channel advantages, thereby eliminating the bullwhip effect of information and business risks. DE can also promote green development of the environment, such as pollutant emissions, energy consumption, and resource utilization (Gu et al., 2023). Facing the complex globalized development environment, it is essential to ensure China’s food security by stabilizing domestic self-sufficiency and rationally utilizing international resources. There are fewer existing studies that focus on DE and GSC resilience. Thus, exploring the mechanisms to increase GSC resilience and the interventions to enhance DE incentives for GSC resilience will be beneficial for theoretical and practical relevance. Based on this, the novelties of this study are: (1) articulating and empirically demonstrating how the DE enhances the GSC resilience; (2) introducing government innovation-driven (GI) as the moderating variable and threshold variable, and selecting government innovation-driven planning and government innovation-driven investment as proxies, we explore the efficient path to promote the DE and GSC resilience; and (3) analyzing the heterogeneity of functional zones for grain production, which can precise the policy formulation and boost the GSC resilience toward sustainable food security.

The remaining sections are: Section 2 explains the theoretical analyses and research hypotheses; Section 3 illustrates variable definitions, model construction, and data description; Section 4 provides empirical results; and Section 5 discusses the research’s findings and limitations. Section 6 summarizes the conclusion and recommendation.



2 Theoretical analyses and research hypotheses


2.1 Grain supply chain resilience

Currently, strengthening the supply chain in order to withstand possible “Black Swan” incidents is crucial, which coincides with the concept of system resilience. Resilience is defined as the preference of a system to maintain organization after a perturbation. Supply chain resilience is rooted in ecosystems, economics, and risk management research. Yang and Xu (2015) believe GSC resilience demonstrates its ability to robustly and rapidly respond to supply chain disruption resulting from natural disasters and apprehensions toward the upstream member on the profit of the downstream member under the different recovery levels. Identifying the key processes and factors in food supply chains is crucial to improving resilience within food systems (Davis et al., 2021). Based on the findings of other studies, this study defines GSC resilience as the ability to maintain and recover the continuous operation of the GSC subjective functions, such as grain production, unprocessed food grains storage, grain initial processing and precision processing, grain transportation and marketing of grain products following the impact of uncertainties.

To clarify how to optimize resilience scientifically, Tukamuhabwa et al. (2015) reviewed the existing literature and summarized that supply chain resilience can be assessed on four aspects, preparation for a disruptive event; response to an event; recovery from the event; and growth/competitive advantage after the event. Urruty et al. (2016) point out that increasing diversity and adaptive capacity of agricultural systems emerge as key drivers for increasing the ability of agricultural systems to cope with different types of perturbation. FAO (2021) proposes that preventive, anticipative, absorptive, adaptive, and transformative capacities are the key to food supply chain resilience. In order to visualize the evolution of the GSC after being hit by uncertainties, it should also be taken into account the characteristics of the GSC with multiple participants, cross-regions, and multi-links. Zhao et al. (2024) examine the effectiveness across the preparation, response, recovery, and adaption phases of agri-food supply chain resilience through an across-country comparative analysis of the COVID-19 pandemic. Therefore, the GSC’s resilience must be assessed from the six dimensions. Prevention capability refers to the robustness of production factor configurations and core infrastructure, aiding in the reduction of pre-existing risks and the avoidance of emerging risks. Prediction capability means to identify and anticipate potential risks and possible shocks in advance, in a timely and accurate manner, through big data and environmental regulations. Absorption capability is a means of an emergency supply and rapid treatment to respond against shocks, absorbing the destructive force of external shocks in order to guarantee the GSC’s functions are sustainable and stable. Recovery capability means the stable and sustained operation of the main functions of the GSC, responding efficiently and quickly to grain market changes through systematic industrialization, scale, mechanization, and intensification. The concept of learning capability pertains to the education and research-led driver of the subjects of GSC to self-learn and re-learn, which improves the endogenous dynamics of the system and strengthens the levels of the above-mentioned capacities. Transformation capability means the application of innovative modes and channels to build high-quality systems, and the scientific adjustment of the GSC structure to avoid continuous disturbance and the danger of being caught in a vicious circle.



2.2 Digital economy and grain supply chain resilience

China’s GSC is mainly dominated by traditional and transitional GSC (Song et al., 2019). The grain industry in China is commonly regarded as a production sector consisting mainly of smallholders, and its industrial pattern is dominated by small-sized and medium-sized grain enterprises. This makes it more challenging to improve the quality and efficiency of GSC. DE, with its synergistic, substitution, and penetration effects, has led to new economic forms of economic development and governance modes (Zhang et al., 2023; Bukht and Heeks, 2017). DE is a novel catalyst for improving GSC resilience. To be more specific, productivity with new quality would be formed by digitalizing the subjects of labor, means of labor, and labor forces (Ferguson et al., 2024). Furthermore, the infrastructure of information and telecommunication would see a breakthrough, which breaks the barrier of informational obstruction, improves productivity, matches the grain supply and demand sides, and increases the digital literacy of business subjects. It can effectively bridge the vulnerability of the GSC toward greater efficiency, resilience, inclusiveness, and sustainability (Mboup and Oyelaran-Oyeyinka, 2019).

The DE enhances the GSC resilience in three ways: data element, digital technology, and innovation mode (Miao, 2021). First, the data element has become an important strategic resource, which helps to enhance the prevention and prediction capacities of the GSC. Data elements can accurately simulate grain production space, plan grain chain operations, and alleviate pressure on scarce resources. Data elements, with their multiplication, combined with other elements have the potential to enhance efficiency. Promote the quality and sustainability of resources by using the “data + other elements” mode to build toughness against unforeseen events. Data can help achieve information sharing, avoid the potential “bullwhip effect” of the GSC, and provide effective communication and timely feedback data to improve the system to prevent and predict more scientifically. Second, digital technology has been embedded to enhance the absorption and recovery capacities of the GSC. Grain operations utilize the internet, 5G, artificial intelligence, digital platforms (Singh et al., 2023), and other digital technologies in order to strengthen the GSC’s ability to maintain supply in emergencies. Digital technologies are used to replace traditional labor subjects and labor methods, such as seed preparation and precision sowing. Plant protection drones, autopilot systems, AGVs, and intelligent sorting equipment are used to prevent intermittent operations under harmful to health and extreme environments. These technologies strengthen the flexibility of the system when responding to disturbing shocks through mechanization, planning and intelligent production, storage, processing, and consumption. Digital technology has created eco-friendly operations, emphasizing fine production, fine storage and fine processing to promote grain saving and loss reduction. Digital inclusion services assist agricultural enterprises, farmers’ professional cooperatives, and smallholders to transform agricultural procurement, production, sales, and other links, which reduces the risk of chain breaks in the GSC. Third, innovation modes have been injected to enhance the learning and transformative capacities of the GSC. The continuous development of scientific and technological research and development (R&D) activities updates the digital equipment, digital products, and digital platforms to enhance the sustainability of GSC. The innovative ideas are applied to all areas of core seed sources for grain cultivation, high-quality fertilizers, arable land quality, water, and energy conservation, as the key driving force for food security and sustainable development of agri-food systems. Growing online channels, such as online stores, big data marketing, and selling goods through livestreaming, drive the digital transformation of smallholders and food processing enterprises. The innovative approach to thinking would inspire the subjects in the grain business. With the help of the ecology of innovation, the digital literacy of subjects would be improved. Smallholders and grain enterprises would practice digital management and participate in e-commerce with a deeper digital awareness and adoption of applications. Hence, the hypothesis is proposed.


H1: DE has positive incentives for GSC resilience.
 



2.3 Digital economy, government innovation-driven, and grain supply chain resilience

The government, as a synergistic support sector for the stable development of GSC (Ma et al., 2023), plays significant leadership in strengthening and increasing the efficiency of GSC. General Secretary Xi Jinping proposes that “Relying on technology and reform to accelerate the construction of the agricultural powerhouse, we must be prepared to put in efforts, increase investment, and provide long-term and stable support.” It has been shown that governments with a strong preference for innovation have led to high-quality industrial development and have had a profound impact on regional innovation activities (Liu and Pan, 2022; Li et al., 2022). The government innovation-driven influences innovation activity through fiscal spending and policy planning. This is an important means of compensating for the externalities of innovation and the shortcomings of capital markets. These findings fully reveal the important role of government macro-measures for the optimization of the DE and GSC resilience. However, it is not clear how government innovation-driven (GI) strengthens the DE’s enhancement effect on GSC resilience.

For a long time, all the levels of government in China have implemented catch-up strategies and financial support policies aimed at encouraging technological innovation (Lu and Wang, 2021). Local government spontaneously participates in innovation activities, through the direct strategies of innovation-related policy planning and the financial expenditures on science and technology to support technological progress and R&D. These activities are aimed at breaking through the core technology barriers and preventing the development bottlenecks of enterprises’ lack of capital and the mismatch between technology and its practical application. Above all, GI has stabilized the innovation macro-environment of DE-enabled GSC resilience through innovation-driven planning and investment. The government’s macro-innovation support has provided a basic guarantee for scientific and technological R&D to overcome the core seed source, the quality and configuration of grain production resource elements, and digitized equipment. Furthermore, the GI strengthens the efficiency of the DE’s pathway to GSC resilience through innovative investments in science and technology. The DE has demonstrated the attributes of public goods in the process of re-configuring GSC through data, technology, and innovation. The GI helps to ensure an effective supply of public goods, reduces the financial pressure on in-house research and development, and encourages enterprises to expand their production and operations. Finally, the strategies of GI in regional differentiation for assistance, which solve the existing weakness during DE, empower GSC’s resilience. With the help of operational subsidies, investment promotion, talent introduction, and other innovative initiatives, we can drive the digital transformation of farmers’ cultivation and grain enterprises’ acquisition, production, processing, and marketing. This will assist the regional DE and GSC resilience synergistic development.

It is worth emphasizing that, in the process of optimizing the GSC resilience, the impact of GI on the DE is not static, especially in the dual-track system of government and market resource allocation in China. During the different conditions and stages, the positive and negative impacts generated by the GI exist in a dynamic game (Shi et al., 2024). Considering the potential “trap effect” and negative impact of GI on the DE, it is important to clarify the best moderating effect of government. The “invisible hand” and the “visible hand” should be utilized to form a pattern by innovation-driven in which the government and the market complement and promote each other, so as to provide lasting impetus for food security and the sustainable development of agri-food system in line with current China’s national conditions and grain situation. Therefore, the other hypothesis is proposed.


H2: GI has a positive moderating effect on DE to strengthen GSC resilience, and there is a threshold effect of GI.
 

Through these analyses, we have found that the conceptual framework reflects the logic between the DE, GI, and GSC resilience, which is mapped in Figure 1. Furthermore, it is also used to clarify the subsequent empirical analyses.
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FIGURE 1
 Conceptual framework.





3 Research designs


3.1 Variable definitions


3.1.1 Explained variable

GSC resilience: For a more scientific evaluation, the GSC is decomposed into five distinct segments, namely grain production, unprocessed food grains storage, grain initial processing and precision processing, grain transportation, and marketing of grain products. GSC resilience is to be assessed through the following six dimensions. The prevention capability focuses on the stability of the core functions of the grain supply chain; the prediction capability focuses on the functionality of effectively ensuring market-based supply; the absorption capability focuses on the regional grain supply chain to maintain emergency grain supply; the recovery capability focuses on the efficiency of production and the degree of mechanization; and the learning capability focuses on the technology research and development, and the education of the main participants, and transformation capability focuses on the development of regional e-commerce. Based on the characteristics of China’s grain situation, we have built an evaluation system of GSC resilience. We employ the entropy method to measure the indicators’ weights, which is shown in Table 1.



TABLE 1 Evaluation system of grain supply chain resilience.
[image: Table1]

In order to clearly reflect the index of the provincial GSC resilience, the measurements from 2011 to 2021 are selected, and the 31 provinces are grouped into three levels by using the natural breaks of Arcgis10.8, as shown in Figure 2.

[image: Figure 2]

FIGURE 2
 China’s grain supply chain resilience index in 2011 and 2021.


According to the above figure, it can be seen that the development of GSC resilience in space presents a clear “clustering” phenomenon, and this clustering is gradually shifted to the provinces with higher indexes of GSC resilience, which is now evolving into “Shandong-Henan” as the center. In 2011, the average of the GSC resilience index was 0.1623, and in 2021 it was 0.2695. There is still much room for further development of GSC resilience. At present, it is necessary to seek effective means to accelerate the development of GSC resilience, in particular, to break through the spatial limitations of regional natural resources and environment, and to build a synergistic mode of complementary advantages between provinces.



3.1.2 Core explanatory variable

Digital economy: The entropy method is applied to calculate the provincial DE index and evaluate it in terms of both internet development and digital financial inclusion (Zhao et al., 2020). Four internet development measurement indicators are used: internet availability rate, number of internet-related employees, internet-related outputs, and mobile phone penetration rate. For digital financial development, the China Digital Inclusive Finance Index is used. DE evaluation framework is shown in Table 2.



TABLE 2 Evaluation system of the digital economy.
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Similarly, we measure the DE index by the entropy method, and in order to demonstrate the spatial characteristics of DE over the study period, the provincial DE index in 2011 and 2021 are selected as representatives, and the 31 provinces are divided into three levels in the same way, which are shown in Figure 3.

[image: Figure 3]

FIGURE 3
 China’s digital economy index in 2011 and 2021.


The comparative analysis shows that DE has a diffusion effect, gradually penetrating into inland areas from the coastal areas. The higher and medium indexes of the provincial digital economy are mainly in the eastern and central regions, while the DE index of provinces in the northeastern region and western region are almost stagnant. Moreover, the DE has an affinity propagation, and it has been found that the neighboring provinces with higher DE indexes have faster growth rates in their DE indexes. Combined with Figure 2, we notice that both the development of the DE and the GSC resilience have a spatial polarization, and the spatial mismatch of resources between stronger areas in the development of the DE and those stronger areas in the GSC resilience, which highlights that the DE continues to increase the GSC resilience also requires external assistance.



3.1.3 Moderating variable

Government innovation-driven: Many existing studies only use grant-in-aid to measure GI, which makes it difficult to measure the overall GI. This study adopts the percentage of innovation-related words in the provincial government study report and the percentage of provincial expenditures on science and technology as the proxy variables for GI. We also introduce them in the full-text regression model to strengthen the rigor of the empirical study, respectively. For ease of exposition, the percentage of innovation-related words in the provincial government study report is defined as government innovation-driven planning (GIP), and the percentage of provincial expenditures on science and technology is defined as government innovation-driven investment (GII). Drawing on scholars’ approaches (Chen et al., 2018), by text preprocessing techniques, such as stopword removal and partitioning, for the provincial government study report in China using Python, we calculated the number of innovation-related words, the total words in the provincial government study report, and the ratio of the number of innovation-related words to the total words in the provincial government study report. The innovation-related vocabulary comprises 13 words, including innovation (chuangxin), patent (zhuanli), R&D (yanfa), scientific research (keyan), science and technology (keji), science (kexue), new technology (xinjishu), key technology (guanjianshishu), industry-university-research (chanxueyan), trademark (shangbiao), intellectual property (zhishichanquan), creativity (chuangyi), and talents (rencai). We then calculate the one proxy for GI for province i in year t as:
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Meanwhile, learning from Li and Yang (2018) way, GII is reflected in the ratio of science and technology expenditures in government expenditures to local government expenditures, and we compute the other proxy for GI for province i in year t as:
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In addition, combining the above explanation, GI must be effective and appropriate. We take GIP and GII as threshold variables to reflect the optimal moderating effect of government innovation-driven.



3.1.4 Control variables

In this study, control variables are selected from the urbanization process, consumption level, resource allocation, industrial development, and openness to fully reflect the utility of the digital economy on the grain supply chain resilience, thereby improving the rigor of the empirical results. These include (1) Urbanization level (Urb), which is the ratio of total urban population to total provincial population; (2) Household consumption level (Hc), which is the ratio of residential food expenditure to total consumption expenditures; (3) Innovative human capital (Ihc), the innovative human capital is mainly divided into the innovative human capital of education type and innovative human capital of investment type, which is measured by multiplying the number of university graduates, the number of graduated graduate students and the number of professional and technical personnel with the average annual monetary wage of employees in other units, the investment type is measured by R&D expenditures (Huang et al., 2009); (4) Grain output level (Go), a larger value of grain industry represents a better production efficiency, which is expressed as the total value of the regional grain industry; and (5) Openness (Open), which is expressed as the foreign direct investment amount.




3.2 Model construction

Based on Hypothesis 1, characterizing the driving effect of DE on GSC resilience, the benchmark regression model is constructed as follows:
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Where GSCRit represents the GSC resilience index of province i in year t; DEit represents the DE index of province i in year t; Xit represents the urbanization level, household consumption level, innovative human capital, grain output level, openness; σi is the province fixed; μt is the time fixed; εit is the random disturbance term; β0 is the constant term; β1, β2, and α are the corresponding variable coefficients.

In view of Hypothesis 2, introducing an interactive item of DE and GI, and the moderating model is as follows:
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Where GIit represents the government innovation-driven of province i in year t; β2 is the coefficient of government innovation-driven; β3 is the coefficient of interaction term of DEit and GIit.

To further test whether the GI has a nonlinear moderating effect, which gains in strength of GI influences how DE enhances GSC resilience, according to Hansen’s method (Hansen, 2000), we construct a panel threshold model as follows:
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DEit is the core explanatory variable affected by the threshold variable; GIit is the threshold variable; θ is threshold values; I() is the indicative function, when satisfying the condition takes the value of 1, and the opposite is 0.



3.3 Data description

Due to data acquisition limitations, the sample size of this research contains only 31 provinces (including autonomous regions and municipalities) in China from 2011 to 2021, excluding data from Hong Kong, Macao, and Taiwan. In particular, the provincial government study report was obtained from the official website of each province from 2011 to 2021. Data for other indicators are derived from the China Grain Yearbook (renamed Yearbook on Food and Strategic Reserves in China in 2019), China Rural Statistical Yearbook, China Statistical Yearbook on Science and Technology, China Population & Employment Statistical Yearbook, China Statistical Yearbook, Institute of Digital Finance Peking University, and Bric Big Data. To enhance the accuracy of data, we select the interpolation method to supplement the vacant data and take the logarithm of the variables for dimensional normalization. Descriptive statistics are presented in Table 3.



TABLE 3 Descriptive statistics of variables.
[image: Table3]




4 Empirical results


4.1 Data test and model selection

To avoid spurious regression, stability tests, multicollinearity tests, and correlation tests are performed before the benchmark regression. These are shown in Appendix Table A1. Due to the panel data, we select the Levin-Lin-Chu test because the p-values of the original sequences for all variables are significant at the 1% level, which passes the panel unit root test and can be considered stable. The maximum VIF is 6.65 and the mean value is 2.96. The VIF value of variables is much less than 10, and the multicollinearity between variables is negligible. Pearson correlation coefficient shows that the core variables are all significant at the 1% level, which is a preliminary indication of the correctness of variables selection for the study.



4.2 Static model analysis

Based on the Hausman test, the fixed effects model for benchmark regression is more proper. The results are shown in Table 4, where columns (1) to (2) are the regression results of the mixed OLS model, columns (3) to (4) are the regression results of the two-way fixed effects model, and columns (5) to (6) are the regression results of random effects model. All the estimated coefficients of the DE are positive, and the DE passes the significance test, which indicates that the DE has a strong strength in GSC resilience. Hypothesis 1 is verified. Moreover, by comparing the models’ results, we observe that the two-way fixed effects model displayed better enhancement effects.



TABLE 4 The benchmark regression results.
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It is worth mentioning that after the introduction of the control variables, the estimated coefficients of DE are reduced from 0.290 to 0.092, 0.236 to 0.233, and 0.209 to 0.060, which indicates that the control variables are valid. Among these, urbanization level and household consumption level do not pass the significance test, reflecting GSC resilience compared to the pace of economic development is a little slow in the current stage. The grain supply side is insufficient for the increasingly diverse grain needs, and the reason GSC develops slowly is revealed. Innovative human capital to the GSC resilience perform the inhibition effect, because of the uneven distribution of innovative human resources in the country’s grain industry among the provinces during the study period, and the grain industry to absorb the number of innovative human capital is seriously insufficient, GSC cannot activate the transformation of the grain industry with the help of talent, resulting in its development is stuck in a bottleneck. The food output level negatively affects GSC resilience, revealing that there is still an imbalance in the distribution of benefits between the grain production and marketing areas. This is seriously hindering the coordinated development of GSC resilience between the regions. There is an urgent need to increase the return on production of the grain production advantage areas and ensure sustained grain supply-side efficiency. The openness level has an incentive effect on GSC resilience, indicating that China has achieved the basic self-sufficiency of grain, and has the capacity to maintain stability in fluctuations of domestic and international grain supply and demand markets.



4.3 Moderating effect

Introducing GI as a moderating variable and selecting a two-way fixed effects model for analysis. Columns (1) and (2) utilize GIP as a proxy variable for GI. Column (1) is the regression result of GSC resilience, DE, and GI while column (2) is the regression result of adding the interaction term of DE and GI drive on this basis. Columns (3) and (4) use GII as a proxy variable for GI, and select the same way to regress. Results are shown in Table 5.



TABLE 5 Moderating model regression results.
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From columns (1) and (3) of the above table, it is found that the coefficients of DE and GI are positive, which makes it clear that DE and GI both have incentive effects on GSC resilience. The regression results indicate that the transformation and upgrade of regional GSC must rely on the depth of digitalization driven and the government’s stronger support for the planning and investment. In particular, in comparison to Tables 4, 5, we find that after introducing GIP, the DE’s coefficient increased from 0.233 to 0.248, which reveals the importance of an innovative development environment to DE to strengthen the empowering effect on GSC resilience. However, after the introduction of GII, the DE’s coefficient decreased to 0.175, and the GII coefficient was 1.814. This indicates that China’s current grain industry development is more dependent on government financial support for agriculture. Combined with the estimation results presented in columns (2) and (4), the coefficients of DE and GI are positive, and have passed the significance test. In addition, the interaction term between DE and GI is significant. The results strongly indicate that GI has a distinct moderating effect on promoting DE to enhance GSC resilience. The empirical results indicate that the interaction between DE and GI has an obvious multiplier impact on GSC resilience, and in the uncertainty-prone macro-environment, and that provincial governments urgently need to deepen the regional innovation development planning and increase innovation subsidies for DE to encourage GSC resilience, and jointly give an impetus to the high-quality development of GSC.



4.4 Heterogeneity analysis

The heterogeneity analysis is oriented toward functional zones of grain production in China and divides them into the major grain-producing (MGP) areas, the major grain-consuming (MGC) areas, and the grain production-and-consuming-balancing (GPCB) areas. This can demonstrate regional differences in the enhancement effect of DE on GSC resilience and the moderating effect of GI on DE empowers GSC resilience. The analysis results are summarized in Table 6. Columns (2), (5), and (8) use GIP as a proxy variable for GI, and columns (3), (6), and (9) use GII as a proxy variable for GI.



TABLE 6 Heterogeneity analysis results.
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(1) Heterogeneity analysis in the enhancement effect of DE. Columns (1), (4), and (7) conclude that: the incentive effect of DE on GSC resilience presents that MGC areas > MGP areas > GPCB areas. In particular, the regression result shows that the estimated coefficients of DE in GPCB areas are insignificant, fully demonstrating that the basic environment of DE in intra-regional provinces is weak, and the process of digitization of the grain industry is delayed. Immediately optimizing the high-quality GSC resilience in the GPCB areas will rapidly improve China’s overall level. The MGP areas should step up the depth and breadth of construction in DE, and add long-term momentum to GSC resilience through digitalization. Taking into account that the DE has a diffusion effect, relying on the advantages of the DE in the MGC areas, it has become an effective path to carry out strategic cooperation with the MGP areas and GPCB areas in order to realize win-win cooperation.

(2) Heterogeneity analysis in the moderating effect of GI. Columns (2) and (3) indicate that the GI in the MGP areas has an increased moderating effect on DE strengthening GSC resilience, which reflects that the sustainability and high quality of the grain industry within the MGP areas closely rely on government support. Thus, the MGP areas should dynamically balance GIP and GII to synergistically help optimize the GSC resilience. While in MGC areas, the GI has not played a moderating effect, because the rapid development of DE has gradually demonstrated a “crowding effect” in the agglomeration of production factors such as capital, information, and technology. The continuous investment of GI has produced a “crowding out effect” on the innovation activities of grain enterprises, coupled with the relative inadequacy of natural resources in the grain industry, so DE and GI have been unable to form a synergistic force to strengthen GSC resilience. In the GPCB areas, the regression result for column (8) indicates that GIP exhibits a significantly stronger moderating effect, while the regression results for column (9) indicate that the GII does not have a moderating effect. We propose that in the relatively backward region of DE development, it is very necessary to enlarge the macro-government regulation and assistance. The first step is for the government to increase focus on innovation and improve the regional digital foundation, followed by the government to increase financial investment in technical R&D projects. During the study period, the government science and technology expenditures were relatively insufficient in GPCB areas, and the inability of DE to reconfigure GSC has resulted in the development of GSC resilience.

Especially, the commonality in the three regions is that the contribution of DE to GSC resilience is significantly strengthened by introducing GIP as the moderating variable. Comparison of columns (1) and (2), (4) and (5), and (7) and (8) in Table 6, shows that the regression coefficient for DE in the MGP areas increases from 0.074 to 0.090 and the regression coefficient for DE in the MGC areas increases from 0.404 to 0.472. The regression coefficient for DE in the GPCB areas changes from non-significant to 0.112. The moderating results of our studies highlight that the provincial government’s planning and support for innovation development have a direct impact and force on the effectiveness of DE empowerment.



4.5 Threshold effect

The threshold effect is intended to further identify a potential nonlinear moderating effect of GI. Both GIP and GII are introduced into the threshold model as threshold variables respectively, and Bootstrap is used to recognize the quantity of GI’s threshold. The results of threshold tests and the results of threshold models are shown in Tables 7, 8.



TABLE 7 Threshold tests.
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TABLE 8 Threshold model regression results.
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(1) GIP has a significant double-threshold effect. When GIP is less than 0.010, the DE’s estimated coefficient is −0.009 and insignificant; when GIP is between 0.010 and 0.018, the DE is 0.067 and is significant at the 1% level; and when GIP is greater than 0.018, the DE is 0.130 and passes the significance test. These regression results reflect that the “enhancement mode” moderating effect can be generated only when GIP crosses the first threshold value and that the moderating effect is further strengthened when GIP crosses the second threshold value. The increased moderating effect of GIP shows a process of digestion and absorption, and the moderating effect of GIP to DE promotes GSC resilience only becomes apparent after reaching the first threshold value, which will be further enhanced with the accumulation of GIP.

(2) GII has a significant single-threshold effect. When GII is less than 0.026, the DE’s estimated coefficient is −0.004 and insignificant; however, GII is higher than 0.026, and DE is 0.106 and passes the significance test. According to test results, we found that only when GII crosses the single-threshold value has an enhanced moderating effect, effectively helping DE to strengthen GSC resilience. We conclude that as the ratio of science and technology expenditures in government expenditures increases, the stronger the GII driving effect becomes, and the moderating effect is also evident.

Thus, based on the above analysis, Hypothesis 2 is verified.



4.6 Robustness tests

(1) Considering that the GSC resilience index is between 0 and 1, which qualifies as a limit-dependent variable model, we use the Tobit model to re-estimate according to formula 4 and consider the control variables, with fixed province and year. The results are presented in columns (1) to (2) of Table 9. (2) Beijing, Tianjin, Shanghai, and Chongqing are excluded to avoid regression errors due to regional policy, economic, and other advantages. The results are shown in columns (3) to (4) of Table 9. Furthermore, columns (1) and (3) use GIP as a proxy variable for GI, while columns (2) and (4) use GII as a proxy variable for GI. All of the results confirm that DE, GI, and the interaction term between DE and GI are positive. The conclusion that “GI has a positive moderating effect on the DE to improve the GSC resilience” is more reliable.



TABLE 9 Robustness tests and endogeneity tests results.
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4.7 Endogeneity tests

Columns (5) and (7) use GIP as a proxy variable for GI, while columns (6) and (8) use GII as a proxy variable for GI in Table 9. Given that the potential reverse causality between the DE, GI, and GSC resilience may lead to regression errors, we selected two methods for endogeneity tests. (1) In columns (5) and (6), we use the first-order lag terms of DE (L. DE) and GI (L. GI) as instrumental variables and analyze them based on the 2SLS model. The result of Kleibergen-Paap rk LM refuses the original hypothesis indicating that the instrumental variables are under-identified. The result of Cragg-Donald Wald F similarly rejects the original hypothesis, showing that the instrumental variables are weakly instrumental. Thus, instrumental variables are effective. (2) As columns (7) and (8), introduce first-order lag terms of GSC resilience (L. GSCR) in the benchmark model to construct a dynamic panel model, we choose the SYS-GMM model. The estimation results indicate that the p-value of Hansen’s test is 1.000, which cannot reject the original hypothesis that the instrumental variables do not suffer from the over-identification problem. Additionally, the p-value of AR (1) is less than 0.1, while the p-value of AR (2) is greater than 0.1. There is only the first-order serial correlation but not the second-order serial correlation, which conveys that the SYS-GMM model better overcomes the problem of endogeneity of the explanatory variable, and the regression results are valid. All endogeneity tests substantiate our findings.




5 Conclusion and recommendation


5.1 Conclusion

In this research, the hypotheses and regression results in this research are self-consistent with constructing an empirical analysis of DE, GI, and GSC resilience from a macro perspective. (1) The DE has contributed significantly to the GSC’s resilience. The DE makes up for the shortcomings of GSC with its synergistic, substitution, and penetration, which help to fundamentally reduce the risk of chain breaks in the system. Driving the integrated development of the grain supply chain’s core functions through digitalization has become an effective means to improve the GSC’s resilience at the current stage. (2) GI has an “enhancement mode” moderating effect, which can not only effectively promote the enhancement effect of DE on GSC resilience but also present a synergistic DE that presents a multiplier effect on the optimization of GSC resilience. Besides, when compared to GII, GIP has a stronger moderating effect, indicating that local governments should pay much attention to such as innovation planning policy, technical R&D, and adequate financial investment. These factors are crucial for the stronger empowerment of DE incentives for GSC resilience. Moreover, GI exhibits threshold effects, wherein, GIP exhibits a significant double-threshold effect, and GII exhibits a significant single-threshold effect. The best threshold of government function is defined, which provides a better reference for policymaking. (3) The heterogeneity analysis of this study is based on functional zones for grain production in China. The enhancement effect of DE on GSC resilience indicates that MGC areas > MGP areas > GPCB areas. The moderating effect of GI presents that MGP areas > GPCB areas > MGC areas. At this stage, there is an urgent need to overcome the obstacle of regional polarization of GSC resilience and to improve the coordination of functional zones for grain production and GSC resilience in China.



5.2 Recommendation

Referring to the above findings from this study, we put forward the following recommendations for practice: (1) Extend DE to empower the depth of GSC and make up for shortcomings with system resilience. At present, the DE embedded in GSC in the majority of the provinces is still mainly replaced by informatization and mechanization technology. Under the international and domestic double cycle, in particular, digitalization drives the prediction, absorption, and recovery capabilities of GSC, and fundamentally consolidates the GSC resilience to ensure food safety, health, and high quality. (2) The government’s flexible, innovation-driven strategy accurately helps regions promote coordination. Through government assistance, we can fundamentally solve the spatial mismatch between DE and GSC resilience, and optimize the basic allocation of DE to enhance GSC resilience. The government should attach great importance to the planning of regional innovation and development and should promote the digitalization process of the grain industry in MGP areas. The government realizes complementary advantages between regions through the service and assistance mode of the MGC areas driving the MGP areas and GPCB areas. It is imperative to dynamically adjust the government investment in science and technology to help the differentiated construction demands of the regional DE and realize the effective moderating effect of the DE to enhance GSC resilience in a planned, purposeful, and methodological manner. (3) Strengthen the absorption of innovative talents to help add impetus to the grain industry. Let innovative talents lead the upgrading of the grain industry in an all-round, multi-angle, and wide-ranging, they also lead smallholders and grain enterprises to implement new policies, new modes, new channels, and new technologies, which enhance the learning and transformation capabilities of GSC.

Additionally, the empirical study on the grain supply chain resilience in China is also conducive to enhancing it in developing countries. During the current situation, there is no doubt that the digital economy has become a key force to improve the grain supply chain resilience, which is crucial to ensure domestic grain supply. Meanwhile, the governments must increase their support to strengthen the infrastructure of the agri-food system. To sum up, the joint efforts of the digital economy, government innovation-driven, and innovative human capital strengthen the robustness of the grain supply chain under uncertain shocks, and finally promote the sustainable development of the food security and agri-food system.




6 Limitation

Since some yearbooks have not been updated, the timeliness of the study needs to be strengthened. The study constructs panel data from 2011 to 2021, which only show the index of grain supply chain resilience fluctuations during the COVID-19 pandemic in 2020 and 2021. Additionally, with the rapid development of the DE, a more comprehensive and scientific evaluation will help to more clearly identify the dynamics of the digital economy, such as digital platforms and deep learning. These limitations will be addressed through further research to enhance their practical value. Besides, in the selection of moderating variables, the characteristics of the digital economy and the grain industry dictate that government guidance is the first step in promoting their development quickly and effectively. This study will be biased since micro-planning investment and market mechanisms are not considered. In the follow-up study, we will explore how to better promote digital technologies to enhance grain supply chain resilience from the micro-interventions and the market strategies to ensure grain supply chain resilience in developing countries under uncertainty shocks. This will strengthen the foundations of sustainable food security.
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TABLE A1 Stability test, multicollinearity test, and correlation analysis.
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Today, there is a significant “digital divide” in the agricultural sector between developing and developed countries. Such a digital disparity has negative consequences on the international competitiveness of these countries and their ability to comply with Food Satefy Standards. We propose a theoretical model to analyze the role of smart agriculture in the ability of countries to comply with international food safety regulations, specifically the Maximum Residue Limits (MRLs) for contaminants such as aflatoxins, pesticides,and heavy metals. Firstly, we show that reducing the digital divide will always improve international food safety and food security (availability of a global supply). However, it can lead to more intense international competition, potentially causing a perverse effect: underinvestment in good agricultural practices by more digitally advanced countries. Furthermore, the digital catch-up of less advanced countries cannot sufficiently reduce health risks in international markets unless accompanied by strengthening official food control systems. Finally, we show that such digital catch-up encourages lowering MRLs rather than relaxing them, contrary to what producers or authorities might hope.
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1 Introduction

The introduction of Information Technologies and IoT (Internet of Things) tools in agriculture is revolutionizing production methods and the performance of food systems. Colossal progress is being made not only in improving land yields and the productivity of agricultural workers, but also in the precision of soil treatment and pest control practices (Farooq et al., 2020). The development of smart agriculture1 is likely to facilitate the advent of sustainable and rational agriculture, midway between increasingly criticized intensive agriculture and organic farming, which struggles to establish itself sustainably due to production constraints, low yields, and difficulties in access to consumption by consumers with low revenues (Vishnoi and Goel, 2024; Jararweh et al., 2023; De Gennaro and Forleo, 2019). The use of ICT (Information and Communications Technology) and connected objects is becoming tools for rationalizing agricultural practices, contributing not only to cost savings and yield increases, but also to better results in environmental protection and plant protection against pests (Rejeb et al., 2022; El Bilali and Allahyari, 2018). Advanced technologies such as sensors, drones, and satellite monitoring systems can indeed significantly contribute to the sanitary and phytosanitary quality of agricultural products. They particularly help in the early detection of plant diseases and pest infestations. By enabling rapid intervention, they reduce the use of pesticides (Zhang and Kovacs, 2012; Paraforos et al., 2016) and make it possible to apply precise quantity of necessary fertilizers and phytosanitary products. This prevents overuse and contamination of products (Gebbers and Adamchuk, 2010). Moreover, the increase in production yields enabled by the use of digital tools can also, indirectly, promote the sanitary and phytosanitary quality of products. Fabregas et al. (2019) indeed show how increased yields reduce the need for intensive use of inputs and ultimately create incentives to better comply with phytosanitary legislation.

Pest and pest control is regulated by national, regional, and multilateral legislations, such as European regulations, and within the framework of sanitary and phytosanitary agreements (SPS), where reference standards and guides to good agricultural practices are proposed (see Hammoudi et al., 2009). Since the health incidents of the 90s (mad cow disease crisis, dioxin chicken, melamine milk…), access to international markets has increasingly been conditioned by the obligation to comply with numerous and increasingly demanding public norms and private standards (Hammoudi et al., 2015). At the European level, food safety systems rely partly on the imposition of maximum residue limits (MRL) for biological or chemical residues. This regulatory tool specifies the maximum allowable thresholds of contaminants in a product, such as aflatoxin, dioxin, heavy metals, etc.2 All regulations like MRL aim to reduce consumption risks related to food and protect consumer health.3 However, these thresholds imply obligations of results: producers must determine the means to be deployed in farms to ensure that their products comply with the imposed thresholds.4 Producers must determine by themselves the appropriate good practices or rely on the guides to good practices recommended by regional or multilateral organizations (WHO, FAO, European Union).

The implementation of such means is generally quite costly. However, since the introduction of digitization, farmers have a valuable tool to manage health risks in addition to or as a substitute for on-site production means. Digitization has indeed become a particularly effective facilitator in the implementation of good agricultural practices while providing unprecedented precision in risk assessment in farms. Connected objects (and more generally, IoT), an example of a booming technology, play an important role in improving farm efficiency, reducing losses, and preventing contamination risks, thus ensuring better sanitary quality of finished products (Huo et al., 2024). Specifically, environmental sensors,5 smart irrigation systems, cameras and drones, and portable analyzers6 represent a valuable asset for achieving both food safety objectives (increased yields and availability of supply) and food safety objectives (Morchid et al., 2024).

Having these tools can undoubtedly be an asset for better competitiveness of producers. It can also constitute, in an open economy context where compliance with health regulations becomes a condition for market access, an additional means for producers to improve their control of food risk (see for example Dabbene et al., 2014; Melo et al., 2014). However, today, there is a real “digital divide” between less developed and developed countries (see for example Acılar, 2011; Hennessy et al., 2016). Such a disparity in digital resources and know-how can have negative consequences on the competitiveness of these countries at the international level, further widening the existing gap between the “North” and the “South” in this area. Moreover, is not this disparity likely to thwart the hopes placed on digital agriculture by institutional and professional actors, agriculture considered as a lever for drastically improving food risk control?

There are relatively few studies that provide economic analyses on the impact of smart agriculture on international competition.7 An important branch of literature has focused on presenting IoT innovations by demonstrating their utility through experiments or case studies in various agricultural fields.8 Senyolo et al. (2018) demonstrate how the adoption of smart agricultural technologies is crucial for improving sustainability as well as international competitiveness. The work of Dragomir et al. (2019) explores how the Common Agricultural Policy (CAP) of the European Union for 2021–2027 promotes the adoption of smart agriculture to enhance the competitiveness of the European agricultural sector. Drawing from successful implementation examples of smart agricultural solutions, such as in Slovakia, Dragomir et al. (2019) highlight the importance of transnational cooperation in this field for knowledge transfer and technological innovation. A significant number of studies have focused on highlighting the potentially positive link between the use of digital tools and the increase in agricultural yields and labor productivity (Swinton and Lowenberg-DeBoer, 1998; Griffin et al., 2005; Schimmelpfennig, 2016; Bullock et al., 2020; Schimmelpfennig and Ebel, 2016).

Another branch of literature, more critical, has focused on highlighting the risks associated with the digitalization of agriculture, including: (i) risks related to the sociological and cultural aspects of digital transformation, such as more precarious agricultural work resulting from the development of robotics and other IoT tools (Burton and Riley, 2018; Miles et al., 2019; Rotz et al., 2019), (ii) risks related to the emergence of inequalities and new dominant (technological) powers in the supply chains and an inequitable distribution of benefits resulting from the use of digital technologies, (iii) risks related to the exclusion of producers from the activity due to the small size of their farms or their lack of skills (see the literature review proposed by Rejeb et al., 2022).

There are no analytical, theoretical or quantitative studies that have explicitly addressed the role of the digital transition of agriculture and its relation to producers’ behaviors and health food risk, particularly in the context of agri-food competition.9 To fill this gap, we propose a theoretical analysis to answer some important questions: how does digital capability affect food quality, the level of available supply, and therefore the market price? What is the role of international heterogeneity of digital capability in agriculture on the safety of the international food market? Our model considers competition between producers from various countries characterized by heterogeneous digital capabilities. This heterogeneity indeed leads to unequal capacities to comply with food safety regulations.

The model builds upon several theoretical works that formalize price formation and sanitary risk on markets by leveraging tools from industrial economics, particularly within the framework of interactions between producers and public authorities10 (Hammoudi et al., 2009; Nait Mohand et al., 2017). Our model extends the work of Nait Mohand et al. (2017). We introduce three elements of differentiation: an international trade context, the incorporation of smart agriculture into the model, and heterogeneity among countries in digital capabilities.

We show that under the assumption of a competitive international market, it is not systematic that a digital catch-up by less advanced countries leads to better safety of products circulating in the market. This somewhat counter-intuitive result can be nuanced based on a key variable that, as we show, plays an important role in the level of risk obtained after a digital catch-up by less advanced countries. It concerns the food control systems that authorities put in place to verify the conformity of marketed products to regulatory MRLs.

Specifically, while narrowing the digital divide will certainly lead to an improvement in food safety and, in parallel, food security (availability of global supply), it induces more severe international competition which, in the end, can lead to a perverse effect consisting of under-investment in production means specifically dedicated to the quality of production practices by the most digitally advanced countries.11 This under-investment, results in a paradoxical outcome: a greater share of contaminated products exceeding regulatory MRL thresholds will come from these advanced countries. This counter-intuitive result at first glance is mainly explained by the market competitiveness hypothesis, the response of producers from advanced countries to increased competition and price evolution, making the physical means invested on-site and dedicated to quality practices become adjustment variables in the face of intense competition.

We show that the quality of official food controls can be used by authorities to correct this undesirable effect associated with the positive evolution of digital capabilities. In particular, if health risk always decreases with the improvement of digital capabilities, unreliable controls can reduce the expected health benefits of improving these capabilities. More specifically, health risk decreases less strongly in the case of unreliable controls than in the case of reliable controls. Moreover, unreliable control does not allow producers, regardless of their country of origin, to benefit from the improvement of digital capabilities (the profit of all types of producers decreases with the digital catch-up of less advanced countries).

Finally, another very important question is addressed in the last part of this study: can the emergence of smart agriculture eventually allow a relaxation of MRLs? This question is at the intersection of two contradictory societal demands: a demand from European producers who generally find that health quality standards are too strict and a demand from consumers and their representatives who find it important, to better protect consumer health, to reinforce standards and in particular, to lower MRLs. Our model shows that a positive evolution of digitization through a catch-up by less advanced countries is not sufficient to allow a relaxation of MRLs unless one is willing to accommodate a higher health risk in markets. On the contrary, we highlight the need to accompany any dynamic of digital progress by reinforcing MRL thresholds.

The rest of the article is organized as follows. In section 2, we present the model. In section 3, we analyze the effects of an international catch-up on health risk (food sanitary quality) and on available market quantities (food security in the quantitative sense). In section 4, we focus on the effects of digital agriculture progress on the income evolution of trade partners (profits of producers from less advanced countries and profits of producers from digitally advanced countries). We conclude the analysis with a conclusion.



2 Model

We consider an international market for a food product represented by a demand [image: image] given by:

[image: image]

The parameter [image: image], ([image: image]) represents the size of the market, and [image: image] is the market price, which is determined by equalizing supply and demand. The inverse demand is [image: image], where [image: image] is the ultimate potential supply. We assume, for all the rest of the paper, that [image: image].

We assume also that the production system is composed of [image: image] ([image: image]) countries and each country is represented by a producer. All producers have the same production capacity or farm size [image: image] The maximum supply that the international production system can offer is therefore [image: image]. The countries (and then producers) are assumed to be heterogeneous in the development of digital tools for agriculture. It is more simply assumed that there are two categories of countries or producers: an [image: image] number of countries with a Lowly Digital Capabilities (LDC) and a second category of countries with a High Digital Capabilities (HDC)12 (see Figure 1). For convenience, we will take in all the following [image: image] pair. We assume that producers export to an integrated market representative of a global spot market or a representative importing region that we will call simply “importing region.”

[image: Figure 1]

FIGURE 1
 Vertical structure, behaviors and market.


First, we assume that the product sold by producers must comply with a safety regulation based on an obligation of results (Starbird, 2005; Grazia et al., 2012). More specifically, the import country’s supranational authority control the sanitary or phytosanitary risk through the imposition of a permitted maximum threshold [image: image] ([image: image] of a microbiological or microchemical contaminant in each product unit (eg, an aflatoxin or pesticide residue). Random official health inspections are carried out at the importing region’s borders before the product enters the market and is sold to the consumer to ensure that the products comply with the regulation. It is assumed that the control system is flawed in the sense that contaminated products may not be detected and are sold on the market. A contaminated sample is identified as contaminated and therefore rejected after inspection with probability[image: image], ([image: image] The imperfection of the control system may be attributable in practice to multiple causes, such as the lack of human and material resources allocated to the control posts (number of inspectors, analytical laboratories, etc.), but also, for example, to considerations related to the training of controllers or the operations management on-site.13 Producers observe the threshold but must determine the investment in means and Good Agricultural Practices (GAP) that they must agree on production site for their products to meet these regulations. The upstream/downstream production and marketing structure is described in Figure 1.

We denote [image: image], the level of investment in the quality of the production practices of a producer [image: image] and [image: image], [image: image], the total cost of bringing the farm into compliance:

[image: image]

[image: image] is the unit cost of production ([image: image]).

Each producer [image: image] first observes the standard imposed by the importing region and chooses the optimal amount of investment [image: image] in good practices on its production site.

It is assumed that country, with high digital capability, can increase a producer’s ability to comply with the standard by increasing the “yield” of the investment in good production practices (process). Formally, we will note [image: image], with[image: image] the digital capability of a producer of the country [image: image].

When the indicator [image: image] increases, the digital capability increases (the lowest level being 0 and the maximum level 1). We assume simply that the [image: image] producers with LDC have a digital capability [image: image]1 and the [image: image] producers with HDC have a maximum digital capability equal to 1. When a producer [image: image]invests [image: image] to comply with the observed standard [image: image], it is assumed that his investment is less efficient as his digital capability is low.14 At fixed [image: image], we assume that the producer integrates the level of efficiency (or inefficiency) due to his digital capability in order to anticipate the probability that his product will pass the inspection. More precisely, it is supposed that he can evaluate the probability that a unit of its product conforms to the norm [image: image] when the official controls are perfect and this probability is expressed through a function [image: image] increasing in [image: image], [image: image]and[image: image].

In addition, since control is imperfect, producers can hope that some non-compliant production will not be detected by inspection. Let [image: image] be the probability that a unit of good produced with practice [image: image] is declared compliant by the border control system. The function [image: image] is deduced easily from the function [image: image] (see Expression 8):

[image: image]

Each producer [image: image], can anticipate, (i) the individual quantities, noted [image: image], that “pass” the inspection (or declared compliant), (ii) those who pass the inspection and are actually conform ([image: image], (iii) those that will be rejected because they do not conform ([image: image]) and; (iv) those that will be declared compliant while they are contaminated ([image: image]. These quantities, or more precisely expected quantities, are expressed as follows:

[image: image]

[image: image]

[image: image]

[image: image]

It is assumed that these rejected quantities generate costs: each unit of rejected product generates a marginal cost of rejection noted[image: image] for the incriminated producer.

Throughout the rest of the paper, we will specify the function [image: image] as follows:

[image: image]

This function is increasing in [image: image], [image: image]and [image: image]. In addition, it verifies some other more specific properties15 that are not relevant from the point of view of the qualitative results of the model.

We define the game as follow: at the first stage, the supranational authority of the importing region decides a threshold [image: image] (MRL) and a level of food control [image: image]. At the second step, the producers observe the decisions made at the first step, the market price in force in the spot market and choose simultaneously their investment level on GAP. At the third step, the producers sell their produced quantities in the importing region. This quantity is controlled before marketing in the region. The “contaminated” quantity (whose contamination threshold exceeds threshold [image: image]) is rejected and the rest is sold on the market. The law of supply and demand determines the equilibrium price in the country that ultimately defines the actual levels of investment and the profits of the producers.

We start from the fact that the definition of a level of controls and MRL thresholds by a supranational authority of regional or international type (European Commission, FAO/WTO for example) aims above all to reduce risk. However, it cannot completely ignore the economic consequences (profits of commercial partners, prices and supply available for consumption, i.e., consumer surplus in the region concerned).16 We will assume in all the following that the supranational authority has to ensure food safety in the spot market, but it has also to consider the evolution of producers (their profits), the interests of consumers that is say the “economic” consumers ‘surplus according to the total quantity consumed (the food supply or food security criteria). In other words, the supranational authority must ensure a reduction in health risk on the global market while guaranteeing a reasonable level of incentives to produce and to participate to international trade.

We assume that the health risk on the global market comes essentially from the contaminated quantities that circulate in the market and are consumed by consumers. It will simply be defined as a “contamination rate,” the ratio of the total contaminated quantity [image: image] and, the total quantity ([image: image]) offered and consumed on the importing region. We note this ratio [image: image].

The total offer [image: image]and the health risk [image: image] in the global spot market are given, respectively, by:

[image: image]

[image: image]

In the following sections, we analyze the impact of the digital transformation of agriculture on the food safety of products marketed on international markets, considering the heterogeneity of countries in terms of digital capability. For this, we will determine the outcome of competition on the final market and evaluate on the one hand, the role of this heterogeneity in the formation of prices and on the other hand, the evolution of good agricultural practices at the resulting from the introduction of digital tools.



3 Digital capabilities, food safety and supply availability

We assume that the maximum authorized threshold [image: image], [image: image] and the official control of reliability level [image: image] are given (first step of the game defined previously). The authority gives producers of exporting countries the freedom to determine their investments in good practices.

For fixed [image: image] and [image: image], and for an observed price [image: image], each producer [image: image]determines in the second step of the game, the level of investment [image: image] that maximizes its profit (see Expression 12):

[image: image]

Given the Expressions 2, 4, 6, the profit of producer [image: image] is given by:

[image: image]

The resolution of the program given in Expression 11 reveals that, the first and the second order conditions being verified, the optimal investment levels of producers with LDC (noted[image: image]) and producers with HDC (noted [image: image]) verify:

[image: image]

We can observe that, knowing that [image: image], [image: image].

Given the Expressions 1, 9, 13, the market price [image: image] that emerges is the solution of the equation given as follow:

[image: image]

Then the market price at equilibrium is given by:

[image: image]

Thus, the price on the spot market depends on the digital capability of the least developed countries. It can be easily shown that the price [image: image]decreases with respect to the parameter [image: image]: [image: image]. Thus, the gradual introduction of digital tools into agriculture in the least developed countries will increase the international competition by gradually lowering market price and which will lead to an increasingly large available supply. However, the variation of the market price according to the level of control reliability is not monotonous. Indeed, we can easily verify that [image: image]and [image: image] such that [image: image] if and only if [image: image]and [image: image]. Moreover, we can easily verify that [image: image] and [image: image].

Thus, in a weak area of controls ([image: image], when the quality [image: image] of control improves, the equilibrium price increases. On the other hand, a sufficiently effective control system ([image: image]and a relatively high level of producer efficiency ([image: image] will generate a decrease in the equilibrium price. Such a decrease in price is mechanically induced by the increase of the total supply (quantities that pass inspection): [image: image]. Such a positive evolution of the total supply is due to the improvement of the probability of individual compliance which is the result of the consequent increase in the investment of each type of producer ([image: image]).

If we consider both the decrease in price in relation to [image: image] and its decrease in relation to [image: image] in the control zones [0,[image: image]] and [[image: image], 1], we can draw an important lesson in relation to the evolution of international competition. Indeed, in a context of positive and progressive digital transformation of the least advanced countries, we can expect a gradual drop in prices but this drop will be (i) slowed down if it is accompanied by a gradual improvement of initially weak controls and (ii) will be accentuated if the controls are initially relatively effective.

In addition, the threshold [image: image] is decreasing in [image: image] ([image: image]). This means that when digital progress is made by the least developed countries, the equilibrium price will decrease in a wider area of controls, in other words, including for less reliable controls.

By replacing the Expression 14 in the Relation 13, the equilibrium investment level of producers is given by17 [image: image] and [image: image] with:

[image: image]

Given the Expression 15, we can verify easily that:

[image: image]

Thus, knowing that [image: image] and [image: image], the decrease of [image: image] with respect to [image: image] shows that the positive impact of digitalization on LDC producers outweighs the negative effect on HDC producers’ investments.


Proposition 1: When the control level [image: image] improves, there exits [image: image] such that the HDC producers’ investment [image: image] increases if and only if [image: image]
 

We can verify easily that: [image: image] if and only if [image: image]. The expression of [image: image] is given in the Appendix.

Thus, at a given [image: image], an increasing of the level of controls in [0,[image: image] increases the investment of producers with HDC (and those with LDC). Thus, strengthening controls may be a solution to mitigate the relative disinvestment of HDC producers following the development of the digital capabilities of LDC producers. After this control threshold [image: image], the control becomes relatively reliable, and producers’ investment decreases as it strengthens. Thus, beyond a certain threshold of control reliability, the incentives to comply with the MRL decrease because the cost of compliance increases while the market price drops due to an oversupply. Producers then begin to disinvest, increasingly relying on the relative imperfection of the control system to pass non-compliant quantities.

Starting from these variations of the equilibrium investments and from the variation of the health risk function defined in Equation 10, we can state the following result.


Proposition 2: When the digital capability of the producers with LDC improves, (i) the health risk decreases and the total available supply increases, and, (ii) the producers with HDC are responsible for a greater proportion of non-compliant quantities consumed on the market.
 

The proof of the proposition is obvious. Indeed, we can easily verify that:

i. [image: image] and [image: image],

ii. [image: image] and [image: image].

The first result stated in the proposition stipulates that the objectives of risk reduction and availability of supply (food safety and food security) are compatible when we move from a less digitalized agriculture to a more digitalized agriculture. The progress made in the LDC country in this area leads to more food safety and more food security (in the sense of availability of supply). However, in the total supply, which increases when we increase the level of digitalization, there is a proportion of contaminated products exceeding the threshold[image: image], which is more attributable to producers from HDC countries (assertion ii) due to “mechanical” disinvestment arising from market incentives resulting from such an evolution of the digital capabilities of LDC producers.

When the digital capability of producers improves, the increase (respectively the decrease) in the quantities offered (respectively the contaminated quantities) by the producers with LDC is greater than the decrease (respectively the increase) in the quantities of producers with HDC. Producers (with LDC), who benefit from the digital capability building, will increase their level of investment. Thus, the compliance probability increases ([image: image] and [image: image]) and leads to the increase of their offer and the reduction of contaminated quantities.

The interesting results (i) and (ii) of Proposition 2 highlights a “perverse” effect due to international competition: As the level of producers with LDC improves, these producers increase their efforts in production practices by betting on a larger portion of compliant quantities passing the inspection. When the digital capability of the producers with LDC improves, producers with HDC respond by underinvesting in GAP. This result comes from the evolution of the equilibrium market price under the hypothesis that producers are price takers on the spot market. When the differential of the digital capability of the two types of producers decreases the equilibrium price decreases due to the increase in total supply, producers with HDC will be encouraged to seek better cost competitiveness by lowering their investment in good practice. As the digital capabilities of countries become more homogeneous with the digital catching up of the least developed countries, we will observe an improvement in the good practices of these countries but a relative disinvestment of the most advanced countries. When digital tools develop in the least developed countries, investments in good practices at the international level will tend to gradually become closer with more investment in the least developed countries and less in the most advanced countries. This effect, mainly due to the hypothesis of a competitive international market, has no impact on the evolution of health risk (which decreases with the digitalization of agriculture) but (because of the investments of HDC producers) does not lead to a reduction in risk in proportion to the progress of digitalization.

Such an effect could be seen as a factor slowing down to a certain extent the benefit that could be expected from the digitalization of agriculture in terms of food safety. How can supranational authorities correct such an effect? The following corollary shows how control can be a strategic tool for achieving such an objective.

The Figures 2 illustrate the results of the Proposition 2. The first graphic Figure 2A shows that the available supply does not always decrease with respect to control. The initial intuition, which suggests that strengthening controls should systematically lead to a decrease in quantities traded, is contradicted by this result. This initial intuition would be validated if there were no strategic response from producers to the evolution of controls through adjustments in on-site production methods. When the efficiency level of the control system is relatively low and improves below [image: image], producers’ investment are not sufficiently high and the quantities detected non-compliant by the control system increases. Thus, the total supply decreases, the price increases and consequently, the consumer surplus decreases. When the control is more reliable and improves above [image: image], the efforts in good production practices are significant enough to, sufficiently, reduce the quantities rejected. Thus, the individual supply and the total supply increase and finally, the consumer surplus increases despite the price drop.

[image: Figure 2]

FIGURE 2
 Variation of available supply (Curves A) and health risk (Curves B) in relation to the control and the digital capability of producers.


We have previously highlighted how an increasing digitalization of agriculture in the least developed countries can generate a reduction in health risk on international markets. However, we have also shown that progress on food safety may be less than expected due to the insufficient effectiveness of official controls.

In the next section, we will analyze the collateral economic effects associated with a risk reduction policy, particularly on the profits of trading partners. In particular, we will assess whether the increase in digital capacity in the least developed countries benefits producers, especially those belonging to these countries. This indirectly amounts to measuring whether there are incentives for countries that are initially less advanced in the digitalization of agriculture to engage in a dynamic of development of this digital tool. The progress of digitalization reduces the health risk even if such a decrease would benefit from being reinforced by an improvement in controls, do the profits of the actors go in the same direction?



4 Digital capabilities and trading partner profits

The supranational authority must reduce the health risk while preferably not reducing the quantity of food supply available for consumption as well as the income of participants in international trade.

The variation in profits of the two types of producers is given in the following proposition.


Proposition 3: When the digital capability of the producers with LDC improves, the profit of producers with HDC decreases whatever the control level and the profit of producers with LDC increases if and only if [image: image], [image: image] and [image: image].
 

The proof of the proposition is obvious and is obtained simply from the derivative of profits.

[image: image] and [image: image]0,1[such that [image: image] if and only if [image: image], [image: image] and [image: image].

The expression of [image: image], [image: image] and [image: image] are given in the Appendix.

Thus, the profit of producers with LDC can only grow with the development of digitalization if, first of all, the progress of digitalization is relatively moderate [with a maximum level [image: image]. Furthermore, it is necessary (and sufficient) that the total potential supply [image: image] does not exceed [image: image] and finally that the control is sufficiently reliable (beyond the level [image: image]). It must, therefore, be deduced from the Proposition 3 that an advance in digitalization in the least advanced countries can possibly benefit producers in these countries if official controls in the region of import are sufficiently reliable and digitization progress is not too significant.

Let us stop at this last condition. For LDC producers to see digitalization benefit them in terms of international competition, it is therefore necessary that the progress made in the digitalization of agriculture is within an “eligible” range. [0,[image: image]] (under the assumption [image: image]). We can verify that all things being equal, [image: image] is decreasing in [image: image] [[image: image]see Appendix]. This means that reinforced control tends to restrict the possibility that LDC producers can benefit from the digital development of their agriculture (the eligible interval [0, [image: image]] becomes smaller).


Corollary 1: When the digital capability of producers with LDC improves and the control is insufficiently reliable [image: image]the equilibrium profit of all producers always decreases.
 

Thus, too great an imperfection of controls in the importing region can prevent producers with LDC producers in the least developed countries from benefiting from the improvement of their digital capacities.

The strategic behaviors of both types of producers and their effects on competition explain these results. When the level [image: image] of digital capability of the producers with LDC improves in a zone of low control levels ([image: image]), producers with HDC under-invest in quality practices and as the level of control is low, the quantities offered passing the inspection increases ([image: image]). However, the price falls, the investment effort of the producers with LDC increases ([image: image]), their cost of compliance also ([image: image]) and therefore their profit decreases. Moreover, since the underinvestment of producers with HDC is less important compared to the improvement of the digital capability [image: image], their cost of compliance is not compensated, which reduces their profit.

The proposition gives us an interesting lesson with regard to the issue of fairness in North–South trade relations. Catching up in know-how or digital capability of the less developed exporting countries may not benefit them, especially when the importing region in the North does not improve the reliability of its controls. Indeed, when the digital capability goes from [image: image] to [image: image] ([image: image]) and the level of control is relatively low (zone 1), the producers will disinvest by betting on the imperfection of the controls to pass their products. This strategy is rational and makes it possible not to deteriorate their profit due to the fall in the market price. The drop-in price is obviously due to the passage of a relatively large quantity of products (induced by an improvement in the country’s digital capability).

In a relatively high control zone ([image: image]) (zone 2), the improvement in the digital capability of producers with LDC induces an increase in their supply ([image: image]) and a decrease in the supply of their competitors ([image: image]). Thus, the producers with HDC under-invest in quality of production practices. Since control is relatively efficient, the total supply tends to decrease ([image: image]) leading to an increase in the market price. The profit of producers with LDC increases and that of producers with HDC decreases. In other words, the restoration of a certain fairness in trade via the improvement of the digital capability of producers with LDC (from [image: image] to [image: image]) will only be effective if at least the level of control is relatively reliable (zone 2). Since the efficiency level of control, is high, producers with HDC will to improve their level of investment in production practices even if the market price decreases. This will increase the supply (consistent quantities) and reduce the rejects (see Figures 2, 3).18 It can be noted (Figures 2, 3) that on the one hand, there are levels of control, which ensure the maximum profit for the producers, and on the other hand, these levels differ according to whether the producers have low digital capability or high digital capability. The existence of the strict concavity of the profit functions is due to the combination of two factors: (i) the effect of the increase of the control reliability on the price (which increases up to a certain level and then decreases) and, (ii) its effect on the compliance cost (which increases with the need to invest in good practices). The initial increase in price with control reliability comes from contraction of supply due to increased releases. Its decrease in a second time comes from better investments of the producers, which make decrease the rejects and increase the marketed total offer.

[image: Figure 3]

FIGURE 3
 Variation of the profit of producers with LDC and HDC according to control and digital capability of producers with LDC.




5 MRLs as a tool for risk reduction and economic regulation

The MRL thresholds are set gradually as scientific advances concerning the toxicity of biological and chemical contaminants contained in foods consumed by consumers. Alongside this strictly health motivation, setting a threshold is not neutral from the point of view of strictly economic effects. The previous sections show that the level of economic variables resulting from international competition (price, available supply, profits, consumer surplus) are a function of the level of the MRLs chosen by the supranational authority. A multi-criteria approach to health regulation requires reconciling, when possible, health objectives and economic objectives.

In this section, we will ask ourselves the following question: Can the development of digital agriculture facilitate such a multi-criteria approach? In particular, can the development of such agriculture allow a relaxation of MRLs without compromising the objective of reducing health risk and availability of supply?19

In other words, what will interest us from the point of view of the health benefit of consumers is to know if the level of health risk can be maintained or reduced when we move from an initial situation [image: image] to a situation [image: image] with [image: image]< [image: image].

Consider [image: image], The risk resulting from quantities contaminated with respect to [image: image], that is to say, exceeding [image: image] residue level, when the threshold [image: image] is in effect (the official threshold set by the authority).

At a fixed [image: image] and [image: image], we will consider that the health of consumers is not deteriorated when we go from the maximum authorized threshold [image: image] to maximum authorized threshold [image: image] if these two conditions are verified:

i. The quantities in circulation on the market exceeding the threshold [image: image] when [image: image] is the authorized threshold are lower than the quantities exceeding the threshold [image: image] when the authorized threshold is [image: image]

ii. The quantities in circulation on the market exceeding the threshold [image: image] when [image: image] is the authorized threshold are lower than the quantities exceeding the threshold [image: image] when the authorized threshold is [image: image]

Formally, these two conditions can be written as follows:

[image: image]

[image: image]

To carry out the analysis, we will rely on curves [image: image] with respect to [image: image], drawn with different values20 of [image: image], [image: image], [image: image] with [image: image], [image: image].

Figures 4A,B respectively represent the health risk curve [image: image] for relatively low control and [image: image] for relatively reliable control. Figures 5A,B represent the curves of the quantities available for consumption [image: image] for relatively low control, and [image: image] for relatively reliable control.

[image: Figure 4]

FIGURE 4
 Variation of the health risk according to the MRL level and digital capability of producers with LDC when the effectiveness of control improves from β1 (Curves A) to β2 (Curves B).


[image: Figure 5]

FIGURE 5
 Variation of the available supply according to the MRL level and digital capability of producers with LDC when the effectiveness of control improves from β1 (Curves A) to β2 (Curves B).


It immediately follows from the observation of Figures 4A,B that any digital catch-up does not allow the risk to be kept unchanged by relaxing the constraint on the threshold, i.e., by increasing the MRL threshold.21 In other words, when the digital capability of LDC producers increases, the relaxation of the thresholds cannot be considered unless the health risk increases (Conditions C1, C2 will not be verified).

On the other hand, in order to reduce the risk in the context of a positive development of digital capabilities, it is necessary to lower the current MRL threshold. The observation of the risk (Figure 4A) and supply curves available on the market (Figure 5A) under the assumption of relatively weak control (unchanged with the evolution of digital capabilities), then allows us to state the following proposition.


Proposition 4: In order to reduce the health risk in a context of a positive evolution of digital capabilities, it is necessary to lower the MRL threshold. When control is relatively weak, it is necessary to accommodate a decreasing available offer as digital capabilities increase. When the control is relatively reliable, the available supply only increases with the strengthening of the MRL if the digital progress is sufficiently significant.
 

At this stage, we can notice, by observing the variations in risks on the curve (Figure 4A), that[image: image]. In other words, the quantities contaminated with respect to [image: image] when [image: image] is officially in force (and strengthened because it is more demanding than [image: image]) are greater than the quantities contaminated with respect to [image: image] when [image: image] is in force (initial situation before the MRL was strengthened). This result is therefore not sufficient to conclude that it is not advisable to strengthen the MRLs. Only criteria Conditions C1, C2 can be considered for such a recommendation.22

Figures 6A,B respectively represent the profit of producers with LDC curve [image: image] for relatively low control and [image: image] for relatively reliable control. Figures 6C,D represent the curves of the profit of producers with HDC [image: image] for relatively low control, and [image: image] for relatively reliable control.

[image: Figure 6]

FIGURE 6
 Variation of profit of producers with LDC (respectively producers with HDC) according to the MRL and the level of digital capability of producers with LDC when the effectiveness of control improves from β1 (Curves A) (respectively Curves C) to β2 (Curves B) (respectively Curves D).


The profit graphs of producers in Figure 6 illustrate that, for a given level of digital capability of producers with LDC and control reliability, there exists an MRL threshold [image: image]([image: image]), that the importing country authority could consider imposing, thus maximizing producers’ profits. This threshold increases as the level of digital capabilities improves and/or the control efficiency increases. Indeed, a relaxation of the MRL threshold below [image: image]([image: image]) leads to a reasonable increase in supply, which will contribute to improving producers’ profits. However, if the MRL threshold is relaxed above [image: image]([image: image]), it will lead to larger quantities passing through border controls, thereby reducing market prices. As a result, these producers will see a decrease in their profits.

Figures 6A,B show that the improvement of digital capabilities of producers with LDC is beneficial to them in terms of profit only if the level of Maximum Residue Limits (MRL) is sufficiently strengthened accompanied by reliable control.



6 Conclusion

Few empirical or theoretical economic studies have genuinely examined the effects of smart agriculture on the evolution of international competition and the role it can play in achieving food security (in the quantitative sense) and food safety objectives. Yet, digitization in agriculture can change the structure of trade and international competition through two levers: i) a greater capacity of certain nations to produce more quantities due to a significant reduction in costs and better management of farms, and ii) a greater capacity to produce higher quality goods thanks to precision agriculture, which allows continuous monitoring of the production process and provides plants with solutions to problems that hinder their qualitative development. Cameras and drones are technologies that, for example, can monitor fields and agricultural facilities and detect pest infestations or plant diseases before they spread. By enabling quick and targeted intervention, they reduce the use of pesticides and improve food safety. Smart irrigation systems, which are soil moisture sensors that automatically trigger an irrigation system adjusting the water supply according to the actual needs of the plants, help avoid over-watering and under-watering, which can affect plant health and food safety.

The emergence of so-called smart agriculture can, therefore, be considered a valuable ally for both producers and public authorities concerned with reducing foodborne health risks. However, these optimistic predictions could be thwarted by the existence of a digital divide between different nations participating in international trade. Such a divide can exacerbate or even create a competitive imbalance and inequality in access to international markets between developed countries (the North) and developing countries (the South). Moreover, these disparities between operators and nations, particularly in terms of capacity to meet international requirements, raise questions about equity and competitiveness in the global agri-food sector. Thus, it is crucial to assess the impacts of these inequalities and design appropriate regulations to ensure fair competition and maintain international food safety.

The reduction of the international digital divide represents a true challenge at the international, regional, and national levels. This requires the implementation of ambitious policies, such as the establishment of specific strategies to aid the digital development of the least developed countries. At the local level, policies must be tailored to the specificities of these countries with concrete measures aimed at promoting the adoption of digital technologies and initiating a catch-up dynamic for these countries/regions.23

However, digital catch-up is not a sufficient condition to achieve a satisfactory level of food security (available supply) or a satisfactory level of food safety for consumers. It is necessary to consider a “competition” effect that our model clearly highlights. If the health benefits for consumers in developed importing countries indeed improve thanks to the technological advances of the less advanced exporting countries and their better control of health risks, it can improve even further when the food controls of the developed importing countries are strengthened and made more reliable (Proposition 2, Figures 2, 3). In other words, even if developed countries, in the name of the health of their own consumers, agreed to contribute to the digital upgrading of Southern countries, such a contribution would be suboptimal if it is not accompanied by an improvement in the food control systems. When Southern countries improve their digital capacities, lax control in the North leads to a relative under-investment in “physical” means by Northern producers who are otherwise well-equipped with digital resources. Thus, these lessons suggest that Northern countries must, in the name of their consumers’ health but also in the interest of fair North–South relations (see Proposition 3), couple any potential policy of aid for digital development in favor of Southern countries with a policy of strengthening official controls in the North.

Furthermore, it should be noted that at the European level, strengthened Maximum Residue Limits (MRLs) are regularly implemented for certain substances deemed hazardous to consumer health.24 Our model suggests that within the framework of decreasing MRL thresholds, health risks are further decreased if the digital divide is reduced (Proposition 4). However, the supply is less significant with unreliable control. In other words, to reconcile the quantitative objective (growth of available supply) and its quality (risk reduction) within the framework of a simultaneous reduction trajectory of MRLs and the digital divide, authorities must accompany this trajectory with a dynamic of strengthening controls.

These results lead to some preliminary reflections on a scheme currently under much discussion in French and European forums: the EcoPhyto scheme implemented in France in 2008. The EcoPhyto program primarily aims to reduce the use of phytosanitary products (reduce pesticide use by 50% by 2025) and to decrease their negative impacts on the environment and health. The government is particularly focusing on the gradual substitution by producers of chemical substances used in pest control with more natural products that are respectful of consumer health and the environment.25

The reduction of Maximum Residue Limits (MRLs) is not directly part of the objectives of this program. MRLs are set by European regulations, and their revision is based on scientific assessments and decisions at the European level. By imposing strict standards on pesticide residues in foodstuffs, the MRL legislation, governed by Regulation (EC) No 396/2005, complements to some extent the objectives of Écophyto by ensuring, in the end, that reductions in pesticide use result in an effective decrease in residues in food. Thus, the Écophyto program does not specifically aim to reduce MRLs, but its goals of reducing pesticide use and promoting sustainable agricultural practices can contribute to a decrease in pesticide residues in agricultural products. Theoretically, the quantitative objectives of the Eco-phyto plan and the constraints it imposes on production practices can be interpreted as an imposition of both results and means. Such a normative interpretation suggests that public authorities, through this plan, aim to accelerate the reduction of pesticides, ultimately requiring producers to invest even more resources in their production sites compared to what they invested in response to the official European MRLs.26

By increasing the producers’ ability to better manage risk, particularly through better anticipation of pest-related diseases and more targeted, timely, and precise treatment of infestations, AI could likely help producers better withstand the additional constraints and quantitative objectives set by the Eco Phyto plan. However, the question of the contribution of smart agriculture to the success and acceptability, particularly by operators, of the EcoPhyto mechanisms is yet an open research question that deserves to be explored: what could be the contribution of smart agriculture to the EcoPhyto plan? Could the development of digital agriculture help reduce the costs borne by producers and decrease the state’s support budget? Does the unequal access of producers to digital tools hinder the success of the plan, and is digital catch-up a guarantee of success? Should investments and state support for the plan include the digital transition of producers? Our model is not directly applicable to answering these questions but can, with some necessary adaptations, theoretically contribute to this type of inquiry.

Finally, one of the limitations of the model is that, in its current version, it cannot explain the strategic mechanism leading to the digital divide and its extent, which are assumed to be exogenous: the number of producers with low and high digital capacities and the extent of the divide are pre-determined. Endogenizing producers’ investment decisions in digital capacity would be an interesting extension, which would likely require the extension of the homogeneity hypothesis of producers to a heterogeneous context (producers differing in terms of financing capacity and/or farm size, for example). Such an extension would also allow for the integration of public authorities as actors who can act upstream to limit the digital divide by relying on policies that the model could theoretically test.
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Footnotes

1   By smart agriculture or precision agriculture or digital agriculture, we refer to the modern type of agricultural management that relies on the use of sensors, geographic information systems (GIS), drones, agricultural robots, big data, artificial intelligence (AI), and the Internet of Things (IoT) to contribute to the production process or to collect, analyze, and interpret agronomic data in real time.

2   The Regulation (EC) No 1881/2006 (Council Regulation No 1881/2006) establishes Maximum Residue Levels (MRLs) for mycotoxins in foodstuffs. In addition to the regulatory aspect, programs defining official controls are designed to verify compliance with legislation on animal feed and foodstuffs (Regulation (EC) No 882/2004).

3   MRLs are based on toxicological assessments and exposure studies to protect consumers from the harmful effects of pesticide residues and other chemical substances. To comply with MRLs, farmers must follow Good Agricultural Practices (GAP) and use pesticides and other chemicals responsibly and in accordance with regulatory guidelines. This includes adhering to recommended doses, pre-harvest intervals, and appropriate application methods. MRLs help improve consumer confidence in agricultural products and meet the growing demand for healthy and high-quality food. Finally, harmonized MRLs between countries facilitate international trade in agricultural products by ensuring that the products meet the safety standards of different markets. This helps reduce trade barriers and promote economic exchanges.

4   Alongside public regulations enforced by authorities, voluntary private standards exist which impose on-site production measures through certifications (for private standards, see Giraud-Héraud et al., 2012).

5   Environmental sensors are devices that measure variables such as temperature, humidity, air quality, and soil composition. These data enable farmers to maintain optimal conditions for crop growth and animal health, thereby reducing the risk of diseases and contamination.

6   Portable analyzers are connected devices that can analyze the chemical composition of soils or agricultural products on-site at production facilities. They ensure that products, before being marketed, are free from contaminants and comply with food safety standards.

7   Many studies have focused on the role of smart agriculture in enhancing resilience to climate impacts through improved productivity and sustainability of agricultural practices – (see, for example, Ahmed et al. 2024).

8   This literature aims to demonstrate the effectiveness of these tools, particularly in reducing the use of pesticides and fertilizers, optimizing water usage, optimizing agricultural production processes, improving food security, enhancing the competitiveness of agricultural enterprises, and ensuring the sustainability of production practices. For a systematic review of this branch of literature, (see Rejeb et al. 2022).

9   The existing research has primarily focused on the impact of new control and traceability tools made available to authorities to facilitate transactions and reduce international risk (Razak et al., 2023).

10   The authors propose a theoretical industrial economic model that identifies the causal link that may exist between public food safety regulations, the expected price in domestic markets, and the rate of exclusion of local producers.

11   Disinvestment in good practices and infrastructure, for example, involves disproportionately focusing on the precision and automation of risk control operations while underinvesting in human resources, basic infrastructure, pesticide quality, etc.

12   These two categories vary in terms of their level of digital resource endowment, which enables them to fully leverage digital technologies in their agricultural practices. This includes, for example, endowments in farms with digital management tools and the level of training of agricultural workers in these tools, as well as the use of what is known as smart farming practices (see examples in introduction).

13   The imperfection of control is modeled in this way in the work of Starbird (2005) and Grazia et al. (2012). As underlined in these two works, the diagnostic errors are due to errors of sensitivity of specificity of the tests. In our work, we only consider the errors associated with the sensitivity of the tests to give a product to contaminate as uncontaminated (and not the other way around).

14   Information and Communication Technologies (ICTs) can interact effectively with more traditional and “physical” means deployed on-site to improve product quality, control risk at a lower cost. For example, information management systems that facilitate product traceability, stock management, and hygiene standards monitoring throughout the production chain can increase producers’ ability to comply with hygiene constraints set by regulations within the Hygiene Package. Automated cleaning and disinfection systems operate by ensuring automatic cleaning and disinfection processes, thereby reducing the risk of human contamination during production. Similarly, IoT sensors can monitor real-time temperature, humidity, and the presence of contaminants throughout the production process. The information provided to farm managers triggers preventive alerts when deemed necessary by the digital tool, prompting corrective actions to be taken. This ensures production adheres to hygiene standards and sanitary and phytosanitary constraints.

15   In the absence of investment effort[image: image] the probability that a unit of good produced is in accordance with[image: image] depends only on the level of the norm ([image: image]). At a given level [image: image], if the norm is as demanding as possible ([image: image]), the probability of complying with[image: image], depends only on the level of investment and the level of training ([image: image]). The compliant proportion reaches its maximum level weighted by the logistic level and reaches 1 when the drilling of the producers is perfect ([image: image]). When no norm exists, ([image: image]), the probability naturally reaches its maximum ([image: image]).

16   We cannot consider the classic criterion of social welfare as a decision criterion for the supranational authority for reasons of realism given the context of multilateral exchanges: the authority cannot consider the surplus consumers from exporting third countries. The criticisms generally made of decisions taken at the regional or multilateral level generally relate to their possible obstacles to trade and lack of international equity (unequal access to international markets, disproportionate reduction in the income of exporting trading partners). It is this idea that we take up by considering only the collateral effects of a reduction in health risk on the profits and surplus of consumers in the region (i.e., the available supply and the price).

17   In the rest of the paper, we will assume that[image: image] [image: image][image: image]

18   Due to the complexity of the supply formula and health risk at the equilibrium, numerical analyses allow to illustrate the consequences of the results set out in the proposal on both consumer surplus and health risk. Figures 2, 3 have been plotted for the following parameter values: [image: image] and [image: image].

19   Our approach is consistent with the question posed in the empirical work of Otsuki et al. (2001) that assess the risks of chronic diseases at European level due to the presence of Aflatoxin in foods imported from Africa. Otsuki et al. (2001) show that the strict levels applied therein would not result in a significant reduction in health risk to consumers, yet would impose serious costs and/or technical difficulties on the suppliers that must achieve compliance with the regulation (Otsuki et al., 2001).

20   We plot the different curves of the Figure 4 by taking the following values of the parameters: [image: image], [image: image], [image: image], [image: image], [image: image] and [image: image].

21   As the curves (Figures 4A,B) are plotted under the assumption [image: image]> [image: image], It is sufficient to consider that the evolution of the threshold thresholds is from [image: image] to [image: image] to deduce that the properties Condition C1 et Condition C2 are not verified.

22   The first intuition, therefore, is to rely solely on the criterion of reducing the quantities contaminated in the second situation compared to the first [image: image] without specifying in more detail the relationships to the different thresholds as done through properties (Conditions C1, C2), is incorrect.

23   For example, this involves investments in network infrastructure to provide reliable and affordable Internet access in rural areas, establishing digital technology training programs for farmers, providing grants or low-interest loans to help farmers acquire digital tools, thereby encouraging the development and dissemination of affordable agricultural technologies suited to local conditions, and implementing tax incentives and regulations to facilitate access to information.

24   For example, the MRL for glyphosate was reduced from 100 to 20 mg/kg in 2021. The MRL for chlorpyrifos, a neurotoxic insecticide, was lowered from 0.1 to 0.05 mg/kg in 2022, while in 2023, the MRL for the insecticide lindane was reduced from 0.02 mg/kg to 0 mg/kg, confirming a ban since 2004.

25   The plan aims to reduce the use of pesticides while maintaining a high level of agricultural production. Support measures are thus defined to, among other things, train and raise awareness among farmers about good practices, and to encourage research and innovation to develop more sustainable and less pesticide-dependent agricultural production methods.

26   In interpreting this requirement from the perspective of the model we propose, the Eco Phyto plan in a way requires producers to deviate from their optimal response (in terms of resources) to the thresholds set by the European Union.”
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Promoting the coordinated development of green agriculture and food security is important for global sustainable development, and digital economy is a potential path to realizing this goal. Using panel data of 30 provinces (municipalities directly under the central government and autonomous regions) in China from 2014 to 2021, this study applies the entropy weight method and the coupling coordination degree model to measure the development of the digital economy and the coordination of green agriculture and food security. Moreover, the study constructs fixed-effects and spatial spillover effect models to determine the effect of the digital economy on the coordination of green agriculture and food security. We find a positive development trend between digital economy and coordination development in China, with no evident polarization phenomenon. The digital economy can effectively promote the coordinated development of green agriculture and food security, and has positive spatial spillover effects. Our findings expand the research related to the digital economy, and contribute to the promotion of sustainable agricultural development and food security.
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1 Introduction

Global economic development is facing challenges such as climate change and ecological deterioration (Mikhaylov et al., 2020; Zhang et al., 2022; Xin et al., 2023). In response, green industrial innovation to address these challenges is rapidly developing worldwide (Wang B. et al., 2023). Many countries are implementing measures to accelerate green technological innovation and promote green, green, and sustainable development. For the European Union, promoting green transformation is one of the core elements of its economic recovery plan.1 Singapore has implemented a green development blueprint to promote sustainable living and green economic development.2 Saudi Arabia launched the Green Saudi Initiative to enhance environmental protection.3 China advocates the development concept of “green water and green mountains are golden silver mountains” to promote green economic development.4 Agriculture is a major contributor to economic development in most developing countries, and green agricultural development is crucial for advancing the sustainable development of the global economy. Green agriculture refers to the promotion of agricultural economic development, considering resource conservation and ecological environmental protection to advance sustainable agricultural development. In addition, achieving global food security is a growing challenge at the international policy level (Campi et al., 2021). In 2009, the United Nations Food and Agriculture Organization (FAO) asserted that food security in its multiple meanings includes adequate food supply, access, stability, and use (FAO, 2009). In this context, accurately assessing and addressing the relationship between agricultural green and green development and food security is essential for advancing national economic sustainable development and food security.

With the continuous development and application of block chain, cloud computing, big data, and other contemporary science and technology (Su et al., 2020), the digital economy is an important engine for promoting high-quality economic growth (Zhang et al., 2022; Wang B. et al., 2023; Wang Q. et al., 2023; Wang Y. et al., 2023). The digital economy refers to a series of economic activities to improve production efficiency and optimize the economic structure that are specifically manifested in digital information and knowledge as the factors of production, advanced networking as an important carrier, and efficient use of information and communications technology as the core driving force (Wang B. et al., 2023; Wang Q. et al., 2023; Wang Y. et al., 2023). In recent years, the digital economy has rapidly developed around the world. The Global Digital Economy Development Index reveals that the average global digital economy value increased from 45.33 in 2013 to 57.01 in 2021.5 The rapidly developing digital economy promotes regional economic growth and green, sustainable development. As the largest developing country and largest agricultural producer in the world, what is the current status of the digital economy and green agricultural development in coordination with food security in China? Furthermore, what is the impact of the rapidly expanding digital economy on the coordination development of green agricultural development and food security? Are spatial spillover effects evident? Addressing these questions will help to advance the role of China's digital economy in promoting the coordination development of green agricultural development and food security and serve as a reference for other developing countries.

The contributions of this paper are as follows. First, the coordination development of green agriculture and food security are combined in the same framework. The study uses the entropy weight method and the coupling coordination degree model to measure the current status of coordination development of green agriculture and food security. Second, in the context of the rapid development of the digital economy, the study constructs a fixed-effects model to empirically analyze the impact of the digital economy on the coordinated development of green agriculture and food security, in addition to examining regional heterogeneity. Third, considering potential spatial interaction, we construct a spatial Durbin model to explore the spatial spillover effects of the digital economy on the coordinated development of green agriculture and food security in China. These approaches expand the research to provide more comprehensive insights.

The remainder of this paper is structured as follows. Section 2 reviews the related literature on the concerned issue and theoretical analysis. Section 3 introduces the estimation models variables and data sources. Section 4 presents and analyzes the baseline results. Section 5 discusses the results, and Section 6 summarizes the main conclusions and proposes related policy recommendations.



2 Literature review and theoretical analysis


2.1 Literature review

Achieving carbon emissions reduction and green transformation in agriculture is crucial for advancing global sustainable development (Liu and Ren, 2023). Previous research related to green agricultural development has primarily focused on carbon emissions (Guo and Zhang, 2023; Raihan, 2023; Rong et al., 2023), agricultural green efficiency (Deng et al., 2023; Sun et al., 2023; Shi et al., 2024), and agricultural carbon footprint (Liu Z. et al., 2023). The issue of food security is at the top of the world's agenda. Existing studies on food security have focused on quantifying food security and its influencing factors. Most scholars have quantified food security in terms of availability, accessibility, utilization, and stability (Adem et al., 2023; O'Connell et al., 2023). Regarding the influencing factors of food security, macro level studies have primarily included climate change (Hadley et al., 2023; Lee et al., 2024), agricultural trade (Aragie et al., 2023), and agricultural entrepreneurship (Kazungu and Kumburu, 2023), and micro level studies have primarily included household resources (Karnik and Peterson, 2023; Olumba et al., 2023), food price shocks (Yovo and Gnedeka, 2023), and related concerns. Previous research has established the foundation for coordinating the development of green agriculture and food security.

The digital economy is an important driver of green economic development (Li Y. et al., 2023; Wang Q. et al., 2023). Existing research on the digital economy has focused on three aspects. First, defining the concept of digital economy, which was initially defined as activities within entrepreneurial clusters (Papaioannou et al., 2009; Chijindu Iheanacho Okpalaoka, 2023). Over time, the digital economy has been given a new connotation as an innovation ecosystem (Nambisan and Baron, 2013; Chijindu Iheanacho Okpalaoka, 2023). Advancing the digital economy is a business model for digital products and services and a new form of economic development (Chijindu Iheanacho Okpalaoka, 2023; Uddin, 2023; Wang B. et al., 2023; Wang Q. et al., 2023; Wang Y. et al., 2023). Second, quantifying digital economy development. In existing research, scholars have predominantly measured the digital economy by constructing indicator evaluation systems and adopting the entropy weighting methods. Zhang and Li (2023) constructed a set of digital economy development measurement systems from the perspectives of digital industrialization and industrial digitization based on input–output data. Lyu et al. (2023) measured digital economy development in China from four dimensions, including the digital economy development carrier, digital industrialization, industrial digitization, and the digital economy development environment. Third, the economic effects of the digital economy. At the macro level, digital economy development can alleviate energy poverty (Lyu et al., 2023; Wang B. et al., 2023; Wang Y. et al., 2023), promote green economic development (Li S. et al., 2023; Wang Q. et al., 2023; Li Y. et al., 2023), and increase green total factor productivity (Deng et al., 2022; Chen et al., 2023). At the micro level, digital economy development can promote enterprises' breakthrough innovation (Liu J. et al., 2023; Wu et al., 2023) and enhance consumption (He et al., 2022).

Additionally, scholars have explored the effects of the digital economy on green agricultural development and its implications for food security. First, existing studies on the impact of the digital economy on green agricultural development primarily focus on three key aspects: (1) Reducing the intensity of agricultural carbon emissions. Jin et al. (2024) found that while the development of the digital economy can effectively lower agricultural carbon emissions, and the effect is nonlinear. Similarly, Zhao et al. (2023) discovered that agricultural digitization in China can reduce the intensity of agricultural carbon emissions by enhancing agricultural technology inputs, human capital, and the rate of urbanization. (2) Encourage the adoption of ecological agricultural technology among farmers. Yang et al. (2024) found that the digital economy can effectively encourage farmers to adopt agroecological technologies through digital production, digital marketing, and digital finance. (3) Enhancing green total factor productivity in agriculture. Lu et al. (2024) finds that rural digitization can effectively boost total factor productivity in agriculture, with the effect growing as the level of rural digitization increases. Meanwhile, Jiang et al. (2024) finds that digital finance can enhance agricultural green total factor productivity through digital rural development. Second, existing research on the digital economy on food security focuses on the following three aspects: (1) Efficiency in food production. Based on data from 600 wheat growers in rural Pakistan, Ahmad et al. (2024) utilized the stochastic frontier approach and propensity-matched score method to investigate the impact of Internet technology adoption on the technical efficiency of food production, finding that Internet use positively affects technical efficiency. Similarly, Chandio et al. (2023) found that Internet use significantly improved rice production in China. (2) Reducing food waste. Annosi et al. (2021) found that applying digital technology in the food supply chain can significantly reduce food waste. (3) Food security. Ferguson et al. (2023) found that digital agricultural technologies can ensure food security for smallholder farmers and their communities in Orissa, India, especially in the context of the COVID-19 pandemic. Meanwhile, Lee et al. (2023) found that the development of the digital economy can effectively ensure food security in China.

In summary, previous research has conducted meaningful inquiries into green agricultural development, food security, and the digital economy; however, room remains for further exploration. First, while promoting green sustainable development in agricultural production, it is equally important to guarantee national food security. Weighing the relationship between the green agricultural development and food security is worthy of further exploration. The digital economy is an important engine for contemporary green economic development, and its impact on the coordinated development of green agriculture and food security has not yet been investigated. Second, regarding spatial interaction, examining whether the impact of the digital economy on the coordinated development of green agriculture and food security has spatial spillover effects is an important pursuit.



2.2 Theoretical analysis

The digital economy is a new aspect of the economy that uses digital information and knowledge as factors of production, which can drive the coordinated development of green agriculture and food security by optimizing factor allocation, improving agricultural production methods and promoting agricultural technological innovation.

First, the digital economy can foster the coordinated development of green agriculture and food security by optimizing factor allocation. By integrating data with labor, land, and capital, the digital economy transforms the internal structure of traditional elements and enhances the integration of rural industries with the digital economy (Wu et al., 2024; Zhang and Qu, 2023). This not only boosts the contribution of traditional production factors like land and labor to agricultural output but also enhances agricultural total factor productivity and drives the transformation and upgrading of the agricultural industrial structure (Shen and Wang, 2024). Additionally, the use of big data, blockchain, and cloud computing in agricultural production can effectively address information asymmetry among factors (Liu Y. et al., 2023). This helps reduce the misallocation of agricultural resources, minimize unnecessary waste, achieve more efficient use of agricultural energy, and lower the intensity of agricultural carbon emissions.

Second, the digital economy can enable smart and precise agricultural production by enhancing production methods, thereby promoting the coordinated development of green agriculture and food security. On one hand, the advent of digital technologies like satellite remote sensing and smart agricultural machinery has made it possible to modernize agricultural production (George et al., 2024; Zhang et al., 2024). This, in turn, helps agricultural producers optimize production management (George et al., 2024) and enhance food production efficiency. On the other hand, as digital technology increasingly integrates into production, operation, management, and services in agriculture, the precision of agricultural practices continues to improve (Wang and Li, 2024). This reduces the environmental impact of fertilizers and pesticides and promotes the growth of green agriculture.

Third, the growth of the digital economy will drive technological innovation in agriculture (Lv and Chen, 2024), encourage the use of green high-tech solutions in the field (Li and Gao, 2024), and thus foster the balanced development of green agriculture and food security. On one hand, the development of the digital economy provides a network platform for disseminating agricultural green technology, breaks down technical barriers (Hao et al., 2023), fosters the exchange and collaboration of green agricultural technologies, enhances production efficiency, and supports sustainable agricultural development. On the other hand, the development of the digital economy removes time and space barriers, lowers the relative cost of technical factors (Rotz et al., 2019), broadens and deepens the diffusion of green technologies, significantly boosts the R&D and application of these technologies (Chen et al., 2024), and promotes the integrated advancement of green agriculture and food security.

Concerning spatial interaction, production factors such as capital, technology, and labor will flow between regions and a strong correlation exists between geographically similar regions. According to Tobler's (1970) first law of geography, the digital economy and coordinated development in each region are widely connected. A closer distance between regions elicits closer connections. Digital technology can overcome the spatiotemporal limitations of production factors (Chen and Yao, 2024; Ma et al., 2024) and enhance the correlation of agricultural production activities between regions. In addition, digital technology can have spatial spillover effects (Tao et al., 2024), and the technology in one region will have demonstration effects and increase the use of digital technology in neighboring regions, which subsequently improves the efficiency of agricultural production in neighboring regions and reduces agricultural carbon emissions. This study contends that the effect of the digital economy on the coordinated development of green agriculture and food security may have positive spatial spillover effects.




3 Methodology


3.1 Variables
 
3.1.1 Explained variable

Coordinated development of green agriculture and food security (COR) refers to the coordinated development of the two systems, which is calculated in this paper using a coupling coordination model. Among them, based on the definition of green agriculture and previous studies (Han et al., 2023; Shao et al., 2024), this paper constructs a comprehensive evaluation system to examine the development of green agriculture from four dimensions of resource conservation, environmental friendliness, ecological conservation, and economic growth. Then, this study constructs a comprehensive evaluation system of food security considering food supply security, food access security, food production stability, and food production sustainability according to previous studies (Hadley et al., 2023; Liu and Ren, 2023; Lee et al., 2024). Table 1 presents the specific evaluation system of green agriculture and food security.


TABLE 1 Comprehensive evaluation index of green agriculture and food security.

[image: Table 1]



3.1.2 Explanatory variable

Digital economy development (DED). As noted previously, the digital economy is a new form of economic development that is manifested in digital industrialization and industrial digitization. This study references previous research (Zhang and Li, 2023; Chen et al., 2024; Tao et al., 2024) and constructs a comprehensive evaluation system from the dimensions of digital industrialization and industrial digitization. Table 2 presents the comprehensive digital economy evaluation index.


TABLE 2 Comprehensive of digital economy evaluation index.

[image: Table 2]



3.1.3 Control variables

Based on previous studies (Deng et al., 2023; Lee et al., 2023; Jin et al., 2024; Yang et al., 2024), factors such as financial support for agriculture, the level of openness to the outside world, the structure of industry, urbanization level, and urban–rural income gap are known to have an impact on green agriculture and food security. Therefore, this study uses the following controls variables. Financial support for agriculture (Gov) is expressed as the ratio of government expenditure on agriculture, forestry, and water to general public budget expenditure. The level of openness to the outside world (Open) is expressed as the ratio of total import and export of goods to GDP. The structure of industry (Is) is expressed as the ratio of value added of primary industry to GDP. Urbanization level (Urb) is expressed as the ratio of the year-end population of cities and towns to the year-end population of the region. Urban–rural income gap (Gap) is expressed as the ratio of urban residents' per capita disposable income to the disposable income of rural residents.




3.2 Model
 
3.2.1 Entropy weighting method

The entropy weight method is a multi-indicator decision-making technique that provides a basis for evaluating multiple indicators, offering greater accuracy and adaptability. Therefore, this paper employs the entropy weight method to assess the development level of green agriculture and food security. The specific steps are as follows:

In the first step, the indicator data were standardized using the methods described in Equations 1, 2. And Equation 1 illustrates the method for calculating positive indicators, while Equation 2 illustrates the method for calculating negative indicators.
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where xit represents the observed value of the j indicator in area i, maxxij is the maximum observed value of indicator j in area i, minxij is the minimum observed value of indicator j in area i.

In the second step, the entropy value for each indicator is calculated, as shown in Equations 3, 4.
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In the third step, the weight of each indicator is determined, as shown in Equation 5.
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In the fourth step, the index value is calculated, as shown in Equation 6.

[image: image]
 

3.2.2 Coupling coordination model

The Coupling coordination model is a mathematical tool used to evaluate the interaction and coordination between two or more systems. Its core function is to quantify the degree of coupling and coordination among these systems. This model offers several advantages: it quantifies the degree of coordination, helps identify and address issues of misalignment within the system, and ultimately facilitates more effective resource allocation and optimal management (Wang et al., 2017). Currently, it is applied across various fields, including but not limited to social sciences, economics, environmental sciences, and engineering. Considering that the coordinated development of green agriculture and food security represents the interaction between two systems, this study references previous research (Han et al., 2023; Liu and Ren, 2023) and uses the coupling coordination degree model to measure the degree of coordinated development of green agriculture and food security, which is calculated as follows, with the first step calculating coupling:

[image: image]

where C is the coupling degree, G is the levels of green agriculture,6 and S is the level of food security.7

The second step calculates the coupling coordination development index as follows:

[image: image]

where T is the index of coupling coordination development, and α and β are the coefficients to be determined. Because green agriculture and food security are in the same significant position, this study references previous research (Liu and Ren, 2023) and assigns 0.5 as the value of both α and β.

The third step calculates the coupling coordination degree as follows:

[image: image]

where COR is the degree of coupling coordination, quantifying the degree of coordinated development of green agriculture and food security.



3.2.3 Baseline regression model

To investigate the impact of the digital economy on green agriculture and food security coordinated development, we construct the following regression model:

[image: image]

where CORit denotes the degree of coordinated development of green agriculture and food security in region i in year t, DEDit represents the level of development of the digital economy in region i in year t, Controlit is a series of control variables, μi denotes regional fixed effects, and εit is a random error term.



3.2.4 Spatial spillover effects model

Considering the spatial interaction of production factors, local digital economy development also affects the coordination of green agriculture development and food security in neighboring regions. To explore this effect, this study constructs the following equation for regression analysis:
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where CORit denotes the degree of coordinated development of green agriculture and food security in region i in year t, DEDit represents the level of development of the digital economy in region i in year t, Controlit is a series of control variables, wij is the adjacency (0–1) spatial weight matrix, μi denotes spatial fixed effects, ϑt represents time fixed effects, and εit denotes the random error term. Equation 11 reduces to a spatial lag model if the value of ρ is not 0 and the value of θ is 0. If the value of ρ is 0 and the value of θ is 0, Equation 11 reduces to a spatial error model.




3.3 Data sources and descriptive statistics

Based on the availability and timeliness of data, this study uses data from 30 provinces (municipalities directly under the central government and autonomous regions) in China from 2014 to 2021 for empirical analysis. The data in this study are obtained from the China Statistical Yearbook, the China Rural Statistical Yearbook, the China Population and Employment Statistical Yearbook, and the China Information Industry Yearbook. In addition, Linear interpolation is an effective tool for smoothing gaps in data and is commonly used to fill in missing values in statistical yearbooks. Thus, this study references previous research (Han et al., 2023; Wan et al., 2024) and uses linear interpolation to impute the missing values of individual variables. Table 3 presents the descriptive statistics of the variables.


TABLE 3 Variable definitions and descriptive statistics.
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4 Results and discussion


4.1 The dynamic evolution of digital economy and the coordinated development of green agriculture and food security

This study uses MATLAB2020b software and kernel density to investigate the dynamic evolution of digital economy and the coordinated development of green agriculture and food security, as shown in Figure 2. Figure 2A shows the dynamic evolution of the digital economy in China. The center of the kernel density curve gradually moves to the right, indicating that China's digital economy is growing rapidly. In terms of the wave peak, the width of the wave peak of the kernel density curve of digital economy in China gradually becomes narrower, indicating that the development level of digital economy in various regions is equalizing. Furthermore, the distribution of kernel density curve has been single peak, indicating no polarization in digital economy development in China. Figure 2B illustrates the dynamic evolution of green agriculture and food security coordination in China. The center position of the kernel density curve first moves slightly to the left and then to the right, indicating that the degree of green agriculture and food security coordination in China first declines, then rises; however, the overall coordinated development trend is positive. In terms of wave peaks, the kernel density curve gradually transitions from a broad peak to a sharp peak, indicating that differences are gradually narrowing in China, and the distribution of the kernel density curve has always been single-peaked. The findings suggest that the degree of coordinated development is balanced in all regions.


[image: Figure 1]
FIGURE 1
 Methodological framework.



[image: Figure 2]
FIGURE 2
 (A,B) Dynamic evolution of the digital economy and the coordination of green agriculture and food security.




4.2 Baseline results

The results of F and Hausman tests confirm that the fixed-effects model is appropriate for the study's regression, and the baseline regression results are presented in Table 4. Column (1) demonstrates the effect of the digital economy on the coordinated development of green agriculture and food security. Column (2) demonstrates the effect of digital industrialization as a subdimension of the digital economy on the coordinated development of green agriculture and food security. Finally, Column (3) demonstrates the effect of industrial digitization as a subdimension of the digital economy on the coordinated development of green agriculture and food security.


TABLE 4 Baseline regression results.

[image: Table 4]

According to the regression results, the digital economy coefficient in Column (1) is 1.523 (p < 0.01), indicating that a 1-unit increase in digital economy development results in 1.523 units of green agriculture and food security coordination, confirming that the digital economy can significantly promote coordinated development. The coefficient of digital industrialization in Column (2) is 1.119, and the coefficient of industrial digitization in Column (3) is 0.839, both of which pass the significance test. The results imply that a 1-unit increase in digital industrialization promotes the coordinated development of green agriculture and food security by 1.119 units. Furthermore, a 1-unit increase in industrial digitization promotes green agriculture and food security coordination by 0.839 units. In contrast, digital industrialization contributes more to the effect of the digital economy on coordinated development than industrial digitization.



4.3 Robustness tests

The baseline regression results confirm that the digital economy can significantly promote the coordinated development of green agriculture and food security. To ensure the robustness of the results, this study adopts three methods for robustness tests. The first is shrinkage treatment, in which the upper and lower 1% of the sample is reduced to exclude the influence of outliers on the regression results. The second uses the lagged period of digital economic development as an instrumental variable. The lagged period of digital economic development is highly correlated with digital economy development, which satisfies correlation. Furthermore, the lagged period of digital economic development cannot affect green agriculture and food security coordination through other ways than the digital economy. In addition, the lagged period of digital economic development is not correlated with the random error term, meeting exogeneity. In the third test, this study adds control variables. This study introduces farmers' education (Edu) as a control variable to the model for regression. The results of the robustness test are presented in Table 5, revealing that the digital economy coefficients are all significantly positive. The findings indicate that the digital economy can effectively drive the coordinated development of green agriculture and food security, which is consistent with the benchmark regression results; therefore, the empirical results are robust.


TABLE 5 Robustness test.
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4.4 Heterogeneity analysis

Because of differing geographic characteristics, the significance of agricultural production, and agricultural development patterns among regions of China, the following heterogeneity analysis is conducted to further explore the effect of the digital economy on the coordinated development of green agriculture and food security in different regions.


4.4.1 Heterogeneity of geographical characteristics

Digital economy development can be constrained by geographic features. In addition, its impact on the coordinated development of green agriculture and food security may subsequently differ in various regions. Therefore, this study divides the sample into mountainous-hilly areas and plains areas according to geographical features.8 The regression results are presented in Table 6. The digital economy coefficient in Column (1) is 1.500 and passes the significance test, indicating that a 1-unit increase in digital economy development can promote the coordinated development of green agriculture and food security by 1.500 units in hilly areas. The digital economy coefficient in Column (2) is 1.545 (p < 0.01), indicating that a 1-unit increase in digital economy development can promote the coordinated development of green agriculture and food security by 1.545 units in plains areas.


TABLE 6 Results of heterogeneity analysis.
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In summary, the impact of the digital economy on the coordinated development of green agriculture and food security is greater in the plains than in hilly areas. The rationale for this is that digital economy development, technology, and facilities in mountainous-hilly areas is relatively lagging compared with that in plains areas, which slows digital economy development.



4.4.2 Heterogeneity of agricultural production

Considering the different emphasis on agricultural production between large agricultural provinces and nonagricultural provinces, differences are expected in the impact of the digital economy on the coordinated development of green agriculture and food security. Therefore, this study divides the sample into agricultural and nonagricultural provinces according to functional areas, and the results are shown in Table 6. The digital economy coefficient in Column (3) is 1.601, passing the significance test. A 1-unit increase in the digital economy can promote coordinated development of green agriculture and food security by 1.601 units in large agricultural provinces. The digital economy coefficient in Column (4) is 1.579 (p < 0.01), indicating that a 1-unit increase in the digital economy can promote coordinated development of green agriculture and food security by 1.579 units in nonagricultural provinces. Therefore, the impact of the digital economy on the coordinated development of green agriculture and food security is greater in large agricultural provinces than nonagricultural provinces. This is attributable to the fact that large agricultural provinces prioritize agricultural production and have greater advantages in realizing large-scale agricultural management and adopting green production technology.



4.4.3 Heterogeneity of functional areas

Main grain producing areas are better equipped for scale operation and green technology adoption than the main nongrain producing areas (Lee et al., 2024). Therefore, the effect of the digital economy on the coordinated development of green agriculture and food security will be impacted by changes in agricultural functional areas. This study divides the sample into grain and nongrain producing areas, presenting the regression results in Table 6. The digital economy coefficient in Column (5) is 1.564, passing the significance test. A 1-unit increase in the digital economy promotes the coordinated development of green agriculture and food security by 1.564 units in main grain producing areas. The digital economy coefficient in Column (6) is 1.561 (p < 0.01), indicating that a 1-unit increase in the digital economy can promote the coordinated development of green agriculture and food security by 1.561 units in nonmain grain producing areas. Therefore, the impact of the digital economy on the coordinated development of green agriculture and food security is greater in main grain producing areas than nonmain grain producing areas. The rationale for this is that mousere conditions for large-scale operation exist in main grain producing areas, and the cost of agricultural digital transformation and agricultural green production is lower.




4.5 Analysis of spatial spillover effects
 
4.5.1 Spatial autocorrelation

This study next uses a spatial econometric model to test the spatial spillover effect of the digital economy on the coordinated development of green agriculture and food security. Before conducting spatial regression, it is necessary to test whether spatial dependence exists in the data by performing a spatial autocorrelation test. This study uses the global Moran's index (Moran's I) to test the spatial correlation of digital economy and the coordinated development of green agriculture and food security, presenting the results in Table 7. The global Moran's I of the digital economy is >0 in all years, passing the significance test (except in 2017). This indicates a positive spatial coefficient correlation for the digital economy as a whole. The values of global Moran's I of the coordinated development of green agriculture and food security are all >0 in all years and significant at the 1% level. This indicates a positive spatial coefficient correlation between the coordinated development of green agriculture and food security overall. The local Moran's I plot of digital economy and coordinated development of green agriculture and food security in 2021 are illustrated in Figure 3, and the slope of the straight line is positive, indicating significant spatial autocorrelation in digital economy and coordinated development of green agriculture and food security.


TABLE 7 Global Moran's I.

[image: Table 7]


[image: Figure 3]
FIGURE 3
 Localized Moran's I map of the digital economy and the harmonization of green and green agriculture with food security in 2020.




4.5.2 Spatial Durbin model regression results

To determine the specific form of the spatial regression model, this study applies Wald and LR tests, presenting the results in Table 8. According to the test results, the p-values of the tests are < 0.05, indicating that it is more appropriate to select the spatial Durbin model for regression estimation. In addition, the chi-square value of Hausman test is 75.31 and p-value is 0.0000. Therefore, the spatial Durbin model with fixed effects is selected for estimation.


TABLE 8 Results of Wald and LR tests.
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Based on the above analysis, this study uses the spatial Durbin model with fixed effects for the regression estimation, presenting the results in Table 9. From the perspective of the core explanatory variables, the coefficient of digital economy is positive and significant at the 1% level, indicating that digital economy development can effectively promote the coordinated development of green agriculture and food security. Furthermore, the spatial lagged coefficient of digital economy is positive and passes the significance test, demonstrating that the digital economy has a positive spatial spillover effect on the coordinated development of green agriculture and food security. In other words, local digital economy development can effectively promote the coordinated development of green agriculture and food security in neighboring areas. In addition, the coefficients of openness to the outside world, industrial structure, and urbanization are all positive and pass the significance test, indicating positive effects on the coordinated development of green agriculture and food security. The coefficient of financial support for agriculture is significantly negative, indicating that the impact of financial support for agriculture on green agriculture and food security coordination is negative. The rationale for this may be that financial support for agriculture has deviations and does not have an influence. Therefore, the government should establish and enhance the supervision mechanism, increase transparency and public participation in agricultural financial support, and ensure the precision of these financial resources.


TABLE 9 Results of spatial Durbin model regression.
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4.5.3 Decomposition of spatial spillover effects

To further explore total, direct, and indirect effects, this study uses the partial differential method to decompose the spatial spillover effect of the digital economy on the coordinated development of green agriculture and food security, presenting the results in Table 10. According to the total effect, the coefficient of the digital economy is positive and highly significant, showing that the digital economy can promote green agriculture and food security coordination. Regarding the direct effect, the coefficient of the level of the digital economy is positive and significant, indicating that the digital economy can effectively promote the local green agriculture and food security coordination. In terms of the indirect effect, the coefficient of the digital economy is positive and significant, showing that digital economy development can effectively promote green agriculture and food security coordination in neighboring regions; however, the indirect effect is smaller than the direct effect.


TABLE 10 Decomposition of effects.
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5 Discussion

The digital economy, green agriculture, and food security are popular Research Topics. However, in the context of global economic development facing challenges of climate warming and ecological environment deterioration, it is particularly important to promote the coordinated development of green agriculture and food security.

Focusing on how the digital economy affects the coordinated development of green agriculture and food security, we measure the development of digital economy, green agriculture and food security through the entropy weight method, and apply the Coupling coordination model to measure the coordinated development level of green agriculture and food security, which is similar to the existing related research in research methods (Han et al., 2023; Liu and Ren, 2023; Shao et al., 2024; Tao et al., 2024). Our research found that the digital economy can effectively enhance the coordinated development of low-carbon agriculture and food security by optimizing factor allocation efficiency (Hao et al., 2023; Liu and Hao, 2023), improving agricultural production methods (Yang et al., 2024; Lu et al., 2024), and fostering agricultural technology innovation (Hao et al., 2023; Li and Gao, 2024; Lv and Chen, 2024). This conclusion aligns with existing studies on how the digital economy promotes low-carbon development and ensures food security (Deng et al., 2023; Shi et al., 2024), but there are some differences. Compared to previous studies, this research not only examines the individual impact of the digital economy on green agriculture and food security but also integrates these elements into a unified framework. It provides an in-depth analysis of how the digital economy affects the coordinated development of green agriculture and food security, specifically through the lens of spatial spillover effects. Our findings can still offer valuable insights for countries with similar agricultural practices, such as India, to help ensure food security and promote sustainable agricultural development.

But, this study also has the following limitations. First, this study analyzes the impact of the digital economy on the coordinated development of green agriculture and food security solely from the perspective of spatial effects. Future research should build on this foundation to explore the mechanisms underlying the digital economy's influence on the coordinated development of green agriculture and food security in greater depth. Second, this study only examined the effect of China's overall digital economy on the coordinated development of green agriculture and food security. Future research should build on this foundation to further investigate the nonlinear aspects of this impact and derive more policy-oriented conclusions. Third, due to data limitations, this study only examined the impact of the digital economy on the coordinated development of green agriculture and food security at the provincial level in China. Future research should collect county-level data through field surveys and other methods to further explore the impact of the digital economy on green agriculture and food security in different counties.



6 Conclusion and recommendations

Based on the above analysis, we draw three relevant conclusions. First, the development trend of digital economy and coordinated development of green agriculture and food security in China is positive, with no polarization phenomenon. Second, the digital economy can effectively promote the coordinated green agriculture and food security development, with notable heterogeneity. The positive effect of the digital economy on the coordinated development is larger in plains areas, agricultural provinces, and main grain producing areas. Third, digital economy development exhibits positive spatial spillover effects on the coordinated green agriculture and food security development. In other words, digital economy development promotes the coordinated development of green agriculture and food security in a region as well as neighboring regions. This study proposes the following relevant policy implications.

First, the development of rural digital economy should be promoted. We have shown that the digital economy can significantly enhance the coordinated green agriculture and food security development. On the one hand, infrastructure is crucial for economic development. More efforts should be directed toward advancing digital rural infrastructure, such as speeding up the deployment of 5G networks in rural areas and broadening network coverage in these regions. On the other hand, policy support should be formulated to vigorously promote the development of the Internet of Things, improve the integration of digital technology and traditional technology facilities, accelerate the digital transformation of traditional infrastructure, and promote agricultural business entities to use digital technology to promote the coordinated development of green agriculture and food security.

Second, we should support the adoption of technology by agricultural business entities. Research shows that digital economy can promote the coordinated development of green agriculture and food security through technological innovation in agriculture. On the one hand, the government should provide financial incentives and subsidies, not only providing grants, low-interest loans or tax breaks for farmers and agricultural enterprises to purchase digital technology and software, but also developing subsidy programs for the purchase of advanced equipment such as drones, automated machinery and precision farming tools. On the other hand, a group of high-quality digital agricultural talents should be cultivated to promote the research and development and application of agricultural digital technology, and promote agricultural technology innovation, so as to realize the coordinated development of green and low-carbon agriculture and food security.

Third, evaluation and monitoring systems should be established. On the one hand, indicators and benchmarks should be developed to assess the effectiveness of digital initiatives in improving green agriculture and food security. On the other hand, there should also be regular monitoring and review, creating a system of regular review and feedback to refine policies and ensure that they respond to changing challenges and opportunities.

Fourth, promoting coordinated regional development of the digital economy. We have shown that the digital economy has positive spatial spillover effects on the balanced development of green agriculture and food security. The government should encourage inter-regional exchanges and cooperation, establish unified policies for digital economy development, and facilitate the movement of capital, technology, and other production factors between regions. By promoting the coordinated development of the digital economy across regions.

In summary, our study has both theoretical and practical implications for achieving agricultural sustainability and safeguarding food security. However, since the research focuses on China, the results may vary with different data sets and contexts. It is necessary for further research to determine whether our conclusions are applicable to other countries. Additionally, the policy recommendations in this paper are tailored to China's specific situation and are more suitable for scenarios where the government plays a leading role. They may not be relevant in other contexts with more liberal approaches of the digital economy, green agriculture and food security.
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Footnotes

1 http://eu.mofcom.gov.cn/article/sqfb/202207/20220703323912.shtml

2 https://www.greenplan.gov.sg/

3 https://www.greeninitiatives.gov.sa/#:~:text=Climate%20action,%20energy%20security%20and%20economic%20prosperity%20must

4 https://www.gov.cn/xinwen/2022-10/25/content_5721685.htm

5 Source: China Academy of Information and Communication Research http://www.caict.ac.cn/kxyj/qwfb/bps/202207/t20220708_405627.htm.

6 Calculated using the entropy weight method based on the comprehensive evaluation index of green agriculture shown in Table 1.

7 Calculated using the entropy weight method based on the comprehensive evaluation index of food security shown in Table 1.

8 This study categorizes provinces where the combined area of mountains and hills exceeds 70% as mountainous-hilly areas, and remaining areas are categorized as plains.
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Introduction: Low adoption rates of digital tools in agricultural extension services persisted among smallholder ginger producers in Southern and Central Ethiopia, despite their recognized benefits. This study investigated the factors that drove or hindered digital tool adoption in this context.

Methods: A mixed-methods approach was used, combining qualitative interviews and quantitative data analysis. The Endogenous Switching Regression model was applied to examine the socio-economic, institutional, and technological factors affecting adoption.

Results: The results showed that digital tool adoption significantly enhanced both agricultural productivity and household income among smallholder farmers. Key determinants included access to digital infrastructure, availability of ICT resources, and tailored extension services.

Discussion: The findings suggested a need for policies that promoted digital adoption, emphasizing infrastructure investment, expanded ICT access, and the development of specialized extension programs. These actions were seen as crucial for advancing rural livelihoods, supporting sustainable agriculture, and stabilizing the regional economy.
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1 Introduction

In an era marked by rapid technological advancements, digital tools have emerged as pivotal resources for agricultural extension services, offering innovative ways to disseminate information and empower farm households (Daniso et al., 2020; Krell et al., 2021). Digital tools hold transformative potential for agriculture in Ethiopia, offering innovative solutions to boost productivity and reduce environmental impact (Smith, 2018). The agricultural sector in Ethiopia, particularly among smallholder ginger producers in Southern and Central regions, plays a vital role in the country’s economy, livelihoods, and food security (Tilore et al., 2024). With the increasing penetration of digital technologies, there is growing interest in understanding the determinants of digital tool adoption in agricultural extension services and their welfare impact on smallholder farmers (Abdulai et al., 2023).

Despite Ethiopia’s progress toward digital agriculture, challenges such as weak digital infrastructure, limited data sharing policies, and low digital literacy among farmers hinder widespread adoption (Kropff et al., 2023). Additionally, ginger production faces numerous challenges, including limited access to information, input markets, and extension services, which hinder productivity and income generation (Kifile et al., 2023). While digital tools offer promising solutions, low adoption rates among smallholder ginger farmers persist, limiting the sector’s potential growth and impact. This gap underscores the need for urgent research to identify the barriers to adoption and to provide actionable insights for promoting the uptake of digital technologies in rural agricultural communities. In response, digital tools such as mobile applications, agronomic advisory platforms, and remote sensing technologies offer innovative solutions to address these challenges and enhance agricultural extension services (Agnihotri et al., 2023).

Despite the potential benefits, the adoption of digital tools among smallholder ginger producers in Ethiopia remains critically low (Haile et al., 2019), creating an urgent need for targeted research into the socio-economic, technological, and institutional factors affecting technology uptake.

Recent empirical studies highlighted the transformative potential of digital technology in agricultural extension services but identified gaps such as overlooking factors like motivation and ability in technology adoption (Oyinbo et al., 2020), lack of comprehensive examination of potential barriers (Abebe and Mammo Cherinet, 2019), and reliance on self-reported (Bolfe et al., 2020) or secondary data (Thakur et al., 2019). This study aimed to fill this gap by investigating the determinants of the adoption of digital technology as extension tools among farm households in South and Central Ethiopia and assessing their welfare impact on income and yield. By employing a mixed-methods approach that combined quantitative surveys and qualitative interviews, the research sought to uncover the socio-economic, institutional, and technological factors shaping farmers’ decisions to adopt digital tools and their subsequent effects on welfare outcomes.

The findings of this study contributed valuable insights into the role of digital tools in agricultural extension services and their potential to enhance the livelihoods of smallholder ginger producers in Ethiopia. By elucidating the determinants of digital tool adoption and assessing their welfare impact, this research aimed to guide policymakers, development practitioners, and extension service providers in designing targeted interventions to promote the uptake of digital technologies and support sustainable agricultural development in the region.

In the following sections, we reviewed the existing literature, detailed the study’s methodology, presented the empirical results, and discussed the implications for policymakers, development practitioners, and the agricultural community.



2 Literature review


2.1 Theoretical approach

The theory of utility maximization served as a foundational framework for understanding the decision-making process of farm households regarding the adoption of digital technology (Awunyo-Vitor, 2018). According to this theory, individuals sought to maximize their utility or satisfaction from available resources, subject to various constraints such as income, prices, and technological opportunities (Rosen et al., 2019). In the context of adopting digital technology for agricultural extension, farm households were expected to evaluate the potential benefits and costs of using these tools in terms of enhancing their agricultural productivity, knowledge acquisition, and overall welfare (Takahashi et al., 2020). By applying the principle of utility maximization, this study aimed to elucidate the factors that influenced farmers’ decisions to adopt digital technology, considering their preferences, resource endowments, and institutional environments.

Comparatively, other impact study theories, such as the Technology Acceptance Model (TAM) and the Diffusion of Innovations theory, offered complementary perspectives on understanding technology adoption and its effects. TAM posited that individuals’ acceptance and usage of new technology were determined by perceived usefulness and ease of use (Davis, 1987). Meanwhile, the Diffusion of Innovations theory emphasized the role of social networks and communication channels in the spread of innovations within a community (Rogers, 1983). Each theory provides a unique lens for analyzing adoption: utility maximization looks at the individual decision-making process, while TAM focuses on perceptions of technology, and Diffusion of Innovations highlights the social dynamics of adoption. Integrating these theories with the utility maximization framework allowed for a comprehensive analysis of the adoption process, incorporating both individual-level motivations and social dynamics shaping technology uptake among farm households.

The theory of utility maximization was applied to understand the adoption of digital technology among farm households using mathematical formulations. The basic premise was that households made decisions to maximize their utility subject to budget constraints. In the context of digital technology adoption, households allocated their resources (e.g., time, money) to obtain the maximum utility from using these technologies.

One way to represent utility maximization mathematically was through the following optimization problem (Equation 1):

[image: image]

Where: [image: image] represented the utility function, which captures the satisfaction or wellbeing derived from consuming a bundle of goods or services (including digital technology). [image: image], was a vector of quantities of different goods or services consumed (including digital technology). [image: image], represented the price of each good or service. [image: image], was the household’s income or budget constraint. In the context of digital technology adoption, [image: image] included the quantities of different digital tools (e.g., text messages, phone calls, YouTube) used by farm households. The utility function, [image: image], captured the perceived benefits or satisfaction derived from using these technologies, which could be influenced by factors such as improved access to information, increased productivity, or enhanced communication.

In this study, the utility maximization framework provided a lens through which to examine the cost–benefit considerations underlying farmers’ adoption decisions regarding digital technology. By conducting empirical analyses that accounted for factors such as farmers’ socio-economic characteristics, access to information and communication technologies (ICTs), and perceptions of technology usefulness, the study aimed to uncover the drivers and barriers to adoption. Furthermore, by assessing the impact of digital technology adoption on farm household welfare indicators such as income and yield, the research sought to demonstrate the practical implications of utility-maximizing behavior in the context of agricultural extension. By integrating these three theoretical frameworks, this study offers a comprehensive analysis of the factors influencing digital tool adoption, encompassing both individual and collective decision-making processes. Through this approach, the study endeavored to generate actionable insights for policymakers and development practitioners seeking to promote the effective use of digital tools in agricultural development strategies.



2.2 Conceptual framework

Our conceptual framework for studying the adoption of digital extension tools among farm households in South and Central Ethiopia incorporated various influential variables categorized into socioeconomic, demographic, institutional, and information-related factors (Figure 1). Socioeconomic variables included education, income, farm size, access to credit, and access to market information (Sikundla et al., 2018). Demographic variables encompassed age and gender (Lampé, 2006). Institutional variables consisted of access to extension services, social networks, technological literacy, and access to ICTs (Gebrehiwot and van der Veen, 2021). Information variables included the availability and accessibility of information regarding digital technology (Lampé, 2006).

[image: Figure 1]

FIGURE 1
 Conceptual framework. Source: Own sketch from review literature, 2023.


Key determinants such as education, income, and farm size were expected to positively influence technology adoption, reflecting higher levels of education and income, as well as larger farm sizes (Sikundla et al., 2018). Additionally, factors such as access to extension services, credit, social networks, information, technological literacy, access to market information, and access to ICTs were anticipated to facilitate technology adoption by providing crucial resources, information, and support to farm households (Gebrehiwot and van der Veen, 2021). Furthermore, demographic factors such as age and gender were integrated into the framework, acknowledging their potential impact on technology adoption patterns (Lampé, 2006). By considering these variables and their hypothesized relationships, our framework aimed to offer a comprehensive understanding of the multifaceted determinants shaping technology adoption among farm households in Ethiopia. This framework served as a guiding tool for our analysis, informing variable selection and facilitating the exploration of their interactions in shaping technology adoption behaviors within agricultural communities.




3 Methodology


3.1 Description of the study area

The study was conducted in two districts, Boloso-Bombe and Hadaro-Tunto, located in the Wolaita zone and Kembata-Tembaro zone, respectively. These zones were reorganized under different regional states as a result of the Ethiopian government’s reformation in 2018. The Wolaita zone is now part of Southern Ethiopia, serving as an administrative and political center, while the Kembata-Tembaro zone situated in Central Ethiopia. The administrative structure comprises 22 districts in the Wolaita zone and eight districts in the Kembata-Tembaro zone. The selected districts are known for their predominant reliance on agriculture, with ginger production being a significant contributor to the local economy.

Agriculture, especially crop production, is the main livelihood of both districts, with ginger production taking a lion’s share, followed by cereals like maize, teff, etc.; root crops such as taro and sweet potato; and animal husbandry. The rationale for selecting ginger producers specifically over other crop producers stems from the unique economic and climatic significance of ginger in these regions. Unlike other crops, ginger faces distinct challenges, such as market volatility and vulnerability to disease, making it an ideal case for studying digital tool adoption to enhance productivity and food security. Figure 2 below showed map of the study area.

[image: Figure 2]

FIGURE 2
 Map of the study area. Source: Sketched by using ArcGIS, 2023.




3.2 Selection of sample size and sample size design

To ensure a robust sampling strategy, we employed a multistage sampling approach to select our sample respondents. Firstly, we identified two agricultural zones in the study area: the Wolaita zone, comprising Boloso-Bombe district, and the Kembata-Tembaro zone, including Hadaro-Tunto district. These zones were chosen due to their significant ginger production activities. The two districts, Boloso-Bombe and Hadaro-Tunto, from the Wolaita and Kembata-Tembaro zones, respectively, were purposively selected in the first stage as they are known for ginger production in terms of ginger land area coverage and total ginger production in the southern and central regions, respectively (Prameela and Suseela Bhai, 2020). Moving to the second stage, we employed a quota sampling method to select kebeles within each district. Randomly, we chose four kebeles from the 18 kebeles in Boloso-Bombe district and two kebeles from the 16 rural kebeles in Hadaro-Tunto district. This selection was based on the proportion of ginger producing kebeles in each district, ensuring representation across the study area. Bidin (2017) Provides several sample size determination formulas based on different statistical considerations (Equation 2).

[image: image]

where n represents the sample size; Z represents the cumulative standard distribution, which corresponds to the confidence level with a value of 1.96; e is the desired precision level, as suggested by Freeman et al. (1992); a p value of 0.5 indicates the estimated proportion of an attribute present in the population required to obtain the desired minimum level of sample size at the 95% confidence level and 5% precision; q = 1 – p; and N represents the total size of the population from which the sample is drawn.

Subsequently, within the selected kebeles, we utilized a simple random sampling technique to choose households for participation. From the total of 3,208 households in the selected kebeles, we randomly selected 343 households. The distribution of the sample within each kebele was proportional to the number of ginger farmers. For instance, in Boloso-Bombe district, 64 households were selected from Gamo Walalna, 29 from Matala Walana, 67 from Parawocha, and 50 from Adila. Similarly, in Hadaro-Tunto district, 66 households were chosen from Mukurunja and 67 from Ajora. The sample size distribution is presented in Table 1.



TABLE 1 Sample size distribution.
[image: Table1]



3.3 Data types sources and methods of collection

This study utilized quantitative, cross-sectional data to explore the adoption of digital technology among farm households in South and Central Ethiopia. Quantitative data, crucial for measuring variables like income, yield, and education levels, enabled precise statistical analysis. The data was collected at a single point in time, providing a snapshot of current technology adoption and its impact on household welfare. The primary source of data was a structured household survey conducted in the Wolaita and Kembata-Tembaro zones, chosen for their significant ginger production activities. Supplementary data from local agricultural offices and secondary sources enhanced the analysis by providing additional context.

The data collection employed a multistage sampling approach to ensure a representative sample. The Wolaita and Kembata-Tembaro zones were purposively selected, followed by a quota sampling method to choose specific kebeles, and simple random sampling to select households within each kebele. A structured survey was administered to 343 randomly selected households, capturing detailed information on socioeconomic and demographic characteristics, access to credit and extension services, social networks, technological literacy, and welfare outcomes. Trained enumerators conducted face-to-face interviews to ensure data accuracy. Ethical considerations included obtaining oral permission from local authorities and community leaders, ensuring adherence to ethical guidelines and prioritizing participants’ rights and welfare.



3.4 Variable definition and hypothesis

In our investigation into the adoption of digital technology among farm households in South and Central Ethiopia, we recognized a multitude of influential variables. Alongside education and farm size, access to extension services, credit, social networks, information, and market information emerged as crucial factors shaping adoption decisions (Sikundla et al., 2018). Notably, access to extension services offered valuable insights and training on digital tools, potentially swaying adoption choices (Gebrehiwot and van der Veen, 2021). Similarly, access to credit facilitated technology investment, especially among financially constrained households (Ouma et al., 2017). Moreover, social networks and technological literacy played pivotal roles, with information dissemination and effective utilization of digital tools influencing adoption behaviors within communities (Jaeger et al., 2012). Considering these alongside demographic factors like age and sex, which also impacted technology adoption patterns, ensured a holistic analysis of adoption dynamics (Rojas-Méndez et al., 2015).

Furthermore, the availability and accessibility of ICTs significantly contributed to adoption tendencies. Households with greater access to smartphones and internet connectivity were more likely to adopt digital agricultural tools, driven by familiarity and reliance on digital devices (Michels et al., 2020). Additionally, the perceived benefits and barriers associated with technology adoption, alongside the level of innovativeness within households, warranted attention in understanding adoption behaviors (Neumeyer et al., 2021). By incorporating these variables into our analysis, we aimed to provide a comprehensive understanding of the multifaceted determinants influencing technology adoption among farm households in Ethiopia, contributing to the existing body of knowledge on rural development and technology adoption. All variables used in the study were defined in Appendix I.

The endogenous switching regression (ESR) model was employed to estimate the impact of various factors on welfare outcomes. To ensure consistent, unbiased, and valid results, checks for multicollinearity, heteroscedasticity, and omitted variables were conducted (see Appendixes I, II, and IV respectively). The variance inflation factor (VIF) values were all below 10, indicating no significant multicollinearity issues, with a mean VIF of 1.532. Breusch-Pagan/Cook-Weisberg tests for heteroscedasticity indicated significant heteroscedasticity (Prob > chi2 = 0.0000 for Yield/ha and Prob > chi2 = 0.0005 for Total income), suggesting the need for robust standard errors. The Ramsey RESET test indicated omitted variable problems (Prob > F = 0.0000 for both Total income and Yield/ha), suggesting that additional variables might be necessary. Detailed results are available upon request, providing a comprehensive overview of the statistical assessments conducted to ensure the robustness of the ESR model’s outcomes.



3.5 Model specification

The study aimed to understand the impact of technology adoption on the yield of smallholder ginger farmers. The Endogenous Switching Regression (ESR) model consisted of two stages. The first stage employed a probit model to assess the likelihood of smallholder ginger farmers adopting digital technology. This stage aimed to determine the probability of technology adoption based on various predictor variables, considering socio-economic and demographic characteristics. The first stage employed a probit model to assess the likelihood of smallholder ginger farmers adopting digital technology (Equation 3).
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Where, [image: image] is the cumulative distribution function of the standard normal distribution, [image: image] represents a vector of exogenous variables affecting technology adoption, and [image: image] is a vector of coefficients to be estimated.

The use of the Endogenous Switching Regression (ESR) model is appropriate because it specifically addresses both endogeneity and selection bias. Endogeneity refers to the potential correlation between the independent variables and the error terms, while selection bias arises from non-random assignment of units to treatment and control groups. The ESR model handles these issues by modeling the decision process of technology adoption and estimating the corresponding outcomes for adopters and non-adopters.

The Full Information Maximum Likelihood (FIML) method is an estimation technique employed to jointly estimate the parameters of both the selection equation and the outcome equations in the Endogenous Switching Regression (ESR) model. FIML is particularly useful when dealing with potential endogeneity and selection bias, as it allows for the simultaneous estimation of the entire system of equations, which helps to account for the correlation between the unobserved factors influencing both adoption decisions and outcomes (such as productivity or income).

In this study, FIML was used in the second stage to estimate the outcomes of digital tool adopters and non-adopters. By modeling the decision to adopt digital tools in the first stage (using a probit selection equation) and estimating the corresponding outcome equations in the second stage, FIML provides more efficient and consistent estimates compared to limited information methods like Two-Stage Least Squares (2SLS). Additionally, FIML is able to handle missing data more effectively, ensuring that all available information is used in the estimation process.

Once farmers were classified into treatment groups (adopters) and control groups (non-adopters) based on their predicted probabilities of adoption, the second stage estimated the outcome equation for each group (Equations 4, 5) separately:

For the treatment group [image: image]:

[image: image]

For the control group ([image: image]):

[image: image]

Where [image: image] and [image: image] denote potential outcomes for the adopters and non-adopters, respectively; [image: image] represents a vector of exogenous variables influencing the yield; [image: image] and [image: image] are vectors of coefficients to be estimated; and [image: image] and [image: image] are the error terms assumed to be normally distributed.

To account for potential endogeneity in the technology adoption equation, instrumental variables were introduced. These instrumental variables, such as age and extension contact, were correlated with the endogenous explanatory variable (technology adoption) but not with the error term in the outcome equation, thereby isolating exogenous variability in the technology adoption decisions were used as instruments in this study. The validity of the instruments was assessed using the Sargan test (see Appendix III), which evaluates whether the instruments are uncorrelated with the error term and correctly excluded from the outcome equation (Kertesz, 2017). This approach ensures that the instruments are valid and that the estimated effects of technology adoption on yield are not biased by endogeneity issues (Wossen et al., 2019).

Understanding the treatment effect is crucial in research and policy-making to evaluate the impact of interventions and assess their outcomes. This study focused on the Average Treatment Effect on the Treated (ATT), a key measure calculated by examining the conditional expectations of individuals who have adopted digital technology.

Let [image: image] be a binary variable indicating whether each unit adopted the technology or not, where [image: image] for adopters and [image: image] for non-adopters. The average welfare for adopters, that is, the average value of the welfare outcomes (e.g., income, yield, and food security) for units that adopted the technology, was calculated as follows (Equation 6):

[image: image]

Where [image: image] is the number of adopters, Yi is the welfare outcomes for unit i, and [image: image] is an indicator function that equals 1 if [image: image] (units an adopter) and 0 otherwise.

The average welfare for non-adopters, that is, the average value of the welfare outcomes for units that did not adopt the technology, was calculated as follows (Equation 7):

[image: image]

Where [image: image] is the number of non-adopters, Yi is the welfare outcomes for unit i, and [image: image] is an indicator function that equals 1 if [image: image] (units non-adopter) and 0 otherwise.

Therefore, the average treatment effect (ATE) was computed by taking the difference between the average welfare for the adopters and the average welfare for the non-adopters (Equation 8):

[image: image]

The ATE represents the average change in welfare outcomes due to the adoption of digital technology. If the adoption had a positive effect, the ATE would be positive, indicating an improvement in welfare outcomes. Conversely, if the adoption had a negative effect, the ATE would be negative.




4 Results and discussion


4.1 Socio-economic and demographic characteristics of households in adoption of digital technology categories

Household socio-economic and demographic traits exhibited notable distinctions between adopters and non-adopters of digital technology (Table 2). Equipped households were younger (41.17 vs. 43.90 years), with larger farms (1.43 vs. 0.78 hectares) and more livestock (6.45 vs. 3.24 TLU), all significantly different (p < 0.001). They also enjoyed more extension services (3.32 vs. 1.90). Family size, however, showed no significant difference. These findings underscored the link between digital technology adoption and enhanced agricultural resources and support.



TABLE 2 Descriptive analysis of variables in adoption of digital technology categories.
[image: Table2]

In the analysis of dummy variables, significant associations between digital technology adoption and various factors were evident. Gender exhibited no statistically significant difference (p = 0.1485), suggesting equitable access among male and female household heads. Conversely, education level strongly correlated with adoption (p < 0.000), indicating higher education linked to increased digital technology adoption. Moreover, access to information on ginger production, ICT availability, social institution membership, and market information significantly predicted digital technology adoption (all p < 0.000). Additionally, access to credit and participation in digital technology training were positively associated with adoption (both p < 0.000). These findings underscored the pivotal role of education, information access, social networks, and financial resources in fostering digital technology adoption among smallholder farmers.



4.2 Types of digital extension service used by farmers

The bar chart in Figure 3 below, illustrates the types of digital extension services utilized by farmers. The most frequently used tool is phone calls, which account for 65.79% of the total usage. Text messages are the second most common method, used by 22.81% of the farmers. A smaller proportion, 11.40%, access extension services through YouTube or Google. These figures suggest that while traditional communication methods like phone calls dominate, there is still a notable use of other digital tools among farmers, reflecting a diverse approach to accessing agricultural information.

[image: Figure 3]

FIGURE 3
 Types of digital extension tool used. Source: Authors’ computation from survey data, 2023.




4.3 Mean difference in welfare indicators between adopters and non-adopters of digital extension tools

The t-tests for total annual income and yield per hectare revealed significant differences between adopters and non-adopters of digital extension tools (Table 3). Adopters had a higher mean annual income (65,531.69 vs. 51,726.99) and yield per hectare (150.8604 vs. 125.7319), both differences statistically significant (p = 0.0000). These findings underscore the positive impact of digital extension tools on income and productivity.



TABLE 3 Mean difference in welfare indicators between adopters and non-adopters.
[image: Table3]



4.4 Thematic results for focus group discussions (FGD) and key informant interviews (KII)

The study on the role of digital tools in agricultural extension among smallholder ginger producers was conducted in Boloso-Bombe district (Adila Kebele) and Hadaro-Tunto district (Ajora Kebele), Southern and Central Ethiopia, respectively. A total of 2FGDs were held in these areas which comprises eight households, and the Key Informant Interviews (KII) involved discussions with district offices of concerned bodies. The following themes emerged.


4.4.1 Awareness and perception of digital tools

From the FGDs, it became evident that many farmers in both districts had limited awareness of available digital tools for agricultural purposes. While younger and more educated farmers were somewhat aware of mobile-based applications that provide weather forecasts or market price information, most participants had not been exposed to these tools or were unaware of their potential to improve farming practices. This highlights a critical gap in outreach and education regarding digital agricultural solutions. In contrast, key informants from district offices acknowledged that awareness campaigns regarding the benefits of digital tools were insufficient, emphasizing the need for tailored communication strategies to increase digital tool adoption among smallholder farmers.



4.4.2 Benefits and challenges of adoption

Farmers who had adopted digital tools reported improved decision-making due to better access to market prices and weather forecasts, resulting in more efficient farming operations. However, the challenges of poor internet connectivity and the high cost of smartphones were frequently mentioned barriers. Non-adopters, particularly in remote areas like Ajora and Adila Kebeles, viewed these tools as impractical and unaffordable, reinforcing the need for infrastructural improvements. Key informants corroborated these challenges, suggesting that inadequate digital infrastructure and high costs are significant barriers to adoption. They called for increased investment in rural connectivity and more affordable digital technologies to make them accessible to smallholder farmers.



4.4.3 Socio-economic and institutional factors

The FGDs revealed that socio-economic factors, such as age, education, and income level, played a significant role in digital tool adoption. Younger farmers and those with higher education levels were more likely to use digital tools, while older, less educated farmers were more resistant. Additionally, wealthier households, especially those with diversified income sources, were more inclined to adopt digital technologies. Key informants from district offices confirmed these socio-economic disparities, stressing the need for targeted interventions that consider the socio-economic backgrounds of farmers. The lack of institutional support was also a recurring theme, with both farmers and district officials noting that agricultural extension workers did not consistently promote digital tools or provide necessary training.



4.4.4 Cultural and behavioral barriers

Cultural resistance to technology adoption, particularly among older farmers, emerged as a significant barrier. FGDs participants, especially in Adila Kebele, expressed skepticism about the reliability of digital tools, preferring traditional farming practices. Key informants recommended involving community leaders and trusted figures in training programs to help bridge this cultural gap, suggesting that demonstrations of the practical benefits of digital tools could foster greater acceptance among conservative farmers.



4.4.5 Policy implications and recommendations

Both FGDs and KIIs indicated that farmers and local officials believed policy interventions were needed to overcome the barriers to digital tool adoption. Farmers suggested that government initiatives should focus on reducing the costs of digital tools and improving network coverage. They also emphasized the need for frequent training programs tailored to specific agricultural practices, such as ginger farming. District officials echoed these concerns, urging policymakers to prioritize investments in digital infrastructure and develop more farmer-friendly digital extension programs. Additionally, they recommended providing financial incentives, such as subsidies or low-interest loans, to support smallholder farmers in adopting digital technologies.




4.5 Results from the endogenous switching regression model


4.5.1 First stage (probit) result of endogenous switching regression

The probit model estimated the determinants of adoption of digital extension tools in Table 4, showed that several factors significantly influence this access. Information access, ICTs, family size, and extension contact positively affect the likelihood of adopting digital tools, whereas age has a negative impact. This suggests that individuals with better information access, more extensive use of ICTs, larger families, and more contact with extension services are more likely to adopt digital tools. Recent empirical studies support these findings. For instance, Kamal and Bablu (2023) indicated that improved information access significantly boosts digital tool adoption among farmers by enhancing their knowledge and decision-making abilities. Additionally, Van Campenhout et al. (2021) found that ICTs like mobile phones substantially enhance agricultural productivity and access to markets, thereby encouraging digital tool adoption. These determinants highlight the critical role of information and communication technologies and support services in promoting digital tool usage.



TABLE 4 Results from the endogenous switching regression model.
[image: Table4]

The economic significance of these results underscores the importance of policy interventions aimed at enhancing information access and digital infrastructure in rural areas. By targeting extension services and providing support for ICT adoption, governments and development agencies can significantly improve farmers’ ability to adopt digital tools, leading to better productivity and welfare outcomes.



4.5.2 Second stage (FIML) estimates from the ESR for welfare outcomes

The second stage employed Full Information Maximum Likelihood (FIML) to estimate the impact of digital tool adoption on welfare outcomes, specifically yield and total annual income (Table 4). The results revealed significant differences between adopters and non-adopters of digital tool access. The likelihood ratio test for joint independence confirms that the endogenous switching model effectively controls for self-selection and inherent differences between groups. This aligns with (Lokshin and Sajaia, 2004), who emphasized the necessity of accounting for selection bias in evaluating program impacts. The error correlation coefficients alternate in signs (ρ1 = 0.519, ρ2 = −0.884), indicating differing unobserved factors affecting yield and income equations.

In terms of economic significance, the results show a meaningful impact on both yield and income, which are critical measures of household welfare. Adopters of digital tools experienced a significant income increase, while non-adopters, if they were to adopt, would see similar benefits. The model shows that the average treatment effect (ATT) on income for adopters was an increase of 4,495.58 units, suggesting that digital tools substantially enhance financial wellbeing. This translates into better livelihood outcomes and potential improvements in household economic stability, especially for smallholder farmers in rural areas.

For yield, the results indicate that adopters have a slightly lower yield by 6.086 units compared to their hypothetical yield without adoption, suggesting that there may be external factors limiting the full realization of yield gains. However, non-adopters would see a yield increase of 6.086 units if they adopted digital tools, underscoring the positive potential of these tools to improve productivity. These findings align with the notion that adoption of digital tools requires complementary inputs and support, such as better access to markets or inputs, to fully capitalize on the technology’s benefits.

The heterogeneous effects (TH) for yield and income emphasize the digital tool’s overall positive impact on household welfare, particularly in terms of income. The total yield effect (TH) was 12.172 units, and the total income effect (TH) was 8,991.16 units, which are economically meaningful figures, demonstrating that digital extension tools not only contribute to higher productivity but also lead to significant improvements in household income.

Gender played a significant role in agricultural productivity, particularly in the adoption of digital tools. Female farmers, when provided with equal access to resources and technologies, demonstrated higher yields in the presence of digital tools. This observation aligned with (Doss and Quisumbing, 2020), who delved into gender dynamics in agricultural productivity in Sub-Saharan Africa. This highlights the importance of addressing gender disparities in technology access to maximize the economic benefits for all households.

Another critical factor that influenced productivity was farm size. Larger farms were associated with higher yields, indicative of the economies of scale and better resource allocation at play. Van Campenhout et al. (2021) in South Africa supported this notion, emphasizing the efficiency gains and improved access to inputs and markets that larger farms enjoyed, ultimately leading to higher overall productivity.

Access to information emerged as a vital catalyst for yield enhancement. Kumar and Ali (2011) in India demonstrated the transformative impact of information access on farming practices and technology adoption, resulting in substantial yield improvements. This highlighted the indispensable role of knowledge in driving agricultural productivity.

In terms of income outcomes, gender continued to exert a significant influence, particularly for female farmers leveraging digital tools. Bansal et al. (2021) highlighted the income gains experienced by women in agriculture through the adoption of digital technologies, enhancing their economic empowerment and household welfare in India.

Educational attainment also played a pivotal role in income generation, with educated farmers better positioned to leverage digital tools for economic benefits. Amudavi and Obura (2017) in Kenya underscored this relationship, showcasing how education enabled farmers to adopt and benefit from new technologies more effectively. Family size positively correlated with income, attributed to the availability of more labor, particularly in smallholder farming systems. Asfaw et al. (2012) in Ethiopia highlighted the contributions of larger families to farming activities, enhancing productivity and income levels.

Similarly, larger farm sizes significantly boosted income, reflecting the benefits of scale. Ogundari and Aklnbogun (2010) in Nigeria emphasized the higher income potential of larger farm operations due to increased production capacity and improved market access.

Ownership of livestock emerged as another income-enhancing factor, providing diversified income sources and improving food security. Barrett et al. (2008) in Kenya underscored the significant economic benefits derived from livestock ownership among rural households. Access to information continued to play a pivotal role in income generation, reaffirming the criticality of knowledge in economic activities. Aker et al. (2011) in Niger highlighted the positive impact of information access on economic outcomes in agriculture, enabling farmers to make better selling decisions and ultimately increasing their income.

Lastly, access to market information significantly boosted income by enhancing farmers’ bargaining power and enabling them to time their sales better for higher prices. Dillon and Dambro (2017) in Madagascar illustrated the transformative effects of market information on farmers’ income levels, emphasizing its importance in improving sales and profitability.



4.5.3 Economic implications of the ESR results

The economic significance of the results was crucial for policymakers, development agencies, and rural development programs. The adoption of digital tools presented an opportunity for significant improvements in household income and food security, particularly in rural areas where agricultural productivities closely linked to welfare outcomes. However, the trade-offs observed in yield outcomes suggested that adoption alone is insufficient; farmers need complementary support such as access to better inputs, training, and market information to fully benefit from digital tools.

These findings supported the development of integrated rural development programs that focus on improving information access, ICT infrastructure, and extension services, especially for female farmers and smallholder farms. Such programs could significantly contribute to enhancing the welfare of farming households and improving overall economic stability in rural areas. The potential for digital tools to close the productivity gap and increase income underscores their relevance in meeting Sustainable Development Goals (SDGs), particularly those related to poverty reduction, food security, and gender equality.

Table 5 below, presented the expected outcomes for both yield and income, comparing the actual and counterfactual scenarios, and highlights the average treatment effects (ATE) for those adopters and non-adopters of digital tools. The result was obtained by following the conditional expectations derived from the estimation of the switching model presented above.



TABLE 5 ESR based average treatment effects of digital extension tool on welfare outcome variables.
[image: Table5]

The analysis of the ESR-based average treatment effects (ATE) of the digital extension tool on welfare outcome variables revealed significant impacts on both yield and income for smallholder ginger farmers. For adopters, the yield was slightly lower by 6.086 units compared to their hypothetical yield without adoption, indicating a potential trade-off or external factors influencing yield despite digital adoption. Conversely, non-adopters would see a yield increase of 6.086 units if they adopted the tool, underscoring its positive potential in enhancing yield. Regarding income, adopters experienced a substantial increase of 4,495.58 units, highlighting the digital tool’s efficacy in improving financial outcomes. In contrast, non-adopters would face a decrease of the same amount if they adopted the tool, suggesting differences in how households utilize the tool or other unobserved factors. The heterogeneous effects showed a total yield effect (TH) of 12.172 units and a total income effect (TH) of 8,991.16 units, emphasizing the digital tool’s overall positive impact on household welfare, particularly in terms of income, which could lead to better livelihood outcomes and economic stability for the farmers.





5 Conclusion and policy implication


5.1 Conclusion

This study illuminated the critical role digital tools play in agricultural extension, particularly among smallholder ginger producers in Southern and Central Ethiopia. Despite their potential, the adoption of these tools remained low due to weak digital infrastructure and limited access to information. By investigating the determinants of adoption and their impact on welfare outcomes, this research addressed key gaps in the literature. Using a mixed-methods approach, the study identified socio-economic, institutional, and technological factors shaping adoption decisions, providing valuable insights for policymakers.

Grounded in utility maximization theory, the research offered a nuanced understanding of adoption dynamics, taking into account individual and social influences. The study employed a robust multistage sampling approach, involving 343 randomly selected households, to assess the factors influencing digital technology adoption. Through the use of an Endogenous Switching Regression (ESR) model, the research demonstrated the significant positive impact of digital tool adoption on welfare outcomes, notably improving agricultural productivity and income.

The econometric analysis provided strong evidence that access to digital tools substantially benefited smallholder farmers. Factors such as access to information, ICT usage, family size, and agricultural extension services significantly influenced the likelihood of adoption. Moreover, the analysis revealed considerable differences in yield and income between households that adopted digital tools and those that did not, highlighting the transformative potential of technology adoption in enhancing agricultural productivity and financial wellbeing.

These findings carried important implications for policymakers and development practitioners, emphasizing the need for targeted interventions to promote digital technology adoption. By leveraging digital tools, policymakers could foster sustainable agricultural development, enhance income generation, and contribute to the economic stability of smallholder farmers in Ethiopia.



5.2 Recommendations

To enhance the adoption of digital technology and improve agricultural productivity among smallholder ginger producers in Ethiopia, several critical steps were recommended. First, the government needed to prioritize investments in strengthening digital infrastructure, particularly in rural areas where access remained limited. Successful models, such as Kenya’s M-Farm, which connects farmers to market prices and digital extension services through mobile platforms, provided valuable lessons for addressing infrastructure challenges.

In addition to infrastructure, expanding access to information and communication technologies (ICTs) was crucial. Broadening mobile platform and internet accessibility would empower farmers by improving their decision-making processes. India’s e-Choupal initiative, which provided agricultural information and market data through internet kiosks, served as a practical example for enhancing digital access and fostering adoption in Ethiopia.

Moreover, agricultural extension services should have been redesigned to focus on digital literacy and the effective use of digital tools. Uganda’s Grameen Foundation FarmerLink, which provided agricultural advice directly to farmers via mobile phones, illustrated how such services could improve farmers’ capacity to adopt new technologies and enhance their productivity.

Improving access to credit was also vital, as it directly influenced smallholder farmers’ ability to invest in digital tools. Bangladesh’s BRAC program, which offered financial products tailored to agricultural technology investments, demonstrated how providing affordable financial services could encourage technology adoption. Similarly, expanding microfinance and other financial services to smallholder farmers in Ethiopia would have accelerated the adoption process.

Lastly, public-private partnerships played a key role in scaling up digital interventions. Collaborative efforts between the government, private sector, and NGOs, similar to Ghana’s Esoko platform, which delivered real-time market information via mobile phones, could have facilitated wider adoption of digital tools in Ethiopia. Learning from successful interventions in countries like Kenya, Uganda, and Ghana offered valuable insights for developing localized solutions to overcome barriers to adoption and promote sustainable agricultural development in the region.
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Financial technology (fintech) offers farmers the prospect of getting other sources of finance apart from financial assistance from the established official funding institutions. Farmers of fresh agricultural products (FAP) in Indonesia received financial offers from various fintech platforms. However, several platforms have failed to maintain their operations, resulting in negative consequences for the farming activities. This study’s objective is to explore how fintech contributes to the sustainability of FAP by examining five key dimensions of sustainability: economic, social, environmental, technological, and institutional. Most extant literature primarily examines the determinants that impact an individual’s interest in fintech lending. However, the existing research needs to dedicate more attention to the sustainability of the platform and the enterprises it finances, with a particular emphasis on the FAP sector. A quantitative methodology was utilized to design the study, and a proportional stratified random sampling method was employed to select 269 FAP producers as respondents. The data were analyzed using the multidimensional scaling (MDS) approach in rap-Agrifin using factors specifically designed to assess fintech sustainability in agribusiness. Fintech in the FAP supply chain is classified as quite sustainable, according to this study’s multidimensional finding. Partially, the dimensions that acquire sufficiently sustainable value are the social, economic, and environmental dimensions, but the technological and institutional dimensions are less sustainable. This research demonstrates that the MDS approach in rap-Agrifin can effectively analyze sustainable finance in agriculture, highlighting the need for focused improvement on institutional and technological factors, particularly through the application of fintech.
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1 Introduction

Capital is one of the productive factors in a business that will determine the performance of the business, including agricultural business. However, in developing countries, difficulties in obtaining capital to finance business are common for farmers, which limits their ability to invest in productive resources (Villalba et al., 2023). As is the case in the business of fresh products, farmers’ access to formal financial institutions, especially banks, is still low, and they have more access to informal financial institutions such as traders, the owner farmers’ shop, or family and neighbors (Barslund and Tarp, 2008; Sekabira et al., 2023). Access to financing is essential, especially for fresh agricultural products (FAP), including vegetables, fruits, dairy, meat, and herbs, because these products are highly perishable, require reliable supply chains, and have a faster production cycle, payback periods, and turnover, and these are the dominant micro-small and medium-sized enterprises (MSMEs) in the country.

The amount of agricultural credit from 2018 to 2022 has increased. Based on data from FAO, in 2018, the amount of agricultural credit was USD 45.24 million; in 2022, it reached USD 53.88 million. The annual agricultural credit amount has increased by 4.48% (Food and Agriculture Organization, 2022). As much as 53.64% of the world’s agricultural financing is used in Asia, dominated by developing countries. Indonesia uses agricultural credit as much as 1.49% of the total agricultural credit provided in the Asian Region (Food and Agriculture Organization, 2024). Based on data from the Indonesia Financial Services Authority (OJK) (2024), it was recorded that venture capital financing/placement based on the economic sector in Indonesia, the agriculture, forestry, and fisheries sectors only received venture capital of 4.94% of the total venture capital financing. This shows that financing for the agricultural sector with a dominance of small farmers is still given in small amounts compared to other economic sectors.

Accordingly, the actors involved along FAP supply chains face challenges in funding infrastructure to meet market demand and maintain product quality (Yan et al., 2020). Financial inclusion for rural populations and small FAP producers is essential for expanding businesses, creating jobs and reducing inequality in villages. In developing countries, access to finance remains a significant bottleneck for farmers and agribusinesses, hindering the productivity and global food security efforts. Improved financial access enables farmers to invest in high-quality inputs and equipment, ultimately enhancing productivity, contributing to economic growth, and alleviating poverty in rural areas (Perdana et al., 2023; Song and Appiah-Otoo, 2022; Yan et al., 2020).

Restricted access to capital will lead to a lack of access to technology and a reduction in productivity and farmers’ incomes. Although there have been notable advancements in developing countries’ FAP sector, attempts to enhance farmers’ access to formal financial services during the era of regional reform and autonomy, little progress has been made in this regard over the past two decades. Formal financial institutions often impose requirements, such as collateral and documentation that are difficult for farmers to meet (Barslund and Tarp, 2008; Sekabira et al., 2023). Farmers continue to rely on informal and non-formal sources of capital due to the ease of procedure, distance and social closeness, family bonds, and mutual trust (Tan et al., 2024).

With the rapid development of technology and the Internet, the financial industry is disrupted, so the concept of financial technology (fintech) has emerged as a transformative tool within the financial sector, disrupting traditional banking practices and making financial services more accessible (Anshari et al., 2019). The implication is that new financing sources will become available, which will be more accessible to the public by eliminating physical presence constraints and simplifying access procedures. The rapid expansion of fintech across various sectors is driven by technological innovations and increasing digitalization. Fintech provides mobile payments, digital lending platforms, blockchain, and cryptocurrency, emphasizing fintech’s potential to improve financial inclusion and disrupt the traditional financial system (Abad-Segura et al., 2020). This must be an exceptional circumstance, given that established formal financial institutions adhere to the well-known five C’s—character, capacity, capital, collateral, and economic condition—prudently. It has been difficult for farmers to access formal financial institutions, especially because it is difficult to qualify for collateral or guarantees.

As Barslund and Tarp (2008) found, formal credit institutions in Vietnam also demanded a condition of collateral. On the other hand, a number of studies provide evidence that fintech positively affects the operational outcomes of businesses. According to OJK (2024), the number of fintech companies in Indonesia is about 98. About 4.64% of fintech institutions distributed financing to the agricultural sector in 2024, and 2023 only 3.81% of them did. The absorption of agricultural financing through fintech needs special attention to help small farmers achieve FAP sustainability.

Qawi and Karuniasa (2020) explain that the presence of fintech can solve the problems of financing that arise in MSMEs. Research on fintech in some countries has been done, but it is more likely for the urban economic sector, focused on the Z-generation response, MSMEs, and retail (Aseng, 2020). Meanwhile, the use of fintech in the agricultural sector is still relatively new and underexplored. Some of the research already exists, focusing primarily on the determinants that affect farmers’ inclination to adopt fintech and the subsequent effects on their income. The utilization of digital financial services is anticipated to yield a favorable outcome, surpassing the influence exerted by conventional banks (Wang et al., 2021). Research findings suggest that the presence of fintech in China can reduce poverty (Song and Appiah-Otoo, 2022). In Korea, the fintech industry effectively makes the demand for intermediate products as high as the demand for final products (Shin and Choi, 2019). Fintech branding is easy access to financing that can empower small farmers to invest in better inputs, thereby enhancing productivity and economic resilience.

Fintech is evolving by adopting a multifaceted approach that integrates social, economic, and environmental dimensions to support the wellbeing of small farmers. Its utilization plays a crucial role in enhancing the resilience and efficiency of FAP supply chains, particularly for small farmers in developing nations. Fintech empowers small farmers by providing access to fair pricing and financial services, which improve their livelihoods and promote social equity (Carè et al., 2023; Rayhan et al., 2024; Song and Appiah-Otoo, 2022). Fintech supports small farmers to achieve better communication and market access by encouraging community engagement and support. Additionally, fintech enhances pre-production financing, enabling farmers to invest in essential resources and thereby improving their productivity and economic viability (Carè et al., 2023; Rayhan et al., 2024; Shin and Choi, 2019; Wang et al., 2021).

Previous studies linking fintech to sustainability were conducted by Mapanje et al. (2023) to review the role of fintech in the sustainability of agricultural financing. The study focused on economic outcomes to improve income and reduce poverty while neglecting broader sustainability dimensions (Mapanje et al., 2023). Other studies by Ningrat and Nurzaman (2019) explored the role of fintech in Islamic financing products to improve agricultural ecosystems. The study highlights the fintech’s role that emphasized transparency and accessibility rather than its environmental or social impact (Ningrat and Nurzaman, 2019). Other investigations showcased a digital marketplace model with fintech to support agricultural sustainability but did not address how fintech contributes to environmental or institutional sustainability (Anshari et al., 2019). Rayhan et al. (2024) explored how fintech has become a sustainable solution for improving small farmers’ economic situation by facilitating small farmers’ to access markets and addressing capital constraints.

It also supports sustainable agricultural practices, leading to more efficient resource use and reduced waste and environmental impact (Rayhan et al., 2024). Fintech has a role in promoting sustainable development through the case of Ant Forest, a digital platform in China to incentivize environmentally conscious behavior (Zhang et al., 2021). Moreover, fintech strengthens organizations by promoting sustainability to improve managerial and transparency (Rayhan et al., 2024). Fintech has a role in advancing the United Nations Sustainable Development Goals (SDGs) by promoting financial inclusion, reducing inequalities, and fostering economic growth (Carè et al., 2023; Rayhan et al., 2024; Song and Appiah-Otoo, 2022; Wang et al., 2021). It is considered that fintech platforms facilitate access to financial services for small farmers, thereby supporting several SDGs: Goal 1 (No Poverty), Goal 8 (Decent Work and Economic Growth), Goal 9 (Industry, Innovation, and Infrastructure), and Goal 13 (Climate Action) by promoting responsible investment practices and financing green projects (Carè et al., 2023; Rayhan et al., 2024; Saifi and Drake, 2008).

The technological advancements in fintech offer innovative solutions that enhance the overall sustainability of agricultural practices (Carè et al., 2023; Rayhan et al., 2024). Fintech provides significant opportunities for enhancing FAP sustainability; it also needs to consider potential challenges, such as the digital divide and access to technology, which may hinder the equitable distribution of benefits across different farmer demographics. Accordingly, it is essential to achieve comprehensive sustainability in FAP supply chains involving small farmers.

Given the uniqueness of the FAP sector, which is dominated by small farmers operating under seasonal cycle and the characteristics of its entrepreneur (Perdana et al., 2023), understanding the comprehensive impact of fintech is crucial (Carè et al., 2023). The funding of technology given to farmers has the uniqueness of providing market guarantees for their products and construction regarding their cultivation techniques (Barslund and Tarp, 2008; Qawi and Karuniasa, 2020; Rayhan et al., 2024). However, it is interesting to study the mechanism and sustainability of fintech in providing financing services to the FAP sector, especially in the pre-harvest phase to continuing agricultural activities.

Based on previous literature, the use of funding associated with the sustainability aspects of agriculture has not been studied from some dimensions other than the economic, social, and environmental dimensions. According to Saifi and Drake (2008), agricultural sustainability is not just about technical improvements and merely expertise. However, it is a process that needs to integrate social and environmental knowledge through policy, institutional, and behavioral changes. The study addresses unexpected aspects of fintech adoption in FAP supply chains as an area that requires fast turnover, reliable infrastructure, and market responsiveness. Moreover, this study also explores fintech’s potential beyond financial inclusion by investigating its impact on FAP supply chains and highlighting the digital divide challenge among small farmers, with a focus on how fintech can address both financing needs and promote sustainable FAP supply chains.

Therefore, the purpose of this research is to examine how fintech contributes to the sustainability (social, economic, environmental, technological, and institutional) of the FAP sector in developing countries, dominated by small farmers. The result of this study provides new insights into the role of fintech in fostering FAP sustainability, with a focus on pre-harvest financing in developing countries. This study will contribute to the literature by offering a multi-dimensional framework for assessing the sustainability of fintech applications in FAP supply chains. The structure of this article contains an introduction, literature review, research methods, results, explanations, and conclusions derived from research on fintech for farmers of fresh products in Indonesia.



2 Theory


2.1 Financial technology in fresh agricultural product supply chains

Fresh agricultural products (FAP) require special attention due to the involvement of micro, small, and medium enterprises (MSMEs). MSMEs face challenges in access to finance to maintain freshness and ensure quality. In developing countries, access to finance remains a significant bottleneck for farmers and other actors in FAP supply chains (Perdana et al., 2023). Improving access to finance allows farmers to spend money on high-quality supplies and machinery, eventually boosting output, promoting economic growth, and reducing poverty in rural regions (Yan et al., 2020).

In general, fintech denotes the provision of financial solutions through the application of technology (Arner et al., 2016; Barslund and Tarp, 2008; Qawi and Karuniasa, 2020). More precisely, fintech is characterized as a digital technology that aids in financial intermediation (Aaron et al., 2017; Carè et al., 2023). According to Dhar and Stein (2017), financial technology is an advancement within the financial industry that entails the integration of technology into a business model and can provide facilities to eliminate intermediaries. The financial technology industry can be said to be a more flexible industry compared to conventional financial businesses.

The constraints on the conventional system exist in the form of complex and limited regulations, especially those related to the submission of loan applications, which have to go through a variety of complicated administrative processes. This is different from the financing technology, which requires less documentation and can be done online (Abad-Segura et al., 2020; Cai et al., 2024). Financial technology offers a new ecosystem in the financial industry by providing low-cost services while still maintaining quality. The fintech ecosystem comprises traditional financial institutions, governments, financial customers, fintech startups, and technological development. This digital financing service, or fintech, has already contributed to the development of the agricultural sector. The service provides facilities for key actors and entrepreneurs in the agricultural sector to obtain funding (Qawi and Karuniasa, 2020). The application of financial technology provides new opportunities in market targeting, credit pricing, risk sharing, and the use of information technology aimed at improving financial management in the agricultural sector (McIntosh and Mansini, 2018; Rayhan et al., 2024; Wang et al., 2021). Furthermore, this technology can be a link between urban areas that can provide financial access to rural areas so that it can improve the economy in agricultural areas (Cai et al., 2024; Carè et al., 2023; McIntosh and Mansini, 2018; Rayhan et al., 2024). Technology can also help with data collection, thereby strengthening data analysis related to finance (Khan et al., 2022).

In addition to financing services, there are also payment services and marketing of products generated to facilitate access to all services (Bajunaied et al., 2022; Shin and Choi, 2019; Song and Appiah-Otoo, 2022). However, this service requires supporting equipment that must be well available, such as an Internet connection, smartphone, internet data plan, and the ability to use such devices. The constraints related to fintech in the agricultural sector support the development of rural areas by emphasizing infrastructure and digital literacy (Pant and Odame, 2017). Urban areas typically have better access to digital infrastructure than rural areas and the adoption of digital financial services is also higher in these areas (Mhlanga and Ndhlovu, 2023; Pant and Odame, 2017).

The FAP sector in rural areas is dominated by small farmers that rarely use or have smartphones and other digital devices, which restricts small farmers’ ability to access financial services (Mhlanga and Ndhlovu, 2023). Small farmers lack the necessary digital skills to utilize online financial services effectively, which hinders their participation in the digital economy (Zhang et al., 2024). Limited offering of fintech for small farmers creates a disadvantage for them in rural areas as they have limited access to digital financial services (Yang et al., 2024). Accordingly, in rural areas, small farmers need the revitalization of digital finance for better a sustainable FAP.



2.2 Sustainability theory

The theory of sustainability was initially introduced in 1987 in the Brundtland Report, also referred to as “Our Common Future.” The United Nations World Commission on Environment and Development defines sustainable development as predicated on the notion that current requirements ought to be fulfilled while safeguarding the capacity of future generations to do so (United Nations, 1987). John Elkington introduced the notion of three-dimensional sustainability in his 1997 book Cannibals with Forks: The Triple Bottom Line of 21st Century Business as a means of quantifying sustainability. It stresses the importance of considering three interrelated aspects of business activity, namely, the economic, social, and environmental aspects (Elkington, 1997). The economic aspects relate to financial performance, while the social aspects include the social impact of business activities, and the environmental aspect relates to environmental impact. The three domains are incorporated into sustainability: the economic, the social, and the environmental (Munasinghe, 2009; Papilo et al., 2018). In the context of agricultural production systems, sustainability is intrinsically linked to the sum of the values of these three factors (Sydorovych and Wossink, 2008).

A change in organizational emphasis from short-term financial objectives to long-term social, environmental, and economic repercussions is implied by Elkington (Amos and Uniamikogbo, 2016). The approach used to evaluate sustainable development does not only see development from three dimensions (economic, ecological, and socio-cultural), but also can grow even wider (Clayton and Bass, 2011) and evaluates sustainability through economic, environmental, social, cultural, institutional, political, and security sustainability. Several other studies also incorporate five dimensions into sustainability assessment, including economic, socio-cultural, environmental, technological, and legal and institutional (Clayton and Bass, 2011; Ebrahimi and Rahmani, 2019; Hellyward et al., 2019).

Developing sustainability in fintech for the FAP sector integrates financial inclusion, social equity, and environmental responsibility to support smallholder farmers. Access to capital is a critical bottleneck for farmers in developing countries, limiting investment in productive resources (Villalba et al., 2023). Small farmers rarely take loans from formal financial institutions because of rigid requirements (Barslund and Tarp, 2008; Sekabira et al., 2023). Fintech is designed as a transformative solution by simplifying financial processes, offering mobile payments, and facilitating digital lending. The concept of fintech is making it easier for small farmers to obtain loans that support improved sustainable FAP business (Abad-Segura et al., 2020; Anshari et al., 2019). The availability of fintech services supports sustainable agricultural practices by promoting better market access, enhancing productivity, and reducing environmental impacts (Rayhan et al., 2024).

Furthermore, fintech platforms contribute to achieving several UN Sustainable Development Goals (SDGs), such as poverty reduction, economic growth, and climate action, by financing green projects and encouraging responsible investments (Carè et al., 2023). However, achieving comprehensive sustainability requires addressing challenges like the digital divide and ensuring equitable technology access for all farmers (Perdana et al., 2023). As fintech continues to evolve, its role in fostering sustainability in FAP supply chains becomes increasingly vital, offering new opportunities for resilient farming practices and improved livelihoods (Rayhan et al., 2024).




3 Methods

The research was designed with a quantitative design and using survey methods involving theory and empirical facts. The study was conducted with participants from a population using questionnaire as a data collection tool (Creswell and Creswell, 2018).


3.1 Sample and data collection

Vegetable farmers in the region of the vegetable production center in West Java, Indonesia, form the target population of this study. West Java Province is one of the largest producers of FAP in Indonesia, which accounts for 18% of total fresh vegetables production.1 In this study, sampling was carried out using stratified random sampling. Sukabumi and Garut Regencies were selected, which are the central areas for vegetable production and there are already companies in these regions that distribute fintech products. Next, from each selected regency, two sub-districts were randomly selected (Figure 1).
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FIGURE 1
 The study area map.


The target population in this study were vegetable farmers who accessed fintech and non-fintech solutions for their financial needs. Based on data from the snowball sampling technique survey at the field location, the number of active farmers in farmer groups in the two districts was 819 farmers. Furthermore, sampling was carried out using the Slovin formula. Based on this formula at an applied error rate of 5%, a sample size of 269 farmers was obtained from a population size of 819 farmers. The next stage of proportional sample selection is carried out using simple random sampling, where all farmers in the population have the same probability of being selected (Noor and Tajik, 2022) (Table 1).



TABLE 1 The number of farmer samples for each area.
[image: Table1]



3.2 Research instrument

The questionnaire was developed based on five sustainability dimensions: social, economic, environmental, technological, and institutional. Every dimension was transformed into a set of variables regarding sustainability of the FAP supply chain. The responses of each question were measured using 1–3 ordinal scale (1 = bad, 2 = average, 3 = good). The implementation of a 1–3 ordinal scale in the questionnaire was motivated by the necessity for simplicity and clarity in farmers’ responses (Dolnicar, 2003). This restricted scale facilitates interpretation and diminishes cognitive burden on responders, hence improving data quality (Hedeker et al., 2017). Furthermore, the questionnaire was given to 30 respondents to evaluate the validity and reliability of the questionnaire.



3.3 Data analysis

The Fisheries Center at the University of British Columbia has created a multidimensional scaling (MDS) analysis to assess the sustainability of fintech as a funding source. The dimensions assessed comprise the economic, social, environmental, technological, and institutional dimensions. These dimensions are determined through the utilization of fintech indicators and coordination methodologies implemented by the Rapid Appraisal Technique for Fisheries (Rapfish) program (Kavanagh and Pitcher, 2004). We then modified the Rapfish method into Rapid Appraisal for Agribusiness Finance (Rap-Agrifin). Modification was done by changing the attributes on each dimension and adapted to the agribusiness coverage. Each dimension contains attributes that have been specifically created for agriculture finance. The use of MDS in Rapfish has the advantage of being a simple but comprehensive sustainability evaluation analysis.

In terms of finance applications, Rapfish is compatible with Rap-Agrifin. This is possible because the concept of sustainable development has gained traction across all disciplines. Therefore, as submitted by Jimenez et al. (2021), the five stages undertaken in the Rapfish procedure can be applied to Rap-Agrifin as follows: (1) evaluation of attributes across multiple categories and score; (2) determination and classification of attributes; (3) using scoring to establish benchmarks for good and bad; (4) organization in multiple dimensions for each attribute; (5) Monte Carlo analysis; (6) leverage analysis; and (7) sustainability analysis. MDS is a statistical methodology that endeavors to execute transformations from higher dimensions to lower ones (Puspitasari et al., 2023). In detail, the analysis procedure with the Rap-Agrifin technique will go through several stages, as follows:

1. Gathering information regarding the condition of the research site.

2. Interviews with vegetable farmers in the province of West Java regarding research search results and indicator data.

3. Assessing sustainability factors.

4. Conduct multidimensional scaling analysis (MDS) using the Alternative Least Squares Optimal Scaling (ALSCAL) algorithm to determine orders and stress values using an Excel template.

5. Employ rotation to determine whether fintech is a favorable or unfavorable source of financing for vegetable farmers. Subsequently, in order to mitigate uncertainty, one should integrate leverage analysis and Monte Carlo simulation.

Multidimensional scaling analysis produces outcomes that are more consistent when compared to alternative methodologies employed in multivariate analysis. MDS involves the mapping of two identical points or objects to a single neighboring point. On the contrary, distinct objects or points are designated as distant points. The equation for the ordination technique or distance determination within MDS, which is based on the Euclidean distance in dimensional space (Puspitasari et al., 2023), and the equation is as follows:
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The process of approximating the ordering of these items or points involves the utilization of the point of origin (δij) to regress the Euclidean direction (dij) from point i to point j. The following outlines the similarities:
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Utilize the ALSCAL method, which is a least squares approach predicated on the Euclidean root distance (square distance), to regress the given equation. The squared distance (dijklm) is optimized in relation to the squared data (origin point = Oijklm) using this method. S-Stress is the five-dimensional (ijklm) representation of the following equation:
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The square distance is the Euclidean distance according to the equation:
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The goodness of fit is assessed by measuring the distance between the presumed point and the original point subsequent to the execution of the ordination. The magnitude of the S-stress value of R-squared is indicative of the goodness-of-fit value. According to Herdiansyah et al. (2014), a model is considered to be valid when the S-stress value is below 0.5 (S < 0.25) and R-squared approaches 1 (100%). The determination coefficient (R-squared) and stress value establish whether an additional variable is required to verify that the variable utilized accurately represents the attributes of the object being compared.

Leverage analysis and Monte Carlo analysis are utilized to demonstrate the horizontal and vertical axes that represent the location of the sustainability point in MDS analysis. The purpose of leverage analysis is to find sustainability-affecting indicators that are sensitive. According to Puspitasari et al. (2023), the purpose of leverage analysis in MDS is to ascertain critical indicators. The leverage outcome as measured by the root mean square (RMS) ordination change along the X-axis provides the essential indicator. The greater the variation in the RMS, the more responsive the indicator is to changes in the sustainability status.

Monte Carlo analysis, on the other hand, refers to the examination of uncertainty. Monte Carlo analysis is a method utilized to forecast with a confidence level of 95% the impact that random errors will have on the analytical process. Monte Carlo analysis is utilized in this instance as a simulation technique to assess the effect of random mistakes on the entire dimension. Monte Carlo technique is employed in this study to generate scatter plots that illustrate the ordinances associated with each dimension.

The value assigned to each indication for each criterion is determined by the scorer’s scientific judgment. Indicator conditions determine the range of possible scores from 1 (poor) to 5 (excellent). By performing a multidimensional analysis of the score values of each indicator, one or more points that represent the sustainable position in the five researched dimensions relative to two reference points—the good point and the bad point—are determined. Rapfish was utilized to assess the sustainability status of the scores (Geria et al., 2023).




4 Results


4.1 Validation and reliability

The validity and reliability of the questionnaire as a research instrument were tested using SPSS statistics software. Validity assesses the accuracy and appropriateness of the questionnaire in measuring the intended concept. Table 2 provides the validation result of the questionnaire. All variables have a calculated R value greater than the R table, indicating validity.



TABLE 2 Validation test result.
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Moreover, reliability testing was carried out to measure the consistency of the questionnaire over time. The indicator used in reliability testing is Cronbach’s alpha. The rule of thumb is that Cronbach’s alpha is greater than 0.60 (Khan F. Z. A. et al., 2021). Table 3 shows that the reliability result of Cronbach’ alpha is 0.915, which indicates reliability of the questionnaire.



TABLE 3 Reliability test results.
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4.2 Rap-Agrifin result

Financial sustainability of technology is one of the sources of financing based on established sustainability indicators. The assessment of the financial sustainability status of technology is analyzed using the Rap-Agrifin method in multidimensional terms and against the five sustainability dimensions: social, economic, environmental, technological, and institutional dimensions. The statistical parameters in this study consist of Monte Carlo analysis, S-stress values, and R-squared. Rap-Agrifin analysis showed goodness of fit values reflecting the magnitude of S-stress and R-squared values. The obtained S-Stress and R-squared values demonstrate that, in dimensional and multidimensional terms, each of the utilized and analyzed variables satisfies the statistical requirements and is suitable for describing sustainability.

Table 4 shows that S-Stress value is between 0.16 and 0.19 and R-squared value is at 0.92–0.94 should be noted that the goodness value of fit on Rap-Agrifin analysis is already met. Value coefficient determination (R-squared) represents the attribute’s contribution to the sustainability system, which is analyzed, is achieved. If S-Stress is also achieved, then the attribute configuration could reflect the real data, which implies the indicator used is accurate and statistically accountable. The difference between MDS and Monte Carlo is <5%, the results of this MDS analysis are sufficient as predictors of the sustainability index (Table 5).



TABLE 4 Criteria and index value as well as sustainability status.
[image: Table4]



TABLE 5 Results (goodness of fit) of Rap-Agrifin analysis and financial sustainability status of technology as a source of financing in West Java Province.
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4.3 Multidimensional fintech sustainability status in fresh product farming

Multi-dimensional Rap-Agrifin analysis using MDS resulted in the fintech sustainability index as a source of financing of 52.51. This value belongs to the category “quite sustainable,” as seen on the following ordnance scale:

The determination of this value is contingent upon multidimensional analysis, which is the calculation of the combined evaluation of all dimensions (social, economic, environmental, technological, and institutional). The sustainability index values for the social, economic, and environmental dimensions indicate a relatively sustainable position for these dimensions. In contrast, the technical and institutional dimensions are classified as less sustainable. The features of each dimension serve as parameters for determining the sustainability of fintech as a financing source. The sustainability index’s value is determined through an evaluation of 20 sustainability attributes categorized by dimension, as elaborated in Figure 2.
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FIGURE 2
 The financial technology sustainability index as a source of financing.


The sustainability index value for each dimension is depicted in the kite diagram (Figure 3), where a greater distance of the sustainability points from 0 indicates a higher sustainability value. According to Papilo et al. (2018), the diagrams are commonly known as “radar” diagrams, with the analysis distance being closer to the zero point, the less sustainable it is, and vice versa.
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FIGURE 3
 Kite diagram of the fintech sustainability index as a source of financing.


The graphic indicates that the technological dimensions have the lowest sustainability index value, followed by the institutional, environmental, and economic dimensions, with the social dimension having the greatest value. The fintech sustainability status as a source of funding that is integrated across the various criteria of sustainability can be depicted using a kite diagram.



4.4 Sustainability status based on each dimension


4.4.1 Social dimension

A crucial requirement for developing sustainable financial technology is its social impact. One of the foundations of sustainable development, the social component, can aid in rural development and the alleviation of poverty (Suárez Roldan et al., 2023). Three attributes are utilized in this study to assess the sustainability of the social dimension of financial technology as a financing source: (1) gotong royong culture/cooperation; (2) empowerment/capacity building; and (3) family support (Campagnaro and D’urzo, 2021; Hikmah et al., 2017; Suárez Roldan et al., 2023).

The Rap-Agrifin analysis with three social dimensions showed that technology as a source of financing has a financial sustainability index value of 63.22. The social dimension category is considered to be “quite sustainable,” even when looking at the sustainability position and sensitivity analysis of the social dimensions (Figure 4).
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FIGURE 4
 Sustainability status and sensitivity (Leverage) analysis of social dimension [Left Figure: the clustering points (blue) indicates the sustainability assessments and the spread of points refer to anchor in the evaluation].


An ordination analysis activated with twice iterations shows goodness of fit conditions in the category fair with a determination value (R-squared = 0.93), and the S-stress value is 0.16, or 16%. This result has met the statistical rules of multidimensional scaling (MDS) analysis. The sensitivity analysis (leverage) of three social dimension attributes shows that empowerment/capacity building has the maximum leverage amount, depicted in Figure 3. As you can see, this attribute has an RMS value of 19.31. Based on Monte Carlo’s analysis performed with twice iterations. The ordination point remains fixed and concentrated, and signifying the stability of the order.



4.4.2 Economic dimension

The economic aspect of fintech sustainability was analyzed using Rap-Agrifin and compared to the whole attribute. The value of the sustainability index for the economic aspect is 58.26, which is in the “quite sustainable” category.

Ordination analysis in the economic dimension with two iterations yields a value (R2 = 0.92) and the S-Stress value is 0.19, or 19%. The economic analysis in this study demonstrates goodness-of-fit conditions in the category sufficient (fair). Sensitivity analysis on economic dimensions using leverage analysis methods on Rap-Agrifin software showed the three attributes tested. Figure 5 displays two sensitive attributes that have the highest influence on the sustainability of fintech as a source of financing, namely, revenue/profit with a value of RMS 3.01 and price with RMS 2.35. According to Puspitasari et al. (2023), a higher leverage analysis number indicates a greater sensitivity of the feature to determining sustainability. Based on a previous survey, enhancing the sustainability status of the economic dimension necessitates careful consideration and analysis of the above-mentioned attributes.
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FIGURE 5
 Sustainability status and leverage analysis of economic dimension [Left Figure: the clustering points (blue) indicates the sustainability assessments and the spread of points refer to anchor in the evaluation].


The stability of the order is indicated by the fact that the ordination point remains unsplit, as demonstrated by the Monte Carlo simulation. The stability of ordination can represent sustainability well (Lloyd Chrispin et al., 2022).



4.4.3 Environmental dimension

In a sustainable natural resource management, it is essential to preserve the original function of natural resources while meeting eco-efficacy criteria, which ensures both economic and environmental efficiency (Dai and Chen, 2023; Yue et al., 2020). Environmental attributes are chosen to demonstrate the environmental impact of utilizing natural resources and the environment on sustainability (Khan I. et al., 2021). Measuring the sustainability of the financial environmental Agrifin analysis, among others: (a) water efficiency use; (b) use of organic fertilizers and pesticides; (c) usage of local and certified seeds; and (d) planting patterns (Dai and Chen, 2023; Khan I. et al., 2021).

According to the findings of the Rap-Agrifin analysis, the value of the sustainability index of fintech on environment dimension as a source of financing was 52.94 and categorized as quite sustainable category, as shown in Figure 6. Farmers’ lack of understanding and concern for environmental sustainability is causing this issue, which is crucial for the sustainability of fresh produce.
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FIGURE 6
 Sustainability status and leverage analysis of environmental dimension [Left Figure: the clustering points (blue) indicates the sustainability assessments and the spread of points refer to anchor in the evaluation].


Ordination analysis on environmental dimensional sustainability performed with two iterations yields a value (R2 = 0.92) and S-stress value of 0.19 or 19%. Thus, environmental dimension sustainability analysis shows goodness of fit conditions in fair categories and has fulfilled the criteria of multidimensional scaling (MDS) analysis well. The results of the leverage analytics identify the two traits most susceptible to impacting environmental sustainability are the use of local and certified seeds with RMS value of 0.44 and the use of organic fertilizers and pesticides with RMS value of 0.38.

The ordinating point is not dispersed, as determined by the Monte Carlo simulation. This indicates that the ordinances are stable; therefore, the MDS analysis for the ambient dimensions is deemed to be in satisfactory condition.



4.4.4 Technological dimension

Measuring fintech sustainability on technology dimension as a source of financing using four measurement attributes: (a) technology adaptation, (b) response to financial literacy, (c) availability of fintech-supporting technology, and (d) compatibility of technology with farmers’ capabilities (Cai et al., 2024; McIntosh and Mansini, 2018; Pertiwi et al., 2017; Sands and Podmore, 2000).

Rap-Agrifin’s analysis of the technology dimension of fintech as a source of financing resulted in a sustainability index of 46.69 and falls into the category of less sustainable. The position of the ordination point can be seen in Figure 7. It shows that the utilization of technology by farmers is not yet at its peak. Rap-Agrifin analysis of the technology dimension leads to a value of R2 = 0.92 and an S-Stress value of 0.18, or 18%. The study’s investigation of technology dimensions revealed the goodness of fit as fair.
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FIGURE 7
 Sustainability status and leverage analysis of technology dimension [Left Figure: the clustering points (blue) indicates the sustainability assessments and the spread of points refer to anchor in the evaluation].


The leverage analysis aimed to identify the critical attributes that have the greatest potential to affect the sustainability of the technology dimension. As illustrated in Figure 7, the outcome of the analysis of the four attributes indicates that technology adaptation has the greatest impact on the continuity of the technological dimension. Three most affecting attributes in technology dimension are the technology adaptation attribute with RMS value of 2.46, the response to financial literacy with a ratio of RMS 2.21, and the availability of fintech support technology with an RMS of 1.78. It shows that to enhance the sustainability of the technological aspect, it is crucial to focus on and take into account certain aspects.

The order’s stability is confirmed by the clustering of the ordination points in the Monte Carlo simulation, indicating that the MDS analysis for the sustainability of technological dimensions is considered adequate.



4.4.5 Institutional dimension

The institutional dimension is the part involved in measuring fintech sustainability as a source of financing. Institutional sustainability refers to a group or agency’s capacity to perform institutional duties that support business activity. Measuring the sustainability of institutional dimensions uses six measurement attributes: (a) membership in a group facilitates access to financing services; (b) being a group member facilitates the sharing of knowledge and information; (c) government policies on the price of means of production; (d) government policy on prices of output; (e) whether there is an agency overseeing fintech; and (f) if there is a fintech literacy of a producer or other party (Disemadi, 2021).

Based on Rap-Agrifin’s analysis of institutional dimension, it indicates that the sustainability index of the institutional dimension of fintech as a source of funding institutions is 43.33 and categorized as less sustainable. The position of the ordination point is presented in Figure 8. The results suggest that further refinement and development of the institutional function are necessary to progress.
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FIGURE 8
 Sustainability status and leverage analysis of institutional dimension [Left Figure: the clustering points (blue) indicates the sustainability assessments and the spread of points refer to anchor in the evaluation].


Rap-Agrifin analysis in institutional dimension is performed with two iterations and yields (R2 = 0, 94), and the S-Stress value is 0.16, or 16%. Then the value of goodness of fit in the institutional dimension sustainability analysis is in fair condition and has met the criteria of a good MDS analysis. A sensitivity analysis was performed, which highlighted Government policies on the price of production facilities as the critical attributes on institutional dimension.





5 Discussion


5.1 Social dimension

Vegetable farmers in production centers in West Java have long had “gotong royong” culture or cooperation as social capital, where farmers can learn, help, and strengthen each other through groups. Social capital is the values and norms shared by members of a group of society so that cooperation can take place within the group (Harutyunyan and Valadbigi, 2012). Furthermore, working together can develop a high level of thinking and communication skills and increase interest and confidence (Nahar et al., 2022).

The most influential attribute is empowerment and capacity building activities, mainly through the use of technology related to applications and cultivation. Empowerment is a form of increasing the knowledge and capacity of farmers, where it increases the value-added for products for both farmers and consumers (Hermiatin et al., 2022). The use of technology for farmers is not only on cultivation techniques, it is also linked to the use of smartphones as one of the facilities that farmers must understand to operate, although in the early stages, it was much assisted by guides. The urgency of smartphone ownership in farmers’ family is increasing due to the pandemic effect, where the smartphone supports all kinds of activities, such as learning for student and communication. Although farmers re empowered to use smartphone, access to fintech should be provided by fintech companies.

As regard the attribute of family support, as is the custom of farmers in the countryside, when making decisions they always involve their family, especially their wives, even though the decisions are fixed by the head of the family. Moreover, family support is necessary because farming is the primary source of income for the family. Empowerment is an important factor in influencing the sustainability of this fintech, which means it is important to socialize and educate farmers on fintech so that farmers are willing to join and use it. Farmers are basically not fully aware of fintech; therefore, training is needed to demonstrate how to operate smartphones, how to understand cash flow, and other details related to finance. Farmers have not known in detail about the benefits and risks arising from the use of fintech (Rufaidah et al., 2023). Farmers also have not understood the mechanisms of transactions using fintech and are not familiar with the fintech companies.

Being aware of the current condition, the fintech company that is implementing on chili farmers in West Java provides a facility called Responsive Aspirations of Farmers (ATAP). ATAP is a place where farmers can gather and consult with fintech providers about everything about online applications developed by fintech providers. In addition to the application, farmers can also consult on matters related to the cultivation of fresh products. In order to achieve this goal, fintech companies themselves need to communicate well with farmers, but communication can work well if supported by good competence anyway (Rufaidah et al., 2023).



5.2 Economic dimension

Economic factors play a crucial role in assessing the financial viability of technology as a funding source. The economic dimension refers to the capacity to fulfill farmers’ requirements in a sustainable manner (Zorn et al., 2018). The economic dimension is a key component of the notion of sustainable development outlined by Blackburn (2008), which states that economic success involves the prudent allocation of financial resources for the benefit of society. Farmers’ ability to access finance is a form of increasing farmers’ level of competence and adding value-added supply chains (Pothula, 2023). There are three attributes of measurement in the economic dimension analyzed by Rap-Agrifin analysis: (a) productivity, (b) price, and (c) income or profit.

The primary factor that has the most impact on fintech sustainability in the economic realm is money or profit. Income or profit is the most influential factor in driving the sustainability of financial technology among vegetable farmers in West Java. Income has become one of the factors that farmers pay great attention to in improving their wellbeing. Labor capital financing, investment, and consumption greatly help people increase their production and meet their consumer needs. There is an increase in production as a result of additional enterprise capital, which in the end can increase revenue.

The next most sensitive attribute is price. Prices are basically related to the income or profits that farmers will earn. The selling price of commodities produced by farmers is basically fluctuating, which also causes fluctuations in income. An arrangement between farmers and fintech companies to be off-takers of farmers’ products can help to mitigate these shifting situations. Fintech can cooperate with farmers in terms of capital provision and distribution of output so that price fluctuations can be overcome (Pothula, 2023).



5.3 Environmental dimension

Local and certified seeds are the primary factor influencing the sustainability of the environmental dimension. The majority of farmers have not yet used certified seeds and usually use self-developed seeds. As a result of the use of such non-certified seeds, the produce realized by farmers is less optimal. This eventually leads to low relative income for the farmers. This can be overcome by partnering with fintech, where there is a role in providing production needs, including certified seeds. Capital borrowed by fintech at the research site is in kind except to pay labor in money.

Another factor influencing the sustainability of the environmental dimension is the utilization of organic fertilizers and insecticides. Fertilizers and organic pesticides are important in humanitarian activities. Farmers rarely use organic fertilizers and organic pesticides because they are accustomed to using inorganic fertilizers and pesticides. This causes farmers to become heavily dependent on artificial chemical fertilizers and pesticides (Rahman and Zhang, 2018). Nevertheless, in this research, in-kind capital was given in the form of fertilizers and pesticides, the supply of which cooperated with the kiosks (sell production facilities) closest to the location of the farmer. Although only organic basic fertilizer was given, the supply of other inorganic fertilizers and pesticides are restricted according to their needs, so farmers are limited in their use of inorganic fertilizers and pesticides. This condition causes the sustainability index for the environmental dimension to be quite sustainable.



5.4 Technological dimension

The sensitive attribute that affects the technology dimension of fintech sustainability as a source of financing is technology adaptation. Technology is less familiar among farmers, so adaptation to technology tends to be difficult. Farmers are used to conventional methods and often do not want to adapt to something new, including fintech. Farmers do not have the ability to operate the features that exist in smartphones. Farmers only use smartphones for communication and feel it is going to be difficult if they have to run fintech (Septiani et al., 2020).

The responses of farmers to financial literacy is also sensitive to the technological dimension. Farmers’ financial literacy is relatively low, so farmers know less about fintech. Farmers consider that fintech is an illegal financing alternative and could cause losses to them. They have a negative view of fintech because of a lack of insight into legal fintech. Farmers need to be educated about it to get used to technology and access legal fintech.



5.5 Institutional dimension

The primary attribute most affecting the sustainability of the institutional dimension, with an RMS of 4.02, is government policy on the price of production facilities. The price of the production facilities and the sale price are related to the income that the farmer will earn. Various production inputs are hard to find and tend to have high prices, such as seeds, fertilizers, and pesticides. Subsidized fertilizers are difficult to obtain because of the various procedures that must be undertaken. Farmers sometimes choose to buy non-subsidized fertilizer, which is obviously more expensive. Then there is also a possibility that fertilizer will not be subsidized again and handed over to market mechanisms. It would make it harder for the farmer if the sale price did not match the cost he was charging. This can be overcome by partnering with fintech so that additional capital can be obtained and also a suitable sale price. Fintech has a role to play in providing markets for farmers (Anshari et al., 2019).

The second most critical factor influencing the sustainability of the institutional dimension is the government’s policy on the price of agricultural output, with RMS of 2.52. Governments tend not to make price interventions for fresh agricultural products, so often product prices fluctuate. When products are abundant, prices tend to be low, and vice versa when products have slightly higher prices. The fluctuating sales price can be overcome through a partnership with fintech. The role of fintech as a market provider could be exploited to ensure that farmers obtain fixed and agreed-upon prices (Septiani et al., 2020).



5.6 Fintech to leverage sustainable FAP supply chains

The success of collaboration FAP supply chains involving small farmers is related to the local social culture. Through collective spirit, farmers can easily share knowledge and mutual support, aligning with the concept of social capital as shared values that facilitate cooperation (Harutyunyan and Valadbigi, 2012). The social capital also influences farmers to develop the cognitive skills, communication abilities, and confidence to work together, bolstering their productivity and problem-solving capacity (Nahar et al., 2022). However, capacity-building efforts remain essential for sustainable integration of fintech, particularly around smartphone usage and financial technology (fintech). Fintech companies should train small farmers to leverage digitalization knowledge for financial transactions, fostering an environment where technological and financial literacy gradually enhance their operational capabilities.

The sustainable dimensions that give challenges and opportunities for farmers are economic, environmental, technological, and institutional. Economically, the potential for increased income and stable pricing through fintech partnerships is significant since fluctuating product prices impact farmers’ profits (Pothula, 2023; Zorn et al., 2018). Environmentally promoting certified seeds and organic fertilizers through fintech initiatives can improve sustainability, albeit with challenges, as many farmers are accustomed to conventional fertilizers (Carè et al., 2023; Rayhan et al., 2024). According to the technological perspective, comprehensive fintech literacy and technical training are necessary for small farmers to improve their adaptability to using fintech (Carè et al., 2023; Rayhan et al., 2024; Septiani et al., 2020). Fintech can help stabilize input and output prices, mitigating financial risks that arise from government price interventions and market dynamics (Anshari et al., 2019; Mapanje et al., 2023; Qawi and Karuniasa, 2020). Fintech is not just a funding source for small farmers but also has a role in aligning producers and markets, which has the potential to develop resilience and sustainability of the FAP supply chains involving small farmers.




6 Conclusion

This study sheds light on the sustainability index of financial technology (fintech) within the agriculture sector, focusing on fresh produce farming. It considers various dimensions, including social, economic, environmental, technological, and institutional factors. Implementing the Rap-Agrifin method, which demonstrates the efficiency, evaluates farmers’ perceptions of sustainability factors to understand the contribution of fintech in supporting sustainability in FAP supply chain.

The findings reveal that the overall sustainability index of fintech in agriculture as “quite sustainable.” It shows fintech contributions to developing sustainability in the FAP supply chain, particularly farmers. Fintech empowers farmers through capital and market access to improve their productivity to achieve optimum profit and increase farmers’ livelihood.

However, social, economic, and environmental factors reflect sustainability among the dimensions, which means fintech is proven to be supporting the sustainability of the FAP supply chain, especially in those three dimensions. However, fintech implementation in Indonesia still has weak support for technology and institutional factors.

Further investigation through leverage examination identifies critical variables impacting fintech sustainability, notably the social dimension of empowerment and capacity building, which is crucial for small farmers new to fintech usage.

Moreover, technological adaptations are stressed, necessitating capacity-building efforts to enhance farmers’ technology utilization. Government regulations regarding pricing also significantly impact fintech sustainability, affecting farmers’ profits and product pricing.

To develop justifiable technological and financial strategies, it is imperative to consider these factors comprehensively. While improvements are needed across all dimensions, particular attention should be given to enhancing technological sustainability, which remains a concern for farmers. By encouraging farmers to maximize smartphone usage alongside adopting sound cultivation practices, they can play a pivotal role in addressing this issue, feeling empowered and integral to the process.

In essence, by addressing the identified challenges and leveraging the strengths of each dimension, stakeholders can work toward enhancing the sustainability of fintech in the agriculture sector. This not only promotes socio-economic development and environmental conservation in the long term but also opens up new avenues for innovation and growth, instilling a sense of hope and motivation.


6.1 Limitation

The study focuses on the sustainability dimensions of financial technology (fintech) within the agriculture sector, specifically on FAP with the involvement of small farmers. This study may restrict the generalizability of the findings to other agricultural sub-sectors or regions. The sustainability dimensions is based on farmers’ perceptions of sustainability factors, which may vary based on individual experiences, knowledge, and biases. This subjectivity could introduce variability and skew the results. Illegal fintech (not officially registered with government financial institutions) influences bias in farmers’ perception and knowledge when conducting interviews. Thus, different commodities and regional characteristics may produce different results.



6.2 Future directions for further research

From this research, the multidimensional scaling (MDS) approach in Rap-Agrifin has proven to rapidly analyze the sustainability of finance in agriculture. It is an opportunity for future research in agriculture financing to use this method. Extending the analysis beyond fresh produce farming to include other agricultural sub-sectors would facilitate cross-sectoral comparisons and enrich our understanding of fintech sustainability across diverse agricultural contexts. This approach can identify sector-specific challenges and opportunities for fintech adoption and sustainability. Furthermore, future research should examine the impact of government policies and regulations on fintech to foster sustainability in the agriculture sector. Analyzing the role of regulatory frameworks in shaping farmers’ access to fintech, pricing mechanisms, and overall sustainability can inform policy recommendations to foster a supportive environment for fintech innovation.

In the long run, in order to improve sustainability in Indonesia’s agriculture, the government and other stakeholders need to give more attention to factors that are still weak, which are institutional and technological and involve building agricultural financing governance to accommodate knowledge transfer and practice on agriculture finance to farmers, especially applications of fintech.
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Society and policy demand greater sustainability of food systems, driving practitioners to improve the transparency of supply chain networks through digital innovation. Uncertainties regarding the structuring of relationships with primary and secondary stakeholders for sharing intangible data and information diminishes the potential for exploitation of digital transparency. While businesses are accustomed to organizing efficient flows of tangible goods, management research integrating digital transparency considerations to investigate and conceptualize structural changes in agri-food supply chain networks (AFSCNs) is scarce. This gap motivates the following four questions of this study: (1) Who are the primary and secondary stakeholders in the AFSCNs of the digital era? (2) What are their transparency interests? (3) How do AFSCN structures change with the emergence of digital innovations that can facilitate sustainability transition through greater transparency? (4) How to conceptualize those structural changes to AFSCNs? The netchain approach and respective transparency concept are integrated with classical stakeholder theory. Data was collected via a series of 21 semi-structured pilot interviews with technology providers in the EU agri-food sector and analyzed using structured content analysis. Results paint a complex picture of contemporary primary and secondary stakeholders of AFSCNs and their interests. Primary stakeholder interests lead to coopetition in vertical and horizontal relationships of the netchain and low transparency efforts by intermediaries. Both hamper the dissemination of digital innovations and the exploitation of their potential to improve AFSCN sustainability. Among secondary stakeholders, policymakers and governments, NGOs, and technology providers excel in being drivers of digital transparency for sustainability, with social media as a strong direct communication tool to reach netchain stakeholders, consumers, and research institutes/universities as collaborators and customers. The emergence of “information AFSCN” and “digital AFSCN” increases the complexity of the whole supply chain network through intermediation, reconfiguration, and emergence modes of change to underlying structures. Agri-food business managers, scientists, and policymakers should innovate in private and public governance to facilitate collaborative advantage and sustainability in a combination aligned with innovative digital transparency solutions.
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1 Introduction

Agri-food systems worldwide are coming under ever-increasing pressure to address contemporary sustainability challenges of the 21st century (Béné, 2020; Hellegers, 2022; Jaiswal and Agrawal, 2020; Meuwissen et al., 2019; Pingali, 2015). In the European Union (EU), the Farm to Fork strategy is a key plank in the European Green Deal with the objectives of making agri-food systems fair, healthy, and environmentally friendly. The European Green Deal necessitates significant change and furnishes the EU agri-food sector with a foundation to flourish in a dynamic business environment that embraces new ideas and technologies (European Commission, 2022). To facilitate achieving the goal of making agri-food systems more sustainable, agri-food supply chain networks (AFSCNs) must become more transparent. Through greater transparency, sustainability efforts can be controlled across stages of even complex global supply chains, and common market failures mitigated. Still, practitioners often counter transparency with caution, given the uncertainties about the usage of their information and data (Gardner et al., 2019). Bad data governance, power imbalances, competitive disadvantages, diverse transparency interests of supply chain network stakeholders, and technical and structural incompatibilities are typical barriers in sharing information and data of the own business. Digital innovations emerging over the past two decades are effective tools to overcome those barriers when managed well in collaboration with various other stakeholders, including competitors, and for shared transparency benefits (Gardner et al., 2019; Carmela Annosi et al., 2020). Although one of the five thematic clusters of social science literature linked to agriculture 4.0 is the “economics and management of digitalized agricultural production systems and value chains” (Klerkx et al., 2019, p. 1), management decision-making to form and maintain multistakeholder relationships in supply chains and networks remains challenging across strategic, tactical, and operational levels, given the limited guidance that exists on the “collaboration-battlefield” of the two agri-food business megatrends “digitalization-sustainability” (Lichtenthaler, 2021).

Much of the contemporary social science literature on agri-food focuses either on the development and adoption of digital innovation to increase transparency, efficiency, and sustainability (e.g., Silvestri et al., 2023; Benyam et al., 2021), the creation of digital innovation ecosystems (Wolfert et al., 2023), or on the sustainability transition of the food system through innovation in general (e.g., Herrero et al., 2020; Barrett et al., 2022). Of the latter studies, only a few investigate the role of supply chain transparency in-depth and mainly as a catalyst rather than part of the transition process (Gardner et al., 2019); although digital innovations can modify which data and information business decision-makers consider relevant, complete and correct, and thus reshape their transparency interests (Flyverbom, 2016). Research that links the topics of “digitalization” and “sustainability” in the agri-food sector is still in its infancy; it focuses on identifying new research pathways (Klerkx et al., 2019) and developing a first integrative conceptual framework (Lichtenthaler, 2021). This similarly holds true for management studies considering the digitalizing transparency of AFSCNs toward sustainability transitions in the food system in particular. In their qualitative study, Carmela Annosi et al. (2020) implicitly open critical pathways for supply chain governance research to overcome the digitalization barrier of difficulties in collaboration and coordination between partners, especially those of diverging goals and size, and support the respective drivers of striving for higher competitiveness and eco-friendliness in food supply chains. Gardner et al. (2019) started walking the pathway by developing 10 initial propositions toward conceptualizing the role of transformative AFSCN transparency to generate knowledge for sustainability from a supply chain perspective, which assigns central importance to trust and cooperation among stakeholders sharing information. Their request for deeper investigations of the induced changes in collaborations between actors across sectors and supply chain levels underlines that in the context of sustainability transitions, existing literature falls short of a multistakeholder perspective on structural changes in digitalizing AFSCNs that evolve equally around transparency from the flow of intangible data and information and the flow of tangible goods and services.

To close this gap in the literature, we ask the following four questions: (1) Who are the primary and secondary stakeholders in the AFSCNs of the digital era? (2) What are their transparency interests? (3) How do AFSCN structures change with the emergence of digital innovations that can facilitate sustainability transition through greater transparency? (4) How to conceptualize those structural changes to AFSCNs? To answer these questions, we integrate the netchain approach and respective transparency concept (Lazzarini et al., 2001; Hofstede, 2003; Nijhoff-Savvaki et al., 2008; Otter et al., 2014; Adetoyinbo et al., 2023) with classical stakeholder theory (Freeman 1984) to identify and conceptualize stakeholders and their relationships in the context of digital transparency for sustainability in modern AFSCNs. Data was collected via a series of 21 semi-structured interviews with technology providers in the EU agri-food sector and analyzed using structured content analysis.



2 Materials and methods

This research follows an abductive approach as described by Timmermans and Tavory (2012) in two steps. In the first step we deduce from existing literature on supply chain networks and stakeholder analysis in agri-food systems conceptual insights on primary and secondary stakeholders, their relationships and interests, the understanding of transparency in governance structures, as well as the changes induced by digital innovations and their providers to agri-food supply chain organization in the context of the two megatrends “digitalization” and “sustainability.” In the second step, we draw new empirical insights on those themes from qualitative interview data to extend the state-of-the-art and further develop our literature-based propositions.


2.1 A stakeholder perspective on digital transparency in sustainable agri-food “netchains”

Netchain analysis is a concept that integrates both supply chain and network analyses and considers inter-organizational collaboration based on different types of interdependencies (sequential, pooled, and reciprocal) between firms within particular industries or groups. As such, the original concept focused on the value creation and coordination mechanisms in vertical and horizontal relationships between members of different stakeholder groups (Althoff et al., 2005; Lazzarini et al., 2001; Otter et al., 2014). Empirical applications of the netchain concept in AFSCNs paint a complex picture of the organizations involved and their relationships (see Figure 1). Those organizations pursue their business activities on the supply chain stages of input provision, primary production, collection and processing, manufacturing, and distribution into customer channels. Between the firms that are producing agri-food products by adding and creating value across various tiers, intermediaries trade or transport the products further downstream. The complexity of netchains correlates with their geographical scope ranging from local, regional, and national to global (Nijhoff-Savvaki et al., 2008; Otter et al., 2014; Adetoyinbo et al., 2023). Past empirical studies on agri-food supply chains typically describe information as product(ion)-related and “accompanying” the product flows to reciprocal interdependencies in vertical and horizontal relationships (Nijhoff-Savvaki et al., 2008; Theuvsen, 2004).
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FIGURE 1
 Classical netchain of an agri-food product. [Source: Authors’ own creation based on Lazzarini et al. (2001) and Djekic et al., 2021].


The digital era has shifted society and business toward being more information-driven (Flyverbom, 2016). Digital solutions, such as blockchain technology, artificial intelligence (AI), data platforms, and online marketplaces, intermediate the product markets underlying the netchain relationships (Carmela Annosi et al., 2020) and beyond. Netchain structure, comprising supply chain actors and their relationships, is one of three decision components of the business ecosystems digital innovation ecosystems are embedded into. While some organizations, like digital technology provider Google, position themselves as “open by default” to create and capture value from information and data, for example, knowledge, the emergence of digital innovation ecosystems comes with platforms to join developers with users in the agri-food netchain for collective value creation and capture from the technology and information flowing between them (Wolfert et al., 2023; Flyverbom, 2016). Consequently, digital technologies may facilitate the formation of new sequential, reciprocal, and pooled relationships between agri-food netchain organizations that are based on information and data exchange to single-firm and/or collective benefits from following a joined digital innovation strategy.



Proposition 1: With ongoing digitalization, the flow of intangible information and data in netchains increasingly detangles from the flow of tangible products.

 

Subsequent research on agri-food products has developed the netchain concept of Lazzarini et al. (2001) further by extending it toward external/lateral relationships (Althoff et al., 2005; Otter et al., 2014; Nijhoff-Savvaki et al., 2008; Adetoyinbo et al., 2023), considering that netchain firms can interact with a vast variety of other “non-chain” organizations, but not necessarily economically (Nijhoff-Savvaki et al., 2008) as depicted in Figure 2. Such relationships were first defined by Althoff et al. (2005, p. 28) as related services that are “(..) responsible for supportive activities. They have a major influence on the core processes. These include input providers and by-product users, consulting/advisory and veterinary services, quality programs and their certifiers and public bodies responsible for inspection activities”. Later studies agglomerate the organizations to which external/lateral supply chain network relationships are maintained in a broader sense as simply “stakeholders” that do not belong to any supply chain stage, also including, for example, NGOs, research institutes/universities, and providers of (digital) technologies that develop innovative tools, and/or collect, store, process, and disseminate data and information (Nijhoff-Savvaki et al., 2008; Otter et al., 2014; Adetoyinbo et al., 2023).
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FIGURE 2
 Supply chain network of an agri-food product. [Source: Authors’ own creation based on Lazzarini et al. (2001), Nijhoff-Savvaki et al. (2008), Otter et al. (2014), Adetoyinbo et al. (2023), and Djekic et al. (2021)].


Stakeholders are broadly defined as a set of individuals who either affect or are affected by the operations of an organization (Clarkson, 1995; Freeman 1984; Mitchell et al., 1997). From a value creation perspective, the collective endeavors of stakeholders are key, while the withdrawal of their support can threaten the viability of a business to operate as a going concern (Freudenreich et al., 2020). Stakeholders can be either primary when they have an economic interest in a transaction or secondary when they exert influence or are influenced by an organization but are not transacting with it directly (Freeman 1984). That conceptual framing defines organizations that pursue economic interests while transacting a particular agri-food product and related data within vertical and horizontal netchain relationships as primary stakeholders. Organizations are defined as secondary stakeholders if they are involved in providing or co-creating institutional environment and related services that are unspecific to a particular agri-food product within lateral relationships to primary stakeholders (see Figure 2). The generic four main stages of agri-food supply chains—producers, processors, traders (including retailers), and consumers—(Bellemare et al., 2017; Carmela Annosi et al., 2020) are in the stakeholder literature considered primary stakeholders (Djekic et al., 2021), while policymakers, governmental offices (e.g., control bodies), NGOs, media, private standard setters, certification bodies, laboratories, research institutes, universities, financial services and advisory services (Nijhoff-Savvaki et al., 2008; Otter et al., 2014; Adetoyinbo et al., 2023) are considered as secondary stakeholders (Djekic et al., 2021). Primary and secondary stakeholders and their relationships with each other constitute AFSCNs1.

Secondary stakeholder roles and interests in agri-food supply chains developed toward being sustainability focused over the past three decades. Policymakers manifest sustainability focus toward the achievement of the United Nations’ (UN’s) Sustainable Development Goals (SDGs) in their agendas, such as the EU Green Deal, and legislation on EU-, national, and federal levels (Djekic et al., 2021; European Commission, 2022). Private standard setters complement public sustainability standards, and certification and control bodies, together with laboratories, to assure compliance, often communicated through food labels (Djekic et al., 2021). Media and NGOs have power over the generation of agri-food sustainability knowledge in the society at large by mediating the process through decisions over which information is shared and when. Particularly the rise of social media in the digital era, leads to different forms of imperfect information beyond incompleteness. Being a playing field of communication for various AFSCN primary and secondary stakeholders, hypes are created about some sustainability topics over others (Djekic et al., 2021; Stevens et al., 2016). Research institutes and universities generate new findings from data and disseminate them to students and other stakeholders of the AFSCN, as do advisory services (Djekic et al., 2021). Financial institutes influence through credit approvals which investments into sustainable innovation are being made in agri-food and technology companies. Particularly startups depend on external funding to scale up. To make informed decisions about sustainability-focused investment, investors depend on access to reliable indicators and data (Negra et al., 2020). Agri-food technology providers contributed to the emergence of the digital era by shifting their focus from hardware to software innovations to create and capture value. Software innovations are tools that help collecting, storing, processing, and disseminating data and information. Technology providers offer those tools themselves and/or services related to the use of these tools (Kosior, 2018; Poppe et al., 2013).



Proposition 2: In the digital era, secondary stakeholders’ value creation and capture from intangible sustainability information and data proliferates in AFSCN.

 

“Technology providers” is a term used in science and practice that groups organizations of different scales and product/service portfolios. Some technology providers increasingly equip their traditional machinery and hardware products with software (e.g., tractor manufacturers like Deutz Fahr, John Deer, and CLAAS), while others develop innovative machinery that depends in its functioning inevitably on the complementary digital tool (software) and data (e.g., manufacturers of robotics for production and processing). Those firms are considered input suppliers and thus primary stakeholders of the AFSCN, as machinery constitutes a classical input to agricultural production and food processing. A third type of technology providers in agri-food focuses its activities on digital tools in the form of software and related services. Contemporary examples are blockchain technology, the Internet of Things (IoT), AI, cloud computing, big data platforms and decision support systems. Some of these digital tools go beyond the pure collection, processing, storing, and distribution of data and information by contributing to the generation of new knowledge (e.g., decision support systems). The grouping of an organization with the latter portfolio to the primary or the secondary AFSCN stakeholders depends on the concrete tool and service provided and whether it constitutes an input or a related service to facilitate the value creation of agri-food products (Wolfert et al., 2023; Lezoche et al., 2020). What unites all the different technology companies is the joined interest in digital transparency, which can be achieved only through the interconnectivity of tools and systems (Carmela Annosi et al., 2020).



Proposition 3: Technology providers can be either primary or secondary stakeholders to the digital AFSCN depending on their value creation and coordination function.

 

In the EU, transparency of agri-food supply chains became a hot topic with the bovine spongiform encephalopathy (BSE) crisis at the end of the 1990s and was responded by politics with integrating the agri-food business obligation of tracking and tracing products “one step forward and one step back” the chain into to EU General Food Law (European Commission, 2007). Since then, the understanding of agri-food transparency in science and practice has often been reduced to traceability, and the two terms used interchangeably in studies (Patelli and Mandrioli, 2020; Gardner et al., 2019). The term traceability is legally defined in the EU General Food Law as “the ability to trace and follow a food, feed, food-producing animal or substance intended to be, or expected to be incorporated into a food or feed, through all stages of production, processing and distribution” (European Parliament 2002, 8). Researchers like Gardner et al. (2019, p. 164) often view “transparency broadly as a state in which information is made apparent and readily available to certain actors.” Hofstede (2003, 18) provides with “the extent to which all the netchain’s stakeholders have a shared understanding of and access to, the product-related information that they request, without loss, noise, delay, and distortion” a more comprehensive, while concrete definition beyond the purely vertical and linear supply chain perspective and on the edge of business and information science. In that view, tracking and tracing (history transparency) is a subset of overall transparency, next to information exchange that helps coordinate processes and procedures (operations transparency) and exchange of strategic information (strategy transparency), for example, on the development of product innovations. Particularly strategy transparency is relevant in the context of digital innovation ecosystems and today’s demands of society at large for sustainability in AFSCN, as innovation development is accelerated by co-creation between developer/provider and users, and interoperability of digital tools can only be achieved in collaboration (Wolfert et al., 2023). Interoperability helps AFSCN’s primary stakeholders in obtaining a competitive advantage by assuring sustainability through history transparency and greater efficiency from operations transparency based on data and information from digital tools.



Proposition 4: Transparency for sustainability constitutes the game-changing interest of technology providers in AFSCN relationships.

 

Coopetition, meaning “a situation where competitors simultaneously cooperate and compete with each other” (Bengtsson and Kock, 2003, p. 38) to enhance the collective outcome, in turn leading to greater individual outcomes from competitive advantage. Different forms of coopetition have a long history in EU agri-food supply chains. Farmer cooperatives, machine rings, and food retailers’ category management systems are only a few examples (Walley and Custance, 2010). Both, the digitalization and the sustainability megatrends share that individual firms can capture more value from collaborative advantage rather than competitive advantage (Wolfert et al., 2023; Gardner et al., 2019). With the emergence of initiatives such as digital platforms for digital innovation ecosystem building (Wolfert et al., 2023; Kosior, 2018) and sustainability alliances to create greater transparency (e.g., Tropical Forest Alliance) (Gardner et al., 2019), AFSCNs show tendencies toward supply chain integration and collaborative value co-creation instead of exchange to individual benefits, also including secondary stakeholders (Carmela Annosi et al., 2020). The development and creation of innovative organizational structures in AFSCN are fueled by the need for clear governance of business relationships between stakeholders to define ownership rights over the intangibles, particularly strategic information and intellectual property over innovations (Wolfert et al., 2023; Flyverbom, 2016; Kosior, 2018). The social media opportunities agri-food stakeholders have today contributed to AFSCN integration and collaboration tendencies by creating hypes on sustainability topics, bypassing larger food companies and institutional structures by establishing a direct communication channel between producers and consumers, strengthening horizontal relationships in the netchain, and creating new data relevant for agri-food businesses (Stevens et al., 2016).


Proposition 5: Digital transparency for sustainability changes the organizational structures of AFSCN radically.
 



2.2 Research design

Results are generated via qualitative data from a series of semi-structured expert interviews conducted with providers of innovative technology solutions for EU agri-food supply chains. All technology providers had an identified aim of improving sustainability at single or multiple tiers of agri-food supply chains through transparency. Interview participants were prescreened based on their roles in their respective enterprises, with business professionals, supply chain managers, company directors, and operating officers targeted as key informants. Individuals in such organizational positions were deemed the most knowledgeable to provide insights into stakeholders, their transparency interests, and the organization within respective AFSCNs. All the participants were asked to provide consent for the interviews, and the research received ethical clearance prior to implementation.

In total, 21 interviews were conducted between November 2022 and January 2023, and between March and June 2024. The interviewees represented 20 agri-food technology startups located in the EU. The interviews themselves lasted between 45 min and 2.5 h in duration, taking an average of 1 h and 7 min. Topics for the interviews included basic demographic questions about participants and their companies and covered the issues of stakeholder identification, supply chain governance, network organization, and transparency perspectives. To ensure the understanding of participants around stakeholder concepts, interviewees were provided preparatory material, which included the stakeholder definition by Freeman (1984), and were presented with a verbatim definition during the interviews to help ensure consistent comprehension. All interviews were conducted in English.

The interviews were all performed online due to the geographic dispersion of participants and researchers, and transcribed through Microsoft (MS) Teams recording software, with associated video recordings captured to verify the transcripts later. After cleaning the interview transcripts, structured content analysis was performed using the software Atlas.ti. Interviews were coded, first, to ascertain which digital services the technology providers were offering; second, to identify both primary and secondary stakeholders in various EU AFSCNs; and third, to see how the digital services were offered in terms of the relationships between the various stakeholders identified in the AFSCNs.




3 Results


3.1 Sample description

The interviewed technology providers offer a variety of potential digital transparency solutions in the agri-food industry, ranging from knowledge services, specific solutions such as AI, blockchain, or specific web platforms and app interfaces, mixtures of technologies partially including hardware, or even consumer products with specific transparency characteristics. The technology providers themselves are primarily small enterprises comprising between 2–28 full-time equivalent (FTE) employees, with turnover ranging from approximately €0 to €2 million (⌀ €535,000). One technology provider can be classified as medium-sized with above 70 FTE and a €30 million turnover. That company offers a technology relevant to this research as a novel and smaller part of its business portfolio.

The primary offering of the technology providers interviewed is outlined in Table 1. To protect participant confidentiality, data has been aggregated under broad categories. TEC1 offers knowledge consultancy services to a spectrum of stakeholders across their relevant agri-food supply chain, with the aim of connecting the actors together. This differs from the knowledge services offered by TEC8, which are customized to specific primary stakeholders in the netchain on a case-by-case basis. TEC2, TEC12, and TEC14 are looking at generating data-driven AI solutions targeted at specific individual actors in the netchain, while TEC6 and TEC7 both offer digital platforms that look to coordinate activities between netchain tiers, though not necessarily sequential ones. The start-up, interviewees TEC4 and TEC5 work for, developed a software/app solution to optimize the internal processes of agri-food businesses. TEC10 offers a digital platform linked with intelligent farming solutions. Digital traceability, underpinned with blockchain technology and targeted at producers and retail/catering, is in the focus of TEC9 and TEC13. TEC3 follows a different strategy with their blockchain solution, namely to link together multiple actors of the supply chain to facilitate transparency in information exchange. TEC15 offers IoT-based decision support systems to single firms. TEC17, TEC18, and TEC19 provide a combination of hardware and SaaS or AI SaaS. TEC20 focuses on smart packing and related software, and TEC21 on hardware together with its own software and AI solution for the agri-food industry.



TABLE 1 Organizational characteristics of participating technology providers.
[image: Table1]

The individuals representing those companies during the interviews are balanced in terms of gender, with 10 men and 9 women participants, and have an average age of 44 years. They are from 10 different countries, with all but one interviewee being from the EU. Nineteen of the 21 interviewees reside in their home countries. All participants have completed school with A-levels. Five of them finished bachelor’s level studies as the highest professional qualification, while 12 possess MSc, MBA, or diploma degrees, and three have completed doctoral-level studies. One interviewee reported practical training as a professional qualification. The specialization of the professional qualifications is mixed between natural sciences and business/economic studies, and despite the nature of their businesses as technology providers, only a few possess information technology or equivalent qualifications in a digitalization space. However, this may also be a direct result of the purposeful sampling technique of prescreening for individuals that could provide insights into stakeholder roles and organizations within their respective AFSCNs.



3.2 Qualitative results


3.2.1 Primary stakeholders and their transparency interests

First, considering identified primary netchain stakeholders (Table 2); input suppliers were only mentioned very few times (TEC15 and TEC17), while upstream in the supply chain, farmers and primary production were recognized with a significant role. They are interlinked in the products and services provided by 10 of the 20 startups and were often mentioned by participants in the interviews. Regardless of the length of the supply chain, inevitably, they all involve one actor:



TABLE 2 Primary netchain stakeholders as identified by technology providers.
[image: Table2]


“So obviously there is..() the supply chains that we are focusing on are very short. So there is not a lot of actors, for example, obviously there is the farmer.. the farmer is also the one that basically labels and sells the product.” (TEC9; 6:37)
 

This underlines the fact that primary production is critical to most agri-food supply chains. Some technology providers even deem it necessary to give financial incentives to participate:


“.. we have the idea to give to the farmer money to use the platform. Why? Because if we don’t do this phase, the farmers () don’t use the platform to insert data.” (TEC10; 6:55)
 

The central role primary production plays for many of the technology providers leads to considerations of how to incentivize them to engage in transparency measures. Additionally, many technology providers also identified agricultural cooperatives as partners.

Other primary stakeholders present, depending on the length of the chain and level of integration, are importers and exporters. This is largely due to the EU single market, where even though agricultural products may move cross-border, they do not require customs checks. However, for agri-food chains that originate or overlap outside the EU customs union, importers and exporters were identified by interviewees TEC1 and TEC7. Another primary stakeholder mentioned but not always present were aggregators or intermediaries (TEC1, TEC6, TEC7, TEC15, TEC17, TEC18, and TEC19). Their role in some chains is significant, depending on the country the chain is located in. When speaking in the context of older farmers in southern Europe, one interviewee made the comment:


“Right now what they do is the brokers, the traders, the buyers, they visit the farmers and they tried to deal with them and to close the deal with them.” (TC6; 38:33)
 

This illustrates the potential for these supply chains to change business models and reorganize, particularly as the younger generation takes over farming operations and is more comfortable with digital tools, a point reinforced by TEC6.

Primary stakeholders such as distribution and wholesalers exist inside agri-food supply chains (TEC6, TEC7, TEC9, TEC13, TEC14, TEC15, TEC17, and TEC18). However, their role is not prominent to the majority of the interviewees. Another primary stakeholder that several of the participants touched upon (TEC1, TEC3, TEC9, TEC13, TEC20) but that only two actively engaged with (TEC6, TEC16) was the role of transportation in the different stages of the supply chain. It seemed to be just outside the current scope of most interviewees while integrated into the netchain for others:


“Because for example, as is currently, we don’t have transportation involved anywhere … because there’s no need for the type of claims that you make.” (TEC3; 16:26)

“So it’s another member of our board who is a farmer who has a warehouse and actually he’s kind of web and he has the relationship to all this transport companies. So we don’t have trucks for our own. We do actually work with existing truck companies that drive food around.” (TEC16; 11:52)
 

Further downstream in agri-food supply chains, many interviewees identified other intermediate steps depending on the specific chain. Another primary stakeholder is consistently identified as food processors, even when short supply chains are targeted (TEC13). What a processor actually entails can be very different depending on the supply chain. It could be a large actor such as Heineken (TEC6), a manufacturer of ready meals (TEC20), or more specific actors such as one that assists in processing for TEC11. It may also be a food company such as Milka (TEC7), or a company that processes some sort of raw agricultural product into a different form for further use or consumption, such as juice (TEC3), the milling of grain (TEC8), olives (TEC9) or washed ready-to-eat fruit and vegetables (TEC21). Regardless of the exact nature and how they are processed, they are present in almost every supply chain, and some interviewees identified that they can occur multiple times within the same supply chain (TEC1 and TEC8). However, an overarching theme that can be drawn is that processing in some agri-food chains is complex and can occur in multiple tiers in the chain, involving both horizontal and vertical relationships.

The retail stage of the chain was mentioned by all the interviewees, and represents the last step before the consumer. To underline this, at least two of the technology providers have products in their portfolio where it appears that the target market of their product offerings is the retail end of the chain. The significance of retail and its role in driving transparency solutions was underlined by TEC1 and TEC14:


“… because usually when supermarkets are doing the right thing of asking tough questions to their suppliers …. they’re not going to communicate on the fact that they’re asked to be sure there's no forced labor and no slavery. Because you can’t put a sticker, no slavery on a product (because that means products without the sticker have slavery).” (TEC1; 9:25)

“… we have strategies via our channels we have, we built our relations with all some kind of groups that have these biodiversity in their background and behind that all these big retailers are very interested …” (TEC14; 10:28)
 

Retail actors of various natures may be enticed by transparency, insofar that it adds value to their product, more so than simply fulfilling regulatory requirements. Furthermore, the retail end of agri-food supply chains is not just confined to supermarkets but also identified to include other avenues such as restaurants and hotels, and even hospitals, kindergartens, and catering at larger events (TEC1, TEC4, TEC5, TEC13, TEC16, TEC17, and TEC20).

Some interviewees identified the consumer as a primary stakeholder downstream in the chain. Whether the technology providers identified them directly is correlated with their service offering. If companies had a solution that spanned large parts of the chain (TEC6, TEC7, TEC9, and TEC14), or had consumers in focus (TEC2, TEC11, and TEC17), they were mentioned more often:


“… I guess the other main stakeholder is the consumer.” (TEC9; 7:28)

“… we take into consideration the end consumers.” (TEC14; 19:57)

“It’s something [the application] that could protect the consumer from buying something or eating something that is not completely fresh.” (TEC17; 10:10)
 

Although their stakeholder role may be more implicit to some organizations, for some technology providers consumers were identified indirectly as being an essential driver of their business, but not explicitly mentioned as a stakeholder.


“We support them (food processors) with communication to the media, but also communication to the customers.” (TEC8; 3:21)
 

Overall, many technology providers perceive the transparency interests of primary stakeholders as mostly economic in nature and their view on information as product-related and a possibility to obtain competitive advantage (TEC13 and TEC14).


“… lot of it is purely based on the fact that they can sell their product for a higher price if they can prove that.” (TEC13; 40:57)
 

Particularly retailers were often identified by the technology providers as being significant drivers of digital transparency for sustainability in agri-food supply chains to keep their license to operate in front of societal expectations and legal frameworks:


“.. big retailers are very interested, very interested because they have all to show their carbon footprint and do something for all this environment..” (TEC14; 10:30)
 

However, organizations such as supermarkets and the retail side all depend on upstream information flowing down the chain. This means that they can drive transparency measures (TEC1, TEC3, and TEC9), but are still dependent on others to provide the needed information. The most crucial downstream actor in this context is the producer (TEC1, TEC6, TEC9, and TEC10):


“Exactly. It’s all information that is involved from the city, the chemistry, the agriculture, the soil, the compositions of the soil, that you know the water used.. So everything that is involved and around the production.” (TEC7; 11:32)
 

For primary producers, it may not be easy to extract the financial benefits from transparency incentives (TEC6). As discussed above, without financial incentives, they may have no incentive to engage in transparency measures (TEC9 and TEC10). At the same time, there are uncertainties about data protection.


“They [the companies] ask a lot about data protection.” (TEC18; 26:09).
 

Financial resistance to transparency measures can also take other forms. It could be that information asymmetry is playing a role in why some primary stakeholders do not want to engage in transparency (TEC1, TEC6, TEC9, and TEC20). If they do, it may diminish competitive advantages. It could also be that companies do not have the resources to process big data and provide it to other stakeholders (TEC20). One potential transparency disruptor in the intermediate steps in agri-food chains was identified—aggregators—who would essentially profit from information asymmetry in products.


“… those traders and those brokers …. sometimes they are part of the solution … sometimes they are part of the problem because they don’t want to provide the source of the products they are buying and what they want is to mix them up in order to protect the information where the product is coming in, is coming from.” (TEC6; 36:55).
 

This was not limited to small-scale aggregators; large-scale ones were also not inclined to play, as oligopoly power in the chain may increase the chances of collusion and excess rents these actors are able to extract from a lack of transparency (TEC1 and TEC6).

As alluded to earlier, transport either was not being actively considered by many interviewees (TEC3) or simply put into the too hard basket (TEC1). The following perception may have summed up why:


“Those companies never take ownership of the product. So at this stage we’ve not ruled them out, but we've set them aside because it's another world, and if we have to start to talk to Maersk, to CMA CGM, it's going to be a nightmare.” (TEC1; 9:46)
 

The discussion with TEC1 opened up to consider aspects such as freight handlers themselves also having no interest in actually knowing what is in the cargo they are carrying—the following description was provided as their impression into how far the interest for the transportation companies extends:


“They almost don’t care what’s inside except if it explodes because that is technically—that is the only thing they need to know if your stuff is exploding or not in order to know where to put it on their pile. Because exploding boxes are basically at the edge on top the first one to be dropped if there is a fire on board. The rest, if it’s freezing. They just need to know if it needs to be powered.” (TEC1; 9:81)
 



3.2.2 Secondary stakeholders and their transparency interests

When considering secondary stakeholders, it was probably unsurprising that policymakers were one of the most commonly named actors. Interviewees were all briefed that they were participating in an interview funded through a Horizon EU research and innovation project, so this alone may have brought this stakeholder to the forefront of their minds. Policymakers identified varied from EU level, such as the Commission and Parliament (or simply the EU in general), to national governments (inside and outside the EU), but also sometimes dropped down to the regional and local level (TEC1, TEC4, TEC15, TEC16, TEC17, TEC18, TEC19, and TEC21), and even border control agencies (TEC8), public bodies that work in environmental and health monitoring (TEC15) and tourism boards were identified (TEC9). To underline the significance of the government:


“I mean, policymakers are usually key in any activity that you find in Europe and then in some of the other countries.. the government is beyond the regulation.” (TEC8, 24:26)

“So farmers, this kind of associations, agronomists that work with them and also local authorities that deal with innovation and support in agriculture.” (TEC15; 11:53)
 

In addition to their sustainability interest manifested in green agendas and their data protection and market regulations, TEC12 particularly emphasized the importance of data that they possess, either directly or that can be scraped from their websites.

The other group of secondary stakeholders identified at a rate perhaps equally to or even higher than governmental actors for some technology providers (e.g., TEC1 and TEC18) was the role of NGOs due to their sustainability interests. One participant (TEC1) had a hefty focus on them in terms of how their organization interacted with NGOs and in that they were highly active in the agri-food chain this organization was engaged in. However, that participant was able to provide a lot of insights. One of such was addressing the potential dual roles that NGOs play:


“So you have two type of NGOs. So you have the NGOs that are scrutinizing the supply chains and are advising supermarkets to buy this or that product.. and (the) other ones are second stakeholders in the sense they are shaping the way people are working in the supply chain.” (TEC1; 49:48).
 

The organization another interviewee worked for had actually received funding for developing a digital solution from an NGO (TEC3). Closely related to NGOs could also be bodies such as industry associations (TEC8).

A second group closely aligned with NGOs, because they may be NGOs themselves, such as the MSC, that was also prominent were certification and labeling organizations. In the case of the technology providers, the perceived role of certification bodies was more indirect and at arm’s length. The focus is on the information they provide rather than being directly connected to their networks:


“Not directly, but indirectly yes. So for example, in our platform, if you state that a certain crop has a certain specific certification. You can say all the certifications in quality you have, but you have to prove that with uploading the certifications you have to the platform so we can be sure.” (TEC6; 39:33)
 

Although that was not always the case, some companies were interested in binding them in tighter:


“..you work with the Global Gap certification. So Global Gap, UN, United Nations to FAO, which is an international government. So basically we’re trying to collaborate with them.” (TEC7; 25:29)
 

Again, directly related to certification bodies are agencies and organizations tasked with monitoring or taking responsibility for issued certifications along with auditing and compliance. Some technology providers partnered with specific companies responsible for issuing quality certifications (TEC6). How integrated such services are can depend on the relationship between partners. If they have long-term relationships built on trust, auditing and compliance may be managed in-house, with spot markets relying more on external testing (TEC8). Linking to the monitoring of certification and compliance, stakeholders such as laboratories were also identified as secondary stakeholders (TEC7 and TEC8).

As with the multitude of processing actors on the primary stakeholder side, there is also a wide variation of different supporting services. This can include organizations producing products such as bottles (TEC3 and TEC9), bottle caps (TEC2), packaging and labelling (TEC3, TEC9, and TEC19), satellite and imaging services (TEC3 and TEC12) and financial institutes and insurances (TEC4, TEC6, TEC14, TEC15, TEC16, and TEC17). It can even extend as far as business incubators (TEC4). The fact that research institutes could play a role was not lost on every participant, considering they were participating in a research interview, with several mentioning universities and labs also as their direct collaborators or customers (TEC4, TEC7, TEC9, TEC16, TEC17, TEC18, TEC19, and TEC21). On the information dissemination side, while traditional media was not highlighted, consultancies and social media were (TEC3 and TEC14).


“… Especially social media, so we use as well transformers at this and through social media concerning perhaps the cocktail tomato, because then we can estimate that there is a higher perhaps use or is more recipes or whatever, and that will affect as well trends, and weather data or whether people are on holidays or not. So as well to take all these consumer related information into consideration for using them for the predictive models of any pricing.” (TEC14; 20:01)
 

Although technology providers perceive the transparency interests of primary stakeholders as mainly economic in nature, they themselves are considering many sustainability aspects as part of their transparency solutions.


“And so our API will pull certain points like so we focus on CO2, water use, land use, social environmental claims, where it comes from and out of the block our API can pull and fill in a product passport which will show exactly where the product came from.” TEC13 (28:39)
 



3.2.3 Changes in organizational structures of AFSCN

Some technology providers see the role of their services more as intermediating the markets, for example, by diminishing information asymmetries in the negotiation processes underlying vertical netchain relationships between primary stakeholders while they form collaborations with them to offer their services (TEC14).


“… in this way (we) look whether we have to adapt as well the algorithms and what kind of structure affects the market.” (TEC14; 19:08)

“…So you need a special sort of farmer as well to cooperate.” (TEC14; 21:38).
 

Other technology providers compete with traditional service providers (e.g., consultancies and traders) and have the goal to reorganize the chain for greater transparency.


“What we're trying to do and certainly what we've already started to do is to cut out the middleman.” TEC13 (19:47)
 

A third type of technology provider builds economic transactions and serves as input suppliers, sometimes even including tangibles (e.g., hardware), to other secondary stakeholders of AFSCN, which provide information and data services, such as research institutes and universities.


“If a university typically buys a sensor from us, the university probably has data scientists or chemometricians to build those calibrations.” (TEC17; 11:9)
 





4 Discussion

Overall, the results of this research uncover substantial complexity and diversity in stakeholders and their interests and relationships in EU agri-food netchains, more than past literature from before the digital era conceptualized and observed (Lazzarini et al., 2001; Nijhoff-Savvaki et al., 2008; Otter et al., 2014; Carmela Annosi et al., 2020; Adetoyinbo et al., 2023), and even for regional and national chains. These organizations can be grouped along the following supply chain stages: input supply, primary productions, distribution and wholesale, processing, aggregation and trading (including brokers), and retail targeted toward the final consumer. Overall tendencies of businesses becoming more and more information driven (Flyverbom, 2016) are observed in agri-food netchains, too, although interests may diverge strongly among the groups. While firms in downstream stages close to the consumer are interested in information sharing to obtain competitive advantage by assuring sustainability, aggregators and traders, and primary producers show limited interest or even disinterest as they do not benefit (enough) from transparency relatively to the amount of data and information they need to supply and process. This indicates that value created collectively from technology and information is captured unevenly across the netchain stages (Wolfert et al., 2023; Flyverbom, 2016). Farmers show particular hesitance to share their data due to data protection and ownership concerns. Different from past empirical studies on agri-food netchains, which typically describe information as product(ion)-related and “accompanying” the product flows to reciprocal interdependencies in vertical and horizontal relationships (Nijhoff-Savvaki et al., 2008; Theuvsen, 2004. This study shows that information shared is becoming proportionally less related to a specific product, than related to the firm (e.g., on practices and strategies), the business ecosystem, or the natural environment (e.g., weather and biodiversity data). This supports our initial proposition 1 and allows for the following extension.



Proposition 1.1: With ongoing digitalization the flow of intangible information and data in netchains increasingly detangle from the flow of tangible products.



Proposition 1.2: With ongoing digitalization, agri-food netchains become dyadic in relationships for either product transactions or data and information transactions.

 

Even more diversity and complexity are observed with respect to secondary stakeholders compared to past AFSCN and stakeholder literature (Djekic et al., 2021; Nijhoff-Savvaki et al., 2008; Otter et al., 2014; Adetoyinbo et al., 2023). Still in line with the literature, the following secondary stakeholder groups of AFSCN are identified in this study: policymakers and governments of various geographical scopes, NGOs, private certification and labeling organizations (setting private standards), auditing and control bodies (assuring compliance with private and public standards), financial institutes, business incubators and assurance companies, research institutes/universities and laboratories, consultancies, social media and technology providers (hardware and software). Policymakers and governments are identified by the technology providers as one of the secondary stakeholder groups with the greatest interest in establishing digital transparency for sustainable AFSCN, due to their sustainability and digitalization agendas, along with growing publicly maintained (sustainability) data platforms and their facilitation of digital innovation ecosystems (Djekic et al., 2021; European Commission, 2022; Wolfert et al., 2023). Similarly, technology providers recognize the vital transparency and sustainability claims NGOs lobby for in AFSCN, particularly in the fishery sector. Research institutes and universities are identified by some technology providers as collaborators and customers beyond their role of generating new findings from data and disseminating them to students and other stakeholders of the AFSCN (Djekic et al., 2021). Social media stand out when it comes to communication and the formation of opinions and perceptions, while technology providers are ascendants to digitalization. Private certification and labeling organizations are often identified by technology providers as belonging to secondary stakeholders, who are perceived as related at arm’s length, although it is their primary goal to create greater transparency through higher standards and better labeling. Overall, the activities of secondary stakeholders to the AFSCN have opened up new opportunities for value creation and capture from sustainability information and data; however, the salience of the particular groups seems to differ significantly.



Proposition 2.1: In the digital era, secondary stakeholders’ value creation and capture from intangible sustainability information and data proliferates in AFSCN.



Proposition 2.2: The salience of AFSCN secondary stakeholders differs greatly depending on their digital transparency claims.

 

Providers of digital technologies and services have expanded their activities to the extent that some of their offerings can be considered an input rather than a related service to facilitate the value creation to agri-food products, particularly when this involves the supply of hardware to primary stakeholders of the AFSCN (Wolfert et al., 2023; Lezoche et al., 2020). The grouping of an organization with the latter portfolio to the primary or the secondary AFSCN stakeholders depends on the concrete tool and service provided (Carmela Annosi et al., 2020). However, results from the expert interviews indicate that technology providers may even present challenges to defining related services from the conceptual background. Some of the interviewed companies now offer digital services connecting actors at multiple levels of the netchain. While some provide services in the form of various digital platforms and technologies directly to one or more core actors in the netchain in the sense of traditional related services, some facilitate the flows of goods between two or more of the core actors at the heart of the netchain, without ever taking possession of the goods themselves. This is often beyond simple blockchains for traceability that were promoted as an initial transparency solution in agri-food chains.

Some of the novel digital solutions generated by the technology providers are now being offered directly to netchain actors, from producers to retailers and distributors, where either the entire or partial exchange process is coordinated by the digital service provider in a digital AFSCN approach (see Figure 3). Solutions such as cloud computing, quick response (QR) codes, and web-based platforms are not necessarily innovative from a technological perspective, but novelty lies in implementation for transparency purposes and the supply chain governance implications they entail. These exchanges cover data such as production information and product characteristics, which contain the desired transparency details, potentially accompanied by an exchange of a physical product facilitated through a digital platform. This is also a clear demarcation from the data exchange warehouse concept (Althoff et al., 2005), where the purpose of data exchange was to more strictly coordinate supply chain actors, aid organizational decision-making, and deliver traceability in agrifood supply chains (Banterle and Stranieri, 2008; Hobbs Jill, 2006; Patelli and Mandrioli, 2020). When paring this back to a stakeholder perspective, providing such services by technology providers may fulfill the classical definition of a primary stakeholder based on economic exchange between two or more actors in the chain (Clarkson, 1995; Freeman, 1984). However, how well they can engage their solutions for transparency may depend first on practical considerations, such as the ability to implement interoperable technological solutions between partners, but second on the engagement of stakeholders for transparency.
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FIGURE 3
 Digital agri-food supply chain network (Source: Authors’ own creation).


Another variation of the proposed structure in modern netchains is the information AFSCN approach (see Figure 4). Here, digital services, such as some of the interviewed technology providers, deliver information and IT systems that enable data and information exchanges. These data exchanges occur potentially between multiple actors in both horizontal and vertical relationships of the netchain. Solutions such as blockchain are innovative from a technological perspective, and the key is integrating their operational implementation with the conceptual way of implementation for transparency purposes. However, a critical element is ownership. Digital services do not own these information services nor necessarily possess a service contract or other ongoing contractual or formal relationships with the platform. The information service platforms themselves can be owned by actors such as industry groups or non-profit organizations. The digital service providers are responsible for establishing what information service platforms are designed to collect, how they will collect it, and what interoperability they have with other systems. Thus, their role in the process is also significant.
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FIGURE 4
 Information agri-food supply chain network (Source: Authors’ own creation).


Organizations such as digital services offering information service solutions would, by the strict stakeholder definition of Freeman (1984), not be included as primary stakeholders of AFSCNs, as long as they do not offer any hardware (Djekic et al., 2021). This is due to them not being involved in economic transactions regarding food products. At the same time, they have critical roles in modern digitalized netchains due to their influence over property rights and the exchange of information and data. Such information and data are needed to serve increasing demands for transparency related to sustainability transitions. It will result in even more prominence for digital services in agri-food supply chains and their increasing relevance as stakeholders. Coupled with this trend is the growing value of data in all forms and the significance of stakeholders involved with data exchange, storage, and validation in the chains. However, based on existing stakeholder definitions that rely on the concept of economic exchange and tangible goods (Freeman, 1984; Freudenreich et al., 2020; Kaler, 2002; Miles, 2017), we find that many digital service companies would only be considered as secondary stakeholders as they are not involved in such exchanges, but in those of intangible assets.



Proposition 3.1: Digital technology providers can be either primary or secondary stakeholders to the digital AFSCN, depending on their value creation in hardware and/or software.



Proposition 3.2: As secondary stakeholders, digital technology providers differ greatly in the type and scope of services they offer to primary stakeholders of the AFSCN.



Proposition 3.3: Either digital AFSCN or information AFSCN arises from the introduction of digital innovations for sustainability.

 

As the information shared is getting proportionally less related to a specific product only, than related to the firm (e.g., on practices and strategies), the business ecosystem, or the natural environment (e.g., weather and biodiversity data), the findings of this study challenge the actuality of limiting transparency to “product related-information.” Technology providers face many demands of society for greater environmental and social sustainability in agri-food, lobbied and sometimes even co-financed by NGOs, and respond to them by developing their digital solutions beyond traceability functions in structure and content. During the process of digital innovation development, providers work with many other secondary and primary stakeholders across agri-food supply chain stages, share business networks, and create strategy transparency with co-creation partners, as described by Wolfert et al. (2023). Hence the breadth of which digital solutions offer scope to transparency for sustainability beyond traceability (history transparency) toward operations and strategy transparency shapes their disruptive potential, and we refine the original proposition 4 into:



Proposition 4.1: A broader scope of transparency for sustainability constitutes the game-changing interest of technology providers in AFSCN relationships.

 

The results of this study imply three modes of change digital transparency solutions for sustainability can induce in the relationships underlying organizational structures in AFSCN—intermediation, reconfiguration, and emergence. In confirmation of Carmela Annosi et al. (2020), the intermediation mode technology providers’ software services intermediate agri-food netchain relationships and markets by lowering information asymmetries while at the same time collaborating with the parties themselves. Reorganization is the mode in which competition is as much part of its nature as it comes with governance challenges. Many innovative digital tools, such as online market platforms and blockchain, can bypass supply chain steps or rule out some services of stakeholders, such as consultancies and input suppliers. Stakeholders that govern such data platforms, for example, research institutes and universities, are gaining more importance for practitioners as gatekeepers to information. In the emergence mode, technology providers build economic transactions between other stakeholders and serve as input suppliers, even of tangibles (e.g., hardware), to other secondary stakeholders of AFSCN, who provide information and data services such as research institutes and universities. The intermediation mode aligns with what has been described as “information AFSCN” above, whereas the reorganization and emergence mode aligns with the “digital AFSCN.”



Proposition 5.1: Digital transparency for sustainability changes the organizational structures of AFSCN radically.



Proposition 5.2: As secondary stakeholders, digital technology providers either intermediate, reorganize, or emerge agri-food netchain relationships.

 



5 Conclusion

This study initially raised the following four research questions: (1) Who are the primary and secondary stakeholders in the AFSCNs of the digital era? (2) What are their transparency interests? (3) How do AFSCN structures change with the emergence of digital innovations that can facilitate sustainability transition through greater transparency? (4) How to conceptualize those structural changes to AFSCNs?

Results of research questions (1) and (2) reveal input supply, primary production, distribution and wholesale, processing, aggregation and trading (including brokers), and retail toward the final consumer as main groups of primary stakeholders with vertical and horizontal relationships to exchange products and information. Along the agri-food netchain, primary producers are the main suppliers of data and information, while large processors and retailers are demanders to satisfy both their customers and final consumers. Too often, value capture upstream in the netchain remains low due to power imbalances in both the markets for agri-food products and the markets for data and information. Such competition and uncertainties regarding data protection and ownership make farmers and fishers reluctant to share data and information via innovative digital tools. The long-overlooked role of the intermediaries, transporters, and aggregators/traders and their low economic interest in transparency in agri-food netchains further complicate the diffusion of digital tools and their potential for sustainability acceleration. Primary stakeholders should move their relationship practices from competition to collaboration among all actors of agri-food netchains to incentivize digital transparency. This implication targets particularly large, powerful businesses downstream.

Secondary stakeholders in lateral relationships to the netchain organizations are policymakers and governments of various geographical scopes, NGOs, private certification and labeling organizations (setting private standards), auditing and control bodies (assuring compliance with private and public standards), financial institutes, business incubators and assurance companies, research institutes/universities and laboratories, consultancies, social media, and technology providers (hardware and software). Particularly, policymakers and governments, NGOs, and technology providers excel in being drivers of digital transparency for sustainability in AFSCN, with social media as a strong direct communication tool at hand to reach netchain stakeholders and consumers. Sustainability and digitalization policy agendas facilitate the rapid rise of technology providers, developing and offering information and knowledge services. These “new kids on the block” drive structural changes to AFSCN and detangle information flows from the product flows in AFSCN to create value by developing and implementing innovative digital tools. Not seldom do technology providers collaborate with research institutes/universities during the development of digital innovations. The latter organizations may also serve as early adopters of innovative digital products and services. Digital technology providers should continue building intense, long-term collaboration with a broader base of private agri-food netchain businesses as potential end-users to co-create the digital innovation ecosystem’s development of digital tools and related governance structures. With well-defined stakeholder engagement strategies digital innovations can be customized to the interests and needs of the different end-users and prevented from failure.

In answering the research question (3), we conclude that with the emergence of digital and information services to increase transparency for sustainability, the original netchains, consisting of relationships to exchange agri-food products, may decrease in complexity due to bypassing of stages and integration. Due to the detangling of data and information relationships from the product relationships, innovative digital transparency solutions induce three modes of change to the relationships underlying organizational structures in AFSCN—intermediation, reconfiguration, and emergence. These modes create a transparency paradox as they facilitate the co-creation of value from data and information on the one hand and new AFSCN complexities on the other hand. In the” information AFSCN,” technology providers do not fuse with netchain relationships (intermediation mode), while in ‘Digital AFSCN’ they do (reconfiguration and emergence modes). Thus, digital innovation for transparency and sustainability comes with the challenge of developing and implementing innovative forms of fitting supply chain network structures and public and private governance to regulate ownership over intangibles and to assure fair capture of the digital transparency value created collaboratively among primary and secondary stakeholders. The current predominant coopetition does not only task agri-food business managers and scientists to innovate in private governance but also policymakers to establish public governance, specifically for business-related data and information beyond the GDPR regulation. The best combination of innovative governance and technology to sociotechnical innovation bundles can facilitate value capture to collaborative advantage in favor of overall food system sustainability (Barett et al. 2022).

The research question (4) is answered with the following 10 propositions to be further developed into hypotheses and tested quantitatively by researchers in follow-up studies:



Proposition 1.1: With ongoing digitalization, the flow of intangible information and data in netchains increasingly detangles from the flow of tangible products.



Proposition 1.2: With ongoing digitalization agri-food netchains become dyadic in relationships for either product transactions or data and information transactions.



Proposition 2.1: In the digital era, secondary stakeholders’ value creation and capture from intangible sustainability information and data proliferates in AFSCN.



Proposition 2.2: The salience of AFSCN secondary stakeholders differs greatly depending on their digital transparency claims.



Proposition 3.1: Digital technology providers can be either primary or secondary stakeholders to the digital AFSCN, depending on their value creation in hardware and/or software.



Proposition 3.2: As secondary stakeholders, digital technology providers differ greatly in the type and scope of services they offer to primary stakeholders of the AFSCN.



Proposition 3.3: Either digital AFSCN or information AFSCN arises from the introduction of digital innovations for sustainability.



Proposition 4.1: A broader scope of transparency for sustainability constitutes the game-changing interest of technology providers in AFSCN relationships.



Proposition 5.1: Digital transparency for sustainability changes the organizational structures of AFSCN radically.



Proposition 5.2: As secondary stakeholders, digital technology providers either intermediate, reorganize, or emerge agri-food netchain relationships.

 

While this study provides new insights regarding the perspective of technology providers on AFSCN structures in the digital era, it may be subject to self-selection and response bias, even when mitigated appropriately. Future research should develop the propositions further to testable hypotheses using an interactive multistakeholder approach to consider the views of particularly the primary stakeholders of AFSCN. Special attention should be paid to evaluating the stakeholders’ importance and interests identified in this study. The propositions and their advancements can be used as a basis for modeling complex AFSCN systems quantitatively, for example, using a system engineering approach (Gaudio et al., 2023) or agent-based modeling. Finally, the transparency definition by Hofstede (2003) underlying this research deserves reflection because it does not yet consider the value creation and capture from intangible data. Future research should revise this definition to the new realities of the digital era.
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Footnotes

1   While earlier studies building on the netchain approach (e.g., Otter et al., 2014; Adetoyinbo et al., 2023) used the terms “netchain” and “supply chain network” rather interchangeably, we introduce a sharper demarcation under consideration of stakeholder theory. While “netchain” comprises only the actors along the supply chain (primary stakeholders) and their relationships, “supply chain network” includes both primary and secondary stakeholders with their linkages amongst each other.
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Descriptive analysis of continuous variables in adoption of digital technology categories

Variables Non-adopters of digital Adopters of digital technology
technology (n = 163) (n =180)
Mean Stand. dev Mean Stand. dev

Age 43902 6560 41166 7119 3687+

ize (AE) 4279 1320 4405 1.480 ~0.827
Farm size 00775 0548 1432 0493 ~11.680%*
Livestock holding (TLU) 3238 2811 6447 4086 —8.387%+*
Extension service 1895 0.100 3316 1090 ~11.075%*

Descriptive analysis of dummy variables in adoption of digital technology categories

Variable Categories Non-adopters of Adopters of Total Pearson Chi2 p-value
digital digital (n =343)
technology technology
(n =163) (n =180)
Sex of household Female 16/(9.82%) 27 (15.00%) 43 (1254%) 20965 0.148
head Male 147 (90.18%) 153 (85.00%) 300 (87.46%)
Educationlevel of  Tliterate 43 (26.38%) 7(3.89%) 50 (14.58%) 1144718 0,000+
houschold head Read and write 64(39.26%) 13.(7.22%) 77 (2245%)
1-4Years 15 (9.20%) 46 (25.56%) 61(17.78%)
5-8Years 32(19.63%) 63 (35.00%) 95 (27.70%)
9-12Years 8(4.91%) 43 (23.89%) 51(14.87%)
College and above 1061%) 8(4.44%) 9(2.62%)
Information access | No 105 (64.42%) 11(6.11%) 116 (33.82%) 129.9265 0,000+
for production Yes 58 (35.58%) 169 (93.89%) 227 (6.18%)
Access 10 ICTs No 161 (98.77%) 68 (37.78%) 229.(6.76%) 143.4186 0.000%+%
Yes 2(1.23%) 112/(62.22%) 114 (33.24%)
Membership No 111(68.10%) 34(1889%) 145 (42.27%) 848819 0,000+
e Yes 52(31.90%) 146 (81.11%) 198 (57.73%)
Accesstomarket | No 120 (73.62%) 66 (36.67%) 186 (54.24%) 47.0587 0.000%+%
Information Yes 43 (26.38%) 114/(63.33%) 157 (45.76%)
Access to credit No 93 (57.06%) 9(5.00%) 102 (29.74%) 1109342 0.000%+%
Yes 70 (42.94%) 171 (95.00%) 241 (70.26%)
Accesstotraining | No 156 (95.71%) 137 (76.11%) 293 (85.43%) 263743 0,000+
Yes 7(4.29%) 43 (23.89%) 50 (14.57%)

Statistical significance at 1% (***) probabilit level.
Source: Own computation result from survey data, 2023.
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District Kebele Total number Sampled

of ginger households
producer
households
Boloso- Parawocha 630 67
Bombe Adila 470 50
Gamo Walana 595 64
Matala Walana 270 B
Hadaro-Tunto | Mukurunja 620 66
Ajora 623 67
Total 3,208 33

Source: Boloso-Bombe and Hadaro-Tunto Agricultural district office, 2023,
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Welfare outcome variable Farm household type and Decision stage Average treatment effects

treatment effect (ATE)
Yield
Farm households with Adoption of digital 77.094 83180 ~6.086+%
tool (ATT)
Farm households without Adoption of 83180 77.094 6,086

digital tool (ATU)

Heterogeneous effects BHI=—6.086 BH2=6.086 TH=12.172
Income

Farm households with Adoption of digital 3142196 2692638 4,495.58%*%

tool (ATT)

Farm households without Adoption of 2692638 3142196 —4,495.58%%%

digital tool (ATU)
Heterogeneous effects BHI1=4,495.58 BH2=—4,495.58 TH=8991.16

BHI, Difference in outcomes for adopters vs. non-adopters (keeping household characteristics constant); BH2, Difference in outcomes for adopters vs. non-adoprs (keeping household
characteristics constant); TH, Total Heterogeneous effect.

Statistical significance at 1% (+**) probability level.

Bold values (BH1, BH2, and TH) represent the heterogeneous effects derived from the treatment comparison. BHII shows the difference in outcomes for adopters compared to their
counterfactual (had they not adopted), BH2 represents the difference for non-adopters compared to their counterfactual (f they had adopted), and TH s the total heterogeneous effect,
combining BH1 and BH2.
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Variables Probit result FIML endogenous switching FIML endogenous switching

regression regression
Yield of two groups Total annual income of two groups
Adoption of Non-adopters of Adopters of Non-adopters of Adopters of
digital tool digital tool digital tool digital tool digital tool
(n =163) (n =180) (n =163) (n =180)
Coef (Std. Err) Coef (Std. Err) Coef (Std. Err) Coef (Std. Err) Coef (Std. Err)
Sex ~1.487 (1.098) 15.467 (1.448)** 17.796 (1.647)%+* 2186510 (1015.591)*F | 3706020 (665.516)***
Education 0.239 (0.483) 5.960 (1.116)** 0307 (0715) 384775 (456.688) 1,104,090 (495.388)**
0.743 (0.320)%% 0,021 (0.664) 1.030 (0.340)%* 2912668 (231.215)++ 812149 (278.780)***
0.397 (1.331) 20561 (3.605)%** 17.429 (1.906)*** 5035534 (1235.391)*%F | 9,332,469 (1495.716)***
Livestock 0,025 (0.126) 0,856 (0.346)** 0,523 (0.173)** 1,020.209 (111086)*** | 1,497.385 (169.964)"**
Information access 3474 (0972)%% 12.947 (3.465)** 27582 (1.769)*** 1132021 (1,148.009)7** | 6,669.847 (1,700.373)**
ICTs 3.272(0433) %% 7.153 (2293) %% 0011 (0924) 1,668,734 (878.6345) 2,863.948 (1,329.64)**
Social institution 1.478 (1.207) ~7.567 (2171)*% ~8.225 (1.688)** ~1,020.904 (1,035.349) 1,486.073 (951.952)
Market information 0.990 (0.730) 1.834(1.718) 11831 (1.215)7 3,107.737 (S8101)*** | 3,795,011 (725.615)*+*
Training 1241(0.715) ~8.848 (2202)*% ~1311(0.803) 150,547 (512.557) 211544 (997.025)
Extension contact 1.327 (0.435)%**
Age ~0.204 (0.039)***
cons 11,007 (2.654)** 83.180 (1.661)*** 77.094 (1.601)*** 26926380 (912.689)*** | 31421960 (665.966)***
o 2,380 (0.135)** 1,639.025 (118.762)***
o 4.090 (0.240) % 1,575.953 (89.893)***
" 0.519 (0.215)%** ~0.884 (0.073)***
P 0.876 (0.073)%** ~0.062 (0.625)
Number of obs =343 Number of obs =343
Wald chi2(10) =13,782.16 Wald chi2(9) = 1190276
Log likelihood =~913.57811 Prob > chi2=0.0000 Log likelihood =~3,113.84 Prob > chi2=0.0000
LR test of indep. eqns.: chi2(1) = 18.12 Prob > chi2=0.0000 LR test of indep. eqns.: chi2(1) = 16.58

Prob > chi

.0000

Statistical sgnificance at 1% (*+%), 5% (**), and 10% (%) probability leve.
Source: Own computation result from survey data, 2023.
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Variables Total (343) Adopters Non-adopters

Difference

t-value

(N=180) (N=163)
Total annual income 58,971.44 65,531.69 5172699
Yield per hectare 138918 15086 12573

Statistical significance at 1% (***) probability level.
Source: Own computation result from survey data, 2023.
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Aggregators Wholesale/distribution
Transport Food processors

Retail Consumers

Source: Authors' own creation.
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Identifier FTE employees Foundation year

TECL Knowledge services 2 150 2015
TEC2 Al solutions n 500 2018 Private Limited
TEC3 Blockchain 9 1,000 2017 Private Limited
TEC4 Apps/sofiware 15 150 2017 Private Limited
TECS Apps/software 15 150 2017 Private Limited
TEC6 Digital solutions Not disclosed Not disclosed 2016 Public Limited
TECT Digital solutions 2 600 2017 Private Limited
TECS Knowledge services 2 Not disclosed 2017 Private Limited
TECY Digital solutions 4 310 2019 Private Limited
TECI0 Digital solutions 2 2000¢ 2017 Private Limited
TECI Product offering 17 300 2017 Public Limited
TEC12 Al solutions 2 1,500 2008 Private Limited
TEC13 Blockchain 3 100 2022 Partnership

TEC 14 Al solution 4 0 2021 Private Limited
TECIS Digital solutions 6 350 2011 Cooperative

TECI6 Knowledge service 7 100 2017 Association

TECI7 Hardware and AT SAS 15 Not disclosed 2013 te Limited
TECIS Hardware and SAS 7 30,000 1995 Private Limited
TECI9 Hardware and AT SAS Not disclosed 60 2014 Private Limited
TEC20 Apps/sofiware 8 100 2018 Private Limited
TEC21 Hardware, Software, and Al 7 Not disclosed 2022 Private Limited

Source: Authors' own creation.
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5251
Social 6322
Economic 58.26
Environmental 5294
Technological 4669
Institutional 4333

Monte Carlo

5159

6149
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Index value (%) Status categot

0-25 Not sustainable
26-50 Less sustainable
51-75 Quite Sustainable
76-100 Very sustainable

Source: Herdiansyah et al. (2014); imenez et al. (2021); and Puspitasari et al. (2023).
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Dimension Variable R table Information
Gotong Royong Culture/Cooperation 0361 0710 Valid
Social Empowerment/Capacity building 0361 0818 Valid
Family support 0361 0790 Valid
Productivity 0361 0.780 Valid
Economic Price 0361 0745 Valid
Profit 0361 0832 Valid
Water efficiency use 0361 0.691 Valid
Use of organic fertilizers and pesticides 0361 0.487 Valid
Environmental
Usage of local and certified seeds 0361 0383 Valid
Planting patterns 0361 0,632 Valid
‘Technology adaptation 0361 0471 Valid
Response to financialliteracy 0361 0617 Valid
Technology
Availability of fintech supporting technology 0361 0614 Valid
Compatibility of technology with farmers’ capability 0361 0.838 Valid
Membership in a group facilitates access to financing services 0361 0477 Valid
Being a group member facilitates the sharing of knowledge and information 0361 0794 Valid
Government policies on the price of means of production 0361 0759 Valid
Institutional
Government policy on prices of output 0361 0738 Valid
‘Whether there is an agency overseeing fintech 0361 0.566 Valid

If there is a fintech literacy of a producer or other party 0.361 0519 Valid
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Regency ar Sub-district ar mber of farmer ber of samples
Sukabumi Kabandungan 214 70
Kadudampit 155 50
Garut Pasirwangi 232 76
Cikajang 218 72

Total 819 269
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Variable

DED (Digital economy development)

Total effect

1550 (32.78)

Direct effect

1392 (31.77)

Indirect effect

0157+ (2.75)

Gov (Financial support for agriculture)

—0.909*** (—32.76)

—0.906** (—53.23)

—0.003 (—0.11)

Open (Trade openness)

0.069"** (3.47)

0.032** (2.53)

0.036* (1.68)

Is (Industrial structure) 0227 (1.34) 0.530"** (4.83) —0.303* (~1.80)
Urb (Urbanization level) 0.047* (1.86) 0.166* (2.35) —0.119 (~1.60)
Gap (Urban-rural income gap) —0.010 (~1.40) —0.007** (—2.35) —0.003 (=0.53)

*, %%, *** indicate 10%, 5%, and 1% significance levels, respectively. t or z values are in parentheses.
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Variable COR

DED (Digital economy development) 1.393%* (32.68)
Gov (Financial support for agriculture) —0.905*** (—53.89)
Open (Trade openness) 0.031%* (2.38)
Is (Industrial structure) 0.525*** (4.76)
Urb (Urbanization level) 0.165** (2.25)
Gap (Urban-rural income gap) —0.007** (—2.34)
‘W x DED (Digital economy development) 0.255* (1.75)
‘W x Gov (Financial support for agriculture) —0.061 (—0.73)
‘W x Open (Trade openness) 0.040% (1.72)
W x Is (Industrial structure) —0.280 (—1.62)
W x Urb (Urbanization level) —0.115 (—1.49)
‘W x Gap (Urban-rural income gap) —0.004 (—0.73)
Country Control
Year Control

N 240

R 09365

*, %%, % indicate 10%, 5%, and 1% significance levels, respectively. t or z values are
in parentheses.
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Spatial lag model Spatial error model

Wald test 28.49** (0.0001) 28.10*** (0.0001)

LR test 18.01%** (0.0062) 15.78** (0.0150)

%, %%, indicate 10%, 5%, and 1% significance levels, respectively. t or 7 values are
in parentheses.
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Digital economy Coordinated development of green
agriculture and food security

I-value z-value I-value z-value p-value
2014 0.150 1.656 0.049 0276 2.848 0.002
2015 0.261 2655 0.004 0305 3121 0.001
2016 0.393 3.857 0.000 0238 2511 0.006
2017 0.103 1252 0.105 0228 2415 0.008
2018 0237 2456 0.007 0210 2257 0.012
2019 0.294 3.005 0.001 0202 2189 0.014
2020 0114 1354 0.088 0.158 1791 0.037
2021 0.145 1.689 0.046 0.148 1.699 0.045
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Variable Heterogeneity of

Heterogeneity of geographical
functional areas

characteristics

Heterogeneity of
agricultural production

(6) Nonmain
grain producing

(1) Mountainous- (2) Plains areas (3) Agricultural 4)

(5) Main grain

hilly areas provinces  Nonagricultural producing

DED (Digital economy
development)

1.500°* (26.28)

1.545% (32.55)

1601 (30.89)

provinces

1.579** (29.20)

areas

15647 (29.77)

areas

1561%* (29.03)

Gov (Financial support

—0.9017** (=24.44)

09047 (~40.83)

—1.005*** (—29.86)

—0.893"* (~38.57)

—0.972*** (~28.25)

—0.895"* (=37.87)

income gap)

for agriculture)

Open (Trade openness) 0.008 (0.26) 0.054"** (3.37) —0.022 (<051) 0.068** (3.91) 0.007 (0.16) 0.058** (3.34)
Is (Industrial structure) 0241 (1.01) 0.385** (2.76) 0019 (0.12) 0336* (1.99) 0.041(027) 0.440** (2.62)
Urb (Urbanization level) 0.045 (1.07) 0060 (1.58) 0.018 (0.47) 0.066 (1.66) 0.026 (0.69) 0.069° (1.71)
Gap (Urban-rural —0.002 (~0.30) —0.006 (~1.29) —0.009** (—2.09) —0.004 (~0.83) —0.008*(—1.92) —0.004 (~0.67)

Con_ 0.548*+* (10.58) 0.512%% (13.37) 0.638*** (13.62) 0.484*** (12.57) 0.617*** (13.61) 0.480*** (12.08)
Country Yes Yes Yes Yes Yes Yes

N 80 160 112 128 104 136

R? 0.905 0.918 0.901 0.931 0.899 0.925

*, %%, *** indicate 10%, 5%, and 1% significance levels, respectively. t or z values are in parentheses.
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DED (Digital economy development)

1493 (40.72)

1458 (34.02)

1,523 (43.60)

Gov (Financial support for agriculture)

—0.874** (~46.51)

—0.891%** (~33.26)

—0.898"* (=50.01)

Open (Trade openness) 0.095%** (6.68) 0.004 (0.28) 0.048%* (3.52)
Is (Industrial structure) 0.339%* (2.74) —0.010 (—0.37) 0.374*** (3.25)
Urb (Urbanization level) 0.074* (2.56) 0.031 (1.54) 0.051 (1.56)
Gap (Urban-rural income gap) —0.005 (—1.41) —0.001 (~0.17) —0.005 (—1.53)
Edu (The level of education of farmers) 0.004 (0.56)

0.491%* (935)

Con_ 0.495*** (16.22) 0.593** (37.91)
N 240 210 240
R? 0.903 0.952 0.916

*, %%, *** indicate 10%, 5%, and 1% significance levels, respectively. t or z values are in parentheses.
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Variable

DED (Digital economy development)

1,523 (43.69)

@)

DI (Digital industrialization)

L119"* (12.44)

ID (Industrial digitization)

0.839*** (23.72)

Gov (Financial support for agriculture)

0.898*** (~50.12)

—0613** (~16.06)

—0.712%* (~27.83)

Open (Trade openness)

0.046"* (3.50)

—0.003 (=0.08)

—0071%* (=3.45)

Is (Industrial structure)

03734 (3.25)

0.296 (1.06)

—0.007 (—0.04)

Urb (Urbanization level)

0.061** (2.20)

0314** (4.42)

—0219%* (—4.64)

Gap (Urban-rural income gap)

—0.005 (—1.50)

0.004 (0.52)

—0.009 (—1.56)

Con_ 0.515** (17.96) 0.447** (6.10) 0.781*** (16.80)
Country Control Control Control

N 240 240 240

R 0.916 0.580 0.770

*, %%, *** indicate 10%, 5%, and 1% significance levels, respectively. t or z values are in parentheses.
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ariable ariable De o) ea d a
a atio
Explained variable Coordinated development of green Calculated using the coupling coordination model and 0597 | 0071 | 0418 | 0860
agriculture and food security (COR) the entropy weighting method
Explanatory variable Digital economy development (DED) Calculated using the entropy weighting method 0364 | 0115 | 0.149 | 0795
Control variables Financial support for agriculture (Gov) | Government expenditure on agriculture, forestry, and 0609 | 0174 | 0268 | 1297
water (100,000,000 yuan)/general public budget
expenditure (100,000,000 yuan)
Trade openness (Open) Total import and export of goods (100,000,000 0231 | 0245 | 0004 | 1216
yuan)/GDP (100,000,000 yuan)
Industrial structure (Is) Value added of primary industry (100,000,000 0.109 0.068 0.002 0.338
yuan)/GDP (100,000,000 yuan)
Urbanization level (Urb) Year-end population of cities and towns (10,000 0.593 0.118 035 0.896
people)/the year-end population of the region (10,000
people)
Utban-rural income gap (Gap) Per capita disposable income of urban residents 252 0355 | 1842 | 3474

(yuan/people)/per capita disposable income of rural
residents (yuan/people)
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ariable eve eve dicato eve dicato bo
dicato
Digital economy Digital industrialization Digital product Number of cell phone base stations (10,000) sk
(D) manufacturing
Operating income per electronic information manufacturing +
enterprise (100,000,000 yuan)
Digital product service Software product revenue (100,000,000 yuan) +
Total telecommunications business (100,000,000 yuan) +
Digital technology application | Number of internet domain names (10,000) =+
Number of internet web pages (10,000) +
Revenue from IT services (100,000,000 yuan) +
Digital factor drivers Number of internet broadband access ports (10,000) +
Industrial digitization Digitization of agriculture Share of administrative villages with internet broadband service +
(ID) (%)
Rural broadband access users (10,000) —+
Digitization of industry Number of computers used by industrial enterprises per 100
people (set/hundred people)
Digitization of services Share of enterprises with e-commerce trading activities in total +

number of enterprises (%)
E-commerce transaction volume (100,000,000 yuan)

Digital inclusive finance index
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dicato
Green agricultural Resource Cropland recovery index Sown area (1,000 ha)/cultivated area (1,000 ha) +
development conservation
Effective irrigation rate Effective irrigated area (1,000 ha)/cultivated area (1,000 ha)
Efficiency in the use of Total power of agricultural machinery (10,000 kW)/cultivated land
agricultural machinery (1,000 ha)
Water efficiency in agriculture | Agricultural water consumption (100,000,000 m*)/gross agricultural +
output (100,000,000 yuan)
Environmental Pesticide intensity Pesticide application (10,000 tons)/crop sown area (1,000 ha) =
friendliness
Fertilizer intensity Fertilizer application (100,000,000 tons)/crop sown area (1,000 ha) =
Agricultural film use intensity | Agricultural plastic film use (10,000 tons)/area sown with crops (1,000 -
ha)
Fuel consumption per unit of Diesel use (10,000 tons)/total power of agricultural machinery (10,000 -
agricultural machinery kW)
Ecological Forest coverage Area covered by forests (1,000 ha)/provincial area (1,000 ha) +*
conservation
Area of nature reserves Area of nature reserves (1,000 ha) +
Agricultural natural disaster Area affected by natural disasters in agriculture (1,000 ha)/area caused +
success rate by disasters (1,000 ha)
Economic growth Land output rate Gross agricultural output value (100,000,000 yuan)/area sown with +
crops (1,000 ha)
Farmers income Farmers’ per capita disposable income (yuan/person) +
Grain yield per unit Total grain output (10,000 tons)/area sown with crops (1,000 ha) +
Food security Food supply security | Food production base Cultivated land area (1,000 ha)/provincial area (1,000 ha) +
Financial inputs for food Farmers’ investment in fixed assets (100,000,000 dollars) +
production
Current status of agricultural Power of agricultural machinery (10,000 kW)/cultivated area (1,000 +
modernization ha)
Food production capacity Total grain output (10,000 tons)/area sown with grain (1,000 hectares)
Food access security Food satisfaction Total grain output (10,000 tons)/resident population (10,000 people)
Food self-sufficiency rate Total grain output (10,000 tons)/consumption of grain (10,000 tons)
Food production Food production fluctuation 3 Among them, p is grain yield and p is average grain yield -
stability coefficient
Food disaster fluctuation 4<% Among them, a is the ratio of the affected area to the sown area of -
coefficient crops, and @ is the average of the ratio of the affected area to the sown
area of crops
Food production Carbon emissions Zf mixa;. Among them, m; is the amount of inputs, specifically -

sustainability

Surface source pollution

including pesticides, fertilizers, agricultural film, the use of agricultural
machinery, agricultural tillage, and irrigation. a; is carbon emissions
coefficients generated by the inputs, which are 0.8956 kg/kg, 4.9341
kg/kg, 5.18 kg/kg, 0.5927 kg/kg, 312.6 kg/km?, and 20.476 kg/hm?,
respectively

37} ni%pi. Among them, n; is the amount of pesticide, fertilizer, and
agricultural film inputs. f; is the loss coefficient of pesticide, fertilizer,
and agricultural film, which is 50%, 75%, and 10%, respectively
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Province or Comprehensive PTE Scale Province or Comprehensive PTE Scale

municipality efficiency efficiency  municipality efficiency efficiency
Beijing 1000 1000 1000 Zhejiang 0825 0844 0977
Anhui 1.000 1.000 1.000 Heilongjiang 0.809 0827 0979
Shandong 1,000 1,000 1.000 Fujian 0784 0857 0918
Henan 1000 1000 1.000 Jiangxi 0726 0.897 0826
Sichuan 099 0997 1.000 Gansu 0724 0894 0824
Shaanxi 0994 1.000 0994 Hainan 0645 0906 0721
Jiangsu 0992 0992 1.000 Shanxi 0641 0877 0728
Hebei 0988 0997 0991 Guizhou 0617 0.860 0.740
Hunan 0950 0974 0975 Tianjin 0558 0761 0734
Hubei 0940 0973 0.966 Inner Mongolia 0546 0611 0907
Xinjiang 0938 0948 0990 Ningsia 0529 0938 0570
Shanghai 0929 0954 0972 Chongging 0521 0,604 0873
Guangdong 0926 1.000 0926 Qinghai 0.494 0.841 0552
Yunnan 0.906 0938 0.964 Jilin 0471 0505 0934
Guangxi 0571 1000 0871 Tibet 0.197 0937 0237

Liaoning 0.850 0.862 0.986 Average 0786 089 0876
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Output variables

Input variables

‘The number of papers published internationally by agricultural research institutions (y,)

‘The count of authorized domestic patent applications by agricultural rescarch institutions (y:)

‘The total output of agriculture, forestry, animal husbandry, and fishery in each province (y:)

‘The number of personnel engaged in scientific and technological activities by agricultural research institutions (x,)

Number of personnel holding a doctorate degree per one thousand individuals engaged in scientific and technological activities (x.)
‘The number of individuals with senior professional titles per one thousand individuals (x,)

‘The internal expenditure of funds dedicated to scientific and technological activities per individual (x,)





OPS/images/fsufs-08-1440006/fsufs-08-1440006-e069.jpg
ot L
s.
N3
Lakp k,
K
)





OPS/images/fsufs-08-1443775/fsufs-08-1443775-e002.jpg





OPS/images/fsufs-08-1384734/fsufs-08-1384734-t001.jpg
Regions Chi Provinces

North China jing, Tianjin, Hebei, Shanxi, and Inner Mongolia
Northeast China Liaoning, Jilin and Heilongjiang

East China ‘Shanghai, Jiangsu, Zhejiang, Anhui, Fujian, Jiangxi and Shandong
Central and Southern China Henan, Hubei, Hunan, Guangdong, Guangxi and Hainan
Southwest China Chongging, Sichuan, Guizhou, Yunnan and Tibet

Northwest China ‘Shaanxi, Gansu, Qinghai, Ningxia and Xinjiang
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Algorithms Pseudo R? LR ch? (p-value) Mean Standard % reduction

bias bias
BM AM BM AM BM AM
KBM Farmers income 0572 0034 27944 8.13(p=0921) 6432 1189 382
(p=0.000)
NNM Farmers income 0572 0043 27944 879 (p=0878) 6432 979 87.12
(p=0.000)
RM Farmers income 0572 0046 27944 1194 (p=0684) 6332 13.89 80.63

(p=0000)
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Algorithms Outcome variables Standard error p-value Critical level of

hidden bias
Radius matching Income. 197.145%% 3299 0.000 375
Nearest neighbor matching ~ Income 199.79%%% 1658 0.000 250

Kernel-based matching Income. 1933875 2130 0.000 375
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Variable names Coefficient Marginal effects

estimation coefficient
(Standard Error)  (Standard Error)

Age ~0.920* (0.441) ~0.205* (0.098)
Gender ~0.006 (0.016) ~0.002 (0.004)
Houschold size 0.015(0.097) 0.004 (0.023)
Education 04097 (0.030) 0.0917% (0.009)
Farm size 12707 (0.479) 0.282* (0.108)

Environment 06087+ (0.169) 0.172(0.12)

Awareness

Tube well 0.0530 (0.0341) 0.0473 (0515)
Landholding 0,018 (0.031) 0.0012 (0.697)
Load-shedding 0.308 (0.065) 00321 (0782)
Electricity 0,069 (0.014) 0.0614 (0371)
Diesel ~0.511 (0.195) ~0.5887 (0511)
Poverty ~0.045 (0.0326) ~0.0402 (0.280)
Extension workers 0.057* (0.009) 0.013* (0.003)
Access to credit 20254 (0.517) 0.448* (0.113)
Cooperative 1.694%%% (0.505) 0.379* (0.110)
Climate info 2759%* (0.781) 0.609* (0.170)
Market distance 18775+ (0372) 0.414%*% (0.080)
Livestock 0.780%* (0.510) 0.173* (0.113)
Ziarat 10435 (0.513) 0207 (0.325)
Loralai 0.132% (0.061) 0.069 (0.073)
Qilla Saifullah 0.422%% (0.195) 0020 0211)
Pishin 0.647* (0.256) 0.433* (0.199)
Harnai 0.186(0.233) 0.148 (0.225)
Constant ~13.050°%* (2.833) =

Log-likelihood - -
LR ch? = _
Prob> chi’ - -
Pseudo R* - -
Numbers 1,080 -

#%, %% and * denote statistical significance at the 1, 5, and 10% levels, respectively.
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AELELIES
names

Gender
Age
Household
size
Schooling
Farm size
Income

Environment

awareness
“Tube well
Landholding
Load shedding
Electricity
Diesel

Poverty

Extension

workers

Access to

E
Cooperative
Climate info
Livestock

Market

distance

#% denotes stati

Adopters Non-
(n=498) adopters
(n=582)
1895 4547
077 064
708 640
747 164
230 130
105786 78564
0384 0478
062 042
058 043
062 040
047 039
047 045
051 049
3545 2764
064 044
065 042
059 049
058 047
058 043

ically significant results at the 1% level.

Difference
mean

3ageer
[ER

0.68%%*

2820
102%%%
7.

0.093

0.02

15w

0.22%ex
0.09
0.02
0.08

7.81%%%

0.20%%%

0.23%%%
0,15+
o1

0154

value

3.08

282

391

1239

1139

0.384

019

065
286

139

082

148

10.65

415

478

281

150

288
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Variable Explanation

Solar Energy Adoption | 1= Adopts solar energy;
0=No

Gender 1=Male; 0=No

Age Respondents’ age (years)

Household Size Size of household (numbers)

Education Respondents’ education
(years)

Farm Size Land under cultivation (ha)

‘Wheat farmers Income Annual farmers’ income
(PKR)

‘Tube Well 1=Owns tube well; 0=No

Load Shedding Daily power outage duration
(hours)

Access to Credit 1= Has credit facilities; 0= No

Environment Awareness | 1=Knows solar energy
adoption for carbon
footprint; 0=No

Landholding Land owned by farmer (ha)

Electricity 1 =Electricity as an energy
source; 0=No

Diesel 1= Diesel as an energy

source; 0=No,

Poverty 1=Below poverty line; 0=No

Extension Workers Extension workers' visits (No/
years)

Cooperative 1=Part of cooperative
associations; 0=No

Climate Information Access to climate info

Livestock Livestock owned by
respondent (numbers)

Market Distance Distance from farmhouse to
marketplace

Ziarat 1=Situated in Ziarat; 0=No

Loralai 1=Situated in Loralai; 0=No

Qilla saifullah 1=Situated in Qilla Saifullah;
0=No

Pishin tuated in Pishin; 0=No

Harnai tuated in Harnai; 0=No

Mean (SD)
0.43(052)

47.90 (11.49)
49.80(8.24)
649 (1.65)

3.38(1.00)

1.80 (0.90)
65,840 (27490)

0.31(069)
11.41 (8.41)

30.83 (7.89)

0.43(0.50)

265 (1.83)

0.5 (0.43)

0.29(0.54)

0.48 (0.56)

0.51(051)

0.46 (0.68)

0.58(0.49)

3.21(255)

0.49(0.49)

0.33(0.47)
0.24(0.41)

0.32(0.46)

0.34(0.44)

0.22(0.33)
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1-Stage N 2-Stage | 3-Stage
Balochistan Province Five districts chosen Ten tehsils

v

4-Stage L. 5-Stage R Final-Stage
Twenty union councils Forty villages 1080 respondents
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(1) (2)

IV(Lxand L2.x) IV (Third moment

(Skewness))

‘The Second stage
x 0162 0.068**

(0.039) (0.032)
Control variables Yes Yes
Year fixed effects Yes Yes
Province fixed effects Yes Yes
Kleibergen-Paap rk 39940 12870
1St 0.000) (0.000)
Kleibergen-Paap rk 34328 4109
WaldF Statitic (19930) (1638)
Hansen ] Stats 0597 -

(0.440) =
N 28 310
Adjust R-squared 0.886 0.880
‘The First stage
Lx 0.74445%(0.125)
L2x 0011(0.119)
5 0.37744%(0.059)
F-value Test 34.33(0.000) 41.09(0.000)

*%p < 0.05, ***p < 0.01. critical values or p-value in () for IV tests.
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(4) (5)

T=2014~2020 High-order

Interaction

Variable LnTFP

0.019%* 0.117** 01247 0.159%** 0.132%*%
* (0.007) (0.047) (0.031) (0.043) (0.051)
Control variables Yes Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes Yes
Province fixed effects Yes Yes Yes Yes Yes
Province * Year fixed effects No No No No Yes
N 300 279 260 217 310
Adjust R-squared 0900 0889 0930 0889 0883

#5p < 0,05, #*¥p < 0.01.
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Model

Variable

Inpgdp

industry

fin

dfin

mech

scale

disas

_cons

Year fixed effects
Province fixed effects
N

Adjust R-squared

*p < 0.10, **p < 0.05, ***p < 0.01, the robust standard error is given in (). Same tables below:

0.141%

(0.070)

0023
(0.016)
Yes
Yes
310

0.828

(2)

0,124
(0.029)
0.353%5%
(0.121)
0.109

(0.162)

—3771%%
(1.248)
Yes
Yes
310

0835

(3)

0.145%*
(0.028)
030155
(0.114)
0.434%5%
(0.160)
0.983%%%
(0.350)
~0003%+

(0.001)

33845+
(1.170)
Yes
Yes
310

0857

(4)

0,136+
(0.026)
0.227%%
(0.108)
0.641%5%
(0.145)
Lot
0318)
_0.002%%%
(0.001)
~0019%+
(0.004)
016244
(0.034)
-0022
(0.041)
—2727%%
(1104)
Yes
Yes
310
0883

(5)
InTC
00715+
(0.025)
~0053
(0.108)
0.745%%%
(0.148)
0149
0316)
~0.002%%
(0.001)
0008+
(0.004)
0.146%+
(0.033)
~0038
(0.041)
0216
(1.095)
Yes
Yes
310

0867

(6)
InEC
0072+
(0.028)
0,073+
(0.036)
~0042
(0.102)
0.935%%
(0349)
~0.000%+
(0.000)
~0.006%+
(0.002)
0.065*
(0.038)
~0.004
(0.034)
~0839+*

(0.391)

310
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Variables and symbols sample
“Total factor productivity (InTFP)

“Technical progress (InTC)

Technical efficiency (InEC)

Rural broadband development (x)

Level of economic development (Inpgdp)
Level of industrialization (industry)

Level of financial support for agriculture (fin)
Digital finance index (dfin)

Intensity of agricultural mechanization (mech)

Scale of agricultural operations (scale)

Degree of damage to agriculure (disas)

Proportion of agricultural loans (arelo)

Percentage of agriculture, forestry, and fisheries loans (am1)

Proportion of rural loans (am2)

Proportion of loans to farmers (am3)

310

310
310
310
310
310
310
310
310
310
310
310
310
310

310

Me:

0.165

0.164

0.000

0.398

10825

0430

0116

216235

6.847

0711

0.147

0.289

0.161

0753

0.242

0179

0.167

0.102

0341

0443

0087

0034

97.03

3501

0354

0114

0113

0083

0.165

0113

0285

~0.238

~0.284

0.000

9.707

0.158

0.041

1622

2639

0209

0.006

0022

0.034

0246

0.011

Max
0719
0.609
0342
1.869
11961
059
0204
431928
24626
2771
0618
0463
0.400
0995

0791
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Level of quantile Coeff. (S.

10th 0.095%** (0.028)
25th 0.116%** (0.028)
50th 0.080%** (0.020)
75th 0.045%** (0.010)

90th 0.001 (0.010)
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Variables Conventional SF Selection-correction SF
names

IT-users IT-non-users IT-users IT-non-users
M SIES M SIES M SIE M SIES
Labor 0076 0.049 0.093* 0053 0.086 0056 ons* 0.067
Land 7412%%% 0055 0371455 0070 0,469+ 0072 0.329%%% 0.086
0.294%5% 0,048 0.224%%% 0042 0306+ 0062 02365+ 0,055
~0.060* 0036 0.1074% 0038 ~0.063 0045 0.124% 0.051
Harnai 03674+ 0127 0.228* 0.122 03704 0.135 0.280% 0.153
Zhob 0.368* 0121 03554+ 0.121 03674+ 0122 0,368+ 0.142
Loralai 0260% 0123 0.09 onz 0.290% 0.136 0172 0124
Ziarat 04104 0123 04274+ 0.122 038745 0.135 04424 0.137
Duki 031302 0121 ~o001 0.126 0.291% 0.131 ~0.020 0.138
Constant 0.277%* 0.107 04614+ 0.106 0310% 0.153 0.326% 0.155
» ~0.430% 0.19 0.349 0275
ou 06184+ 0139 0.820%% 0,066 05814 0.143 0821+ 0.093
ov 03974 0071 03044 0,042 04304+ 0.064 03594 0.066
Loglikelihood ~303.130 ~303.363 ~499.624 ~506.804
N 310 290 310 290

ignificance levels are denoted as **%, **, and *, representing 1, 5, and 10%, respectively.
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Variables Un-matched Matched
name

Marginal effect L Marginal effect

SIES M SIES 1ES M SIES
Age ~0052%+* 0.008 ~0015%+% 0.002 ~0051%5% 0.008 ~0016%% 0.003
Gender 0,687+ 0324 02017 0095 0,673 0322 0.207%% 0020
Schooling ~0006 0022 0.001 0.006 ~0007 0022 ~0002 0.008
Experience 0.028%+* 0.006 0,008+ 0.002 0,028+ 0.007 0,009+ 0.002
Certificate 1173 0728 0348 0215 1073 0774 0330 0.237
Government 005145+ 0014 0015%4% 0.004 0.049%+ 0015 0015+ 0.004
Cooperative 1087+ 0.465 03237 0137 0.971%% 0476 0.299% 0.145
Training 0339+ 0.157 0101+ 0.046 0322 0.157 0,098+ 0049
Market 0013 0022 0.004 0.006 0012 0021 0.005 0.008
Social capital 0.000 0.008 0.000 0.003 0.001 0.009 0.000 0.004
Information literacy 00704 0010 00210 0003 0071 0010 00225+ 0,003
Harnai ~0072 0237 ~0.021 0070 ~0.098 0234 ~0.030 0072
Zhob ~0.189 0226 ~0.055 0067 —0211 0226 ~0.065 0.069
Loralai ~0073 0210 ~0.021 0062 ~0.077 0.208 ~0.024 0.065
Ziarat 05424 0233 0.161%* 0.069 0.466%* 0228 0.143+% 0070
Duki 0128 0212 0038 0.063 0129 0207 0040 0.065
Residual ~0549% 0265 ~0.163% 0078 ~0.462* 0270 ~0.142% 0083
cooperative
Constant —3.021%%% 0785 ~3.027%8% 0780

~398515 ~399.593

Significance levels e denoted as *#%, **, and * representing 1, 5, and 10%, respectively.
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Variables nam Unmatched Mean Reduct

([atched) Treated Control % bias Bias
Age U (M) 49.173 (49.350) 54.710(50.125) —67.3 (=9.4) (86) =9.28%** (=1.23)
Gender um) 0.985 (0.984) 0.951 (0.987) 19.1(-1.9) (90.2) 2.66%** (=0.38)
Schooling U (M) 8.627 (8.578) 7.832(8.617) 304 (-1.5) (95.1) 4.21%** (-0.22)
Experience u(m) 21.015(20.939) 20.333(21.392) 6.7 (~4.4) (33.6) 092 (-0.61)
Certificate U (M) 0.079 (0.077) 0.041 (0.061) 16.1 (6.6) (59) 221%%(0.84)
Government U (M) 8.105(6.712) 5.650 (6.323) 35.2(5.6) (84.2) 4.79%%* (1.19)
Ratio U (M) 0.867 (0.853) 0.631(0.851) 359(0.3) (99.2) 4.94%%% (0.04)
Cooperative U (M) 0.137 (0.138) 0.057 (0.140) 27.3(=0.5) (98.1) 3.75%%% (~0.06)
“Training U (M) 0.198 (0.202) 0.127 (0.208) 192(-1.8) (90.6) 2.64%%* (=0.23)
Market U (M) 2,007 (2.015) 1.923 (2.013) 26(0.1) (98) 036 (0.01)
Social capital U (M) 42.447 (42.249) 40417 (42.114) 303(2) (93.3) 4.18%%% (0.27)
Information literacy U (M) 55.645 (55.390) 51.092 (54.972) 749 (6.9) (90.8) 10.34%%% (1,02)
Harnai u(m) 0.114 (0.119) 0.146 (0.110) =9.5(2.9) (70) ~1.32(0.41)
Zhob u(m) 0.216 (0.220) 0.287 (0.200) -16.5(4.7) (71.5) —2.28%* (0.69)
Loralai U™ 0.147 (0.154) 0.146 (0.156) 0.2(-0.5) (-119.3) 0.03 (=0.07)
Ziarat u(m) 0.284 (0.263) 0.211(0.275) 169 (-2.8) (83.6) 233** (-0.37)
Duki u(m) 0.152(0.157) 0.119(0.181) 9.6 (=7.1) (26.5) 133 (-0.89)

Significance levels are denoted as **%, *¥, and * representing 1, 5, and 10%, respectively.
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IT non-users

IT users
SD

M
Conventional S ) 0575 (0572)
Selection-corrected SF U 0597 (0573)
ESR U (M) 0.590 (0.585)

0.178(0.182) 0.616(0.629) 0.155 (0.144) 0.042%%* (0.058*+*)

0.150 (0.174) 0.611(0.623) 0.145 (0.135) 0.033*** (0.070)

0.182 (0.188) 0.648 (0.568) 0.143 (0.135) 0.058%%% (0.073)

ignificance levels are denoted as **¥, representing 1%. U indicates “Unmatched” and M in parenthesis indicates the matched.
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Variables Conventional SF Selection-corrected SF

name

IT users IT non-users
IT users IT non-users IT users IT non-users

Mean E Mean SE. Mean Y Mean GIES
Labor 05385+ 0.054 0.071 0053 0076 0054 009 0.067
Land 02805+ 0.047 03634+ 0.069 0488+ 0071 03054 0.084
Fertilizer ~0.067* 0.035 02284 0042 0.296%+ 0.061 02554 0.056
Pe 0.199%+ 0.050 0,093+ 0037 ~0.069 0043 oanres 0.050
Harnai 035204 0119 0.203 0124 03505+ 0133 0.278* 0.154
Zhob 0.204 0119 03624+ 0124 035474 0120 03855 0.143
Loralai 03955+ 0.120 0073 0.9 0242 0132 0.159 0120
Ziarat 035744 0.116 04294 0125 037474 0133 0467+ 0.139
Duki 0.268%+ 0.104 0013 0.129 03204 0128 0015 0.143
Constant 0059 0.048 04824+ 0.107 03525 0.153 0277 0.169
P 06535+ o114 0.043 0045 —0475%* 0179 0341 0.227
ou 03804 0.061 0.800%+% 0070 06165+ 0126 0734 0120
ov ~316.947 -312.301 0.325%%% 0043 04165 0.061 04205 0.067
Loglikelihood 315850 -310.202 ~410450 —415.637
N 310 290 310 290

ignificance levels are denoted as **%, *%, and * representing 1, 5, and 10%, respectively.





OPS/images/fsufs-08-1440006/fsufs-08-1440006-e109.jpg
(s pakibir)
20" (s, Eﬂ

0





OPS/images/fsufs-08-1385935/fsufs-08-1385935-t001.jpg
Variables nam Description of IT users IT non-users

iabls
variables Mean Mean SD

“Treatment variables

IT usage farmers use IT for crop 053 050 047 050 0.06
yield information; 0
otherwise

Outcome variables

Output ‘Wheat sales revenue 2022 1507 ~1455 1125 ~1004 38250
(PKR)

Input variables

Labor Household labor costs 620 —443 6.14 ~436 0.06
(PKR)

Fertilizer Fertilizer cost (PKR) 185 -195 1.80 ~160 005

Pesticide Pesticide cost (PKR) 055 -071 043 -053 0125

Farm size Farm size under wheat 480 555 350 485 130%

cultivation (ha)

Control variables

Age Farmer age (years) 4890 893 5317 810 —a27%s
Gender Gender of respondent 099 012 093 020 006%+%
Education Farmers' education (years) 850 249 721 290 1295+
Experience Farming experience (years) 2230 993 2190 1169 0.40
Certificate farmer has official 0.10 00.28 0.05 021 005+

professional certificate; 0

otherwise

Tractor if farmer has own tractor; 055 049 044 049 o
0 otherwise

Cooperative farmer membership of 010 028 007 021 0,037+
cooperative; 0 otherwise

Market Distance from farmhouse to 302 401 293 290 0.09
alocal market (km)

Ratio Dependency ratio between 090 073 069 060 021
usually not in the workforce
and usually in the workforce

Government Distance from family farm 610 845 466 290 Lagrr
to local government (km)

Training the farmer receives 010 020 007 018 0,035+
IT-related training; 0
otherwise

Information Capacity to obtain and use 5356 490 5080 527 32088

literacy information (Appendix 1)

Social capital Quality and frequency of 4134 688 3930 593 20455
social contacts (Appendix 2)

IV: certificate “The proportion of certificate 004 002 002 003 0,025+

holders in the village area

ooperatives Are cooperatives in the 0045 039 0.38 030 0.15%%¢

study area?

*, %, and *** indicate the significance levels (10, 5 and 1%, respectively) for the mean difference (t-test) between users (I) and non-users of Internet technology (NIT)
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Pasta feature Respondents

Tam willing to buy a larger

amount of pasta if the 39 982
price is low

Tam willing to pay a price

premium if the pasta is 218 5491
safe and certified

1 prefer an adequate

ality/price. Without

quality/pr 140 356
caring about the safety of

the product

Total 39 10000
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Pasta feature Respondents

Origin of the pasta 95 2393
Purchase site 0 1008
Promotion strategy (publi
i ) 1083

fyers)
Qualitative characteristics of

136 3426
the product
Characteristics related to the

82 2065

process

Total 39 100.00
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Pasta Level of attention
feature

Medium

Price 8 2.02 190 47.86 199 50.13
Information

28 7.05 182 45.84 187 47.10
labelling
Nutritional

50 1259 199 50.13 148 37.28
facts
Brand 41 10.33 176 4433 180 4534
Presence of
organic 82 2065 209 5264 106 2670

certification

Presence of
origin 6 1738 185 46.60 43 3602

certification

Mode of
79 199 208 | 5239 10 2771
packaging
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Place of Frequency of purchase (number of purchase)

urchase
R Once a day More than Once aweek  More than Oncea Less than
once a week once a month oncea
month month
N
Hypermarkets 20 504 77 19.40 27 680 2 050 0 0 0 0 0 0
Supermarkets 2 579 14 2872 a 1033 1 025 0 0 0 0 0 0
Discount shops 8 202 16 1159 17 428 2 050 0 0 0 0 0 0
Pasta factories 1 025 4 101 0 000 0 0.00 0 0 0 0 0 0
Local shops 4 101 3 076 1 025 0 0.00 0 0 0 0 0 0
Online
3 076 1 025 0 000 0 0.00 0 0 0 0 0 0

(e-commerce)

Other 0 0.00 1 025 1 025 0 0.00 0 0 0 0 0 0
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Variable ~Category Italian Sample

population

Number %
18<Agesd4 29.74% 159 1005
Agelyear)  45<Agesot 30.84% 171 .07
>61 23.80% 67 1638
Male 18 183 1610
Gender
Female 52 214 5390
Ansial Income <20.000 92 2317
houschold 200005 Income
31,600 207 5214
income in <40.000
EUR Income >40.000 98 2469
“Total - Sampling size 397 10000

Source: Our elaboration and ISTAT, 2023.
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Variables Village Road Ln(Village Income) Waste Disposal Ln(Village Income)

Funds Funds
(1) (2) (3) (4)
0,014+ 0.102%%% 0.059%+% 0115w
RESCs
(0.003) (0011 (0.005) (0.014)
0,169+
Village road funds
(0.013)
0,022
Waste disposal funds
(0.012)
Control variables Yes Yes Yes Yes
Province fixed effects Yes Yes Yes Yes
0.924%0% 17294+ 0.924%5% 17294+
Constant
(0032) (0.095) (0.032) (0.095)
Observations 49,135 49,135 49,135 49,135
Resquared 0120 0315 0.125 0309

illage road funds refer to whether the main funding source for roads construction in the village comes from the government: 1= yes, 0=no; Waste disposal funds denote whether the main
funding source for the centralized disposal of waste i the village comes from the government: 1 =yes, 0=no; The control variables are listed in Table 1; Provincial fixed effects include 31
provinces in China; Robust standard errors in parentheses; ***and *indicate significance at te 1 and 10% level, respectively.
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Dried pasta Attribute & Code Option *) Option “B Option “C"

Alternative “A" Alternative Alternative “C"
(No option/No
buy)
Blockchain Tecnology Present Absent Neither “A” nor “B”
Code: BC

Information on the Absent Present

environmental sustainability

Code: IE (
Information on the social Present Absent
sustainability "
Code: 1S @

Soamt
Information on the quality & Absent Present
salety
Code: 1Q
Information on the innovation Absent Present
Code: IN

R

Price 3,00€ 1,50€
Code: Price

Which option/alternative do you select? a a o
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Variables Ln (Store) Ln (village income) Ln (Restaurant) Ln (village income)

1) (2) (3) (4)
0.060%++ 0,108+ 0,094+ 0,076+
RESCs
(0.003) (0.014) (0.003) (©0.014)
014345+
La(Store)
(0.019)
04320+
Ln(Restaurant)
0.020)
Control variables Yes Yes Yes Yes
Province fixed effects Yes Yes Yes Yes
0.3320%% 15287 0372%%% Lea1exs
Constant
(0.023) (0.095) (0021) (0.095)
Observations 49,135 49,135 49,135 49,135
Resquared 0243 0310 0170 0315

Store refers to the number of stores with a business area of more than 50 square meters within the village; Restaurant denotes the number of licensed restaurants within the village; The control
variables are listed in Table I; Provincial fixed effects include 31 provinces in China; Robust standard errors in parentheses; ***indicates significance at the 1% level
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Attribute

Blockchain Technology

(Code: BC)

Information on the environmental sustainabilityCode: IE

Information on the social sustainability

Code: 1S

Information on the qualty & safety

Code: 1Q

Information on the innovation

Code: IN
Price
Code: Price

2l

3

vel

Presence

Absence

Presence

Absence

Presence

Absence

Presence

Absence

Presence
Absence

EUR 120
EUR 240
EUR 3.00
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Variables Agricultural category  Ln (village income) Ln (agricultural Ln (village income)

quantity)
1) (2) (3) (4)
0.019%% 0115+ 0.109%4% 01165
RESCs
(0.004) (0.014) (0.022) (0.013)
00424
Agricultural category
0.017)
0,006
Li(Agricultural quantity)
(0.003)
Control variables Yes Yes Yes Yes
Province fixed effects Yes Yes Yes Yes
0,142 L474+% L172wex 1473%+%
Constant
0025 (0.095) (0.146) (0.095)
Observations 49,135 49,135 49,135 49,135
Resquared 0055 0309 0.054 0308

0 Agricultural quantity denotes cultivating quantity of characteristic planting
in parentheses; ***and **indicate significance at

Agricultural category refers o whether the village has a characteristic planting or breeding category:
or breeding categorys The control variables are lsted in Tablc 1; Provincial ixed effects include 31 provinces in China; Robust standard erroy
the 1and 5% levels, respectively.
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Country Importation (million euros)

China 1483
Germany 1276

1234

989
France 7.63
Netherlands 689
Greece 461
Austria 448
South Korea 441
Serbia 405

Source: wwwe:statist.com/statstics/ 1027841 leading-suppliers-ofitaly-s-imports-of-pasta
(accessed on 07/11/2023).
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AELELIES CMP method

First stage Second stage
(1) )
0.045%%
RESCs
(0.010)
Fixed broadband interface 0.508***
penetration rate in 2006 (0.070)
—299745%
atanhrho_12
(0.162)
Control variables Yes Yes
Province fixed effects No Yes
0181455 0455+
Constant
0.020) (0.051)
Observations 49,135 49,135

This table presents the estimation results of IV regression using fixed broadband interface
penetration rate; CMP refers to the conditional mixed process method because the core
explanatory variable is binary and discrete in this study; The atanhrho_12 represents the
endogeneity test parameter; The control variables are lsted in Table 1. Provincial fixed effects
lude 31 provinces in China; Robust standard errors in parentheses; ***indicates
significance at the 1% level.
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Country Production (

Italy 3,890,467
United States of America 2,000,000
Turkey 1902423
Egypt 1,200,000
Brazil 1,182,000
Russia 1,096,912
Nigeria 700,000
Iran 560,000
Argentine 407,336

Source: wwwstatista.comy/statstics/1378224/leading-countries-worldwide-n-pasta-
production (accessed on 07/11/2023)
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Variables
Alternative
variable
(4)
0.062++%
RESCs
(0.022)
Control variables Yes
Province fixed
Yes
effects
1432w
Constant
(0.097)
Observations 49,135
Resquared/
. 0308

Pseudo R-squared

The control variables are listed in

China; Robust standard errors in parentheses; *

Dependent variable: Ln (village income)

Probit Truncated
model treatment
(5) ()
0,043 0,105
©013) (0.014)
Yes Yes
Yes Yes
L7704 Lears
(0374) (0.093)
9,135 48320
0.098 0305

; Provincial ixed effects include 31 provinces in

indicates significance at the 1% level.
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Country Average consumption (kg/

capitalyear)

Ttaly B
Tunisia 17
Venezuela 15
Greece 122
Peru 99
Chile 96
United States of America 88
Turkey 87
Iran 85
France 83
Germany 79

Source: wwewstatista.com/statstcs/ 1379424/ per-capita-consumption- pasta-by-country
(accessed on 07/11/2023).
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Variables Dependent variable: Ln (village

income)
(4) (5) (6)
0.083%+# 0.055%%* 0.075%%%
RESCs
(0.019) (0.020) (0.015)
RESCs x Eastern 0.079%+#
region 0029
0.076***
RESCs x Migration
0.027)
RESCs x College- 0.221%*
graduate cadre (0.030)
Control variables Yes Yes Yes
Province fixed effects Yes Yes Yes
0.303%+* 1.450%%% LA
Constant
(0.086) (0.094) (0.095)
Observations 49,135 49,135 49,135
R-squared 0309 0318 0310

Eastern region denotes whether the village locates in Chinas eastern region:
Migration refers to whether the village has external residents: 1=yes,
graduate village cadre represents whether the village has college-graduate cadre: 1=yes,

105 The control variables are listed in Tzble 1; Provincial fixed effects include 31 provinces
in China; Robust standard errors in parentheses; ***indicates significance at the 1% level
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VEUELIES Dependent variable: Ln (village income)

(1) (2) 3) (4)
0329%% | 03097 | 01214k 01165
RESCs
0.016) (0.015) (0.014) (©0.014)
0.423%4% 0.404%+%
La(Population)
(0.009) (0.009)
00287+ 00294
La(Village area)
(0.007) 0.007)
Village ~0066++% | ~0.066%*
topography (0.010) 0.010)
~0065%+% | ~0.064%*
Road condition
(0.007) (0.007)
0.145 0143
Tourism village
(0.088) (0.088)
Li(Primary ~0.032%% 0.027+%
school) ©014) (©0.014)
0305%+* 0.294%%%
Ln(Sports venue)
©.0149) (©.014)
0.104%%% 0.094%%%
La(Library)
0.018) (©0.018)
Village cadre 0.119%+%
education (0.007)
Concurrent ~0.041%%
positions ©.015)
Province fixed
No Yes Yes Yes
effects
231955 | 47780 1855+ 1480+
Constant
(0.008) (0.069) 0.092) (0.095)
Observations 49,135 49,135 49,135 49,135
Resquared 0.008 0236 0305 0309

Provincial fixed effects include 31 provinces in China; Robust standard errors in parentheses;
*and **indicate significance at the 1 and 5% levels, respectively.
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Variable
Ln(Village income)
RESCs
Ln(Population)
Lo(Village area)
Village topography
Road condition
Tourism village
Ln(Primary school)
Ln(Sports venue)

La(Library)

Village cadre education

Concurrent positions

Agricultural category
Li(Agricultural quantity)
Ln(Store)

Ln(Restaurant)

Village road funds

Waste disposal funds

Definition
“The logarithmic of the annual vllage collective income
Whether the village has an e-commerce service center: 1=yes, 0=no,

“The logarithmic of the number of permanent residents in the village

‘The logarithmic of administrative area of the whole village

‘The village topography: 1 = plain; 2= hills; 3= mountain

The road condition;

in the vllage: 1= concrete; 2=asphalt; 3= gravel; 4=slate; 5=other

Is the village a national characteristic landscape tourism village: 1=yes, 0=no
‘The logarithmic of the number of primary schools in the village
‘The logarithmic of the number of sports and fitness venues in the village

The logarithmic of the number of libraries and cultural stations in the village

‘The education of the village branch secretary: 1 =illteracy; 2= primary school; 3= middle school;
4=high school; 5= college and above

Whether the village branch secretary holds a director position on the village committee:

0=no

Whether the village has a characteristic planting or breeding category:

ves, 0=no

“The logarithmic of cultivating quantity of characteristic planting or breeding category

“The logarithmic of the number of stores with a business area of more than 50 square meters

“The logarithmic of the number of licensed restaurants

Whether the main funding source for roads construction in the village comes from the government:
1=yes,0=n0

Whether the main funding source for the centralized disposal of waste in the vllage comes from the

government: 1=yes, 0=no

All indicators are derived from the Third National Agricultural Census (TNAC) of China; S.D. refers to the standard deviation.

Ob
49,135
49,135
49,135
49,135
49,135
49,135
49,135
49,135
49,135

49,135

49,135

49,135

49,135
49,135
49,135

49,135

49,135

49,135

Mean

2395

0229

6979

5.959

1901

1336

0.004

0.367

0.496

0.486

3.795

0.304

0133

0.703

0315

0.185

0717

0529

1509

0420

0874

1143

0.821

0.841

0.065

0.490

0462

0349

0845

0.460

0339

1989

0345

0307

0451

0499
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Rural e-commerce service centers (RESCs)

-- Soveoen netons

1. Policy publicity
2. Agent purchase service
3. Agent sale service

4. Convenient service

1. Skill training
2. Information service
3. Data collection

1. Employment service

2. Educational assistance

3. Entrepreneurship
guidance

4. Charitable donation

1. Online consultation
2. Information disclosure
3. Judicial assistance
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Model

Variable
Th<ql 0.137
(0.172)
Th<ql 0317+
(0.187)
Control variables Yes
Year fixed effects Yes
Province fixed effects Yes
N 310
Adjust R-squared 0.856

" <0.10, % < 0.05, **%p < 001

0.182*

(0.103)
0.4825%%

(0.120)

Yes
Yes
Yes
310

0860

—0112
(0.069)
00555
(0.070)
Yes
Yes
Yes
310

0855

4)
T=am3
—0.145%
0.071)
0052
(0.075)
Yes
Yes
Yes
310

0.859
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Model (1)

Variable arelo

~0.045++
x

(0.015)

arelo
x *arelo
Control variables Yes
Year fixed effects Yes
Province fixed effects Yes
N 310
Adjust R-squared 0554

*p < 0.1, #%p < 0.05, ***p < 0.01

(2)

0.136%+*

(0.026)

310

0883

(3)

InTEP

0.149%%

(0.066)
0.263

(0.204)

310

0884

(4)

01794+
(0.057)
0490
(0.182)
0734%
(0.384)
Yes
Yes
Yes
310

0891
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(1) ()] (€)] (4) (5)

Eastern region Central region Western region Low income High income

Variable InTFP

0.080 011 0052 0070 0.105%
h (0.063) (0.050) (0.132) (0.099) (0.059)
Control variables Yes Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes Yes
Province fixed effects Yes Yes Yes Yes Yes
N 120 %0 100 152 155
Adjust R-squared 0843 0958 0905 0877 0.789

*p < 0.10, **p < 0.05.
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Base TPB Extended TPB

model model

z 332.603 995.110
CMIN/DE 4685 3592
CFI 0958 0937
LI 0946 0926
SRMR 0.060 0.064
RMSEA 0081 0.068

[ sig. [ Sig
Dependent variable = VWEINT
ATT 0316 s 0304 wex
SN 0.440 e 0308 ex
PBC 0.125 e 0.064 s
wi 0.150 ex
WTINT 0.143 wex
RISKATT 0.001

Dependent variable=VWEBEH
VWEINT 0411 hoid 0371 hid
PBC ~0.114 b -0.133 hod

RISKATT —0.164 i
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Scale Source Item descriptiol Item codi

Std loading AVE CR Mean (SD)

For me, participating in
virtual wine tourism
ATT1 0.899
experiences is an
enjoyable activity

For me, participats

virtual wine tourism
X i ATT2 0.895
experiences is a positive

activity

For me, participating in

virtual wine tourism
ATT3 0837
experiences is a fun
Attitude toward X
Lam and Hsu activity
virtual wine tourism 074 094 5.27(1.31)

(2006) For me, participating i
experiences (ATT) i

virtual wine tourism
ATT4 0.697
experiences is a

worthwhile activity

For me, part

virtual wine tourism
X ATTS 0.908
experiences is an

enjoyable activity
For me, participating in
virtual wine tourism
X ATT6 0.893
experiences is an
attractive activity
Many of the people who
are important to me
(friends, family) think SN1 0921
Ishould have a virtual

wine tourism experience

Many of the people who
are important o me
Subjective norms | Meng and Cui
(friends, family) would SN2 0924 081 093 4.28(1.71)
5N (2020)

like me to experience

wine tourism virtual

People whose opinion
matters a lot to me
(friends, family) view SN3 0,859
virtual wine tourism
experiences positively
Whether or not to
articipate in a virtual
e PBCI 0.625
wine tourism experience
is entirely up to me
IfTwant, I can havea
virtual wine tourism PBC2 0817 057 079 5.46(1.18)

experience

Perceived behavioral | Meng and Cui
control (PBC) (2020)

I have enough resources,

time, and opportunities
PBC3 08
to experience wine

tourism virtual

Thave a good general
wi 0.806
Knowledge of wine

Every now and then,
Wiz 0.832
1 visit a wine seminar

Other people often ask
‘me for advice regarding wi3 0853
wine
Sometimes, when
drinking wine, I like the
W4 071
intellectual challenge of
complex tastes

Wine offers me relaxation

and fun when lifes Wi 0.674
Wine involvement | Hirche and Bruwer

pressures build-up 061 094 452(137)
wi) (2014)

Tam or would consider
gettinga member of a Wi6 0742

wine club

T take particular pleasure
W17 0.639

in wine

I regularly atiend wine
WIS 0.857
events/festivals

T very much enjoy

spending time in a wine WI9 0.858
shop

Every now and then,

I participate ina wine wiio 0799
tasting

Virtual wine tourism

intentions Sparks (2007)
(VWEINT)

intend to participate in a virtual wine tourism experience in the next 12months 4.44(1.67)

Future wine tourism

Sparks (2007) 1 plan to visit a wine region in the next 12months 534(1.32)
intention (WTINT)

Risk attitude Dohmen etal.

How would you assess your personal preference to take risks? 4.64(261)
(RISKATT) 011)

. Load, Standardized factor loading; AVE, Average variance extracteds CR, Construct Reliability; SD, standard deviation. VWEBEH is not reported a it is an observed variable (for this
reason it was excluded from the CFA).
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mwl 452(1.37)

(2) ATT 0.564%%* 527 (131)

()SN 0.714%* 0.687%%% 4.28(1.71)

() PBC 0.441%%% 0.549%%% 039944 5.46 (1.18)

(5) VWEBEH 0.372%% 0.174%5% 0352445 0,098+ 0.26 (0.44)

(6) RISKATT —0.441%% —0.251%%% ~0310%+% —0.234%+ ~0.239%++ 461 (261)

(7) VWEINT 0.6214%% 0.678%+% 0.674%+% 04545+ 03365+ ~0297++* 444 (167)

(8) WIINT 0.496°%% 039744+ 0351445 03530+ 0.144%5% ~0336%+* 0.455%++ 534(132)

Mean (Standard Deviation) for each variable on the diagonal.
"*p<001.
*p<0.05.
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Variable Categories
Wine consumption Once per month
frequency 2-3 times per month

Once per week
2-3 times per week
Everyday

Wine purchase frequency  1-2 times per year
2-3 times per month
Once per month
2-3 times per month
Once per week

2-3 times per week

N.of wine bottles usually  None
stored at home s
615

more than 15

How many times a year do you visit a wine region on average?

ble

84 Usual wine consumption
123 place

195

327

270

52 Usual wine shopping outlet
104

174

272

313

86

21 Average expenditure ona
560 wine bottle (0.751)

306

13

Usually, wine and visits to local wineries are the main reason why you visit a wine-growing region?

Have you ever participated in virtual wine tourism experiences (.. virtual wine events, virtual tastings, virtual

cellar tours)? (VWEBEH)

Wine bar
Restaurant
Special occasion
Online
Supermarket
Discount
Wineshop
Bar/restaurant
Winery
Online

Less than 6 €
6-15€

15-20€

More than 20 €
0

1

23

More than 3
No

Yes

No

Yes

%
692
93
141
70
04
4“7
23

274

193
43
345
56.0
75

20

274
481
184
487
513
742
258
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Variable
name

Gender

Age

Education (highest
level completed)

Monthly houschold

income

Household income
evolution after
Covid-19

Occupation

Geographical area of

residence

Categories

Male

Female

Other

18-24years
25-3dyears
35-44years
45-54years

55-64 years

over 64years

Middle school or lower
High school

University (bachelor or master degree)
Post-graduate

Less than €2,000
€2,000-4,000

More than €4,000
Worsened

Unchanged

Improved

Employee

Student.

Business owner
Retired

Unemployed or housewife
Freelance

Other

Centre

North-East
North-West

South and Islands

50.1
496
04

104

258
206
23
73
59

335
9.1
388
503
109
275
657
68
553
68
50
97
150
82
00
184
204
267

345
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Future wine tourism

intention (WTINT)

H10 fext 147+

Wine Involvement

D)
H9 fext 15**

R? R
H1 phase 32*** base .60 base .13
ext 64 ext.16

fext 30

. H5 fibase 41**
Vitual W fext 37+ Vitual Wine Experiences
Experiences Behaviour (VWEBEH)

Intention (VWEINT)

H2 pbase 44°*
Bext 31°*

H3 fbase 13***
fext 06

H4 phase - 11**
Bext 13"

Perceived
Behavioural Control
(PBC)
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WTP Standard erro

BC 062533+ 017432
IE 0822787+ 0.14604
Q 116119%%% 0.18301
Is 0.36284%% 017611
IN 041283+ 0.14095

=>significanceat 1,5, and 10% level,
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Variable MNL MXL MXL with interactions

Coefficients Standard Coefficients Standard Coefficients Standard
Error Error Error
BC 0.29465%+* 00628 043819+ 012226 0418315+ 01152
IE 035557+ 00585 059338+ 009718 055040+ 0.094
Q 04304345+ 0.0636 078451+ 011742 077677+ 01164
1 0.15692 00801 0.28614% 013726 024272 01358
N 022692+ 00632 032828+ 011232 0.27616% 0.1087

(non-random parameters)
oPTOUT 1568445+ 0.1074 ~2.42456%+* 016347 —2.41887++ 0.1601
PRICE —0.38988*** 0.0591 —0.70929*** 0.08829 —0.66895%** 0.0858

Interaction terms

BC: ATT 0.11059 0.1146
BC: TRA 055770+ 01177
IE: ATT 0.0579 0.0869
IETRA 030539+ 0.0877
1Q: ATT 0.06529 0.1063
1Q: TRA 0316117 0.1058
15: ATT 0.29065%** 01n7
15: TRA 0.11454 0.1078
IN: ATT 040513+ 0.1018
IN: TRA 0.01848 0.0981

Standard deviation

SD_BC 16461375+ 0.1592 13969154+ 0.1424
SD_IE 1.10565%+% 01131 1.04743%4% 01118
SD_IQ 14787654+ 0.1318 141667%%% 0.1361
SD_IS. 117994%%% 0.1565 11201854+ 0.1564
SD_IN 123945%%% 01231 121040%%% 01274

##%, %%, and * == >significance at 1, 5, and 10% level.

Loglikelihood

function —2249.66 —2065.7 —2017.87
Inf.Cr.AIC 45133 41554 4079.7
AICN 1895 1745 1713

K 7 12 2
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Latent Cronbach’s «  Joreskog's ~ Dijkstra-

P Henseler's p
ATT 0503 0811 0813 0817
TRA 0568 0771 0774 0.803
BLO 0.706 0754 0759 0.768

Source; our elaboration. The latent variable “closeness to blockchain technology” (BLO) has
been putted in relation with the following two latent variables “attention to credence
atributes” (ATT) and *beliefs on traceability” (TRA), assuming that BLO is influenced by
TRA and ATT while TRA is also influenced by ATT. Comparative fit index (CF): 0.973;
goodness of fit index (GFI): 0,967 root mean square error of approximation (RMSEA):
0.057; standardised root mean square residual (SRMR): 0.029.
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Digital literacy 1.329%* 13424
(0.0473) (0.0436)

The index of digital 0.630%*

literacy (0.0160)

Control variables Yes Yes Yes

Constant —0.823*** —1123% —0.887*
(0.141) (0.190) (0.163)

Observations. 897 768 897

Pseudo R? 0.864 0.822 0.819

Robust standard errors are reported in parentheses. ***p < 0.01.
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Latent  Items Weights  Standard Factor

deviation loadings

ATT A_Organic 0322 0.687 0.702
A_Origin 0344 0705 0.794
A_Nutrition 0293 0.664 0.676
A_label 0290 0623 0.669

TRA T_Trace 0346 0797 0.627
T_Social 0362 0829 0.656
T 0.894
Innovation o 0.844

Source: our elaboration.
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4-1) (4-2) (4-3) (4-4) (4-5) (4-6)
Digital literacy 0856 0,539+ 1401%+* 1136 L161* 1148

(0.0876) (0.0790) (0.152) (0.0611) (0.0643) (0.122)
Control variables Yes Yes Yes Yes Yes Yes
Constant —0.400%+* —4.295% 0389 — 10474 —0.796% —0.841%

(0.135) (0.365) (0.462) (0221) (0239) (0392)
Observations 418 505 204 719 675 248
Pseudo R? 0.195 0645 0675 0703 0.669 0738

Robust standard errors are reported in parentheses. ***p < 0.01, **p < 0.05.
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A greater Level of consent
transparency of

operations along Strongly disagree Disagree Nelt!'&e_r agree nor
the pasta value isagree
chain offer: N

A guarantee on the 10 252 9 227 56 1411
quality of the product

Social benefits (., 10 252 6 151 85 2141

respect of the job

contract, undeclared

work, reduction of labour

exploitation, etc)

Environmental benefits 4 101 13 327 & 15.87
(i.e., reduction of gas

emissions, better

efficiency in the use of

water and energy,

reduction of food waste,

etc)

Benefits in terms of 8 202 4 101 ) 10.83
traceability of the

production and food

safety

An increase of innovation 6 151 1 353 3 2846
in the agricultural sector

(i, use of sensors 0T,

GPS, drones, etc.),

offering benefits in terms

of food security

207

217

206

225

193

54.66

5189

56.68

48.61

Strongly agree

N

115

79

11

17

7

19.90

27.96

2947

17.88
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(3-1) (3-2)
Digital literacy 0,998 0448 1.578**
(0.0274) (0.0413) (0.0691)
Control variables Yes Yes Yes
Constant 0.728% 1519% 0.464*
(0.102) (0.154) (0.258)
Observations 897 897 897
Pseudo R? 0811 0437 0.765

Robust standard errors are reported in parentheses.

< 0.01,%p < 0.1
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(2-2)

Digital literacy 0.686%
(0.068)
Instrumental variable 02904
(0.010)
Control variables Yes Yes
F-value 23739
Atanhrho-12 0.764*
(0.047)
Observations 923 923

Robust standard errors are reported in parentheses. ***p < 0.01.
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Digital literacy 1.794%+ 1.342%% 0.002 0.413%* 0.008 0.224** 0.509%*
(0.033) (0.044) (0.021) (0.031) (0.022) (0.009) (0.030)
Gender —0.111* 0.016 —0.015 —0.005 0.011 —0.037
(0.051) (0.024) (0.036) (0.025) (0.011) (0.035)
Age 0.0003 0.0001 —0.001 0.0001 0.0002 0.00004
(0.002) (0.001) (0.001) (0.001) (0.00003) 0.001)
Educational 0.029** 0.012** 0.0165** —0.001 0.003 —0.002
(0.010) (0.005) (0.007) (0.005) 0.002) (0.007)
Health 0.213** —0.024 0.161*** —0.001 —0.054*** 0.131%**
(0.033) (0.016) (0.024) 0.017) 0.007) 0.023)
Training —0.029 0.058** 0.035 —0.001 —0.008 —0.013
(0.030) (0.014) (0.022) 0.015) (0.006) 0.021)

Number of family members —0.007 0.002 0.003 0.003 —0.005** 0.001
(0.011) (0.005) (0.008) (0.005) (0.002) (0.007)
Household income 0.019%* —0.001 0.003 —0.002 —0.005*** 0.015**
(0.005) (0.002) (0.004) (0.003) (0.001) (0.004)

Degree of diversification 0.022 0.007 0.021 —0.019 —0.008 0.007
(0.029) (0.014) (0.021) (0.014) (0.006) (0.020)
Party member household —0.006 —0.019 —0.032 —0.017 0.010 —0.038
(0.036) (0.017) (0.026) (0.018) (0.008) 0.025)

Land area 0.000 0.017*** —0.006 0.021** 0.000 0.000
(0.012) (0.006) (0.009) (0.006) (0.003) (0.008)
Land tenure status —0.063 0.023 —0.106*** 0.001 —0.004 —0.007
(0.050) (0.024) (0.036) (0.025) (0.011) (0.035)
Fertility of land 0.023 0.021%* 0.003 —0.008 0.003 —0.010
(0.022) (0.011) (0.016) (0.011) (0.005) 0.015)

Observations. 923 897 897 897 897 897 897
Pseudo R? 0.760 0.819 0.048 0.633 0.005 0.492 0.580

Robust standard errors are reported in parentheses. ***p < 0.01, **p < 0.05.
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Variables Definition Mea
PEB Number of PEBs adopted by the households 0815 0.988
DL Weighted average composite value calculated using entropy method 0545 0.480
SN How do you perceive the living environment in your village?: 1 = No pollution; 2 = slight 1.430 0613
pollution; 3 = moderate pollution; 4 = severe pollution
BA How would you rate your own environmental protection behavior?: 1 = Not 2614 0528
environmentally friendly; 2 = average; 3 = very environmentally friendly
PBC ‘What is your attitude toward income growth in the next 1-2 years?: 1 = Very pessimistic; 2 2.886 1.374
= Somewhat pessimistic; 3 = neutral; 4 = somewhat optimistic; 5 = very optimistic
Gender 1= male; 0 = female 0.909 0.288
Age The age of the household head. 64.330 9.912
Educational The number of years of education completed by the household head. 7.238 3.851
Health 1 = disabled; 2 = poor; 3 = fair; 4 = good; 5 = excellent 3.923 1.070
Training 1=yes;0=no 0.428 0.495
Number of family members How many people are there in your household? 2,930 1.548
Household income Ten thousand yuan 1.532 2.880
Degree of diversification The proportion of migrant workers among the household population 0.484 0514
Party member household 1=yes;0=no 0.231 0422
Land area Hectares 0.269 1.162
Land tenure status 1=yes;0=no 0913 0.282
Fertility of land Fertility of the land being operated: 1 = poor, 2 = moderate, 3 = good 2373 0.645
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Dimension Indicatol De on
Digital technology | Number of smartphones Number of smartphones
access
Number of computers Number of computers 25.40%
Digital finance Understanding of digital credit Do you understand the digital credit services offered by formal financial 52.96%
usage services institutions such as banks? The values range from 1 to 5, with higher values
indicating a greater understanding of digital credit.
Frequency of digital payments How do you usually make payments? The values range from 1 to 5, with higher 6.50%
values indicating a higher frequency of use.
Digital lifestyle Degree of information access through | How do you usually obtain information? The values range from 1 to 5, with 4.78%

the internet

higher values indicating a higher frequency of using online channels.
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Condition variable Grouping

Customer relationsh ® ® . ®
Price adjustment ® ® ®
Number of platforms ® ® :
Government cooperation ° ° : ®
Visual effect . ° °
E-commerce broadcasting . o o °
Original coverage 0.206 0229 0211 0.094
Unique coverage 0.047 0070 0118 0024
Consistency 0977 0979 0901 1
Solution coverage 0418

Consistency of the solution 0937

@ Indicates “core condition exists" » indicates "edge condition exists"; ® indicates “core condition is missing’s ® indicates “edge condition is missing *; blank spaces indicate that the presence
or absence of the condition has no effect on the results.
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Customer relationship
Price adjustment

Number of platforms
Government cooperation
Visual effect

E-commerce broadcasting
Original coverage
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Solution coverage

Consistency of the solution

® Indicates “core condition exists’s
or absence of the condition has no effect on the results.

Grouping
H
® ® . .
Ld L Ld
® ® o .
® . ® ®
® ® ® .
® ® .
0.265 0.190 0076 014
019 0.152 0076 0.076
1 1 1 1
0569

1
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Province

District and

County

Main agricultural
products

Number of
interviewees

Number of
questionnaires
collected

Shandong Province

Henan Province

Hebei Province

Hubei Province

Liocheng
Weifang

directly administered

counties
Hebi City
Tangshan City
Xingtai

Huanggang City

Yichang City

Xin County
Shouguang City
Sliding County

Joon County

Fengnan District
Ningjin County

Huangzhou District

Changyang County

Fruits, vegetables
Vegetables

Grain, livestock

Grain, livestock
Aquaculture
Grain, fruit

Livestock, fishery,

vegetables.

Food, livestock

32

35

2

31

26

2

34

2

31

27

2

2

2

32
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Variables Measurement items (basis of assignment) Scale source Crobach'’s KMO value

alpha

Litle effort and money spent on word-of-mouth and customer feedback. 0.931 0843

Willing to spend effort on word-of-mouth and consumer feedback maintenance, but

basically no capital investment

Willing to spend effort to word-of-mouth and consumer feedback and

ing to invest
Customer little money to maintain

Zhiwen etal. (2021)

relationship Word-of-mouth and consumer feedback are very important, willing to spend effort to

handle and maintain customer relationship and willing o invest some money to maintain
Customer relationship is very important, attach great importance to word-of-mouth

and consumer feedback, hire a person to handle and maintain customer relationship,

and willing to spend a lot of energy and money to maintain
Price reduction of agricultural products in the range of 0-5% 0820 0872
Price reduction of agricultural products in the range of 6-11%

Price Fieldwork by
Price reduction of agricultural products in the range of 12-17%

adjustment Author

Price reduction of agricultural products in the range of 18-23%

Price reduction of agricultural products in the range of 24-30%

Choose a single e-commerce platform to sell 0.927 0925
Choose two e-commerce platforms to sell

Number of Ficldwork by
Choose three e-commerce platforms to sell

platforms Author

Choose four e-commerce platforms to sell
Choose five or more e-commerce platforms to sell
No participation in government support and cooperation 0893 0.867

Less cooperation with the government and only involved in short-term government

activities
Government | More cooperation with government and involvement in short-term activities

X Huang etal. (2020)
Sooperation Cooperate with the government and participate in short-term activities more, and

participate in some long-term activities

Frequently involved in government cooperation, and actively involved in both long and

short term activities

‘The product web design is not important, and the product display pictures are self- 0915 0874
photographed and use unprocessed original pictures to promote

Product web design may affect sales, product display pictures are taken by themselves,

and use retouching software to adjust pictures and make simple web design

Product web design is more important, ask professionals to take photos and design web | FHongyia et .

Visual effect
page, invest less money Qo1

Product and web design is more important, ask professionals to take photos and

design, and invest more money

Product and web design is very important, hire professionals to take photos and

design, and invest a lot of money
No broadcasting interactive marketing method is used 0937 0.906
Seldom adopt broadcasting interactive marketing

More often adopt broadcasting interactive marketing
E-commerce

broadcasting Ofen adopt broadcasting interactive marketing methods and operators participate i~ ~120y215 (2021)

broadcasting
Often adopt broadcasting interactive marketing, operators participate in live streaming

and broadeasting is an important marketing tool
Online Enterprise online turnover Chengetal, 2017 0903 0876
marketing Number of online consumers’ positive feedback Gang etal. (2019);

performance Dong et al. (2020

Total online sales
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Online Customer Price Number of E-commerce Visual Government
marketing relationship adjustment platforms broadcasting effect cooperation

performance
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70 NN NN NN 10 05 07
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90 NN NN NN 13 07 11
100 NN NN NN L5 09 14

‘CR method, NN, not necessary.
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Condition Variables Good online marketing performance Non-good online marketing performance

Consistency Coverage Consistency Coverage
Customer relationship 0404 0.750 0532 0424
~Customer relationship 0729 0724 0721 0585
Price adjustment 0.432 0525 0.805 0631
~Price adjustment 0715 0731 0371 0.288
Number of platforms 0570 0759 0.673 0560
~Number of platforms 0699 0.608 0540 0453
Government cooperation 0726 0574 0.434 0328
~Government cooperation 0685 0546 0.567 0536
Visual effect 0714 0765 0.428 0313
~Visual effect 0.404 0537 0613 0547
E-commerce broadcasting 0845 0785 0.455 0350

~E-commerce broadcasting 0.155 0314 0,546 0528
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Descriptive analysis Fuzzy set calibration

Variables Standard Min Maximum Completely Almost Fully
deviation value unaffiliated affiliated

Customer 290 137 200 500 225 270 398
relationship

Price adjustment 240 La1 100 500 103 216 420
Number of 252 203 100 400 178 292 460
platforms

Government 304 107 100 400 200 305 392
cooperation

Visual effect 3 224 200 500 213 350 446
E-commerce 389 205 200 400 261 347 325

broadeasting

Online marketing 1123926 39205.1 135723 176286.7 35247.2 73623.2 1432153

performance
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Conditional Method Accuracy Upper limit Range Effect size(d)® p value

variables zone (Ceiling
zone)
Customer relationship R 100% 0.000 0,098 0,000 1000
CE 100% 0.000 0,098 0.000 1000
Price adjustment R 100% 0.000 0.098 0.000 1000
CE 100% 0.000 0.098 0,000 1000
Number of platforms R 100% 0.000 0,09 0.000 1000
CE 100% 0.000 009 0.000 1000
E-commerce broadcasting R 100% 0014 009 0014 0,069
CE 100% 0.018 0.09% 0018 0061
Visual effect CR 100% 0.003 1 0.004 0.098
CE 100% 0.007 1 0.008 0,094
Government cooperation R 100% 0.021 1 0019 0.098
CE 100% 0.019 1 0007 0,09

Calibrated fuzzy set affliation values. 0.0 <d <0.1: “low level’ 0.1 < <0.3: “medium level “The permtation test (permutation test, number of resampling= 10,000) in NCA analysis (D0l
et al., 2020).
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Indicators Entropy Utility = Weight

values  values factors

(E) (2} w)
Coverage of population radio rural 09936 0.0064 3.88%
programs
Coverage of rural TV programs 0.9946 0.0054 3.26%
Number of rural Internet broadband 09033 0.0967 58.62%
users
Number of color TV sets per 100 HH 0.9859 0.0141 8.53%
Number of computers per 100 HH 0.9641 0.0359 21.74%
Number of mobile phones per I00HH | 0.9934 0.0066 3.98%






OPS/images/fsufs-08-1329674/fsufs-08-1329674-t002.jpg
Comprehensive indicator The meaning of specific indicators Coding Indicator unit

Dependent variable (Dep): the growth of Farmers’ per capita disposable income gdp Million
farmers’ income
Independent variable (ind): The level of rural | The collective population coverage of rural radio programs rad %
T
The combined population coverage of rural TV programs tv %
The number of rural Internet broadband access users bro Million households
The number of color TV sets per 100 households cty Unit
The number of computers per 100 households com Unit
The number of mobile phones per 100 households. mob Unit
Controlled variables (con): Proportion of agriculture in GDP poa %
economic-environmental constraints;
socio-environmental constraints; farmers’ Urbanization rate urb %
individual ability constraints
Local government financial support for agriculture fin Billion
R&D funds for agricultural technology innovation tec Million
Rural human capital edu Number
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Improvement Accuracy/% Parameter

strategy quantity/M
EfficienttNet 9092 764
CA + EfficientNet 9276 465
EfficienttNet + CBAM 9324 466

CA+EfficientNet + CBAM 94.23 467
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Model parameters Details

Batch size 16
Epoch 80
Initial learning rate 6e-5
Class num 3
Opti Radom

Dropout 04
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VGGNet16
ResNet50.
DenseNet169

CA+EfficientNet + CBAM
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Variable V Moderator variables

(1) pup (2) fin
Threshold value 61 64.62 5.02 15.46
Threshold value 62 87.55 6.01
Regression 0.691%* —0.073 0.336
coefficient (V < 01)
Regression 1.446** 0.243*** 1.018**
coefficient (61 < V'
<62)
Regression —11.940** 0.353**
coefficient (V > 62)
Control variable Control Control Control
Sample size 372 372 372
R2 (within) 0.988 0.589 0911

*#* Represents the significance p < 0.001, indicating that the confidence of the research results
are very high.
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Variables Threshold models Threshold value F-value P-value Critical value
5% 1%
rub Single threshold 64.62 76.64 0.0200 43.9622 56.5108 83.1783
Double threshold 8755 6578 0.0067 357356 44.4066 643154
fin Single threshold 5.02 2936 0.0507 24.17 28.17 4124
Double threshold 601 3254 0.0301 2134 28.16 3378
tec Single threshold 15.46 5339 0.0267 36.9827 45.1371 60.7353
Double threshold 3184 0.1133 342553 42.5998 67.3770
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Variables (1) (2) (3)

Substitution of the Replace inspection year data indentation
explained variables

ifo 1.050** 0.894*** 0.622%**
3476 4.477 3252
Control variable Control Control Control
Provincial fixed effects Control Control Control
Year fixed effects Control Control Control
Sample size 372 248 372
R2 (within) 0.832 0.836 0.843

#++Represents the significance p < 0.001, indicating that the confidence of the research results are very high.
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Benchmark

regression results

Intercept distance —5.651""* (—5.937)

Ifo 1.050*** (3.476)

agr 0.013 (1.594)

Poa —0.002 (=0.135)

fin 0.622*** (3.252)

tec 0.085 (1.177)

edu 0.204*** (3.502)

R2 (within) 0.832

Sample size 372

Test Figs0 = 75.991, p = 0.000

***Represents the significance p < 0.001, indicating that the confidence of the research results
are very high.





OPS/images/fsufs-08-1329674/fsufs-08-1329674-t007.jpg
Targeted Main Eigenvalu: Factor Bartlett

layer factors contribution rate

2015 Factor 1 2.687 67.184 67.184 0734 0.000
2016 Factor 1 2621 65.530 65530 0730 0.000
2017 Factor 1 2.569 64.229 64229 0707 0.000
2018 Factor 1 2.580 64.503 64.503 0671 0.000
2019 Factor 1 2491 62267 62.267 0683 0.000
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pe R~ 2017 2018 2019 2020 20

High level 0.65-0.52 Zhejiang, Jiangsu, Zhejiang, Jiangsu, Zhejiang, Jiangsu, Zhejiang, Jiangsu, Zhejiang, Jiangsu,
Beijing, Shanghai, Beijing, Shanghai, Beijing, Shanghai, Beijing, Shanghai, Beijing, Shanghai,
Tianjin, Fujian Tianjin, Fujian ‘Tianjin, Hebei, Tianjin, Hebei, Fujian, Guangdong

Fujian Fujian

Higher level 0.51-0.38 Hebei, Shandong, Hebei, Shandong, Shandong, Shandong, Shandong, Hubei,
Guangdong, Guangdong, Guangdong, Guangdong, Hubei, | Tianjin, Hebei,
Liaoning, Hubei, Liaoning, Henan, Liaoning, Henan, Anhui, Henan, Anhui, Sichuan,
Henan, Jilin, Anhui, | Hubei, Anhui Anhui, Hubei, Hunan, Sichuan, Hunan, Henan,
Jiangxi Sichuan, Inner Jiangxi, Liaoning, Jiangxi, Inner

Mongolia, Jiangxi Inner Mongolia Mongolia

Medium level 038-0.25 Inner Mongolia, Inner Mongolia, Jilin, Heilongjiang, | Jilin, Ningxia, Guangxi, Liaoning,
Sichuan, Ningxia, Sichuan, Jilin, Ningxia, Hunan, Guangxi, Ningxia,
Heilongjiang, Jiangxi, Ningxia, Guangxi, Shaanxi, Chongging, Chongging, Jilin,
Hunan, Shaanxi, Heilongjiang, Chongqing, Shanxi, | Heilongjiang, Heilongjiang,
Shanxi, Qinghai Hunan, Shaanxi, Qinghai Gansu, Shanxi Qinghai, Gansu,

Chongging, Shanxi Guizhou, Shanxi

Lower level 0.24-0.00 Chongging, Guanggxi, Qinghai, Xinjiang, Gansu, Yunnan, Shaanxi, Shaanxi, Tibet,
Guangxi, Gansu, Xinjiang, Gansu, Guizhou, Hainan, Qinghai, Xinjiang, | Yunnan, Xinjiang,
Xinjiang, Hainan, Guizhou, Hainan, Yunnan, Tibet Guizhou, Hainan, Hainan
Yunnan, Guizhou, Yunnan, Tibet Tibet

Tibet
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2010-2013

2014-2021

High level

regions

Comparatively
higher level

Medium level
regions

Low level
regions

regions

Intercept —3.665** (=7.745) —5.502"* (—6.104) | —9.287** (—4.181) —6.394*** (~11.452) —2.939"* (—4.094) | —2.487"** (—6.385)
distance
ifo —0.186 (—0.459) 0.731*** (2.765) 0.089%** (0.138) —0.176 (—0.603) 0.331%** (1.742) 0.483*** (3.020)
agr 0.029%** (3.331) 0.019 (1.880) 0.078 (1.752) 0.004 (1.032) —0.004 (—0.423) 0.001 (0.108)
pup —0.003 (—0.244) 0.027*** (3.086) 0.055" (2.129) 0.109%* (15.454) 0.049"* (6.340) 0.038"* (8.488)
fin 0.457%* (3.784) 0.421*** (4.790) 0.914% (6.593) —0.161** (—2.478) 0.095 (1.176) 0.137%* (2.759)
tec 0.138** (2.069) 0.074 (1.082) —0.050 (—0.436) 0.116*** (2.912) 0.060 (1.358) 0.043 (1.504)
edu —0.020 (-0.322) 0.150% (2.571) 0.238** (2.365) 0.022 (0.306) —0.012 (—0.259) 0.007 (0.182)
R2 (within) 0.856 0.728 0.837 0.989 0.986 0.951
Sample size 124 248 72 108 96 96
Test Flesr) = 62.942, Fies0) = 80.154, Fio1) = 80.691, Floa = 367.468, Fiosn = 619.088, Fon = 365234,
p=0.000 p=0.000 p=0.000 p=0.000 p=0.000 p=0.000

**p < 0.05,**p < 001, t-values in brackets.
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Variables

Differential order

Threshold values

5%
gdp 0 3.553 0.007*** —3.450 —2.870 —2.571
ind 0 —3.571 0.006*** —3.450 —2.870 —2.571
agr 0 —4.891 0.000*** —3.450 —2.870 —2.571
urb 0 —4.086 0.001*** —3.450 —2.870 —2.571
fin 0 —3.685 0.004*** —3.450 —2.870 —2.571
tec 0 —4.549 0.000*** —3.450 —2.870 —2.571
edu 0 —4.217 0.001%* —3.450 —2.870 —2.571

#+Represents the significance p < 0.001, indicating that the confidence of the research results are very high.
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Variables VIF 1/VIF

ind 176 0.569
agr 1.06 0.327
urb 1.83 0.261
fin 127 0.371
tec 1.59 0.628
edu L16 0.858
Mean VIF L5
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Test Test Test

methods results conclusions

Durbin test All explanatory variables X2 = Reject original
are exogenous (no 169.861,p= | hypothesis
endogenous variables) 0.000

Wu- All explanatory variables | Fri36) = Reject original

Hausman are exogenous (no 333493, p= hypothesis

test endogenous variables) 0.000
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Special-grade vegetables First-grade vegetables Second-grade vegetables

‘The vegetables are neat and consistent in ‘The vegetables are neat, with a few inconsistencies in  The vegetables exhibit irregularites in their appearance, featuring
appearance, free from pests and diseases, and  the appearance of the vegetables, a small amount of instances of disarray, substantial inconsistencies, considerable

in the absence of mechanical damage. The  damage, and no amount of damage from pests and damage, minor pest and disease-related impairments, as well s

vegetables look fresh diseases, and the surface of the vegetables is fresh instances where portions of the vegetable surfaces appear stale
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Stage Operator Resolution Channels

1 Conv3x3 224x224 32
2 MBConv 3x3 12x112 16
3 MBConv 3x3 12x112 2
4 MBConv 5x5 5656 40
5 MBConv 3x3 28x28 80
6 MBConv 5%5 14x14 12
7 MBConv 5x5 14x14 192
8 MBConv 3x3 7x7 320
9 Convix1& 7x7 1,280

Pooling & FC
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¢ Input

Residual  cxixy

Avgpool  Avgpool Cxlx¥

Concat+Conv2d (C/x)xlx (F+H)

v

BatchNorm+Non-liner (C/r)x1x (W+H)

PN

Conv2d Conva2d CxlxW

—

Re-weight  CxHxW
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Variable Major grain- Non-major Economically Economically Southern Northern
producing  grain-producing developed areas underdeveloped region region
areas areas areas
DIG JRET 0.726%* 0345 3.759%%% 1.210%%+ 1.629%*
(209) (2.00) (116) (@31) (3.50) (242)
Income distribution 0621* 092254+ 17854 0.575% 0385 12894+
(1.66) (283) (351) (1.89) a2n (3.62)
Finance -0272% —0343% ~0.080 —0.501%% —0.265% ~0200
(~1.68) (-1.89) (<0.49) (~2.96) (-1.74) (-1.07)
Natural calamity ~0.130 -0.135 —0.262 —0114 0072 —0389%
(=0.56) (=0.69) (=1.07) (=0.66) 039) (-1.72)
Machine ~0.050%* ~0.039%* —0.047%% —0.030% —0.054%* -0011
(-256) (-2.04) (-2.08) (-1.84) (-222) (=0.64)
Structure 1263 0635 14707 —0677 ~0.029 1.385%
(131) (075) (207) (~0.85) (=0.04) (1.80)
Constant -0317 0064 37337 2417 1365 —2998
(=0.21) (0.04) (-245) (1.55) (122 (~1.48)
Observations 156 216 120 252 180 192
R-squared 0875 0785 0915 0770 0.850 0818
Province FE Yes Yes Yes Yes Yes Yes

Year FE Yes Yes Yes Yes Yes Yes
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Variable Agricultural  Agricultural ~ Agricultural
technology human productive
innovation capital services

DIGI 26524% 0.389%% 0.796%*

(254) (333) (338)

Income 295155 ~0701%5% 0403+

distribution

(3.48) (~7.44) @)
Finance ~0.088 0.109% 0.284%%%
(-0.20) @2 (285)
Natural calamity —1012% 0.047 ~0.033
(-192) (080) (-028)
Machine 0,099 0.004 0.035%%%
(2.10) (0.78) (333)
Structure —5941%5 0.484%% 0040
(-3.02) (221) ©09)
Constant 3585 2013%%% —2.507%%%
(-0.89) (4.48) (-2.75)
Observations 372 372 372
Resquared 0613 0.861 0670
Number of id 31 31 31
Province FE Yes Yes Yes

Year FE Yes Yes Yes
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Variable DIGI AGTFP AGTFP
DIGI 0.9647%% 1.867%%%
(3.08) (4.08)
w 0.456%** 0.239%#+
(34.27) (13.70)
Constant 0.083 Lose* 0.016 2.119%*
(089 .94 ©0.10) (2.08)
Cragg-Donald 1174.60 187.60
Wald Fstaistic 11638 11638]
Control Yes Yes Yes Yes
Province FE Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
Resquared 0976 0818 0925 0811
Observations 341 341 341 341

The value in ] is the critical value at the 10% level of the Stock-Yogo weak recognition test.
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Variable Replacing th Replacing the Excluding Trimming  Adding control
dependent independent municipalities variables
variable variable
DIGI Q1750 0.186%** Li4see 0.770%* 0.728%*
(2.90) (3.83) (3.83) (2.56) (2.61)
Income distribution 0.228%%* 0.940%** 0.644%* 0.925%** 0.684%**
(4.65) (4.36) (246) (4.12) (2.95)
Finance =0.110%** —0.340%** =0.262* =0.295** =0.308%**
(-4.29) (-2.87) (-1.94) (-253) (=2.61)
Natural calamity 0.006 =0.171 =0.091 =0.243 =0.227
(0.19) (-1.21) (-0.62) (-1.64) (-1.61)
Machine =0.010%** =0.042%** =0.032%* =0.045%%* =0.036***
(=3.76) (-3.35) (-2.23) (-3.38) (=2.79)
Structure 0.128 0.558 0.233 0615 0.551
(113) (1.06) (0.35) (117) (1.01)
Industrialization —1.468***
(-2.61)
Rural road —0.435%*
(-2.60)
Constant 0.634%*% 0.422 0.674 ~0.005 1716
(272) (0.39) (0.56) (=0.00) (1.42)
Observations 372 372 324 372 372
R-squared 0.810 0.768 0.761 0771 0.772
Number of id 31 31 27 31 31
Province FE Yes Yes Yes Yes Yes

Year FE Yes Yes Yes Yes Yes
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Variable

DIGI Ld64%+*
(531)
Income distribution

Finance

Natural calamity

Machine

Structure

Constant 0.891%%%
(18.97)

Observations 372

Resquared 0729

Number of id 31

Province FE YES

Year FE YES

0817+
(2.90)
0840+
(3.67)
~0301%%
(-252)
—0.181
(-127)
~0.041%%%
(=321)
0.694
(1.31)
0.161
0.15)
372
0.763
31
YES
YES

##%,#%, and * represent significance at the 0.01, 0.05, and 0.1 levels. The f values are in

parentheses. The following table is the same.
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Variable name
Agricultural green total factor product
Digital village construction

Urban-rural income distribution

Fiscal Expenditure on Agriculture
Agricultural disaster rate
Agricultural Machinery Density
Agricultural planting Structure
Agricultural technology innovation
Agricultural human capital
Agricultural productive services

Environmental regulation

Symbol
AGTEP

DIGI

Income distribution
Finance

Natural calamity
Machine

Structure

‘Technology innovation
Human capital
Productive services

Er

Mean

1363
0143
2561
6186
0138
7.026
0.660
2262
1386
3228

0275

SD
0.480
0113
0382
0.589
0115
3636
0.146
2519
0533
2787

0.491

Min
0.587
0015
1827
4519
0.004
2516
0355
0.004
1337
0420

0.000

Max
3210
0767
3672
7215
069
26979
0971

14575
3036
40.128

4369
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Indicator category  Variable

Rural digital infrastructure  Mobile phone penetration
Internet penetration

Cable broadcast television penetration
Agrometeorological stations

Digitalization of rural Digital base level

economy Digital service level
Digital transaction level
Digitization of rural life Farmers' digital service consumption level
Scope of services for information technology

applications

Variable description

Rural mobile telephone ownership

Rural broadband access users

Number of rural cable radio and television subseribers
Number of agrometeorological observation service stations
Number of Taobao villages

Digital Financial Inclusion Index

E-commerce sales and purchases

Per capita transportation and communications

consumption expenditure of rural residents

Rural delivery route

Reference sources

Mei et al. (2022)
Mei etal. (202

Zhao and Zhao (2024)
Liu$. etal. (2023)
Hao etal. (2022)

LiuS. etal. (2023)
Zhao and Zhao (2024)

Zhao and Zhao (2024)

Hao etal. (2022)
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Source

Chemical fertilizer

Agrochemical

Agro-film

Diesel fuel

Plowing

Irrigation

Factor

0.8956kg/kg

49341 kg/kg

5.1800kg/kg

0.5927kg/kg

3126000 kg/km®

25.0000kg/km’

Reference sources
West and Marland (2002)

Oak Ridge National Laboratory

Institute of Agricultural Resources and
Ecological Environment, Nanjing

Agricultural University

United Nations Intergovernmental

Panel of Experts on Climate Change

College of Biology and Technology,

China Agricultural University

Dubey and Lal (2009)
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Agricultural technology innovation

H2

Agricultural human capital

H3

Agricultural productive services

H4

H1

Environmental regulation

H5
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LLC VIF GSCR GIP Gl Hc lhc Go Open
GSCR —8.522%%+ 1
DE —6.033%% LIS 045645 1
GIp =7016%F | 406 | 0487%FF 04797 1
Gl —17.886%FF 195 | 0427°%FF | QS7FRE | 0.604%F 1
urb =7070% | 332 0365%FF | 0516%FF | 07208 0.520%% 1
He —19.479%%F | 127 | —0274%%F | —0279%%% | —0.192%%% | —0.106* | —0.367%*% 1
The O8I | 665 | 0774FF | 0520%FF | 0.688%FF  0.584FFF 06227 —0311%%F 1
Go 62567 | 311 0.444%%% —0084 | —0239%FF 0045 | —0288%FF | —0.045 03387 1

Open —4755FFF | L51 | 03426%F | 04ddFRE 0517 0261%FF | 0419%F 0035 04185 0,088 1
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Variables Robustness tests Endogeneity tests

(2) (3) (6) 7)
0,220+ 0.108% 0213455 01314
DE
(0.052) (0.057) (0.056) (0.056)
0.981% 1488+ 0.013* LTS
Gi
(0.507) (0320 (0.008) 0.378)
120504 1872%%% 14.560%%% 2671%%
DEXGI
(2.368) (0.694) (2.846) (0.765)
0.156%+ 01255
L.DE
(0.051) (0.042)
5010¢ 1349+
LGI
(2638) 0461)
~0.053* ~0.071%*
DE
0.029) (0.031)
~2081 0016
€]
(2.764) (0.032)
0542¢ 0,630
L.GSCR
(0.281) (0.261)
Control variables Yes Yes Yes Yes Yes Yes Yes Yes
Province Yes Yes Yes Yes Yes Yes Yes Yes
Year Yes Yes Yes Yes Yes Yes Yes Yes
Under-identification test 15318%4% 59067+
10742 63.606
Weak-identification test
(7.03} {7.03}
Sample size 341 341 297 297 310 310 310 310
R 0.766 0770 0652 0658
AR() 0.042 0017
AR(2) 0.155 o3

Hansen 1.000 1.000
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Variables Threshold interval Coefficient T-statistic P-value Confidence

interval
GIP<0010 -0011 -052 0.608 (-0.054,0.032]
DExI 0.010<GIP <0018 0.067 3.68 0.001 [0.030,0.104]
GIP>0.018 0.130 379 0.001 (0.060,0.200]
GlI£0.026 ~0.004 -017 0.866 (-0048,0041]

DExI
GI1>0.026 0.106 364 0.001 (0.046,0.165]
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Type Threshold F-stat

P-value Confidence BS times
variables interval
Single-threshold 0010 221 0.004 0.009,0.010] 500
o Double-threshold 0018 1258 0072 [0017,0018) 500
el Single-threshold 0026 3917 0.006 [0.024,0.026)

500
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\ELELIES

DE

Gl

DExGI

Control variables
Province

Year

Sample size

R

0.074%%

(0.032)

143

0790

MGP areas

(2)

0.090%%+

(0.033)
0.025
(1.004)
9.899*
(5.623)
Yes
Yes
Yes
143
0.796

0.059%
(0.033)
1377+
(0733)
3837
(1.681)
Yes
Yes
Yes
143

0810

040475+

(0.100)

Yes
Yes
Yes

77

0.890

MGC areas

(5)

0472%%%

©.133)
ERIES
(1.256)
5825
(5.585)

Yes

77

0.808

0.292%
(0.147)
0584
(©0491)
1016
(1555)
Yes
Yes
Yes
77

0.895

0.098

(0.064)

Yes

Yes
121

0833

GPCB areas
(8)
0112%
(0.059)
0.898%
(0.492)
61125
(2833)
Yes
Yes
Yes
121

0832

0056
(0.062)
~0.078
(0503)
2002
(1.830)

Yes

121

0817
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\ELELIES

DE

Gl

DEXGI

Control variables
Province

Year

Sample size

R

(1)

0.248%%%

(0.057)
13304+

(0.562)

Yes
Yes
Yes
341

0727

(2)

0.220%%%

(0.056)
0.981%
(0548)
12,05+
(2:559)
Yes
Yes
Yes
341

0.746

(€]

0.175%%%
(0.056)
1814%%

(0:323)

Yes
Yes
Yes
341

0.749

4)
0.108*
(0.062)
1488%*
(0.346)
18727
(0.750)

Yes

Yes

Yes

341

0.754
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Variables

DE

Urb

The

Open

Constant

Province
Year
Hausman test
Sample size

r

Standard errors in parentheses, * presents p<0.1, ** presents p <0.05, *** presents p<0.01
The following tables are the same as this

)
0290+

0.030)

0.158%%%

(0.008)

341

0208

(2)
0.092%%+
0.026)
~0.067
(0.045)
~0.101*
0.059)
0.047%%%
0.005)
0.017#%%
(0.004)
0.002%
(0.001)
~0.105%+*

0.037)

341

0.660

(€)
02367+

(0.054)

014255
(0.006)
Yes

Yes

341

0.706

(4)
0.233%%%
(0.058)
0107
(0.106)
00103
(0.075)
~0.027%
(0.014)
~0.028%+
(0.010)
0.002%
(0.001)
03820+
(0.088)
Yes
Yes
16,047
341

0722

(5)
02097+

(0013)

0.178%%%

(0.0146)

341

(6)
00607+
(0.017)
0025
(0.071)
~0.005
(0.041)
0057+
(0.009)
0.003
(0.007)
0.002+%
(0.001)
~0.165%*

(0.048)

341
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VEUELIES Sample size Standard Maximum

deviation

GSCR 341 0229 0097 0055 0.566
DE 341 0242 0152 0.034 0.821

GIp 341 0013 0.004 0.006 0.026
“ Gl 341 0021 0015 0.003 0.068
Urb 341 0588 0131 0228 0.943
He 341 0307 0054 0181 0.502
The 341 6028 1307 1872 8.602
Go 341 5730 1285 1887 7.875

Open 341 1531 2991 0.005 31.236
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Property  Weight

Internet availability rate Internet users per 100 people + 02201

Ratio of employees in the information transmission and
Number of internet-related employees + 01901
software, information services industry

Digital economy Internet-related outputs Total telecommunication services per capita + 04040
Mobile phone penetration rate Number of mobile phone subscribers per 100 people + 0.0909

‘The development of digital financial
Provincial Digital Inclusive Finance Index + 00949
inclusion
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First-level
indicator

Second-level indicator

Indicator interpretation

Weighf

prevention

prediction

absorption

recovery

learning

transformation

Replanting index

‘The growth rate of grain purchases
Grain import and export dependence
Intensity of roads in the area

Productivity of major agricultural products
of grain processing enterprises

Grain output in per unit area
Disaster-affected area
Price monitoring networks

Grain commodity rate
“Total emergency supplies

Total logistic enterprises

Total emergency processing enterprises
Grain labor productivity ratio

Grain cultivation mechanization level

Processing capacity of the grain processing

industry per year
Agricultural plant variety authorization

Education level of farmers

Cumulative rate of employees acquiring

national licenses in the grain industry
Enterprise e-commerce coverage

E-commerce development index

‘The ratio of the total area sown (or transplanted) with grain to the total
cultivated land area

‘ear-on-year growth rate of grain purchases by state-owned enterprises
Grain trade volume/total grain sales
“The density of roads in the district and the area of the district ratio

Average productivity of major agricultural products by grain processing

enterprises.
Grain production per hectare

‘The ratio of the grain-affected area to the cultivated area

Macro-controlled grain price monitoring networks atalllevels
Grain marketization index

Emergency supplies at all levels to ensure grain market sustainable
supply

Total emergency storage enterprises and distribution center enterprises

“Total emergency processing grain enterprises at all levels

‘The ratio of total grain production to rural workforce x a
“Total power of agricultural machinery per year x b

‘Year-on-year growth rate of total annual processing volume of grain

processing enterprises
Number of new agricultural varieties developed and authorized each
year

Average years of education of farmers

“The ratio of the cumulative number of people who have obtained

national Licenses to the total employees in the grain industry

“The ratio of the number of enterprises with e-commerce trading

activities to the total number of enterprises.

E-commerce transactions as a share of GDP

s, grain (unprocessed food grains) output value/agricultural output value; b, grain sown area/crop sown area.

0.0193

0.0139

0.0010

0.0379

0.0746

0.0145

0.0068

0.0801

0.0897

0.0476

0.0779

0.0657

0.0590

0.0752

0.0795

0.1037

0.0054

0.0397

0.0412

0.0672
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Variables
J*
»r

j*
7

af

o
%

wi*

3"
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((1-n)(20+ 42)+ 2)

RF strategy

(1=n)((2-n)20 +naay +2)
A

(1-n)(20+ A2)+ 2
A

N/A
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A
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A
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Characteristics

Product

Origin

Organic certification

Ingredient

Price

Product A

Fresh root

Asia countries

Conventional farming

Medium curcumin

$12.99/1b

Product B

Pure ground

USA

Certified USDA organic farming

USDA

High curcumin

52099/
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Variables Mean WTP Rank 95% confidence interval

Organic 109 1 (997, 11.76)
Pure powder 670 2 (5.69:7.72)
Medium curcumin 061 3 (0.6150.62)
Hawai 044 4 (0.42;0.44)
High curcumin -058 5 (<058 -0.57)
Fiji —147 6 (~4.47;-4.47)
Jamaica -6.17 7 (=634 -6.01)
Asia -106 s (-110;-10.3)
India -119 9 (-122-11.7)

These WTPs are derived from the mixed logit models in Table 4 by using Equations 4, 5 on page 11
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Mean parameters S.D. of mean parameters

Variables
Coefficient Std.err. Coefficiel Std.err.
Place of origin [base=The U (Inland)] 36.1%
India —1426%+* 0340 1005 0.621
Fiji ~0.290%+ 0.082 0.008 0879
Jamaica —0.4015* 0.066 0511%4% 0.135
Asia —0.6915+ 0.109 0.809%% o3
Hawaii 0028 0.080 0128 0493
Price —0.065%+* 0.009 33.9%
—3.207%% 0.132 30664 0102
Sustainability certification (base = conventional produc 17.5%
USDA organic 0703 0050 12174 0056
Product form (base = Fresh root) 10.6%
Pure Powder 0.428%% 0061 103%+ 019
Curcumin level (base=low curcumin) 1.92%
Medium curcumin 0040 0076 0017 0549
High curcumin ~0.038 0.127 0047 0534

Model statistics.

Number of respondents 1020
Number of observations 10,200
Log-likelihood —7974
AIC 15,990

Asterisks (%, *%, ##%) indicates significance at the 1, 0.1, and 0.00% level, respectivly.
R.A.L: Relative atribute importance is estimated by dividing the difference in utility of an atribute by the sum of the differences of allattributes, The difference in utility of an
atribute = highest utilty value of an attribute - lowest utlity of an atribute.

Number of observations = Number of participations * Number of choice sets per participant (1,020 *10)
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Proportion (%)

Variable
Collected sample U.S. population
Gender Male 476 488
Female 522 522
Not available (n/a) 02 00
Age (years) 18-24 162 91
2534 159 136
35-44 178 131
45-54 176 123
55-64 167 129
+65 158 168
Race White 78 729
Black or African-American 167 12
American Indian 09 26
Asian 41 7.1
Native Hawaiian 00 05
Not identified 16 NA
Tiwo or more races 29 162
Hispanic or Latino Hispanic or Latino 15 188
Not Hispanic or Latino 885 812
Family size (persons) 1 05 280
24 743 626
5-7 239 807
>7 13 134
Children in family None 648 la
12 209 nla
34 49 a
More than 4 04 la
Education No formal school 03 03
Less than high school 16 93
High school 219 283
College 325 271
Bachelor’s degree 281 21
Graduate or higher 157 128
Annual household income <$15,000 87 93
$15,00 - 524999 76 81
525,00 - $34999 101 78
535,00 - $49,999 141 109
$50,00 - $74999 189 162
575,00 - $99,999 147 19
$100,000 - $149,999 125 159
150,000 - $199,999 69 83
> $200,000 65 16

Sample was surveyed in March and April of 2021 and *Sample was surveyed in March 2020,
The US. population statistics are based on the 2018 American Community Survey 1-year estimate retrieved at hitps:/data.census gov/table?
1Y2021.DP05.

United+Statesteg=0100000US&tid=ACSDP
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Attributes Levels

Product form - “Turmeric thizome/root (fresh) (1)
- Powder (ground) (2)

Place of origin - TheUS.(1)
- India 2)
- Fijislands (3)

- Jamaica (4)

Imported from Asian countries (China,
“Thailand, or Vietnam, except India) (5)
Hawaii (6)

Sustainability certification - USDA organic (1)
- Conventional farming (2)

Curcumin level Low curcumin (1)

- Medium curcumin (2)

- High curcumin (3)

(USS$/Ib)

$6.99/1b. (root)
$9.99/1b. (root)
- $12.99/lb. (root)
- $15.99/Ib. (ground)
- $2099/Ib. (ground)

The unit prices were the average prices based on the authors’ observations via online stores
and local grocery stores in Alabama, Florida, and Texas at the time of the survey, where the
authors have been and could visit the local grocery stores.
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Imports Exports Net Trade (E — M)

03-07 08-12 13-17 18-22 08-12 13-17 08-12 13-17 18-22

“Top importers

India 3275 4057 47084 124249 | 213888 367,095 | 455587 | 692924 210613 363038 | 408303 568,675
Bangladesh 3,09 2351 3613 107,189 834 937 2,141 7,867 2,265 Ldld 20472 -99322
Iran 6729 10,597 65,425 96,668 8 235 620 303 -6647 | 10362 -64805 = 96365
EU 4,583 5,850 42,467 78,605 6,840 12,185 16791 34,823 2,257 6335 -25676  —43782
The US. 3,740 3,567 28342 54,952 1364 1211 1367 3,132 -2376 | -2356  -26975 51,820

Top exporters

India 3,275 4,057 47,284 124,249 213,888 367,095 455,587 692,924 210,613 363,038 408,303 568,675

EU 4,583 5,850 42,467 78,605 6,840 12,185 16,791 34,823 2,257 6,335 —25,676 —43,782
UAE 8,581 10,164 43,697 38,261 5,756 6,643 13,758 9,967 —2,825 -3,521 —29,939 —28,294
Bangladesh 3,099 2351 3613 107,189 834 97 2141 7867 | 2265 | —l4l4 | -29472  -9932
China 21 250 1,822 33,744 5293 7,032 4,401 5927 5272 6,782 2,579 —27.817
ROW 37472 55196 304773 469,198 | 68607 119360 | 132523 | 28839 35794 | -51630 | -299.428 —463712
Total 67499 | 92033 | 565423 | 1002866 302664 | 514698 | 627188 | 783782 235165 422666 | 61765 219084

Source; International Trade Centre, 2023 https://www.trademap.org/Country_SelProductCountry_TS.aspxznvpm=1%7c42% 7CH7c%7ct 7c091030%7c%7co 7C6% 7c1 %7C1 %7C1 %7c2%7c1%
7C2%7c1%7c1%7cl
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Turmeric/turmeric products is not...
Turmeric/turmeric products is more...

Turmeric/turmeric product is an...

| grow turmeric and use it for my family
Others.

| use it for cancer treatment

=3

200

400

600





OPS/images/fsufs-08-1359040/fsufs-08-1359040-g009.jpg
700

600

500

400

300

200

100






OPS/images/fsufs-08-1359040/fsufs-08-1359040-g008.jpg





OPS/images/fsufs-08-1359040/fsufs-08-1359040-g007.jpg
Notatall infuentio! [
stightly influencial |
S
S
[—

Extremely influential

0% 50/ 10%  15%  20%  25%  30% = 35%





OPS/images/fsufs-08-1359040/fsufs-08-1359040-g006.jpg
Never

Always
400

300
200
Very often
100 Sk
Rarely Sometimes

2019 2020 202 ] e 2027





OPS/images/fsufs-08-1359040/fsufs-08-1359040-g005.jpg
o
3

0

Medication taking

m Extremely often

= Very often

Healh support supplement taking
Occasionally ®Rarely ®Never





OPS/images/fsufs-08-1359040/fsufs-08-1359040-g004.jpg
9.0

8.0

7.0

w
°

Price (5/kg)
I3
°

20

1.0

e \WWOPrld = |ndia

"',\59’5,@* N éﬁo@“ s s& c& e';\’ 0’3' 0’;’

P

>
K
B3

e Jamaica ==Indonesia

—ROW

/\/\

RIS
P S P P
[ A

%,
o
»





OPS/images/fsufs-08-1440006/fsufs-08-1440006-e013.jpg
N/2





OPS/images/fsufs-08-1359040/fsufs-08-1359040-g003.jpg
,000

12,000

10,000

)
2
3
3

‘Metric tons

6,000

4,000

2,000

0
$ O P E @
S

India ®Fiii ®Jamaica ®China ®Indonesia ®WROW

® OO L PSP S P
S ST S S S S S o






OPS/images/fsufs-08-1440006/fsufs-08-1440006-e012.jpg





OPS/images/fsufs-08-1359040/fsufs-08-1359040-g002.jpg
§0-€20T
60-220T
10-220T
£0-120T
60-020T
10-0202
$0-610T
60-810T
10-810T
SO-L10T
60-910T
10-910C
$0-5102
60-710T
1010
S0-€10T
60-C10T
10-210T
$0-110T
60-010T
10-010T
£0-600T
60-800T
10-800T
$0-L00T
60-900T
10-900T
$0-500T
60-#00T
10-#00T

s 2 °
2 3 ¥

120
100
20
0

Aouonbar{ qoreog DIOMASY

——"Curcumin" (United States)

—"Turmeric" (United States)





OPS/images/fsufs-08-1440006/fsufs-08-1440006-e011.jpg
q(q>0).





OPS/images/fsufs-08-1359040/fsufs-08-1359040-g001.jpg
Invited participants
N=20,703

Il

Accepted/screened participants
N=2,620

i

Qualified participants
N~-1,020

i

Participants included in the review and analysis
N=1,020






OPS/images/fsufs-08-1440006/fsufs-08-1440006-e010.jpg





OPS/images/fsufs-08-1359040/fsufs-08-1359040-e022.jpg
Standard deviation (5.D.) (WTP.) =~

sp(Hy)
[

6)





OPS/images/fsufs-08-1440006/fsufs-08-1440006-e009.jpg





OPS/images/fsufs-08-1359040/fsufs-08-1359040-e021.jpg
mean (B ) ®)
Y

Mean(WTP )=~





OPS/images/fsufs-08-1440006/fsufs-08-1440006-e008.jpg
a>Q





OPS/images/fsufs-08-1359040/fsufs-08-1359040-e020.jpg





OPS/images/fsufs-08-1440006/fsufs-08-1440006-e007.jpg





OPS/images/fsufs-08-1359040/fsufs-08-1359040-e019.jpg





OPS/images/fsufs-08-1440006/fsufs-08-1440006-e006.jpg





OPS/images/fsufs-08-1440006/fsufs-08-1440006-e005.jpg





OPS/images/fsufs-08-1440006/fsufs-08-1440006-e004.jpg





OPS/images/fsufs-08-1384734/fsufs-08-1384734-e001.jpg
X j





OPS/images/fsufs-08-1384734/crossmark.jpg
©

2

i

|





OPS/images/fsufs-08-1390014/fsufs-08-1390014-t010.jpg
Variable Major grain- Non-major grain- Economically Economically

producing areas producing areas developed areas underdeveloped areas
Tech 00251 (0.103) 0.217+* (0.0790) 0.106 (0.160) 0.791%* (0.359)
Control variables Yes Yes Yes Yes
Provincial fixed effects Yes Yes Yes Yes
Yearly fixed effects Yes Yes Yes Yes
R2 0839 0.799 05822 0833

Sample size 195 270 240 225
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Variable name Current fiscal support for Lagged by one period  Lagged by two periods

agriculture intensity

Market 0.014%%* (0.004) 0.015*+* (0.004) 0.0105%+* (0.00359)
People 0.473%%* (0.110) 0.486*+* (0.129) 0.506%+* (0.134)
Agdp 0.185%+* (0.052) 016444+ (0.043) 0.149%+* (0.0389)
Envir 0.009** (0.003) 0.009%* (0.004) 0.00659** (0.00314)
Policy <0.0675 —0.003 (0.099) 0059 (0.078) 00442 (0.0735)
0.0675 < policy <0.1646 0.158%%% (0.054) 01674+ (0.054) 0,158+ (0.0506)
Policy >0.1646. 0.759%%% (0.175) 0.762%#* (0.159) 0.709%+# (0.158)
R 0.837 0.821 0806

Sample size 465 434 403
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Threshold Threshold estimate 95% confidence interval

First threshold 0.0675 [0.1583,0.1679]
Second threshold 0.1646 (00626, 0.0693]
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F-statistic p-value 1% critical value

5% critical value

10% critical
value

Single threshold 67.44 0.0360 105.2675
Double threshold 6633 00220 85.7289
Triple threshold 18.41 0.6670 1413979

p-values and critical values were obtained through 1,000 rounds of repeated sampling using the bootstrap method.

602678

461321

89.7881

45.3665

344121

69.1613
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Variable name Lagging the core Trimming 1% Sub-sample

independent variable by regression
one period

Tech 0.164%** (0.0416) — 0.168** (0.0804) 0.170** (0.0823)

L Tech - 0.183** (0.0833) - -

Market 0.0185%* (0.00312) 0.0178%** (0.00491) 0.0183%% (0.00442) 0.0174%% (0.00433)

Labor 0.459%+* (0.0747) 0.442%+% (0.159) 04555+ (0.154) 04535+ (0.148)

Agdp 0.150%+* (0.0222) 0.1525% (0.0462) 0.155%+* (0.0526) 0.152%+* (0.0551)

Envir 0.01374% (0.00269) 0.0134** (0.00573) 0.0140%* (0.00581) 0.0134* (0.00548)

Kleibergen-Paap rk LM 300215+ - - -

statistic

Kleibergen-Paap rk Wald F 3165.201%%% - - -

statistic

Critical value at 10% level of 1638 - - -

Province fixed effects Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes
R 0.397 0779 0795 0779

Sample size 434 434 465 403
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Variables Model 1
Tech 0.460%** (0.0508)
Market -

Labor -

Agdp -

Envir -
Constant term 0.189%* (0.0107)
Province fixed effects No

Year fixed effects No

R 0.4603
Observations

Robust standard errors in parentheses; ***, **, and * denote passing 1, 5, and 10% significance levels;

Model 2
0.226%* (0.0985)

0.156*** (0.00701)

465

not otherwise noted, same below.

Model 3
0168+ (0.0804)
0.0183%+* (0.00442)
0.455%%* (0.154)
0.155%** (0.0526)
0.0140°* (0.00381)

~0.0235 (0.0416)
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2007

2012

2017

2021

Centroid
coordinates

(111.479, 34.4022)
(111,847, 34.3209)
(112024, 34.12)

(112.402, 34.411)

Centroid city

Luoyang, Henan province
Luoyang, Henan province
Luoyang, Henan province

Luoyang, Henan province

Centroid
migration
distance
(km)

6312
107.08

17851

Major
axis (km)

3686.396
3679.463
3657.961

3693.207

Minor Orientation
axis (km) angle
(degrees)
584.926 76158
618699 71375
636294 66900
668.038 54536

Area
(10,000 km?)

44192
446.08
451.00

448.44
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Variable name Maximum value

Dependent variable

Resi 0229 0.091 0.099 0.634 -
Independent variable

Tech 0.086 0.124 0.000 0934 3.83

Control variables

Market 1572 1257 0314 7.497 232
People 0.195 0.137 0.021 0615 1.64
Agdp 0398 0235 0078 1387 340
Envir 1125 1320 0.000 6.942 146
“Threshold variables

Policy 0112 0034 0029 0204 383

Observations 465
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Variable
category

Variable
symbol

Variable na

Explicit explanation

Dependent variable

Independent variable

Control variables

Threshold variables

Resi

Tech

Market
Labor
Agdp
Envir

Policy

Agricultural resilience

Agricultural technological innovation

Market size

‘Human capital stock

Per capita economic development level
Ecological environment

Fiscal policies supporting agriculture

Calculated using the comprehensive evaluation indicator system (see Table 1) and

entropy method

Calculated using the comprehensive evaluation indicator system (see Table 2) and

entropy method
“Total retal sales of consumer goods/Gross regional product
Rural population (in tens of millions)

Gross regional product/year-end permanent population
Area of soil and water loss/Provincial area

Expenditures on agriculture, forestry, and water affairs/Total fiscal expenditure
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Level 1 Secondary indicators Indicator Indicator

indicators properties weights
Production Effective irrigated area/sown area Positive 0.089
resilience Total agricultural machinery power/sown area Positive 0.008
Original value of rural household productive fixed assets Positive 0156
Disaster-affected area/disaster area Negative 0.005
Ecological ‘Water usage for agricultural production per unit of sown area Negative 0009
resilience Amount of fertilizer used (pure equivalent) per unit of sown area Negative 0.021
Amount of diesel fuel used per unit of sown area Negative 0011
Amount of pesticide used per unit of sown area Negative 0.010
Amount of agricultural plastic film used per unit of sown area Negative 0011
Carbon emissions Negative 0.027
Economic ‘Added value of agriculture, forestry, animal husbandry, and fishery/number of employees in these industries  Positive 0090
resilience Added value of agriculture, forestry, animal husbandry, and fishery/sown area Positive 0103
Value of intermediate consumption goods in agricultural production/sown area Positive 0133

Operating income from agricultural product processing/sown area Positive 0237
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Level 1
indicators

its

Secondary >
il Work unit
Agricultural R&D personnel Number of people
Tnfernal expenditure on agricultural
RED funding Ten thousand yuan

Number of new agricultural plant
variety applications

Number of applications

Chinese scientific papers indexed by
‘major foreign search tools

Number of papers

Technology market transaction
amount

Hundred million yuan

11k

Number of fechnology market
transactions

Number of transactions
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